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Abstract13

Gene co-expression provides a principled basis for transcriptome-wide gene–gene14

relationships, yet the available high-quality estimates typically cover less than half of15

the genome. In the current biotechnological landscape, spatial omics faces comple-16

mentary measurement constraints: targeted in situ platforms restrict gene coverage,17

whereas sequencing-based assays lack cellular resolution. When extended to the en-18

tire transcriptome, co-expression relationships may help to address these limitations by19

enabling the generation of unassayed gene expression data at a subcellular resolution.20

Here, we present CoxFormer (Co-expression pre-trained Transformer). This univer-21

sal gene-embedding framework uniquely integrates literature-derived gene knowledge22

with data-driven co-expression networks from bulk tissues and large-scale single-cell23

atlases to model transcriptome-wide gene–gene relationships. CoxFormer learns robust24

512-dimensional embeddings for 32,016 human genes, capturing their functional and25

regulatory structure. It also serves as a generative prior that is deployed through a26

flexible framework for transcriptome-wide spatial inference under multimodal contexts.27

We demonstrate that this generative framework unifies four key spatial applications be-28

yond measured genes: histology-based imputation, gene activity prediction for chromatin29

accessibility, subcellular super-resolution inference for unassayed genes, and the detection30

of pathological tissue regions. Ultimately, CoxFormer provides a versatile foundation for31

multimodal spatial omics analysis, leading to whole-transcriptome insights beyond the32

constraints of limited gene panels.33

1



Introduction34

Gene co-expression reflects the coordinated regulation of genes across diverse cellular states and35

has long served as an important indicator for understanding gene functions and mechanisms [1, 2].36

At the transcriptome-wide scale, such co-expression patterns help systematically outline gene-37

gene relationships and provide a principled basis for transcriptomic analysis. However, existing38

high-quality co-expression estimates typically rely on large curated databases and stringent39

expression-filtering strategies. These estimates often exclude lowly expressed genes and restrict40

analyses to a limited subset of the transcriptome, typically covering less than 50% of genes,41

thereby constraining the use of co-expression knowledge [3, 4].42

A similar coverage issue arises in the field of spatial transcriptomics. Specifically, targeted43

spatial transcriptomics platforms such as Xenium [5], CosMx [6], and MERFISH [7, 8] provide44

high-sensitivity, subcellular spatial resolution, but they rely on predefined gene panels, preclud-45

ing unbiased whole-transcriptome profiling. While traditional imputation methods can extend46

gene coverage, they typically require single-cell RNA sequencing (scRNA-seq) references for47

unassayed genes and are developed for a single modality, limiting their transfer capability to48

other modalities such as transcriptomics and epigenomics. Another challenge lies in sequencing-49

based spatial transcriptomics platforms, such as ST [9], 10x Visium, and Slide-seq [10]. These50

profile expression at spot-level resolution across the transcriptome, with each spot typically51

aggregating transcripts from multiple cells. The absence of transcriptome-wide gene–gene52

relationships means these existing resolution-enhancement methods are only useful for genes53

directly measured by the assay and lack generative ability.54

A universal gene embedding that captures transcriptome-wide gene–gene relationships55

and enables the generation of unassayed gene expression may help address these limitations.56

Existing efforts to learn gene representations broadly fall into two categories. Transformer-based57

foundation models, including scBERT [11], Geneformer [12], and scGPT [13, 14], are extensively58

pretrained on large-scale single-cell datasets, demanding massive corpora and substantial59

computational resources [15, 16]. Alternative methods leverage existing large language models60

to extract gene knowledge from the biomedical literature, as exemplified by GenePT [17] and its61

subsequent applications, e.g., GenePert [18], Scouter [19], and scLAMBDA [20]. However, these62

text-derived embeddings often fail to incorporate domain-specific biological knowledge, such as63

experimentally validated and quantitatively curated co-expression relationships. Beyond these64

methodological challenges, the utility of existing methods is frequently limited by the narrow65

application scopes, which largely focus on the static representational power of gene embeddings66

for gene- and cell-level prediction tasks while ignoring their generative potential. As a result,67

the corresponding generative strategies remain poor at leveraging gene embeddings to impute68

expression beyond measured panels and handle multimodal datasets.69

Taken together, an ideal gene-embedding framework should be capable of tackling the70

following three tasks: (1) Integrate complementary sources of biological information, such as71

literature-derived knowledge of gene functions or pathways, and quantitative relationship data,72

including co-expression networks or correlation patterns; (2) Provide a single set of robust73

and reusable gene embeddings that can be directly applied to diverse downstream multimodal74

applications at the gene, cell, and tissue levels across various technologies and platforms;75

(3) Capture the inherent complex relationships among genes to enable whole-transcriptome76
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inference and predict molecular profiles for previously unmeasured genes solely from the77

measured panel.78

To address these challenges in molecular profiling and gene embedding, we introduce the79

CoxFormer (Co-expression pre-trained Transformer) package. Unlike existing co-expression80

estimation methods, which cover ∼ 50% of genes, our framework comprehensively integrates81

biological prior knowledge with data-driven information from co-expression networks and82

transcriptome-wide correlation patterns, yielding co-expression relationships for 32, 016 human83

genes. These heterogeneous sources are unified to generate a representative and universal84

gene embedding that demonstrates robust performance in fundamental gene- and cell-level85

benchmark tasks. To extend its use beyond static embeddings, we further developed a flexible86

generative framework that adapts CoxFormer embedding to complex multimodal scenarios87

across technologies and platforms. This enables context-aware generation across multiple88

biological dimensions, including gene identity, spatial resolution, and biological conditions.89

Here, we demonstrate these generative capabilities through advanced applications such as90

super-resolution enhancement, the prediction of expression and activity score for genes not91

included in targeted assays, and the detection of pathologically relevant tissue regions. Unlike92

existing methods with limited applicability, CoxFormer provides a versatile and comprehensive93

foundation for analyzing multimodal data at the gene, cell, and tissue level.94

Results95

An overview of CoxFormer96

To overcome the limitations of current gene embeddings and spatial omics techniques, we97

systematically apply complementary data-driven information and biological knowledge sources to98

obtain universal CoxFormer embeddings for 32, 016 human genes (Fig. 1a). We obtain additional99

data-driven quantitative information from two sources: the COXPRESdb co-expression matrix100

from bulk microarray data on 18, 858 genes [1], and transcriptome-wide correlation information101

for 32, 101 genes computed based on over 10 million cells from 123 tissue projects in the Human102

Cell Atlas [21]. To collate biological information, we use web crawlers to obtain descriptions103

of 43, 661 genes from biological literature in the NCBI [22], GeneCards [23], and UniProt [24]104

websites. We then convert these descriptions into 3072-dimensional numerical vectors using105

text-to-embedding API from OpenAI. To integrate these two complementary sources, we106

construct a human transcriptome-wide graph, where each node represents a gene and each107

edge represents the relationship between genes. We assign the text-derived embeddings as108

node features, and single-cell correlations as the initial edge weights. The goal of the graph109

neural network learning is to reconstruct the bulk co-expression associations in the observed110

partial gene set and propagate these patterns to the full gene set. Finally, we encode the111

human whole transcriptome co-expression profiles from the estimated completed graph into112

512-dimensional dense representations using an autoencoder framework, yielding the final113

CoxFormer embeddings.114

The CoxFormer embeddings provide fundamental innovations from multiple key perspectives.115

Fundamentally, CoxFormer incorporates descriptive biological knowledge relevant to genes116

from comprehensive databases and is empowered by OpenAI API [25]; this avoids the need117
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for the extensive and laborious pretraining stage used for traditional foundation models118

and captures rich semantic information on gene functions. Building upon this semantic119

foundation, CoxFormer integrates information on quantitative gene relationships based on120

empirical expression data, including large-scale co-expression patterns from bulk tissues and121

single-cell atlases for millions of cells. By injecting these empirical quantitative insights into122

large language models, CoxFormer exploits the power of both general-purpose AI and domain-123

specific biological knowledge. Crucially, unlike existing gene embeddings, which focus on static124

applications, CoxFormer innovatively applies its generative ability to multimodal context-aware125

scenarios, thus addressing key limitations of current spatial transcriptomics technologies that rely126

on predefined gene panels or limited spatial resolutions. By capturing the universal relationships127

among genes, CoxFormer has the ability to generate across multiple biological dimensions.128

Generating along the gene identity dimension enables the prediction of genes not included in129

predefined panels and further completes whole-transcriptome inference from targeted assays;130

generating along the spatial dimension enables super-resolution accuracy in sequencing-based131

spatial transcriptomics platforms, while generating along pathobiological conditions enables the132

detection of diseased tissues. This generative capability is extensively applicable, from simple133

static gene/cell tasks to complex context-aware applications for multimodal datasets across134

technologies and platforms. CoxFormer’s robustness and versatility facilitate downstream135

biologically interpretable tasks and advanced translational research.136

We illustrate the benefits of CoxFormer through its applications in comprehensive gene-, cell-137

, and tissue-level tasks. At the gene level, CoxFormer shows strong and consistent performance138

in representative gene-property prediction tasks, including the prediction of transcription-factor139

(TF) attributes and promoter methylation states. At the cell level, it supports accurate140

cell-type annotation across multiple scRNA-seq datasets. At the tissue level, CoxFormer141

addresses several critical limitations of spatial omics technologies by incorporating a flexible142

Transformer-based spatial generative framework (Fig. 1b) that uniformly integrates CoxFormer143

embeddings with histology images and spatial coordinates to leverage multimodal information.144

This framework has a unique generative capability that enables four key applications, as145

demonstrated in Fig. 1c: (i) prediction of spatial transcriptomic profiles from histology; (ii)146

estimations of gene activity scores for chromatin accessibility; (iii) super-resolution imputation147

from spot-level to subcellular resolution; and (iv) detection of pathologically relevant tissue148

regions. We demonstrate these advanced applications for different technologies and platforms,149

including Visium, spatial ATAC-RNA-seq, and Xenium. We show that CoxFormer provides150

a comprehensive foundation for both fundamental single-cell omics analyses and multimodal151

spatial omics applications. The framework overcomes predefined gene panel constraints and low152

spatial resolution limitations, enabling whole-transcriptome inference across diverse biological153

contexts.154

CoxFormer captures biologically meaningful manifolds155

A biologically meaningful gene embedding is expected to organize genes into compact, well-156

separated functional modules while placing related programs in nearby regions of the manifold.157

