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Abstract 25 

Background: Cancer driver gene prioritization largely relies on bulk molecular profiles, 26 

leaving epithelial transcriptional changes across disease stages underused. 27 

Results: We present Single-Cell Multi-omics Graph (SCMG), a graph-learning framework 28 

integrating bulk mutation, DNA methylation and gene expression with stage-resolved 29 

epithelial single-cell data and biological interaction networks. SCMG outperformed five 30 

comparison methods across six networks and achieved the highest area under the precision–31 

recall curve in nine of 15 cancer types and the highest area under the receiver operating 32 

characteristic curve in seven. Ablation analyses supported contributions from single-cell 33 

features, network propagation and multimodal integration. External catalogue evaluation 34 

showed enrichment for driver genes outside the training positive-label set. Combining 35 

prediction scores with a background-corrected measure of stage-associated expression change 36 

organized high-scoring candidates into two groups with contrasting expression patterns. Their 37 

gene-expression signatures were associated with patient outcomes, while an external 38 

cutaneous squamous cell carcinoma cohort supported disease-associated expression of 39 

selected candidates. 40 

Conclusions: SCMG provides a framework for integrating stage-resolved epithelial context 41 

into cancer driver gene prioritization and interpreting candidate rankings. 42 

Keywords: cancer driver gene; bulk multi-omics; single-cell RNA sequencing; graph neural 43 

network; gene interaction network; pan-cancer analysis 44 

 45 
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Background 46 

Cancer initiation and progression are accompanied by the continued accumulation of 47 

molecular abnormalities and the remodeling of cellular states, but not all molecular events 48 

provide a selective advantage to a cell or clone. Genes that drive tumor initiation, 49 

maintenance, and progression are generally referred to as driver genes. Identifying these 50 

genes can help clarify oncogenic mechanisms and is also directly relevant to the prioritization 51 

of candidate therapeutic targets and the advancement of precision medicine research[1, 2]. 52 

Early computational methods mainly focused on recurrent mutations or signals of positive 53 

selection. MutSigCV[3] identifies significantly mutated genes by accounting for differences 54 

in background mutation rates among genes. Oncodrive-CLUST[4] identifies candidate driver 55 

genes from non-random clustering of mutation positions in protein sequences. dNdScv[5] 56 

uses a selection model to assess evidence of positive selection in coding mutations. These 57 

methods have relatively clear statistical interpretations, but background mutation rates are 58 

affected by factors including gene length, replication timing, chromatin state, and 59 

heterogeneity among cancer types. They may therefore have limited sensitivity for 60 

low-frequency driver genes or genes that act only in specific molecular contexts. 61 

Network-based methods further use the tendency of cancer genes to act together in common 62 

pathways, protein complexes, or functional modules, allowing weak abnormal signals 63 

distributed across individual genes to be interpreted in an interaction context. For example, 64 

HotNet2[6] uses network diffusion to identify significant subnetworks in which rare somatic 65 

mutations cluster across pan-cancer data. Network information can reduce the limitations of 66 
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relying only on mutation frequencies in individual genes, although performance remains 67 

affected by network coverage, tissue specificity, and interaction noise. MUFFINN[7] 68 

integrates mutation information for an individual gene with that of its neighbors in a 69 

functional network to identify driver genes. 70 

In recent years, graph neural networks have provided a more flexible representation-learning 71 

framework for the joint modeling of multi-omics features and gene relationships. EMOGI[8] 72 

inputs multi-omics gene features and a protein interaction network into a graph convolutional 73 

network. MTGCN[9] uses multi-task learning to jointly exploit node-classification and 74 

network-structure information. SMG[10] applies self-supervised masked graph learning to 75 

enhance gene representations. HGDC[11] and SGCD[12] subsequently improved message 76 

propagation through heterophilic graph diffusion and simplified heterophilic graph learning, 77 

respectively, whereas deepCDG[13] explored deeper graph convolution for multi-omics 78 

integration. TGCN[14] combined Transformer-based global representation learning with 79 

Chebyshev graph convolution for cancer driver gene identification. More recently, 80 

MNGCL[15] and MMGN[16] introduced multi-network graph contrastive learning or 81 

multiplex-network representations into pan-cancer driver gene identification. These studies 82 

indicate that multi-omics evidence and network topology provide complementary information. 83 

Single-cell information has also been incorporated into driver-gene prioritization; for example, 84 

scCDX combines scRNA-seq with bulk multi-omics and network-derived features using 85 

extreme gradient boosting[17]. SCMG focuses on incorporating stage-associated epithelial 86 

summaries and cross-stage differences into a dual-branch graph-learning framework. 87 

Despite the expansion of modeling strategies, existing methods still rely mainly on bulk 88 
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molecular features measured at the time of tumor sampling, such as mutation burden, DNA 89 

methylation alterations, and differences in gene expression. For epithelial tumors with Normal, 90 

Precancer, and Cancer stages, single-cell transcriptomic data can additionally provide 91 

information on epithelial-cell expression levels, the proportion of expressing cells, and mean 92 

expression among expressing cells within each stage. These stage-resolved gene-level 93 

features can serve as auxiliary inputs beyond bulk multi-omics and network topology to 94 

organize and interpret high-scoring candidate genes[18–20]. 95 

Dataset selection prioritized joint coverage of Normal, Precancer and Cancer states within an 96 

epithelial-cell context. We therefore used three datasets meeting these criteria and retained 97 

both stage and source identities during feature construction. These data provide gene-level 98 

summaries of epithelial expression and cross-stage variation to complement bulk molecular 99 

alterations and network relationships. 100 

Based on these considerations, we developed SCMG, a multi-omics graph-learning 101 

framework for cancer driver gene prioritization in a pan-cancer setting. SCMG uses bulk 102 

multi-omics features and biological networks as its predictive backbone and introduces 103 

auxiliary transcriptional context from three-stage epithelial single-cell data. We aimed to 104 

assess whether this integration strategy could improve candidate driver gene prioritization 105 

without changing the primary task and provide an additional interpretive dimension related to 106 

epithelial malignant progression for high-scoring candidates. 107 

 108 

 109 
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Methods 110 

Data sources 111 

We extracted gene-level mutation-frequency, DNA-methylation, and gene-expression features 112 

from 16 cancer-type cohorts in The Cancer Genome Atlas (TCGA)[21]. Each omics type 113 

formed a 16-dimensional feature block. Before concatenation, features with different scales 114 

were min-max normalized across genes for each cancer-type feature column. The three 115 

feature blocks were then concatenated into a 48-dimensional continuous feature vector. The 116 

detailed construction of the bulk features is described in Additional file 1, Supplementary 117 

Methods S1. 118 

Single-cell RNA-sequencing data were obtained from GSE251990, GSE161277 and 119 

GSE218170 to provide epithelial expression profiles across Normal, Precancer and Cancer 120 

states[19, 22–24]. For GSE161277 and GSE218170, cells with at least 500 detected genes, at 121 

least 1,000 UMIs and no more than 20% mitochondrial-gene content were retained[25], and 122 

doublets identified by scDblFinder were removed[26]. Harmony was applied to PCA 123 

representations for sample integration and clustering[27], and epithelial cells were selected 124 

using SingleR[28] with the HumanPrimaryCellAtlasData reference[29]. Harmony-corrected 125 

representations were used only for integration, clustering and cell-type annotation, whereas 126 

gene-expression matrices were retained for downstream model-input construction. For 127 

GSE251990, the supplied processed epithelial expression matrices and stage annotations were 128 

used. We randomly sampled 1,000 epithelial cells from each source–stage combination, 129 

yielding 9,000 cells for source-aware feature construction[30, 31]. Dataset-specific processing 130 
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and stage assignments are described in Supplementary Methods S2, and cell counts are 131 

summarized in Supplementary Table S1. 132 

To capture topological information at different levels, including physical interactions, 133 

functional associations, pathway co-occurrence, and gene-gene relationships, we compiled 134 

and constructed six gene-level interaction networks (GINs): CPDB[32], STRINGdb[33], 135 

IRefIndex[34], PCNet[35], PathNet, and GGNet. CPDB and STRINGdb were filtered using 136 

database-provided confidence thresholds (CPDB > 0.5 and STRINGdb > 0.85)[8]. IRefIndex 137 

was strictly restricted to human binary interactions. Following the EMOGI processing 138 

strategy, no further confidence filtering was applied to PCNet. PathNet was constructed from 139 

curated pathway relationships in KEGG[36] and Reactome[37]. GGNet was constructed from 140 

gene-gene interaction information in the Encyclopedia of RNA Interactomes[38]. All node 141 

identifiers were mapped to official HGNC symbols. Unless otherwise stated, STRING, IRef, 142 

and PATHNET below refer to STRINGdb, IRefIndex, and PathNet, respectively. The numbers 143 

of nodes, edges, and supervised labels in the six networks are summarized in Supplementary 144 

Table S2. 145 

For the supervised classification task, we followed the EMOGI pan-cancer all-label 146 

construction strategy[8]. Positive examples were obtained from NCG known cancer genes[39] 147 

and pan-cancer cancer-associated genes in DigSEE[40] supported by mutation, methylation, 148 

or expression evidence, and were restricted to the final aligned gene set. The COSMIC Cancer 149 

Gene Census[41] was used as one resource for conservative background exclusion and was 150 

not used as an additional source of positive examples. After the positive examples were 151 

removed, genes with evidence from OMIM, COSMIC, KEGG, or the NCG candidate cancer 152 
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gene set were excluded from the background set. This background set therefore served mainly 153 

as a conservative reference for the prioritization task rather than as a set of rigorously 154 

validated true negatives. 155 

After model prediction, we further integrated external expression, clinical, and driver-gene 156 

resources for functional and patient-level association analyses of candidate genes. 157 

Patient-level analyses used TCGA Pan-Cancer gene-expression, clinical-phenotype, and 158 

survival-follow-up data provided by UCSC Xena[42], including overall survival (OS), 159 

progression-free interval (PFI), and disease-specific survival (DSS) endpoints[43]. In addition, 160 

we used the IntOGen[44] driver catalogue as a later driver-gene catalogue to assess the 161 

coverage of additional driver genes in the model ranking. 162 

An external cSCC single-cell dataset (GSE193304) was used to assess candidate-gene 163 

expression in three tumor-matched-normal donor pairs (P4–P6), using the authors’ Basal1 164 

and Basal2 annotations[45]. 165 

Overview of SCMG 166 

As shown in Figure 1, we developed SCMG, a graph-learning framework for cancer driver 167 

gene prioritization. The framework integrates bulk multi-omics features, stage-resolved 168 

single-cell RNA-seq information, and gene-level interaction networks (GINs) to represent 169 

molecular abnormalities in individual genes, stage change during cancer progression, and 170 

topological or functional relationships among genes. GINs provide a prior representation of 171 

gene relationships and structural support for graph-aware representation learning, allowing 172 

the model to capture potential network-propagation signals beyond individual-gene features. 173 
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SCMG separately learns complementary evidence from bulk multi-omics data and 174 

stage-resolved scRNA data. The bulk branch combines omics-specific molecular features with 175 

gene-interaction topology to produce a bulk driver logit, whereas the scRNA branch models 176 

gene-level stage-source summaries and expression changes across Normal, Precancer, and 177 

Cancer to produce an scRNA driver logit. The two modality-specific branches are first 178 

optimized independently using weighted binary cross-entropy. Their parameters are 179 

subsequently frozen, and a learnable linear late-logit fusion layer is trained to combine the 180 

branch-specific logits into the final cancer driver score. 181 

 182 

Figure 1. Overview of the SCMG framework for cancer driver gene prioritization. (A) SCMG integrates three 183 

types of gene-level evidence: 48-dimensional bulk multi-omics features, stage-source single-cell evidence from 184 