Aligning with these principles, CoxFormer embeddings create a highly organized functional map158

when visualized through Uniform Manifold Approximation and Projection (UMAP) (Fig. 2a).159
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To validate this structure, we perform Gene Ontology (GO) enrichment analysis of the clustered160

genes. This reveals highly significant annotations that reflect the broad-ranging and well-known161

functional programs of human genes, including immune-proliferative programs, core cellular162

machinery, metabolic processes, and tissue-specialized functions. These programs are further163

illustrated by the enriched GO terms and representative genes (Fig. 2a and Supplementary164

Fig. S1a-d, S2a-c). For instance, the immune module is characterized by the enrichment of165

essential pathways such as regulation of immune response and T cell activation. The functionally166

and biologically meaningful nature of CoxFormer embeddings is further substantiated by the167

representative lineage genes, notably CD family members (e.g., CD2, CD27, CD28 ) and CCL168

chemokines (e.g., CCL3, CCL4, CCL5 ). Moreover, the manifold exhibits an informative169

geometric structure that reveals important biological insights. For instance, the immune and170

proliferation programs display clear co-localization; they occupy nearby regions and form a171

continuous immune–proliferation axis, rather than appearing at distant locations. Together,172

these results indicate that CoxFormer organizes genes into interpretable functional modules173

while preserving both the functional specificity and biological neighborhoods of related gene174

programs.175

We further systematically evaluate CoxFormer in comparison to the representative gene em-176

beddings learned from bulk transcriptomics (FRoGS [26], TCGA-Embedding [27], Gene2Vec [28]),177

single-cell transcriptomics (scGPT [13], GeneFormer [12]) and the biomedical literature178

(GenePT [17], BioVec [29], Mut2Vec [30]). We benchmark these embeddings on four gene-level179

binary classification tasks: identifying the dosage sensitivity of TFs, differentiating TFs by their180

regulatory range, and distinguishing bivalent promoters from non-methylated promoters and181

bivalent promoters from Lys4-only-methylated promoters (Fig. 2b). Performance is assessed182

using multiple complementary classification metrics and aggregated into a unified gene-task183

score (Methods). Overall, CoxFormer achieves the best gene-task score across the four tasks,184

outperforming embeddings that rely primarily on expression data as well as those derived mainly185

from biomedical text. This advantage is consistent with CoxFormer’s design, which jointly186

leverages curated co-expression resources and single-cell correlation to capture transcriptome-187

wide gene–gene relationships and pairs them with gene-level textual descriptions that encode188

functional semantics. While scGPT-Human achieves a competitive aggregated score, it requires189

computationally intensive large-scale pretraining, whereas CoxFormer is trained efficiently on a190

single GPU. In each task, CoxFormer shows particularly strong performance in identifying TF191

dosage sensitivity and distinguishing bivalent from Lys4-only-methylated promoters. Detailed192

per-task results are provided in Supplementary Fig. S3a-b and S4a-b.193

Transitioning from genetic functionality to cell biology, we evaluate all the methods using194

cell-level tasks in which cell embeddings are constructed as expression-weighted averages of195

gene embeddings [17]. We consider four scRNA-seq datasets: Diffuse Large B-cell Lymphoma196

FFPE (DLBL), Lung Cancer FFPE (LC), Breast Cancer FFPE (BC), and Human CD34+ Bone197

Marrow (BM). Both unsupervised clustering and supervised cell-type classification are assessed198

using standard metrics and summarized into an aggregated cell-task score (Methods), where199

a higher value indicates better overall performance (Supplementary Fig. S5a-b and S6a-b).200

Notably, CoxFormer remains highly competitive in the cell-level tasks, while showing the best201

overall performance when aggregating gene- and cell-level results (Fig. 2b). We further visualize202

the learned CoxFormer cell embeddings with UMAP across all datasets (Fig. 2c). The UMAP203
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manifold shows distinct and clustered patterns of cell types; for example, BM cells trace a204

coherent hematopoietic continuum with clear separation of major lineages [31], whereas BC205

cells split cleanly into malignant versus immune/stromal compartments and the finer immune206

substructure is further resolved [32, 33].207

In functional analysis and other applications, CoxFormer learns meaningful representations208

of human biology, facilitates downstream clustering and both gene- and cell-level classification209

tasks, and exhibits excellent and robust performance across diverse biological contexts.210

CoxFormer accurately predicts the expression of unseen genes without211

external single-cell reference atlases212

CoxFormer shows robust performance across fundamental gene- and cell-level tasks, with its213

learned embeddings capturing biologically meaningful representations and regulatory rela-214

tionships. We therefore ask whether CoxFormer can move beyond static representation and215

serve as a generative prior in spatial assays, extending its applicability from a limited gene216

panel to the transcriptome-wide expression of unassayed genes. To that end, we develop a217

Transformer-based spatial generative framework to generate expression profiles for specified218

target genes. We integrate multimodal spatial context when available, including high-resolution219

histology images, coordinate-based positional encodings, and the observed expression (Methods).220

A key distinction from standard imputation pipelines is that our approach does not rely on221

external single-cell reference atlases; instead, it exploits the gene–gene relationships encoded in222

CoxFormer to generalize about unseen targets based on observed genes in a zero-shot manner.223

We apply this framework to spatial transcriptomics datasets and evaluate its ability to recover224

the spatial expression patterns of held-out genes.225

To simulate the common scenario of running spatial assays with a limited gene panel, we226

train the model to infer unmeasured genes from a restricted set of measured transcripts from227

six human breast cancer (HBC) Visium datasets [34]. Specifically, the top 1,000 most highly228

variable genes (HVGs) are used to construct a pseudo-panel setting, where 900 HVGs are229

treated as observed inputs for model fitting and the remaining 100 HVGs are held out as230

unseen targets to evaluate prediction quality (Methods; Fig. 3a). We compare CoxFormer231

with representative scRNA-seq reference-based methods, including SpaOTsc [35], SpaGE [36],232

Tangram [37], gimVI [38], stPlus [39], novoSpaRc [40], Seurat [41], and LIGER [42], all provided233

with a matched reference data of 95, 092 cells. Without requiring this reference information,234

CoxFormer achieves the highest prediction accuracy across all datasets, as reflected by the235

averaged Pearson’s correlation coefficient (Fig. 3b); similar conclusions can be drawn from the236

other metrics, as reported in Supplementary Fig. S7. We additionally implement ablation studies237

to investigate the contribution of histology images and spatial coordinates (Supplementary238

Fig. S7). Incorporating a comprehensive spatial context yields the best performance, indicating239

that the framework benefits from multimodal information. Importantly, when spatial context240

is removed and only gene embeddings are used, CoxFormer still outperforms all scRNA-seq241

reference-based baselines (Supplementary Fig. S7).242

We further visualize the predicted expression of a representative held-out gene, APOC1,243

which is upregulated in breast cancer and closely linked to lipid metabolism and tumor-244

associated macrophage programs [43]. Across the six HBC datasets, some of the competing245
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methods collapse to show near-uniform low expression and fail to generate the spatial pattern246

(e.g., novoSpaRc and LIGER), whereas others show clear dataset-dependent failures. For247

example, gimVI produces a reasonable pattern for HBC4 but largely misses the signals in248

other datasets, while SpaGE captures the overall spatial pattern in several datasets but breaks249

down for HBC5. In contrast, CoxFormer consistently recovers the spatial pattern of APOC1250

expression across all six datasets, closely matching the ground truth (Fig. 3c).251

CoxFormer extends accurate imputation to spatial epigenomics data252

We further extend the application of CoxFormer to the spatial assay of transposase-accessible253

chromatin, highlighting its cross-omics applicability beyond transcriptomics. The task is to254

predict gene activity scores (GAS), a gene-level accessibility measure obtained by aggregating255

chromatin fragments within gene loci and weighting their distances to transcription start256

sites (Methods). We evaluate this setting in a human hippocampus spatial ATAC–RNA-seq257

dataset with paired spatial epigenomics and spatial transcriptomics measurements. To emulate258

a practical setting, where only a subset of genes is observed for model fitting, we construct259

a pseudo-panel over the top 1, 000 HVGs identified from the paired transcriptomics data.260

Specifically, 900 genes are used as observed inputs to train the predictor, and the remaining261

100 genes are held out and used to assess the method’s ability to predict GAS for unseen genes262

(Methods). As with the gene expression profile prediction setting, CoxFormer does not require263

an external reference to predict the GAS of unseen genes; instead, it leverages the inherent264

relationships among genes captured in gene embeddings.265

To benchmark the GAS prediction performance, we compare CoxFormer with three ab-266

lated variants that isolate individual information sources, namely gene co-expression (the267

COXPRESdb-derived co-expression matrix), gene correlation (transcriptome-wide gene–gene268

correlations estimated from the Human Cell Atlas), and gene description (text-derived gene269

representations obtained via the OpenAI embedding API). Notably, we do not include scRNA-270

seq reference-based spatial methods (e.g., Tangram and SpaGE) because these approaches271

are solely designed for expression imputation and are not applicable to cross-omics GAS272

prediction. CoxFormer outperforms these variants across evaluation metrics computed between273

predicted and ground-truth GAS, as shown in the radar plot in Fig. 3d. This demonstrates274

that CoxFormer can successfully integrate data-driven and biological literature information275

from diverse sources.276

We next visualize the spatial patterns of predicted and ground-truth GAS to assess whether277

the models capture biologically interpretable accessibility programs (Fig. 3e). Five representative278

genes (SMIM27, BIN2, ASAH1, NPAS4, and SMDT1 ) are selected to cover hippocampus-279

relevant neuronal programs and fundamental biological processes. The results show that280

CoxFormer reliably captures the ground-truth spatial GAS patterns, while the co-expression281

variant model only partially captures correct signals (Fig. 3e, Supplementary Fig. S8a).282

We then focus on two well-established hippocampal layers, the dentate gyrus granule cell283

layer (DG GCL) and the CA3 pyramidal layer (CA3 Pyr) [44]. Using the top differentially284

expressed genes (DEGs) between these two regions, we visualize region-by-gene GAS heatmaps285