Normal, Precancer, and Cancer states, and gene-level interaction networks. (B) In the bulk branch, mutation, 185 

methylation, and expression features are processed by view-specific encoders and combined with graph-structure 186 

information from the gene interaction network for cross-omics representation learning, producing the bulk-branch 187 

prediction. (C) In the scRNA branch, the model uses single-cell source features from the Normal, Precancer, and 188 
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Cancer stages, aggregates within-stage expression information, and models changes between adjacent disease 189 

stages to produce the single-cell-branch prediction. (D) The bulk- and scRNA-branch predictions are integrated 190 

through a learnable fusion module to obtain the final cancer driver gene score for candidate driver gene 191 

prioritization. 192 

Disagreement-aware bulk multi-view encoder 193 

For each omics view, SCMG combines gene-local features with graph-propagated 194 

information:195 

Gθ(X,G)=ReLU(XWL + bL)+exp(aG)GCNθ(X,G). (1) 196 

Here, X is the node-feature matrix and G = (V, E) is the gene interaction graph. The local 197 

projection has weights WL  and bias bL ; aG  is a learned scalar controlling the graph 198 

contribution. GCNθ denotes graph convolution. For omics view m, the representation of 199 

gene i is 200 

tim=[Gθm
(Xm,G)]i+λm[Gθ0(Xm,G)]i+ρmUm(xim)+em (2) 201 

λm = sigmoid(αm), ρm = tanh(κm). (3) 202 

Here, Xm contains the features of view m, xi
m is its row for gene i, and [⋅]i selects the 203 

corresponding encoded row. Gθm  and Gθ0  are view-specific and shared encoders, 204 

respectively. Um is a view-specific two-layer adapter, αm and κm are learned scalars, and 205 

em is a learned view-identity embedding. Signed cross-view features are then constructed and 206 

integrated as follows. 207 

∆iab= tia − tib,   (a, b) ∈ {(1,2), (1,3), (2,3)}   (4) 208 
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 riview = Rθ(∆i12 + ∆i13 + ∆i233 ) (5)  209 

hi
B=Fθ(ti1⊕ti2⊕ti3⊕∆i12⊕∆i13⊕∆i23⊕riview) (6) 210 

Here, ⊕ denotes concatenation, Rθ is a multilayer perceptron encoding the mean signed 211 

difference, and Fθ is a multilayer perceptron integrating the view and relation features. The 212 

embeddings have a common dimension and are jointly optimized through the downstream 213 

objective; their differences are learned interaction features, not calibrated distances between 214 

measurements in the original omics units. 215 

The fused representation is projected using a graph-aware block combining local and 216 

graph-derived evidence. A gate receives their concatenation and absolute difference and 217 

modulates the graph contribution. The bulk logit combines the graph-supported classifier 218 

output with learned auxiliary readouts of the bulk representations and features. 219 

Stage-source scRNA progression encoder 220 

Single-cell data provide epithelial expression information resolved by disease stage and 221 

source dataset. For gene i, stage s ∈ {N, P, C} and source r ∈ {1,2,3}, SCMG constructs a 222 

four-component expression-summary token: 223 

pi,s,r= [μi,s,r
log ,di,s,r,qi,s,r, log (1 + ܿ௜,௦,௥݊௦,௥ + ߳)] ,      ߳ = 10−6 (7) 224 

Here, μi,s,rlog  is the mean log-normalized expression across cells, di,s,r is the fraction of cells 225 

with non-zero expression, and qi,s,r is the mean log-normalized expression among expressing 226 

cells, set to zero when no cells express the gene. The quantities ci,s,r and ns,r are the summed 227 

expression in the source input layer and the number of cells, respectively, for the indicated 228 
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gene, stage and source. N, P and C denote Normal, Precancer and Cancer. The source 229 

index identifies GSE251990, GSE161277 and GSE218170, with a consistent ordering across 230 

stages. 231 

Each token coordinate was standardized across training genes within each fold, and the fitted 232 

transformation was applied to all genes. Below, a tilde denotes a standardized token. Stage 233 

and source embeddings preserve token identity during encoding: 234 

ui,s,r=Wpp̃i,s,r+bp+as+br,  di
T=OT[MeanPool (TransformerθT ({ui,s,r}s,r))] (8) 235 

Wp and bp define a learned linear projection, while as and br are learned stage and source 236 

embeddings. MeanPool averages the nine Transformer output tokens. OT  applies layer 237 

normalization followed by a linear projection. 238 

To construct stage-level representations, SCMG applies attention across sources within each 239 

stage: 240 

ωi,s,r=softmaxr (w⊤ϕp (p̃i,s,r)) ,  gi,s= ∑ ωi,s,r

3

r=1

ϕp (p̃i,s,r) (9) 241 

Here, ϕp comprises a linear layer, layer normalization and GELU activation; w is a learned 242 

attention vector. Softmax is evaluated across the three sources separately for each gene and 243 

stage. Three stage representations and their pairwise differences form six progression tokens: 244 

Qi= [gi,N,gi,P,gi,C,gi,P-gi,N,gi,C-gi,P,gi,C-gi,N]  (10)  245 

௜ܪ = ఏp(ܳ௜ݎ݁݉ݎ݋݂ݏ݊ܽݎܶ + (progܧ (11) 246 

ܽ௜,௞ = (௜,௞ܪ⊤ݒ)௞ݔܽ݉ݐ݂݋ݏ (12) 247 
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݀௜௉ = ܱ௉ (∑ ܽ௜,௞6௞=1 (௜,௞ܪ (13) 248 

Eprog contains learned embeddings identifying the six token positions, Hi,k is the output for 249 

token k, and v is a learned attention query. The weights ai,k define attention pooling over 250 

the six tokens; OP applies layer normalization and a linear projection. The direct and 251 

progression Transformers have separate parameters. 252 

The hybrid encoder combines direct stage-source and progression representations through a 253 

learned gate: 254 

݀௜ு = ݀௜் ,ு + ఏ(݀௜்ܣߛ ,ு ⊕ ݀௜௉) ⊙ ݀௜௉ ,   γ = sigmoid(α) (14) 255 

Here, di
T,H is produced by the direct encoder within the hybrid branch. This encoder has the 256 

same architecture as the standalone direct encoder producing di
T, but the two encoders have 257 

independently learned parameters.Here, Aθdenotes a learned feature-wise gating network 258 

with a sigmoid output, α is a trainable scalar, and ⊙ denotes element-wise multiplication. 259 

Static-dynamic scRNA integration 260 

The static vector si contains 13 expression summaries: three stage-level mean-expression 261 

values, three detection rates, three expressing-cell means, three pairwise stage differences in 262 

mean expression, and one cross-source direction-consistency summary. Mean-expression and 263 

expressing-cell summaries were source-centred before averaging across sources. Direction 264 

consistency summarizes agreement in the signs of source-specific changes across the three 265 

stage comparisons. The 13 features were standardized using training-fold statistics. 266 

For each scRNA branch b ∈ {T, H}, a static encoder and feature-wise linear modulation 267 
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(FiLM) combine static and dynamic information: 268 

݁௜௕ = (௜ݏ)ఏ್ܧ (15) 269 

௜௕ߟ) , (௜௕ߚ = ఏ್(݁௜௕)ܯ (16) 270 

௜௕ݖ = ܵఏ್(݁௜௕) + [1 + ⨀[(௜ ௕ߟ)ℎ݊ܽݐ0.1 ఏ್ܲ(݀௜௕) + ௜௕ߚ0.1 (17) 271 

Here, T and H identify the standalone direct and hybrid branches, respectively. Eθb  is a 272 

multilayer perceptron encoding the static vector, Sθb  and Pθb  are linear projections, and 273 

Mθb generates the modulation vectors ηi
b and βi

b. The two branches have separately learned 274 

parameters. Each zi
b is mapped to a logit by a residual classifier, and the two logits are 275 

averaged to obtain ℓi
S. 276 

Late-logit fusion and training 277 

SCMG combines the bulk and scRNA logits through a learned linear 278 

fusion:279 

ℓi=wBℓi
B+wSℓi

S+b0,  ŷi=σ(ℓi) (18) 280 

Here, ℓi
B and ℓi

S are the bulk and scRNA logits, respectively; wB, wS and b₀ are learned 281 

fusion parameters; and σ(x) = 1/(1 + e−x) is the logistic sigmoid. The output ŷi is the 282 

prioritization score for gene i. The bulk and scRNA branches were optimized separately 283 

using weighted binary cross-entropy w ith logits. For each cross-validation fold, the 284 

positive-class weight was calculated from the ratio of negative to positive training genes and 285 

clipped to the range 0.5–5.0. The trained modality-specific branches were subsequently frozen, 286 

and the linear late-logit fusion predictor was optimized to integrate their scores. Predictive 287 
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performance was evaluated using stratified five-fold cross-validation, with evaluation 288 

restricted to the held-out labelled genes in each fold. 289 

Calculation of epithelial alteration score 290 

To characterize stage-associated epithelial expression changes after model prediction, we 291 

calculated an epithelial alteration score (EAS) for each gene.EAS was used only for post hoc 292 

interpretation and was not included as a model input or training target. 293 

Let μg,s and pg,s denote the mean expression and proportion of expressing epithelial cells 294 

for gene g at stage s∈{N,P,C}, where N, P, and C indicate Normal, Precancer, and Cancer, 295 

respectively. Expressing-cell proportions were clipped to [0.005, 0.995] before applying 296 

logit(p) = log[ p/(1 − p)] to avoid infinite values. 297 

The Normal-to-Precancer and Precancer-to-Cancer stage-change vectors were defined as 298 

dNP,g= (μg,P-μg,N, logit (pg,P) -logit (pg,N)) (19) 299 

and 300 

dPC,g= (μg,C-μg,P, logit (pg,C) -logit (pg,P)) (20) 301 

EAS was calculated as 302 

EASg=log2(||dPC,g||2+τ||dNP,g||2+τ
) (21) 303 

Here, ‖ ⋅ ‖2 denotes the Euclidean norm, and τ is the fifth percentile of the positive norms 304 

pooled across both transitions. Positive EAS indicates a larger Precancer-to-Cancer change, 305 

whereas negative EAS indicates a larger Normal-to-Precancer change. Total transition extent 306 

was defined as 307 
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௚ݐ݊݁ݐݔ݁) = ‖݀ே௉,௚‖2 + ‖݀௉஼,௚‖2. ) (22) 308 

To reduce variation associated with the overall magnitude of stage change, network 309 

connectivity and expression coverage, a matched-background correction was applied to EAS. 310 

Genes with a maximum stage-specific expressing-cell proportion of at least 1% and a total 311 

transition extent at or above the tenth percentile were considered eligible for matching. Total 312 

transition extent, CPDB node degree and maximum expressing-cell proportion were each 313 

divided into eight percentile bins.  314 

rg=EASg-medianj∈M(g)(EASj) (23) 315 

Here, rg is residual EAS, and M(g) is the matched background set for gene g. When fewer 316 

than five eligible genes were available in a matched bin, matching was progressively relaxed 317 

from extent–degree–detection matching to extent–detection matching, extent-only matching, 318 

and finally the global background median. Residual EAS measures a gene’s stage-transition 319 

balance relative to the matched background defined above. Together with the SCMG score, it 320 

provides a coordinate system for comparing high-scoring candidates across epithelial disease 321 

states. 322 

Post hoc validation and interpretation analyses 323 

For downstream analyses, CPDB prediction scores were obtained by averaging gene-level 324 

predictions from the five cross-validation models. These scores were combined with residual 325 

EAS for candidate ranking and interpretation. 326 

For external driver-catalog validation, genes overlapping the training positive labels were 327 

removed from the later IntOGen catalogue to define new-only drivers. AUROC and average 328 
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precision were calculated, and Top-K  enrichment was evaluated using Fisher's exact tests 329 

followed by Benjamini–Hochberg correction. 330 

Among eligible genes, the top 5% of the prediction-score distribution were defined as 331 

high-scoring candidates. Genes with  residual EAS rg ≥ 0 were assigned to Q1 and those 332 

with rg < 0to Q2. Q1 and Q2 denote operational regions of the joint prediction-score–333 

residual-EAS space rather than temporal classes of driver genes. For functional and 334 

patient-level analyses, genes within each region were ranked by prediction score and the first 335 

80 genes were retained. Exact prediction-score ties were resolved by residual EAS, in 336 

descending order for Q1 and ascending order for Q2, followed by gene symbol. The resulting 337 

Q1 and Q2 signatures are listed in Supplementary Table S4. Functional over-representation 338 

analysis was performed using Hallmark[46], KEGG[36] and GO[47] Biological Process gene 339 

sets, with the model-scored gene universe as background. Hypergeometric-test P values 340 

were adjusted within each gene-set collection using the Benjamini–Hochberg procedure. 341 

Representative genes for the heatmaps were selected using stage-specific expression patterns, 342 

residual EAS and expression-detection criteria; this display selection did not alter the Q1/Q2 343 

regions or the 80-gene signatures used in subsequent analyses. 344 

Patient-level Q1/Q2 scores were calculated as the mean z-standardized expression of matched 345 

signature genes. OS Kaplan–Meier analyses used global-median groups and log-rank tests. 346 