(Fig. 3f, Supplementary Fig. S8b). The ground truth shows a clear block structure, where286

many genes display smooth and gradual expression patterns between DG GCL and CA3287
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Pyr, reflecting coordinated layer-specific accessibility programs. CoxFormer largely preserves288

this block structure and the associated directional changes for the top DEGs, whereas the289

co-expression variant model recovers limited gene patterns. Overall, this spatial epigenomics290

benchmark shows that, beyond transcriptomics, CoxFormer embeddings support robust unseen-291

gene generalization for ATAC-derived GAS, demonstrating its cross-omics applicability to292

epigenomics.293

CoxFormer uniquely enables expression imputation and spatial reso-294

lution enhancement for unassayed genes295

We have shown that CoxFormer can use a limited gene panel to generalize on the transcriptome-296

wide expression of unseen genes, without relying on external scRNA-seq references. However,297

a major limitation of many spatial transcriptomics platforms is that expression is typically298

measured at the spot resolution, which masks within-spot heterogeneity and limits access299

to cellular-scale patterns. Coupling transcriptome-wide inference with enhanced spatial res-300

olution would therefore yield both broader molecular coverage and finer spatial detail from301

such measurements. Using our Transformer-based spatial generative framework, we enable302

subcellular-scale prediction within each spot while predicting the expression profiles of genes303

absent from the panel (Methods; Fig. 4a).304

To demonstrate this capability in a cross-sectional setting, we study two high-quality305

Xenium in situ human skin sections. Section A is profiled using the standard Human Skin Gene306

Expression Panel (378 genes), whereas Section B is measured with a custom panel limited to307

280 genes. To create spot-level supervision for super-resolution, the Xenium cellular transcripts308

are aggregated into coarse pseudo-spots, each with a diameter of 55µm. We further partition309

the 280 overlapping genes into three sets (Fig. 4b): (1) fully observed training genes (n = 168),310

which are expressed in both sections and used as model input; (2) partially observed test genes311

(n = 56), which are expressed in Section A but artificially masked in Section B and are used to312

benchmark conventional imputation; and (3) unobserved zero-shot genes (n = 56), which are313

artificially masked in both sections and used to assess zero-shot performance on unseen genes.314

With this design, we quantify the cross-section imputation accuracy for the 56 partially315

observed test genes. Evaluation is performed at the spot level (Methods), and CoxFormer316

consistently outperforms iStar [45], a representative super-resolution baseline, across all metrics317

(Fig. 4c). At an enhanced resolution, CoxFormer produces smoother and more spatially coherent318

gene maps, whereas iStar often yields fragmented patterns (Supplementary Fig. S9). To assess319

whether these super-resolved predictions preserve tissue structure, clustering is performed320

on the predicted expression in Section B (Fig. 4d). CoxFormer recovers the ground-truth321

structures and clearly delineates the epidermis, immune infiltration sites, and melanoma tumor322

regions (Fig. 4d-e), whereas the results from iStar show evident mixing of the epidermal and323

immune-infiltrated domains.324

The same framework is further evaluated in a challenging zero-shot setting, where target325

genes are entirely absent from the measured panel. Using the 56 genes unobserved in both326

sections, CoxFormer produces subcellular-scale, spatially structured predictions for marker327

genes that delineate distinct tissue regions (Fig. 4f) [46]. For example, CLDN1, an epithelial328

marker, shows elevated expression localized to the epidermal region, consistent with the region329
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boundaries in Fig. 4d and the Xenium ground truth. Likewise, CD3D, a T-cell marker, is330

selectively enriched in the immune-infiltrated area, matching the ground-truth pattern. Beyond331

these regional markers, CoxFormer also captures intricate extracellular-matrix–associated332

programs. The expression patterns of LUM and COL6A3 exhibit pronounced ring-like stromal333

structures that align with the Xenium measurements, demonstrating that the model can recover334

the delicate spatial architectures of completely unassayed genes. Multi-scale visualizations335

across four resolutions (4×, 16×, 64×, and 256×) are provided in Supplementary Fig. S10 and336

S11, and full-section predictions are shown in Supplementary Fig. S12.337

Finally, using Section B, we investigate whether transcriptome-wide subcellular imputation338

with enhanced spatial resolution can make region-resolved cell–cell communication (CCC)339

analysis more informative (Methods). In an analysis of the original 280-gene panel, CCC340

inference is severely underpowered and yields only four robust ligand–receptor pairs (Sup-341

plementary Fig. S13a-b). Upon expanding the 280 measured genes of Section B to 32,018342

genes with CoxFormer, the inferred CCC landscape becomes substantially richer (Fig. 4g),343

revealing additional plausible region-associated signaling modules that remain undetected in the344

limited panel. For example, extracellular-matrix and adhesion signaling (e.g., COL1A1→SDC1 )345

become prominent, consistent with matrix-rich microenvironments [47]. Epidermal junction346

programs are recovered with strong epidermis-associated specificity (e.g., DSG1→DSC3 ) [48].347

In parallel, immune-recognition signals emerge in the immune-infiltrated compartment (e.g.,348

SFTPD→SIRPA) [49]. These interactions also exhibit spatial patterns consistent with the349

region annotations in Fig. 4d (further visualized in Supplementary Fig. S14), supporting more350

interpretable and region-resolved CCC discovery beyond the scope of the limited gene panel.351

CoxFormer identifies pathological regions without reference352

In addition to enabling whole-transcriptome prediction and super-resolution, CoxFormer353

embeddings serve as an intrinsic “healthy reference”, as illustrated by their use in the delineation354

of pathological regions using an unsupervised, reference-free strategy. There are three steps355

to the strategy (Fig. 5a). First, we train the Transformer-based spatial generative framework356

on only spatially stable housekeeping genes, allowing it to learn mapping from gene to gene357

expression in the “healthy” distribution. Second, we generate transcriptome-wide expression358

profiles with the trained model as a “pseudo-healthy” reference. Third, we quantify the359

residuals between the real and generated gene expression of non-housekeeping genes, then apply360

clustering to automatically segment the tissue into normal and abnormal regions (Methods).361

This framework is mainly based on a hypothesis that the divergence between the real pathological362

expression and the generated healthy baseline would reveal disease-specific alterations.363

We benchmark the pathological annotation task using four human colorectal cancer liver364

metastasis (CRLM) sections with annotated abnormal regions, with colorectal cancer (CRC)365

and liver metastasis (LM) tissues for both untreated and therapy-perturbed (PR) conditions366

(Fig. 5b). We compare CoxFormer with representative reference-required imputation methods367

(SpaGE, SpaOTsc, Tangram, gimVI, Seurat, stPlus, novoSpaRc, and LIGER). Across all368

evaluation criteria, CoxFormer achieves the most accurate abnormal-region annotations (Fig.369

5c), with per-section performance detailed in Supplementary Fig. S15a–S18a. Importantly, even370

without leveraging external scRNA-seq references, CoxFormer still yields an area under the371
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receiver operating characteristic curve (AUROC) of 0.91 averaged across four sections (Fig. 5c,372

left panel) and a recall score over 0.98 (Fig. 5c, right panel). As a representative example,373

we focus on the untreated CRC section, with the results for the other sections shown in the374

Supplementary Fig. S15-S18. CoxFormer’s quantitative advantage is visually demonstrated in375

the segmentation results in the spatial maps (Fig. 5d, Supplementary Fig. S15b-S18b) and the376

corresponding UMAP visualizations with tumor segmentation (Supplementary Fig. S15c–S18c),377

where it detects abnormal regions precisely delineating the tumor boundaries, whereas the378

competing methods produce noisy or incorrect detections.379

We further demonstrate CoxFormer’s power to detect abnormal regions via its ability to: (1)380

reconstruct the housekeeping gene profiles, and (2) differentiate between the real pathological381

expression and the generated “pseudo-healthy” pattern. To validate the framework’s recon-382

struction capability, we compare the true and reconstructed gene expression heatmaps (Fig. 5e,383

Supplementary Fig. S15d-S18d). There are 10 representative housekeeping genes, including384

PRCC and PSMD6 [50]. CoxFormer reconstructs these gene profiles in close alignment with385

the ground truth, demonstrating that it can provide a stable reference against pathological386

alterations. Next, we contrast the measured expression with the “pseudo-healthy“ reference387

for CRC-associated markers (Fig. 5f). Consistent with prior reports that GUCA2A and CEA-388

CAM7 are downregulated in colorectal tumors due to dedifferentiation [51], CoxFormer reveals389

their suppressed expression within the abnormal compartment relative to the pseudo-healthy390

baseline. This finding suggests that the housekeeping-conditioned model captures gene–gene391

dependencies and reveals the systematic deviations accompanying malignant transformation.392

Finally, we visualize the expression patterns of the top 200 DEGs between the normal and393

abnormal regions segmented by CoxFormer across all four sections (Supplementary Fig. S19a-b394

and S20a-b). We then perform GO biological process enrichment using these DEGs, as shown395

for the untreated CRC section in Fig. 5g. The enriched terms are primarily related to extracel-396

lular remodeling and motility-related programs, including extracellular matrix organization,397

extracellular structure organization, and regulation of cell migration/positive regulation of cell398

motility. These functions are consistent with stromal reorganization and invasion-associated399

processes in colorectal cancer liver metastasis [47], evidence that the CoxFormer-identified400

abnormal domains capture biologically meaningful pathological tissue states.401

Discussion402

As a result of our work, we propose the use of CoxFormer as a universal gene embedding403

framework that comprehensively integrates biological knowledge and data-driven co-expression404

relationships to enable whole-transcriptome inference across diverse contexts and technologies.405

Unlike existing methods that either require intensive pretraining on massive single-cell corpora or406

rely solely on general-purpose language models, CoxFormer systematically combines qualitative407

biological descriptions from literature databases and quantitative co-expression patterns from408

both bulk tissues and large-scale single-cell atlases. Moreover, CoxFormer employs a graph409

neural network to reconstruct and complete transcriptome-wide co-expression networks, then410

utilizes autoencoder architecture to compress these relationships into low-dimensional gene411

embeddings. The whole framework generates robust, reusable, and universal CoxFormer412

embeddings that capture the intrinsic complex relationships among genes. Finally, we have413
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designed a flexible generative framework for applying CoxFormer embeddings to diverse414

downstream applications, ranging from gene-level to complex spatial inference tasks.415