Associations with OS, PFI and DSS were estimated separately for each score using 347 

unpenalized Cox models stratified by cancer type and adjusted for age and sex. Hazard ratios 348 

were reported per within-cancer standard deviation, with Benjamini–Hochberg correction 349 
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across six primary tests. Sensitivity analyses and proportional-hazards diagnostics are 350 

described in Supplementary Table S6. 351 

External cSCC expression analysis used GSE193304 and all three available tumor–352 

matched-normal donor pairs (P4 – P6). The fixed candidate list comprised the 15 353 

highest-scoring eligible non-training-positive genes from each of Q1 and Q2, without 354 

replacement for non-estimable genes. Raw RNA counts from author-annotated Basal1 and 355 

Basal2 cells were pooled within each sample and analyzed using edgeR expression filtering 356 

and TMM normalization followed by limma–voom with a donor-paired design and robust 357 

empirical Bayes estimation. Benjamini–Hochberg correction was applied across 120 358 

candidate–contrast tests, comprising 30 genes across four comparisons; non-estimable tests 359 

were assigned P = 1 only for adjustment. Donor-level logCPM differences and analyses 360 

within each basal subtype were used to describe consistency and assess sensitivity to subtype 361 

composition. Candidate selection and the four-contrast multiple-testing family are defined in 362 

Supplementary Methods S5. Supplementary Table S7 presents the fixed candidate list, cSCC 363 

sample inclusion, estimable cSCC effects and donor-level differences, whereas 364 

Supplementary Table S8 presents basal-subtype composition, subtype-specific effects and 365 

paired differences. 366 

Implementation details of SCMG 367 

SCMG was implemented in Python 3.9 using PyTorch and PyTorch Geometric. The 368 

48-dimensional bulk multi-omics input was divided into three 16-dimensional omics views. 369 

In the bulk branch, each view was processed by a graph-aware encoder with a hidden 370 
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dimension of 64. The fused multi-view representation was projected into a 100-dimensional 371 

latent space and processed by a graph-based predictor with a hidden dimension of 200 and 372 

one output unit. The cross-view relation module used a hidden dimension of 32. In the scRNA 373 

branch, the stage-source tokens were represented in a 64-dimensional latent space and 374 

processed using two Transformer layers with two attention heads. The scRNA representations 375 

were mapped to branch-specific predictions using a residual classifier containing two residual 376 

blocks. The two scRNA predictions were averaged to produce the final scRNA-branch logit. 377 

The scRNA dropout was set to 0.35, and the initial scRNA weight in the late-logit fusion layer 378 

was set to 0.10. SCMG was trained in three stages: bulk-branch pretraining for 1,200 epochs, 379 

scRNA-branch pretraining for 140 epochs, and late-logit fusion training for 100 epochs. The 380 

corresponding learning rates were 8 × 10−4, 2.4 × 10−4, and 1 × 10−3, respectively. Adam 381 

was used with zero weight decay and a gradient-clipping threshold of 5. The bulk input 382 

dropout was 0.35, whereas the model dropout and edge dropout were both 0.55. Supervised 383 

classification experiments used stratified five-fold cross-validation.  384 

For the ablation and control experiments in Table 3, results were summarized across five 385 

seed-level means using base seeds 101, 202, 303, 404 and 505. Each repeat used stratified 386 

five-fold cross-validation, with performance averaged arithmetically across the five held-out 387 

folds. Fold-specific training seeds were set to the base seed plus the zero-based fold index. 388 

Identical cross-validation splits were used across all seeds and model settings, with the split 389 

random state fixed at 42. Results are reported as the mean and sample standard deviation 390 

across the five seed-level means. Two-sided 95% confidence intervals for the mean were 391 

calculated as mean ± t₀.₉₇₅,₄ × SD/√5, with the sample SD calculated using four degrees of 392 
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freedom. Operational definitions of the ablation and control settings are provided in 393 

Additional file 1, Supplementary Table S9. 394 

 395 

Results 396 

SCMG performance in pan-cancer driver gene prioritization across heterogeneous 397 

network backbones 398 

 399 

Figure 2. Comparison of precision-recall curves for SCMG and baseline methods across six biological networks. 400 

(A) PR curve for CPDB. (B) PR curve for STRING. (C) PR curve for IRef. (D) PR curve for PCNet. (E) PR curve 401 

for PATHNET. (F) PR curve for GGNET. 402 

To evaluate SCMG for cancer driver gene prioritization in a pan-cancer setting, we compared 403 

it with five representative baseline methods across six network backbones: HGDC, EMOGI, 404 

DeepCDG, TGCN, and SGCD. We reimplemented the five baseline methods according to 405 

their original publications and evaluated them using the same processed bulk inputs, stratified 406 

five-fold splits, and network-specific data settings, with AUPRC as the primary metric. Figure 407 
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2 shows the precision-recall (PR) curves, and Table 1 reports the AUPRC values across all 408 

networks. SCMG achieved the highest AUPRC on CPDB, STRING, IRef, PCNet, PathNet, 409 

and GGNet, with values of 0.9110, 0.9147, 0.9019, 0.9198, 0.9339, and 0.8763, respectively. 410 

DeepCDG was the strongest-performing baseline on CPDB, STRING, IRef, PathNet and 411 

GGNet, with AUPRC values of 0.8970, 0.9095, 0.8905, 0.9272 and 0.8623, respectively. On 412 

PCNet, SGCD was the strongest-performing baseline, with an AUPRC of 0.8963. The 100 413 

highest-scoring candidate genes from the main CPDB analysis are listed in Supplementary 414 

Table S5. 415 

These results indicate that the performance of SCMG was not restricted to a single network 416 

type and was consistent across conventional protein-interaction networks and networks 417 

focused on pathways or gene-gene relationships. Although the magnitude of improvement 418 

differed among networks, SCMG consistently prioritized candidate driver genes under the 419 

unified evaluation setting, providing a basis for the subsequent interpretation of high-scoring 420 

candidates. 421 

Table 1. AUPRC comparison of SCMG and baseline methods across six biological networks. 422 