Conventionally, predicting the expression of unmeasured genes in spatial omics data requires416

external reference datasets, which are often unavailable or difficult to obtain. CoxFormer417

successfully enables the accurate prediction of spatial gene expression, gene activity scores,418

and super-resolution enhancement without requiring external references. This ability is due to419

its exploitation of the universal nature of CoxFormer embeddings and our flexible generative420

framework, which can be adapted to diverse technologies and platforms.421

Through the comprehensive applications of CoxFormer to diverse datasets and downstream422

tasks, we demonstrate that the framework addresses several critical limitations of multiple423

spatial omics technologies. Via its spatial pattern prediction of unmeasured genes, CoxFormer424

accurately predicts the expression profiles in Visium spatial transcriptomics of human breast425

cancer data with the highest prediction accuracy outperforming competing methods, which426

typically require matched external reference datasets. Beyond the generative ability for427

transcriptomics, CoxFormer also applies to epigenomics by generating gene activity scores for428

chromatin accessibility in spatial ATAC-RNA-seq data from the human hippocampus. In a429

super-resolution enhancement task, CoxFormer enhances the detection accuracy from spot-level430

expression to a subcellular resolution, as validated on Xenium platforms. Transitioning from431

spatial prediction to whole-transcriptome generation, it further extends the targeted assays432

from 280 to 32,018 genes, identifying CCC programs undetectable by the original panel, such as433

extracellular-matrix and adhesion signaling (e.g., COL1A1→SDC1 ). Lastly, CoxFormer shows434

strong potential for pathological detection and translational research, as demonstrated by its435

precise tumor region detection in colorectal cancer liver metastasis samples across different436

treatment conditions. These comprehensive and vital applications highlight CoxFormer’s437

versatility and robustness in overcoming predefined gene panel constraints, enabling whole-438

transcriptome inference, and further facilitating translational research.439

Although CoxFormer provides a strong foundation for the rapidly evolving landscape of440

spatial omics technologies, several limitations remain. First, while CoxFormer already integrates441

spatial coordinates and histology images, future iterations could include more sophisticated442

spatial modeling to account for tissue context information; for example, an advanced model443

should be able to characterize complex organs and developmental processes when handling 3D444

spatial profiling technologies [52–54]. Second, the flexible generative framework of CoxFormer445

could be extended to the integration of additional modalities beyond transcriptomics and446

chromatin accessibility, including proteomics [55–57] and metabolomics data [58, 59]. Finally,447

CoxFormer currently leverages static co-expression networks, but incorporating dynamic context-448

specific gene relationships [60, 61] has the potential to further enhance the performance of449

downstream tasks for certain tissues or disease states.450
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Methods451

Construction of CoxFormer embeddings452

Data curation and multimodal gene representation.453

To construct a unified representation of 32, 016 human genes, we utilize multimodal data from454

three complementary sources. First, we obtain high-confidence co-expression profiles from the455

COXPRESdb database (Microarray m.c7 version) to set up reliable gene-gene relationships.456

Specifically, we aggregate normalized bulk microarray data for 18,858 genes, resulting in a457

dense co-expression matrix Ccox (18, 858 × 18, 858).458

Next, we integrate single-cell RNA sequencing (scRNA-seq) data from the Human Cell459

Atlas (HCA) to extend gene coverage beyond microarray limitations. This dataset contains460

123 healthy tissue projects comprising 10.4 × 106 cells sequenced using 10x Genomics 3′ V2461

chemistry. Following standard quality control and project-specific Pearson correlation analysis,462

we construct a global correlation matrix Ccor (32, 101 × 32, 101) using a cell-count weighted463

aggregation approach. For each gene pair (i, j):464

(
Ccor

)
ij

=

∑
k nk

(
C

(k)
cor

)
ij
I
(k)
ij

∑
k nk I

(k)
ij

, (1)

where nk denotes the cell count of project k, and I
(k)
ij = 1 if

(
C

(k)
cor

)
ij

is defined and 0 otherwise.465

To incorporate functional semantics beyond transcriptional patterns, we also collect 82, 718466

textual descriptions from the NCBI Gene, GeneCards, and UniProt databases. We group these467

descriptions by gene and encoded them using the OpenAI text-embedding-3-large model,468

which creates dense 3, 072-dimensional embedding vectors for all 43, 661 genes. We then define469

the target gene universe as the overlap between the text-annotated genes and the genes in Ccor,470

resulting in 32, 016 genes for the construction of a unified representation.471

Together, these multimodal sources provide complementary statistical, structural, and472

semantic views of gene relationships, forming the foundation of the CoxFormer embeddings.473

Transcriptome-wide co-expression graph completion474

We formulate transcriptome-wide co-expression estimation as a graph completion problem that475

integrates high-confidence bulk co-expression with transcriptome-wide but noisy scRNA-seq476

covariation. Let Gobs = (V , Eobs) denotes the partially observed co-expression graph, where477

Eobs contains gene pairs with measured co-expression values ci,j. Our objective is to learn a478

parametric model that predicts co-expression for any gene pair in the gene set V , thereby479

extending the reliable patterns supported by curated edges to previously unmeasured pairs.480

As a global structural prior, we construct a weighted correlation graph from the scRNA-481

seq correlation matrix Ccor by assigning each gene pair (i, j) an edge weight wi,j = (Ccor)i,j.482

Importantly, because transcriptome-wide correlations are substantially noisier than curated bulk483

co-expression measurements, we use Ccor to guide information propagation and neighborhood484

construction, rather than treating correlations as direct co-expression estimates. Considering485

that a fully connected graph over |V|>30,000 genes is computationally prohibitive, we sparsify486
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the correlation graph by retaining the top-K most correlated neighbors for each gene, which487

yields a scalable dependency structure while preserving local covariation neighborhoods. On the488

resulting sparse graph, we perform L layers of message passing with mean aggregation [62]. We489

initialize each gene node with its text-derived embedding as the node representations, h
(0)
i = zi.490

At each layer l ∈ {1, 2, . . . , L}, we aggregate messages from the top-K neighborhood NK(i) as:491

m
(l)
i =

1

K

∑

j∈NK(i)

h
(l)
j , (2)

and update node representations by:492

h
(l+1)
i = σ

(
W(l)

[
concat(h

(l)
i ,m

(l)
i )
])

. (3)

After L layers, the refined representation hi = h
(L)
i encodes gene-level functional semantics493

while being regularized by the correlation-defined neighborhood context, enabling co-expression494

to be predicted from paired representations (Supplementary Fig. S21a). Specifically, for a gene495

pair (i, j), we predict co-expression using an Multi-Layer Perceptron (MLP) edge predictor:496

ĉi,j = fcox

(
concat(hi,hj)

)
. (4)

We train the model by minimizing the mean squared error loss Lcox over observed co-497

expression edges (i, j) ∈ Eobs between measured values ci,j and predictions ĉi,j:498

Lcox =
1

|Eobs|

∑

(i,j)∈Eobs

(ci,j − ĉi,j)
2 . (5)

After training, we apply the learned predictor to all gene pairs to obtain a completed co-499

expression matrix Ccox with entries (Ccox)i,j = ĉi,j. This provides transcriptome-wide co-500

expression estimates consistent with curated bulk measurements yet informed by global scRNA-501

seq covariation (Supplementary Fig. S21b). Further details on the implementation are provided502

in the Supplementary Notes.503

Latent space compression via Transformer-based autoencoding.504

Although each gene can be represented by a 32, 016-dimensional co-expression vector, using505

these vectors directly is computationally expensive in downstream applications. To that end,506

we reduce the dimensionality of these co-expression vectors using a deep autoencoder. We507

implement both the encoder fenc and the decoder fdec using stacked Transformer blocks in508

a symmetric architecture [63]. Attention mechanism is applied throughout encoding and509

reconstruction, allowing the model to effectively capture biological dependencies and long-range510

interactions inherent in the gene regulatory network.511

Formally, we specify the training objective as follows. For each gene i, we use the corre-512

sponding row vector (Ccox)i,: ∈ R
32,016 as the input co-expression feature vector. The encoder513

fenc maps this high-dimensional vector to a 512-dimensional latent vector ei, and the decoder514

fdec reconstructs the original input from ei:515

ei = fenc
(
(Ccox)i,:

)
∈ R

512,
(
Ĉcox

)
i,:

= fdec(ei) ∈ R
32,016. (6)
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We train the model by minimizing the mean squared reconstruction loss LAE:516

LAE =
∑

i

∥(Ccox)i,: − (Ĉcox)i,:∥
2
2, (7)

which encourages the latent vector to preserve the co-expression structure encoded in Ccox. We517

therefore use the encoder outputs {ei} as the CoxFormer gene embeddings. Further details on518

the implementation are provided in the Supplementary Notes.519

A multi-modal generative framework for predicting spatial epige-520

nomics and transcriptomics using CoxFormer embeddings521

To enhance the applicability of CoxFormer embeddings to advanced genomic analyses, we522

develop a multi-modal generative framework that integrates gene embeddings with available523

spatial cues, such as H&E histology and spot coordinates, to predict epigenomic and tran-524

scriptomic profiles. The framework can fuse gene embeddings with coordinate encodings and525

image-derived features when available, or operate on gene embeddings alone, enabling seamless526

use across sequencing technologies and heterogeneous data formats.527

Multi-modal spatial information extraction and fusion528

Spatial transcriptomics datasets usually provided two types of spatial information: spot529

coordinates and, in some assays, a matched histology image (e.g., H&E in 10x Genomics530

Visium). When histology is available, we extract morphology from image patches using a Vision531

Transformer (ViT), yielding patch features of shape npatch × dViT [64]. To obtain spot-level532

image features, we average the patch features within each spot and form an image feature533

Ximg ∈ R
nspot×dViT , which is then projected by a two-layer MLP with ReLU activations to534

R
nspot×dimg .535

For spot coordinates, we encode the 2D locations Xloc = [x, y] ∈ R
nspot×2 with a Fourier536

feature encoder. We use exponentially spaced frequencies ωf = 2f−1π for f = 1, . . . , F and537

compute sinusoidal features for each coordinate dimension [65]. For a spot i with Xloc,i = (xi, yi),538

the positional encoding is defined as:539

PE(Xloc,i) =
[

sin(ω1xi), cos(ω1xi), sin(ω1yi), cos(ω1yi), . . . ,

sin(ωFxi), cos(ωFxi), sin(ωFyi), cos(ωFyi)
]
.