GINs  CPDB STRING IRef PCNet PATHNET GGNET 

SCMG 0.9110 0.9147 0.9019 0.9198 0.9339 0.8763 

DeepCDG 0.8970 0.9095 0.8905 0.8864 0.9272 0.8623 

HGDC 0.8460 0.8662 0.8427 0.8692 0.8826 0.8464 

TGCN 0.8038 0.8379 0.8116 0.8818 0.8674 0.8017 

EMOGI 0.8219 0.8450 0.8308 0.8571 0.8816 0.8193 

SGCD 0.8875 0.8920 0.8776 0.8963 0.9141 0.8435 

The best results are highlighted in bold. 423 

Performance of cancer type-specific driver gene prioritization 424 

We next compared SCMG with the other methods across 15 cancer types using the CPDB 425 
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network: LUAD, BRCA, BLCA, LIHC, CESC, COAD, ESCA, HNSC, KIRC, KIRP, LUSC, 426 

PRAD, STAD, THCA, and UCEC. Cancer-type-specific positive genes were defined using 427 

NCG6.0 annotations, and negative genes were drawn from the reference background set 428 

mapped to CPDB. For SCMG, only the corresponding mutation, methylation, and expression 429 

feature columns were retained for each cancer type, while the single-cell inputs were shared 430 

across cancer types. As shown in Table 2, SCMG achieved the highest AUPRC in nine cancer 431 

types (BRCA, BLCA, LIHC, CESC, COAD, KIRP, PRAD, STAD, and UCEC) and the 432 

highest AUROC in seven (BLCA, LIHC, CESC, COAD, KIRC, KIRP, and PRAD). The 433 

largest relative AUPRC improvement over the next-best method was observed for UCEC 434 

(0.7137 versus 0.6225; 14.65%), followed by COAD (6.85%) and STAD (5.65%). SCMG 435 

ranked highest for both metrics in BLCA, LIHC, CESC, COAD, KIRP, and PRAD. These 436 

results support the applicability of SCMG to cancer-type-specific prioritization, with 437 

performance gains varying across cancer types. 438 

Table 2. AUPRC and AUROC of SCMG and baseline methods across 15 cancer types. 439 
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Ablation and control analyses of SCMG 488 
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We evaluated the contributions of bulk multi-omics, scRNA features, network propagation 489 

and fusion components (Table 3). On CPDB, incorporating single-cell features increased 490 

AUPRC from 0.9018 for the bulk-only model trained for 1,200 epochs to 0.9113 for full 491 

SCMG, an absolute gain of 0.0095. The corresponding AUROC values were 0.9076 and 492 

0.9124, respectively. The scRNA-only model achieved an AUPRC of 0.7046 and an AUROC 493 

of 0.7291. All bulk feature-subset settings performed below the full model, with GE + METH 494 

providing the strongest two-omics combination. 495 

Collapsing the single-cell stages reduced AUPRC to 0.9068. Zero-initializing the trainable 496 

stage embeddings yielded an AUPRC of 0.9078, while replacing the progression pathway 497 

with mean pooling of projected stage–source tokens yielded 0.9086. Random binary scRNA 498 

inputs yielded an AUPRC of 0.9055, while fixed fusion weights and removal of disagreement 499 

correction yielded 0.9090 and 0.9091, respectively. These comparisons support the 500 

contribution of stage-resolved epithelial information and adaptive integration to driver-gene 501 

prioritization alongside bulk multi-omics and network features. 502 

Removing PPI propagation produced the largest reduction among the component ablations, 503 

yielding an AUPRC/AUC of 0.8092/0.8154. Degree-preserving network rewiring yielded 504 

0.8786/0.8794, supporting a contribution from network connectivity beyond node degree in 505 

this control. The simpler modality-matched MLP+GCN baseline achieved 0.8309/0.8401, 506 

further supporting the contribution of SCMG’s architecture under the evaluated settings. 507 

 508 

Table 3. Ablation and control analyses of SCMG. 509 
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Methods AUPRC mean±SD AUPRC 95% CI AUC mean±SD AUC 95% CI 

Full SCMG 0.9113±0.0012 [0.9098, 0.9128] 0.9124±0.0015 [0.9106, 0.9143] 

Bulk-only (600 epochs) 0.8990±0.0016 [0.8970, 0.9010] 0.8997±0.0012 [0.8981, 0.9012] 

Bulk-only (1200 epochs) 0.9018±0.0018 [0.8995, 0.9041] 0.9076±0.0019 [0.9053, 0.9100] 

scRNA-only 0.7046±0.0044 [0.6992, 0.7100] 0.7291±0.0037 [0.7246, 0.7337] 

Zero-initialized stage 

embeddings 
0.9078±0.0010 [0.9065, 0.9091] 0.9108±0.0014 [0.9091, 0.9125] 

Collapsed scRNA stages 0.9068±0.0009 [0.9057, 0.9079] 0.9082±0.0013 [0.9067, 0.9098] 

Mean-pooling scRNA token 

control 
0.9086±0.0008 [0.9076, 0.9095] 0.9100±0.0014 [0.9083, 0.9117] 

Random binary scRNA control 0.9055±0.0015 [0.9036, 0.9073] 0.9066±0.0014 [0.9049, 0.9082] 

Fixed late-logit fusion 0.9090±0.0010 [0.9077, 0.9102] 0.9101±0.0014 [0.9084, 0.9118] 

w/o PPI propagation 0.8092±0.0020 [0.8067, 0.8117] 0.8154±0.0010 [0.8142, 0.8167] 

w/o disagreement correction 0.9091±0.0013 [0.9076, 0.9107] 0.9102±0.0017 [0.9081, 0.9123] 

GE only 0.8898±0.0010 [0.8885, 0.8911] 0.8875±0.0005 [0.8869, 0.8881] 

MF only 0.8588±0.0023 [0.8559, 0.8617] 0.8672±0.0014 [0.8655, 0.8690] 

METH only 0.8645±0.0053 [0.8578, 0.8711] 0.8724±0.0047 [0.8666, 0.8783] 

GE + MF 0.9013±0.0011 [0.9000, 0.9027] 0.8983±0.0008 [0.8973, 0.8993] 

GE + METH 0.9016±0.0008 [0.9006, 0.9025] 0.9003±0.0006 [0.8995, 0.9011] 

MF + METH 0.8746±0.0024 [0.8716, 0.8775] 0.8852±0.0019 [0.8828, 0.8876] 

Simple modality-matched 

MLP+GCN 
0.8309±0.0026 [0.8277, 0.8341] 0.8401±0.0019 [0.8377, 0.8425] 