(8)

Stacking all spots yielded PE(Xloc) ∈ R
nspot×4F . We then project them to R

nspot×dloc using a540

two-layer MLP with ReLU activations.541

When neither coordinates nor histology are provided, we introduce learnable latent vectors542

Xlearn ∈ R
nspot×dlearn as the spatial context, which are initialized from a standard normal543

distribution and optimized during training so that they can be learned directly from the data,544

allowing the capture of dataset-specific spatial structure.545

When both coordinates and histology are present, we construct a unified spatial context546

Xspa ∈ R
nspot×dmodel by concatenating the image, coordinate, and learnable embeddings after547

projecting them onto dimensions that are summed to dmodel. When only one spatial input is548

present, we project it to dmodel dimensions and used it as the spatial context.549
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Integrating spatial context with CoxFormer embeddings for transcriptome-wide550

prediction551

We formulate spatial prediction as gene-conditioned regression over the spatial context defined552

above. Because spatially proximal spots tend to exhibit correlated molecular states, we treat the553

spot-wise spatial context as a sequence of nspot tokens and use an attention-based aggregation554

mechanism to capture dependencies across the entire tissue section.555

To allow each spot to adaptively pool information from other spots, we first compute556

three learned linear projections of Xspa: a query representation that specifies what a spot is557

looking for, a key representation that specifies what information a spot can offer, and a value558

representation that carries the content to be aggregated. Concretely,559

X̃spa = softmax

(
(XspaWquery)(XspaWkey)

⊤

√
dkey

)
(XspaWvalue), (9)

where Wquery,Wkey ∈ R
dmodel×dmodel and Wvalue ∈ R

dmodel×dmodel are learnable projection matri-560

ces, and softmax is applied row-wise to normalize attention weights over spots. This operation561

allows each spot to form a weighted sum of the value vectors from all spots, producing a562

context-aware spatial representation.563

We then incorporate gene-specific information using the CoxFormer embedding of the target564

gene e ∈ R
512. Intuitively, we use e to modulate a shared spatial context so that the resulting565

spot-wise representations become specific to the queried gene and can be directly read out as566

its spatial expression profile. Concretely, we first project e into the model space via a learnable567

linear layer Wg to match the dimensionality of X̃spa. We then broadcast the projected gene568

vector to all spots, add it to the context-aware spatial representation as conditioning, and569

finally apply an MLP head to output one scalar per spot:570

ẽ = eWg + bg, ŷ = fmlp(X̃spa + 1⊗ ẽ). (10)

Here Wg ∈ R
512×dmodel and bg ∈ R

dmodel are learnable parameters, and 1 ∈ R
nspot is an all-ones571

vector, and ⊗ denotes the Kronecker product that broadcasts the projected gene embedding572

ẽ ∈ R
dmodel to all spots. The fmlp : Rnspot×dmodel → R

nspot×1 outputs the predicted expression (or573

activity score) ŷ ∈ R
nspot for gene g across all spots. Further details on the implementation are574

provided in the Supplementary Notes.575

Notably, our framework follows the spirit of the Transformer decoder block design [63],576

while adapting it to spatial molecular prediction. Specifically, we predict the spatial profile of a577

specified target gene across all spots in a single pass, rather than applying the autoregressive578

next-token prediction that is a common use of Transformer decoders. Training therefore579

does not require causal masking. Moreover, in the absence of CoxFormer embeddings, a580

Transformer-style transcriptome-wide formulation would typically represent genes as additional581

tokens, which naively leads to a gene axis on the order of 3 × 104 for the human genome582

and substantially increases the computational cost. By using the CoxFormer embedding as583

an external conditioning input, our framework preserves the Transformer’s ability to model584

long-range spot-to-spot dependencies, while avoiding the need to present the whole genome as585

gene tokens.586
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Sparsity-aware objective and model optimization587

To handle the sparsity and zero inflation of spatially resolved molecular profiles, we train the588

model with a loss that combines a weighted Huber term with an ℓ1 penalty on the predictions.589

The weighting reduces the contribution of zero entries, the Huber term limites the influence of590

large residuals, and the ℓ1 penalty helps suppress low-level positive background predictions.591

For the weighted Huber term, we first partition entries into positive sets (Ωnz = {i : yi > 0})592

and zero sets (Ωz = {i : yi = 0}). And then we define the weighted Huber term as follows:593

LHuber−w = λnz

1

|Ωnz|

∑

i∈Ωnz

LHuber(yi, ŷi) + λz

1

|Ωz|

∑

i∈Ωz

LHuber(yi, ŷi), (11)

where λnz and λz control the relative contribution of positive and zero entries (default λnz = 0.5594

and λz = 0.5). Specifically, the Huber term is:595

LHuber(y, ŷ) =

{
1
2
(y − ŷ)2, |y − ŷ| ≤ δ,

δ|y − ŷ| − 1
2
δ2, otherwise,

(12)

with an adaptive threshold δ computed per mini-batch as the standard deviation of residuals596

(ŷ − y) across spots for each sample. We finally optimize:597

L = LHuber−w + λℓ1∥ŷ∥1, (13)

where ℓ1 penalty regularization λℓ1 . Further details on the implementation are provided in the598

Supplementary Notes.599

Downstream analysis600

Gene property prediction601

To assess whether the CoxFormer embeddings are able to capture intrinsic regulatory semantics,602

we benchmark their performance on four distinct binary classification tasks that discriminate603

between distinct gene properties [12]: (1) dosage-sensitive versus dosage-insensitive transcription604

factors (TFs); (2) long-range versus short-range transcription TFs; (3) bivalent versus non-605

methylated promoters and (4) bivalent versus Lys4-only-methylated promoters.606

For each task, we train supervised models to predict gene properties from the gene embedding607

zi. To ensure that our evaluation is robust to the choice of downstream model, we train two608

representative classifiers: Logistic Regression (LR), and Support Vector Machine (SVM). We609

then evaluate the generalization performance using five-fold stratified cross-validation, and610

report the mean performance across folds using the metrics, including AUROC, Accuracy,611

F1-score, Precision, and Recall.612

Cell-types annotation613

To evaluate the utility of CoxFormer embeddings in cell-level tasks, we derive a cell representa-614

tion by aggregating gene embeddings according to each cell’s normalized expression profile, then615

use these cell embeddings for cell-type clustering and classification across tissues. Given a gene616
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expression matrix S ∈ R
ncell×ngene for ncell cells and ngene genes, we formed the cell embedding617

ui ∈ R
dgene for cell i by taking a normalized weighted sum:618

ui =

∑ngene

g=1 Si,g eg∑ngene

g=1 Si,g + ϵ
, (14)

where Si,g denotes the expression of gene g in cell i, eg ∈ R
dgene is the embedding of gene g, and619

ϵ = 10−12 is a small constant for numerical stability. Building on the cell embeddings defined620

above, we treat the provided annotations as reference labels. For an unsupervised evaluation,621

we cluster the cell embeddings with K-means and quantify the clustering quality using the622

Adjusted Rand Index (ARI), Normalized Mutual Information (NMI), and Adjusted Mutual623

Information (AMI). In a supervised evaluation, we employ a kNN classifier with stratified624

five-fold cross-validation and assessed its performance using AUROC, Accuracy, F1-score,625

Precision, and Recall.626

Super-resolution gene expression prediction627

Building on the prediction framework above, we extend the histology input from spot-aggregated628

image features to pixel-level image features for super-resolution inference. Within the spot-level629

setting, ViT patch features are averaged within each spot to obtain spot-level image features,630

which support spot-level prediction. While for super-resolution prediction, we avoid this631

within-spot averaging and instead predict gene expression directly from pixel features. In the632

implementation, we treat the npix pixel within a spot as a sequence and form a pixel-feature633

matrix Xpix ∈ R
npix×dViT .634

We then adapt the spot-level prediction framework at patch resolution. Specifically, each635

patch feature is mapped to the model dimension with a two-layer MLP with ReLU activations,636

yielding Xpix ∈ R
npix×dmodel . We then use self-attention over the npix patches within a spot637

so that each patch can aggregate information from the other patches in the same spot. The638

target gene is identified through its CoxFormer embedding, and the model obtains pixel-level639

predictions ŷgi,k for gene g at pixel k in spot i.640

Considering that most spatial transcriptomics data encode gene expression at the spot641

resolution, we train the model under weak supervision by aggregating patch-level predictions642

within each spot:643

Ŷi,g =
K∑

k=1

ŷki,g. (15)

We then minimize the sparsity-aware objective defined above between the aggregated prediction644

Ŷ g
i and the measured spot-level expression Y g

i . Training uses the same optimization setting as645

in the spot-level task, except that we use a batch size of 256.646

Cell-cell communication analysis647

We perform region-resolved cell-cell communication (CCC) analysis using the LIANA (version648

1.6.1) library in Python [66], grouping cells into tissue regions (source-target groups) for interac-649

tion inference. We first identify candidate ligand-receptor interactions using rank aggregate()650

with the consensus resource (resource name="consensus") under standard quality control651
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settings (expr prop=0.1). We incorporate spatial context by constructing a Gaussian-kernel652

neighbor graph (bandwidth=100, cutoff=0.1) from cell centroid coordinates, and refine inter-653

actions using bivariate() with cosine similarity (local) and Moran’s I (global). Significance is654

assessed via permutation testing (n perms=100) with an additional sparsity filter (nz prop=0.2).655

Differential expression analysis656

We identify differentially expressed genes (DEGs) between the target and reference expression657

profiles using the Scanpy (version 1.9.8) library in Python [67]. For each gene, we compare658

expression between the two groups using the Wilcoxon rank-sum test and adjusted P values659

with the Benjamini–Hochberg procedure. DEGs are defined as genes with an adjusted P value660

< 0.01 and an absolute log-fold change greater than 3.661

GO enrichment analysis662

We conduct GO enrichment analysis for each gene set selected from spatial transcriptomics663

predictions based on CoxFormer embeddings using the GSEApy (version 1.1.8) library in Python664

with the Enrichr database GO Biological Process 2021 [68]. For each gene set, enrichment665

significance is assessed with Fisher’s exact test and controlled for multiple comparisons using666

the Benjamini–Hochberg procedure. We then rank GO terms by their adjusted P values667

(cutoff=0.05), report significance as − log10(Adj. P ) and visualize the top terms within the668

Biological Process ontology to summarize the dominant functional signals.669

Abnormal region detection670

We develop an unsupervised method to delineate abnormal tissue regions. Specifically, we671

use our spatial transcriptomics prediction framework based on CoxFormer embeddings to672

infer transcriptome-wide expression from housekeeping genes, and consider these predictions673

as a pseudo-healthy reference. Accordingly, deviations between the predicted and measured674

expression are treated as signals of pathological alteration. In the implementation, we first675

select the top 200 disease-relevant genes using the differential expression analysis. For this676

gene set, we define the spot-wise residual as the difference between the predicted and measured677

expression:678

Ri,g = Yi,g − Ŷi,g, (16)

where Yi,g and Ŷi,g denote the predicted and measured expression of gene g at spot i, respectively.679

To delineate abnormal regions, we perform Principal Component Analysis (PCA) on the residual680

matrix R and apply Leiden clustering, adjusting the resolution to obtain two clusters. For each681

cluster c, we compute its mean absolute residual:682

r̄c =
1

|c| |G|

∑

i∈c

∑

g∈G

|Ri,g| . (17)

We label the cluster with the larger r̄c as the abnormal region and evaluated detection683

performance against ground-truth pathological annotations using AUROC, Accuracy, F1 score,684

Precision, and Recall.685
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Comparisons of methods686

We perform extensive comparisons between the performance of CoxFormer and existing methods687

in both simulated and real data analyses. In brief, for gene- and cell-level tasks, we compare688

CoxFormer embeddings with alternative gene embedding baselines. For spatial transcriptomics689

prediction and pathological region segmentation, we benchmark CoxFormer against representa-690

tive scRNA-seq reference-based imputation methods. For the spatial epigenomics prediction691

task, we compare it against three single-source embedding variants using our spatial generative692

framework. For super-resolution enhancement, we compare CoxFormer with iStar.693

Compared methods for gene- and cell-level tasks694

We compare CoxFormer with gene embeddings learned using different information sources,695

including bulk transcriptomics, single-cell transcriptomics, and the biomedical literature, as696

provided at https://zenodo.org/records/16764517.697

(1) scGPT [13]: Transformer-based gene embeddings are trained on single-cell gene ex-698

pression, where scGPT-Human is trained on human single-cell transcriptomics and scGPT-699

PanCancer is trained on pan-cancer single-cell transcriptomics (dim = 512).700

(2) GeneFormer [12]: Transformer-based gene embeddings are pretrained on single-cell gene701

expression data, including GeneFormer-6L30M (dim = 256), GeneFormer-12L30M (dim = 512),702

GeneFormer-12L95M (dim = 512), GeneFormer-20L95M (dim = 896), and the cancer-tuned703

GeneFormer-12L95M-Cancer (dim = 512). Here, “6L/12L/20L” indicates the number of704

Transformer layers and “30M/95M” indicates the pretraining scale in millions.705

(3) GenePT [17]: text-derived gene embeddings are obtained by encoding NCBI Gene706

Summary with OpenAI embedding APIs, where GenePT-Ada uses text-embedding-ada-002707

(dim = 1536) and GenePT-Model3 uses text-embedding-3-large (dim = 3072).708

(4) BioVec [29]: literature-derived gene embeddings are trained on biomedical corpora,709

including BioVec-CBOW (trained with the CBOW), BioVec-SkipGram (trained with the skip-710

gram), BioVec-FastText (trained with FastText), and BioVec-GloVe (trained with GloVe) (dim711

= 100).712

(5) Mut2Vec [30]: multi-source gene embeddings integrate mutation profiles, the biomedical713

literature, and protein-protein interaction information (dim = 300).714

(6) Gene2Vec [28]: bulk gene expression embeddings are learned from PCC-based gene–gene715

correlation patterns using the skip-gram (dim = 200).716

(7) FRoGS [26]: bulk gene expression embeddings are trained on the ARCHS4 RNA-seq717

expression compendium (dim = 256).718

(8) TCGA-Embedding [27]: bulk gene expression embeddings are trained on The Cancer719

Genome Atlas gene expression profiles (dim = 50).720

Compared methods for spatial transcriptomics prediction and pathological region721

segmentation722

We compare CoxFormer with existing scRNA-seq reference-based imputation methods that723

predict gene expression in spatial transcriptomics data. To ensure reproducibility, each baseline724

is run with the recommended settings, and key parameters are fixed as follows.725
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(1) gimVI [38]: implemented in the Python package scvi-tools and run following the official726

tutorial from https://docs.scvi-tools.org/en/0.8.0/user_guide/notebooks/gim727

vi_tutorial.html, where the spatial distribution of genes is obtained using the function728

model.get imputed values() with the argument normalized = False;729

(2) SpaGE [36]: implemented from the GitHub repository SpaGE and run following the730

tutorial notebook at https://github.com/tabdealal/SpaGE/blob/master/SpaGE_Tutoria731

l.ipynb, where we set the parameter n pv = Ngene/2;732

(3) Tangram [37]: implemented in the Python package tangram following the instructions at733

https://github.com/broadinstitute/Tangram, where we set the key parameters to modes734

= "clusters" and density = "rna count based";735

(4) Seurat [41]: implemented in the R package Seurat (version 5.3.0) following the online736

integration tutorial at https://satijalab.org/seurat/articles/integration_mapping,737

where we used reduction = "cca" and k.filter = NA; if Ngene > 30 we set dims = 30,738

otherwise we set dims = Ngene, and the predicted spatial distribution of genes is obtained using739

the function TransferData();740

(5) SpaOTsc [35]: implemented from the Python package SpaOTsc following the instructions741

at https://github.com/zcang/SpaOTsc, where the spatial distribution of genes is computed742

using the function transport plan() with parameters alpha = 0, rho = 1.0, epsilon =743

0.1, and scaling = False;744

(6) novoSpaRc [40]: implemented in the Python package novosparc and run following745

the tutorial at https://github.com/rajewsky-lab/novosparc/blob/master/reconstru746

ct_drosophila_embryo_tutorial.ipynb, where we set alpha linear = 0.5, loss fun =747

"square loss", and epsilon = 5 × 10−3;748

(7) LIGER [42]: implemented from the GitHub repository https://github.com/Macosko749

Lab/liger, where the predicted spatial distribution of genes is obtained by k-nearest neighbors750

(kNN)-based imputation in the shared low-dimensional space (knn = 30);751

(8) stPlus [39]: implemented from the GitHub repository http://github.com/xy-chen1752

6/stPlus and following the recommended settings with t min = 5 and n neighbors = 50.753

Compared methods for spatial epigenomics prediction754

We compare CoxFormer with three single-source embedding variants based on gene co-expression,755

gene correlation and gene description. The co-expression and correlation representations are756

constructed from an 18,858 × 18,858 COXPRESdb-derived matrix and a 32,101 × 32,101757

transcriptome-wide correlation matrix estimated from the HCA, respectively. Because directly758

using these high-dimensional per-gene vectors is memory-prohibitive, we apply PCA to reduce759

them to 512 dimensions, consistent with CoxFormer. In contrast, the description-based760

representations comprised 43,661× 3,072 text embeddings obtained via the OpenAI embedding761

API and were used in their original form. Across all variants, we keep the Transformer-based762

spatial generative framework, with the training protocol and all other settings unchanged.763

Compared methods for super resolution enhancement764

We compare CoxFormer with iStar [45], a widely used framework for enhancing the spatial res-765

olution of Visium measurements by leveraging histology results to infer finer-grained expression766
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patterns. iStar is implemented from the GitHub repository https://github.com/daviddaiw767

eizhang/istar, following the default training setting with epochs = 400 and lr = 1e-4.768

Evaluation metrics769

We evaluate the performance of CoxFormer and competing methods using a set of complementary770

metrics. In brief, gene-level tasks and pathological region segmentation tasks are assessed as771

supervised classification problems using five standard metrics: AUROC, Accuracy, F1-score,772

Precision, and Recall (AUROC, ACC, F1, PRE, and REC, respectively). Cell-level tasks are773

evaluated with both supervised cell-type classification (the same five metrics) and unsupervised774

clustering (ARI, NMI, and AMI), and summarized into an aggregated cell-task score. Spatial775

prediction tasks are primarily evaluated using three complementary spatial inference metrics:776

Pearson correlation coefficient (PCC), structural similarity index (SSIM), and root mean777

squared error (RMSE).778

Classification metrics779

For supervised classification, we use metrics based on the confusion matrix and predicted780

probabilities. ACC, PRE, REC, and F1 quantify the point-estimate performance at a fixed781

decision threshold (0.5). Let TP, FP, TN, and FN denote true positives, false positives, true782

negatives, and false negatives, respectively. These metrics are defined as:783

ACC =
TP + TN

TP + TN + FP + FN
, PRE =

TP

TP + FP
,

REC =
TP

TP + FN
, F1 =

2 · PRE · REC

PRE + REC
.

(18)

The AUROC evaluates the global discriminative ability across all decision thresholds. It784

can be expressed as the integral of a ROC curve that plots the true positive rate (TPR) against785

the false positive rate (FPR):786

AUROC =

∫ 1

0

TPR(τ) dFPR(τ). (19)

Clustering metrics787

For unsupervised clustering, we evaluate the agreement between a predicted partition U788

and ground-truth groups V using information-theoretic and pairwise-consistency metrics.789

Specifically, we report NMI, AMI, and ARI, where larger values indicate better alignment with790

the ground-truth structure.791

NMI measures the mutual dependence between two partitions and is normalized by their792

entropies. With I(U ;V ) denoting mutual information and H(·) denoting entropy:793

NMI(U, V ) =
2 I(U ;V )

H(U) + H(V )
. (20)

AMI corrects mutual information for chance agreement using the expected mutual informa-794

tion E[I(U ;V )] under a standard permutation model:795

AMI(U, V ) =
I(U ;V ) − E[I(U ;V )]

1
2
(H(U) + H(V )) − E[I(U ;V )]

. (21)
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ARI assesses pairwise agreement between partitions, corrected for chance. Let RI be the796

Rand index and E[RI] be its expected value:797

ARI =
RI − E[RI]

1 − E[RI]
, (22)

where the denominator uses max(RI) = 1.798

Gene-task score799

To provide a single summary number for gene-level benchmarks, we compute a gene-task score800

by averaging the five classification metrics over the four gene-level tasks. Let Tg denote the set801

of gene-level tasks and Mcls = {ACC,PRE,REC,F1,AUROC}. The gene-task score is:802

gene task score =
1

|Tg|

∑

task∈Tg

(
1

|Mcls|

∑

m∈Mcls

m(task)

)
. (23)