Degree-preserving random PPI 0.8786±0.0023 [0.8758, 0.8814] 0.8794±0.0018 [0.8772, 0.8816] 

Values are mean ± SD across five seed-level means, each obtained by averaging performance across five held-out 510 

folds. The 95% confidence intervals are two-sided Student’s t intervals across the five seed-level means (df = 4). 511 

Parameter-sensitivity analysis 512 
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 513 

Figure 3. Parameter-sensitivity analysis of SCMG. Performance change is measured by ΔAUPRC relative to the 514 

Full SCMG baseline. Each panel varies one hyperparameter while keeping the others fixed. Points indicate the 515 

mean ΔAUPRC across five folds, and error bars denote the fold-wise standard deviation. The red dashed line 516 

marks the baseline setting used by Full SCMG. 517 

To assess the stability of SCMG with respect to key hyperparameter choices, we performed 518 

one-factor-at-a-time sensitivity analyses around the full-model settings (Figure 3). SCMG 519 

remained stable across most reasonable parameter ranges, with only small fluctuations in 520 

AUPRC, indicating that model performance did not depend on a single specific 521 

hyperparameter value. Performance decreased more clearly when some parameters moved 522 

outside suitable ranges. For example, high bulk-input dropout and edge dropout weakened the 523 

input omics signals and graph-topology information, a low learning rate affected model 524 

optimization, and a high initial fusion weight for the scRNA branch could disrupt the balance 525 

between bulk and scRNA information. 526 
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Overall, the parameter-sensitivity analysis indicated that SCMG was stable under reasonable 527 

hyperparameter perturbations and that its performance depended on moderate regularization, 528 

a stable optimization process, and balanced cross-modal fusion.  529 

External driver-catalogue validation 530 

SCMG rankings were enriched for IntOGen driver genes outside the model’s original 531 

positive-label set (Supplementary Table S3). After excluding the 791 positive-label genes 532 

from the 12,814-gene SCMG score universe, 12,023 genes remained for evaluation, including 533 

138 IntOGen drivers. These external drivers showed an AUROC of 0.7720 and an average 534 

precision of 0.0465. The Top 500 remaining SCMG-ranked genes were significantly enriched 535 

for IntOGen drivers (OR = 9.40, 95% CI 6.39–13.81; FDR = 2.28 × 10⁻²⁰). 536 

To assess the influence of TCGA-derived evidence represented in IntOGen, we repeated the 537 

analysis after excluding driver-call records from the 32 cohorts explicitly labelled as TCGA. 538 

Of the 271 cohorts listed in the release metadata, 260 were represented in the final driver-call 539 

table and 228 remained after this exclusion. This yielded 108 external drivers among the same 540 

positive-label-excluded SCMG evaluation universe. Enrichment remained similar (AUROC = 541 

0.7718; average precision = 0.0402), with a Top-500 OR of 10.79 (95% CI 7.09–16.41; FDR 542 

= 2.89 × 10⁻¹⁹). 543 

In a stricter sensitivity analysis, we additionally excluded PCAWG-labelled cohort records 544 

because PCAWG incorporates data contributed by both ICGC and TCGA projects. This 545 

retained 101 external drivers supported by the 197 remaining cohorts. The corresponding 546 

AUROC was 0.7650 and average precision was 0.0369, with a Top-500 enrichment OR of 547 
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10.30 (95% CI 6.65–15.93; FDR = 3.81 × 10⁻¹⁷). Similar enrichment was observed when the 548 

original 12,814-gene score universe was retained as a conservative comparison 549 

(Supplementary Table S3). Together, these analyses show that high SCMG rankings were 550 

enriched for IntOGen-defined drivers outside the original positive-label set, and that this 551 

enrichment was retained after exclusion of explicitly TCGA-labelled and PCAWG-labelled 552 

driver-call records. 553 

Prediction score and residual EAS jointly organize high-scoring candidate genes 554 

 555 

 556 

Figure 4. Joint organization of candidate genes by SCMG score and residual EAS. (A) Bulk multi-omics, 557 

stage-resolved single-cell expression and gene-interaction networks contribute to SCMG prediction scores. (B) 558 
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Distribution of eligible genes in the prediction-score–residual-EAS space. The horizontal dashed line marks the top 559 

5% score threshold, and the vertical dashed line marks residual EAS = 0. High-scoring genes with residual EAS < 560 

0 form Q2 (n = 300), and those with residual EAS ≥ 0 form Q1 (n = 251). (C) Normal–Precancer–Cancer 561 

comparisons and matched-background correction underlying residual EAS. (D) Enrichment of training-positive 562 

genes in Q1 and Q2 relative to the remaining eligible genes. Points and horizontal lines represent odds ratios and 563 

95% confidence intervals. (E) Association between SCMG prediction score and residual EAS (Spearman ρ = 564 

−0.0431). 565 

High-scoring candidates were divided into the Q2 and Q1 operational candidate regions 566 

according to residual EAS (Figure 4B). Among genes in the top 5% of prediction scores, Q2 567 

contained 300 genes with residual EAS<0, and Q1 contained 251 genes with residual EAS≥0.  568 

Both regions were enriched for known driver genes among the training labels (Figure 4D). Q2 569 

contained 118/300 training-label genes, with OR=10.95 (95% CI, 8.56–14.00), whereas Q1 570 

contained 89/251, with OR=8.86 (95% CI, 6.76–11.62). Residual-EAS permutation analysis 571 

did not support additional enrichment for known driver genes beyond that attributable to 572 

high-score selection (Q2 empirical P=0.152; Q1 empirical P=0.884). 573 

The correlation between prediction score and residual EAS was weak (Spearman ρ=−0.0431; 574 

Figure 4E). Residual EAS therefore provided a stage-associated coordinate distinct from the 575 

model score for organizing and comparing high-scoring candidates. 576 

Q1 and Q2 show different tendencies in stage patterns and functional distributions 577 
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 578 