Cell-task score803

Similarly, we compute a cell-task score by averaging classification and clustering metrics over804

the four scRNA-seq datasets. Let Tc denote the datasets and Mclust = {ARI,NMI,AMI}. The805

cell-task score is:806

cell task score =
1

|Tc|

∑

dataset∈Tc

(
1

|Mcls ∪Mclust|

∑

m∈Mcls∪Mclust

m(dataset)

)
. (24)

Spatial inference metrics807

To evaluate the consistency between the ground-truth and predicted spatial expression pat-808

terns, we use three complementary metrics: PCC, SSIM, and RMSE. For each gene g, let809

yg = (yg,1, . . . , yg,nspot
)⊤ and ŷg = (ŷg,1, . . . , ŷg,nspot

)⊤ denote the ground-truth and predicted810

expression vectors across nspot spots. Let µ(·) and σ(·) denote the sample mean and sample811

standard deviation over spots, and let cov(·, ·) denote the sample covariance. Higher values in-812

dicate better performance for PCC and SSIM, whereas lower values indicate better performance813

for RMSE.814

PCC measures linear consistency between the two spatial profiles:815

PCCg =
cov(yg, ŷg)

σ(yg) σ(ŷg)
. (25)

SSIM compares local spatial patterns by combining luminance, contrast, and structural816

terms. For each gene, we first rescale the spatial maps to [0, 1]:817

y′g,j =
yg,j − min(yg)

max(yg) − min(yg)
, ŷ′g,j =

ŷg,j − min(ŷg)

max(ŷg) − min(ŷg)
, j = 1, . . . , nspot, (26)

and denote the rescaled vectors by y′
g and ŷ′

g. With constants C1 = 0.01 and C2 = 0.03, SSIM818

is computed as:819

SSIMg =

(
2µ(y′

g)µ(ŷ′
g) + C2

1

)(
2 cov(y′

g, ŷ
′
g) + C2

2

)
(
µ(y′

g)
2 + µ(ŷ′

g)
2 + C2

1

)(
σ(y′

g)
2 + σ(ŷ′

g)
2 + C2

2

) . (27)
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RMSE measures the absolute error between standardized profiles. We first apply z-score820

normalization across spots:821

zg,j =
yg,j − µ(yg)

σ(yg)
, ẑg,j =

ŷg,j − µ(ŷg)

σ(ŷg)
, (28)

and then compute:822

RMSEg =

√√√√ 1

nspot

nspot∑

j=1

(
ẑg,j − zg,j

)2
. (29)

Datasets and preprocessing823

Large-scale scRNA-seq data for correlation learning824

In the computation of gene correlations, we curate a comprehensive scRNA-seq dataset from825

the HCA, comprising 10.4 × 106 cells across 123 healthy human tissue projects generated826

with 10x Genomics 3′ V2 chemistry. Raw count matrices are processed using the Scanpy827

(version 1.9.8) library [67], computing quality control (QC) metrics for mitochondrial (MT),828

ribosomal, and hemoglobin genes. We apply a rigorous outlier detection strategy based on829

median absolute deviations (MADs). Cells are excluded if their library size, detected gene830

count, or the percentage of counts in the top 20 genes deviated by more than 5 MADs from831

the population median. Furthermore, cells exhibiting > 8% mitochondrial counts or those832

identified as outliers (> 3 MADs) in mitochondrial proportion are removed to ensure high data833

quality.834

ScRNA-seq data for cell-level task835

We test cell-type annotation on four datasets, including Human CD34+ Bone Marrow (BM)836

(n = 5, 780 cells; 10 cell types), Breast Cancer FFPE (BC) (n = 10, 689 cells; 19 cell types),837

Diffuse Large B-cell Lymphoma FFPE (DLBL) (n = 39, 713 cells; 17 cell types), and Lung838

Cancer FFPE (LC) (n = 35, 954 cells; 19 cell types). For each scRNA-seq dataset, we839

normalize the raw counts by library size to a total sum of 10, 000, which is then followed by840

log-transformation (log(x + 1)).841

Spatial transcriptomics data for gene expression imputation task842

We benchmark CoxFormer’s performance for spatial gene expression prediction using six human843

breast cancer (HBC) datasets profiled by the 10x Genomics Visium platform, paired with a844

matched scRNA-seq reference. For both spatial and scRNA-seq datasets, we first normalize the845

raw counts by library size to a total sum of 10, 000, which is then followed by log-transformation846

(log(x+1)). Specifically, for the spatial transcriptomics data, we implement an additional quality847

control step, where genes expressed in fewer than 10% of spatial spots are filtered out to mitigate848

technical noise. We then identify highly variable genes (HVGs) using the Scanpy (version849

1.9.8) with the sc.pp.highly variable genes function (flavor="seurat v3") [67], selecting850

the top 1,000 genes for spatial transcriptomics prediction. To assess whether CoxFormer can851

generate transcript profiles of unknown targets, we randomly partition 90% of HVGs for training852

and reserve the remaining 10% genes for evaluation.853
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Spatial epigenomics data for cross-modal applications854

We demonstrate the utility of CoxFormer for cross-modality prediction with a human hip-855

pocampus dataset measured by spatial ATAC–RNA-seq. For the spatial transcriptomics856

layer, we apply library-size normalization to a total sum of 10, 000 and log-transformation857

to identify the top 1, 000 HVGs using Scanpy (v1.9.8) with sc.pp.highly variable genes858

(flavor="seurat v3") [67]. For spatial epigenomics data, the chromatin accessibility data are859

obtained as gene activity scores (GAS) from Ref. [44], which are calculated using the Gene860

Score model implemented in ArchR. To benchmark the prediction, we train the model on 90%861

of the identified HVG GAS profiles and reserve the remaining 10% for assessment.862

Spatial subcelluar transcriptomics data for super-resolution enhancement863

We utilize high-resolution human skin datasets profiled by the 10x Genomics Xenium in situ864

platform to benchmark CoxFormer’s performance in super-resolution enhancement. We collect865

two sections, one that is measured with the standard Xenium Human Skin Gene Expression866

Panel comprising 280 genes, and another that is profiled with an augmented panel including867

custom targets, totaling 378 genes.868

To evaluate super-resolution imputation, we construct pseudo-Visium datasets by spatially869

binning the high-resolution Xenium transcript coordinates into spot-level measurements. Specif-870

ically, we define capture locations within the tissue area at 100 µm intervals, constructing871

circular spots with a diameter of 55 µm to match the standard Visium spot geometry. We872

assign each Xenium transcript to the nearest spot center and aggregated transcript counts per873

gene within each spot to obtain a spot-by-gene expression matrix. Spots with zero assigned874

transcripts are removed, yielding two pseudo-Visium skin datasets at spot resolution.875

In addition to spot-level expression, we derive cell-scale visual features from the paired876

histology images. We rescale the Xenium histology images to a resolution of 0.5 µm/pixel and877

extract a morphological feature vector for each non-overlapping 16 × 16 pixel block using a878

Vision Transformer (ViT) model pre-trained on large-scale histology images [64]. Notably, each879

block represents an 8 µm× 8 µm tissue region, which approximately corresponds to the scale880

of a small mammalian cell scale (10 − 20 µm in diameter).881

Spatial transcriptomics data for pathological regions segmentation882

For abnormal region detection, we use four spatial transcriptomics sections from a colorectal883

cancer liver metastasis (CRLM) cohort, including two primary colorectal tumor (CRC) sections884

and two matched liver metastasis (LM) sections [69]. The slides span two clinical conditions,885

with two sections from an untreated case and two sections from a therapy-treated case showing886

partial response (PR). Concretely, CRC1 corresponds to an untreated CRC section, LM1887

corresponds to an untreated LM section, CRC2 corresponds to a PR CRC section, and LM2888

corresponds to a PR LM section. For each slide, we processe the raw spot counts using a889

standard workflow, first normalizing by library size to a total count of 10,000 per spot and then890

subjected to log-transformation using log(x + 1). We further perform an additional quality891

control step by filtering out genes expressed in fewer than 10% of spatial spots to reduce892

technical noise.893
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For gene splitting, we use a housekeeping (HK) gene-based strategy to predict a pseudo-894

healthy reference. Specifically, HK genes, defined by a curated list from the Ref. [50], serve as895

observed inputs for model training, whereas all non-HK genes are treated as prediction targets896

for abnormal region detection. For quantitative evaluation, we randomly hold out 100 HK897

genes from the input set and included them in the test targets, enabling a direct comparison898

between predicted and measured expression.899

Data availability900

All datasets utilized in this study are publicly accessible. (1) the COXPRESdb database901

(Microarray m.c7 version) is available at https://coxpresdb.jp/download/; (2) the Human902

Cell Atlas single-cell RNA sequencing (scRNA-seq) dataset is available at https://explor903

e.data.humancellatlas.org/projects; (3) Gene classification datasets are available at904

https://huggingface.co/datasets/ctheodoris/Genecorpus-30M/tree/main/example905

_input_files/gene_classification. (4) scRNA-seq datasets for cell-level task: Diffuse906

Large B-cell Lymphoma FFPE (DLBL), Breast Cancer FFPE (BC), Lung Cancer FFPE907

(LC) are accessed from the CZ CELLxGENE collection https://cellxgene.cziscience908

.com/collections/bd552f76-1f1b-43a3-b9ee-0aace57e90d6, and Bone Marrow (BM)909

are downloaded via scvelo.datasets.bonemarrow(); (5) 10x Visium human breast cancer910

spatial transcriptomics data (HBC1–6) are available from Zenodo (https://zenodo.org/r911

ecord/4739739), corresponding to samples CID4535 (HBC1), CID44971 (HBC2), CID4465912

(HBC3), CID4290 (HBC4), 1160920F (HBC5), and CID3586 (HBC6); (6) 10x Chromium913

human breast cancer scRNA-seq data are available from GEO under accession GSE176078914

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE176078); (7) spatial915

ATAC–RNA-seq human brain hippocampal spatial transcriptomics and epigenomics data are916

available at https://cells.ucsc.edu/?ds=brain-spatial-omics; (8) 10x Xenium human917

skin melanoma data (Section A) are available from 10x Genomics at https://www.10xgen918

omics.com/datasets/human-skin-preview-data-xenium-human-skin-gene-expressio919

n-panel-add-on-1-standard; (9) 10x Xenium human skin melanoma data (Section B) are920

available from 10x Genomics at https://www.10xgenomics.com/datasets/human-skin-p921

review-data-xenium-human-skin-gene-expression-panel-1-standard; (10) 10x Visium922

human colorectal cancer liver metastasis spatial transcriptomics data (CRC1–2 and LM1–2)923

are available from scCRLM (http://www.cancerdiversity.asia/scCRLM), corresponding924

to samples ST-P1, colon (CRC1), ST-P4, colon (CRC2), ST-P2, liver (LM1), and ST-P4,925

liver (LM2); (11) Illumina NextSeq 500 scRNA-seq data from normal human colon are926

available from GEO under accession GSM7290762 (https://www.ncbi.nlm.nih.gov/geo/q927

uery/acc.cgi?acc=GSM7290762); (12) Illumina NextSeq 500 scRNA-seq data from normal928

human liver are available from GEO under accession GSM7290760 (https://www.ncbi.nlm.n929

ih.gov/geo/query/acc.cgi?acc=GSM7290760).930
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Code availability931

CoxFormer is freely available as a Python package accessible at https://github.com/yyy932

ancy/CoxFormer with detailed tutorials and documentation at https://coxformer.readth933

edocs.io/en/latest/. To facilitate replication of the figures and results presented in this934

paper, detailed workflows are provided as Jupyter notebooks within the GitHub repository and935

documentation.936
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Figure 1: Overview of CoxFormer universal gene embedding and cross-modal spatial
inference. CoxFormer consists of two sequential modules for (1) learning universal gene repre-
sentations and (2) enabling versatile spatial omics prediction. (a) Universal gene-embedding
learning. CoxFormer integrates complementary information from three sources: (i) curated gene
descriptions collected from NCBI Gene, GeneCards, and UniProt and encoded as text-derived
node features (43,661 genes); (ii) transcriptome-wide gene–gene correlations computed from
> 10 million HCA cells from across 123 projects to provide scalable correlation-based relational
structures (32,101 genes); and (iii) high-quality but incomplete bulk-tissue co-expression associ-
ations from COXPRESdb (18,858 genes). A graph neural network (GNN) uses the text-derived
node features together with correlation-informed message passing to propagate relational pat-
terns across the transcriptome, reconstructing and completing bulk co-expression associations
beyond the observed COXPRESdb subset. The completed whole-transcriptome co-expression
profiles are then compressed into 512-dimensional CoxFormer embeddings using an autoencoder,
yielding universal gene representations for downstream gene- and cell-level tasks. (b) Cross-
modal spatial generative framework. A Transformer-based framework integrates CoxFormer
embeddings with high-resolution histology images (via a visual Transformer [ViT] encoder) and
spatial coordinates (via Fourier feature mapping and a Multi-Layer Perceptron), and models
long-range spot-to-spot dependencies to capture spatial context for molecular prediction. (c)
Downstream spatial applications enabled by the framework: (1) gene expression prediction, (2)
gene activity score prediction, (3) super-resolution enhancement, and (4) pathological region
detection.

34



Gene Task Score

DS BG MC TF Cell T
ask Score

BM DLBL
LC BC Overall S

core

Ranking

1

18

Score

0% 100%

CoxFormer

ScGPT−Human

GeneFormer−20L95M

GeneFormer−6L30M

ScGPT−PanCancer

GF−12L95M−Cancer

GeneFormer−12L95M

GeneFormer−12L30M

Gene2Vec

FRoGS

GenePT−Model3

BioVec−FastText

BioVec−SkipGram

BioVec−CBOW

TCGA−Embedding

GenePT−Ada

Mut2Vec

BioVec−GloVe

a

c
b

D
C
B
L

L
C

B
C

B
M

 Malignant

Epithelial/Gland

T cells

NK cells

Granulocytes

Mast cells

Endothelial

Fibroblasts

Pericytes

Smooth muscle

Mono/Macro

Dendritic cells

B/Plasma

Erythroid

Megakaryocytes

HSC

CLP

Precursors

35



Figure 2: CoxFormer organization of genes into an interpretable functional manifold
and evaluation across multiple gene- and cell-level tasks. (a) UMAP of CoxFormer
embeddings for 32,016 human genes. Genes form compact, well-separated modules, with
related programs showing meaningful proximity. Colored clusters indicate representative
functional groups; for each cluster, Gene Ontology enrichment analysis highlights coherent
biological themes (bar plots), and representative marker genes are annotated in the insets. (b)
Benchmark of CoxFormer and gene embedding baselines derived from bulk transcriptomics,
single-cell transcriptomics, and biomedical literature. Bubble plot summarizing four gene-
level binary classification tasks (dosage sensitivity of transcription factors, transcription-factor
regulatory range, and promoter-state classification: bivalent versus non-methylated, and Lys4-
only-methylated versus non-methylated) and four cell-level tasks across Diffuse Large B-cell
Lymphoma FFPE (DLBL), Lung Cancer FFPE (LC), Breast Cancer FFPE (BC), and Human
CD34+ Bone Marrow (BM) scRNA-seq datasets using cell embeddings computed as expression-
weighted averages of gene embeddings. Bubble size denotes the normalized score (larger is
better) and bubble color encodes the ranking within each metric (lighter indicates better
performance). (c) UMAP visualization of CoxFormer-derived cell embeddings across the four
datasets (DLBL, LC, BC, and BM) showing dataset-specific cell-state structure and separation
of major populations.
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Figure 3: CoxFormer enables spatial omics inference for unseen genes. (a) Overview of
the pseudo-panel benchmark for unseen-gene prediction in spatial transcriptomics. CoxFormer
is trained on observed genes and predicts held-out targets in a zero-shot manner without
external scRNA-seq reference atlases. (b) Mean prediction accuracy across six human breast
cancer (HBC) Visium datasets, quantified by Pearson’s correlation coefficient (PCC) on held-out
genes. CoxFormer is compared with representative reference-based baselines (SpaOTsc, SpaGE,
Tangram, gimVI, stPlus, novoSpaRc, Seurat and LIGER), all provided with a matched scRNA-
seq atlas. (c) Representative spatial expression maps for a held-out gene (APOC1 ) across
six HBC sections. CoxFormer consistently recovers the ground-truth spatial pattern, whereas
competing methods show dataset-dependent failures or collapse to near-uniform predictions.
(d) Cross-omics evaluation of a human hippocampus spatial ATAC-RNA-seq dataset via PCC,
structural similarity index (SSIM), and root mean squared error (RMSE). Radar plot comparing
CoxFormer with ablated variants that isolate individual information sources (co-expression,
correlation, and description) for predicting gene activity scores (GAS) of held-out genes. (e)
Predicted versus ground-truth GAS maps for five representative genes (SMIM27, BIN2, ASAH1,
NPAS4, and SMDT1 ). CoxFormer better matches spatial contrast and localization than the
ablated variants. (f) Region-by-gene GAS heatmaps for two hippocampal layers (dentate
gyrus granule cell layer [DG GCL] and the CA3 pyramidal layer [CA3 Pyr]) using the top
differentially expressed genes. CoxFormer largely preserves the layer-specific block structure
and directional changes observed in the ground truth.
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Figure 4: CoxFormer enables super-resolution imputation and zero-shot prediction
of unassayed genes in Xenium skin sections. (a) Overview of the cross-section super-
resolution setting. CoxFormer is trained on the observed genes across Sections A and B,
then applied to Section B to generate spot-level and subcellular-scale predictions. (b) Gene
partitioning for evaluation on two Xenium human skin sections (Section A: 378-gene panel;
Section B: 280-gene panel). The 280 overlapping genes are split into training genes (fully
observed; n=168), test genes (observed in Section A but masked in Section B; n=56) and
zero-shot genes (masked in both sections; n=56). (c) Spot-level imputation accuracy for the
56 masked test genes in Section B. CoxFormer outperforms the super-resolution baseline iStar
across RMSE, SSIM and PCC. (d) Predefined tissue regions in Section B (epidermis, immune
infiltration and melanoma tumor) used for downstream evaluation. (e) Region separation
obtained by clustering the predicted subcellular-scale expression in Section B for iStar and
CoxFormer; the latter yields clearer separation of epidermal and immune-infiltrated domains.
(f) Zero-shot subcellular-scale prediction for genes absent from the measured panel in Section
B. Shown are representative marker genes (CD3D, CLDN1, LUM and COL6A3 ) with Xenium
ground-truth and CoxFormer predictions; CoxFormer recovers compartment-specific patterns
and fine-grained ring-like spatial structures. (g) Region-resolved cell-cell communication
analysis in Section B after transcriptome-wide augmentation with CoxFormer-imputed genes.
Dot plots show the top 10 ligand-receptor pairs per region ranked by specificity; dot size encodes
specificity rank, and color indicates the ligand-receptor (LR) score.
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Figure 5: Reference-free pathological region detection in colorectal cancer liver
metastasis using CoxFormer. (a) Overview of the unsupervised, reference-free pipeline.
A spatial generative framework is trained on spatially stable housekeeping genes to learn a
“pseudo-healthy” baseline, then used to generate transcriptome-wide expression; residuals on non-
housekeeping genes are used for DEG detection and spatial clustering to segment normal versus
abnormal regions. (b) Four colorectal cancer liver metastasis sections used for benchmarking,
spanning untreated and therapy-perturbed (PR) colorectal cancer (CRC) and liver metastasis
(LM) tissues. (c) Aggregate abnormal-region detection performance across sections, comparing
CoxFormer with reference-based spatial imputation methods (SpaGE, SpaOTsc, Tangram,
gimVI, novoSpaRc, Seurat, LIGER, and stPlus). The left panel shows the mean ROC curve,
and the right panel summarizes AUROC, recall, accuracy, precision, and F1 score. (d) Spatial
segmentation maps on an untreated colorectal cancer section. CoxFormer delineates abnormal
regions that closely match the ground-truth annotations, whereas competing methods show
noisy or incorrect boundaries. (e) Representative housekeeping genes showing the agreement
between measured expression and CoxFormer reconstruction, which provides a stable baseline
for downstream deviation analysis. (f) Comparison of measured expression of representative
CRC-associated marker genes (CD44, GPA33, EPCAM, GUCA2A, and CEACAM7 ) comparing
measured expression with the CoxFormer-generated “pseudo-healthy” baseline, highlighting the
disease-associated deviations within abnormal regions. (g) Gene Ontology biological process
enrichment of the top differentially expressed genes between CoxFormer-segmented normal and
abnormal regions. The processes are dominated by extracellular remodeling and motility-related
programs.
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