Figure 5. Stage-associated expression patterns and functional enrichment of Q2 and Q1 candidates. Q2 and Q1 579 

comprise high-scoring genes with residual EAS < 0 and residual EAS ≥ 0, respectively. (A) Stage-level mean 580 

expression was log1p-transformed and standardized within each gene across Normal, Precancer and Cancer. Lines 581 

show the mean within-gene z-score across all eligible Q2 (n = 300) or Q1 (n = 251) genes; shaded areas show 95% 582 

intervals from 2,000 gene-level bootstrap resamples. (B) Ten representative Q2 genes selected for relatively lower 583 

expression in Cancer. Heatmap values are within-gene z-scores. Filled circles (“known driver”) denote genes in the 584 

training positive-label set, whereas open circles (“novel candidate”) denote prioritized genes outside that set. (C) 585 

Over-representation analysis of the predefined Q2 and Q1 80-gene signatures using GO Biological Process, KEGG 586 

and MSigDB Hallmark gene sets. Bars show −log10 of the smallest FDR within each displayed functional theme, 587 

following Benjamini–Hochberg correction within each gene-set collection. (D) Ten representative Q1 genes 588 

selected for relatively higher expression in Cancer using the display criteria described in the Methods. 589 



 

 31 

Q2 and Q1 showed different mean three-stage expression patterns across their complete 590 

candidate regions (Figure 5A). The mean within-gene z-score for Q2 decreased from 0.34 in 591 

Normal to 0.15 in Precancer and then to −0.49 in Cancer. For Q1, the mean decreased from 592 

0.07 in Normal to −0.14 in Precancer and then returned to 0.07 in Cancer. Thus, Q2 showed a 593 

continued decrease, whereas Q1 decreased in Precancer and recovered in Cancer. 594 

Heatmaps displayed representative genes selected for their stage-associated expression 595 

patterns. PIK3R1, TP53, PIK3CA, APC and ERBB2 in Q2 had lower within-gene z-scores in 596 

Cancer (Figure 5B). CTNNB1, KIF14, ANLN, MYC, EPHA2 and ECT2 in Q1 had relatively 597 

higher values in Cancer (Figure 5D). 598 

Both predefined 80-gene signatures were enriched for multiple cancer-related functions 599 

(Figure 5C). In both signatures, at least one term reached FDR<0.05 in each of the following 600 

themes: PI3K–RTK/MAPK signaling, cell cycle/mitosis, Wnt/Notch/Hedgehog signaling, 601 

EMT/motility/ECM, apoptosis/programmed cell death, chromatin/epigenetic regulation, 602 

immune/inflammatory response, and proteostasis/ubiquitin proteolysis. Bar length represents 603 

−log₁₀ of the minimum FDR within each theme. The two signatures therefore showed broadly 604 

overlapping backgrounds of cancer-related functional enrichment. 605 

Q1 and Q2 signature scores are associated with patient outcomes 606 

 607 



 

 32 

 608 

Figure 6. Exploratory associations of Q1 and Q2 signature scores with patient outcomes. (A, B) Pooled, unadjusted 609 

overall-survival (OS) Kaplan–Meier curves for Q2 (A) and Q1 (B). High- and low-score groups were defined 610 

separately for each score using its global median; the displayed log-rank P values are unadjusted. (C, D) Forest 611 

plots of separate single-signature Cox models for Q1 (C) and Q2 (D) across OS, progression-free interval (PFI), 612 

and disease-specific survival (DSS). Each unpenalized model included one score standardized within cancer type, 613 

age, and sex, with baseline hazards stratified by cancer type. Hazard ratios (HRs) are reported per one 614 

within-cancer standard deviation; horizontal lines show 95% confidence intervals. Patients with missing DSS 615 

event status were excluded from the DSS analysis. Benjamini–Hochberg false-discovery rates (FDRs) were 616 

calculated across the six primary score–endpoint tests. The descriptive Kaplan–Meier panels and Cox models 617 

have different eligible populations; the Kaplan–Meier curves are not covariate-adjusted survival predictions. 618 

The pooled, unadjusted OS Kaplan–Meier curves showed lower observed survival in the 619 

high-score groups for Q2 and Q1 (log-rank P = 1.47 × 10⁻¹⁰ and 4.42 × 10⁻¹⁵, respectively; Figure 620 

6A,B). In separate Cox models stratified by cancer type and adjusted for age and sex, both scores 621 
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were positively associated with OS, PFI and DSS, with all six associations passing FDR correction 622 

(Figure 6C,D). For OS, the HR per within-cancer standard deviation was 1.133 for Q1 (95% CI, 623 

1.091–1.177) and 1.094 for Q2 (95% CI, 1.054–1.136). These separate models do not estimate the 624 

scores’ independent effects relative to one another. 625 

In the stage-complete subset spanning 11 cancer types, only Q1–OS remained significant after 626 

FDR correction (HR = 1.115; 95% CI, 1.033–1.202; FDR = 0.030), limiting conclusions about 627 

stage-independent associations. Neither score-specific proportional-hazards diagnostics nor 628 

time-interaction tests detected departures in the six primary full-signature models. 629 

After excluding training-label genes, Q2 remained associated with all three endpoints, although its 630 

association with PFI was weak (HR = 1.036; 95% CI, 1.001–1.073; FDR = 0.0415). Non-label Q1 631 

showed departures from proportional hazards; the corresponding proportional-hazards diagnostics 632 

and time-interaction test results are reported in Supplementary Table S6. 633 

Disease-associated expression of selected SCMG candidates in an external cSCC cohort 634 
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 635 

Figure 7. Disease-associated expression of selected SCMG candidates in an external cSCC cohort. (A) 636 

Tumor-versus-matched-normal log2 fold changes for all 20 estimable genes from the fixed 30-gene candidate list, 637 

based on donor-paired pseudobulk analysis of pooled, author-annotated Basal1 and Basal2 cells. Squares indicate 638 

estimates and horizontal lines indicate pointwise 95% confidence intervals. The dashed line denotes zero effect; 639 

blue indicates FDR < 0.05. FDR values were calculated across 120 candidate–contrast tests, retaining 640 

non-estimable tests as P = 1 for adjustment (Supplementary Methods S5). (B) Tumor-minus-matched-normal 641 

logCPM differences for FN1, APP, FYN and RYR3. Each point represents one donor pair (n = 3; P4–P6), and the 642 

dashed line denotes zero difference. Both panels use the same donor pairs. Subtype-composition and sensitivity 643 

results are provided in Supplementary Table S8. 644 
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We next examined disease-associated expression of genes from the fixed Q1/Q2 candidate list in 645 

an external cutaneous squamous cell carcinoma (cSCC) single-cell cohort (GSE193304). All three 646 

available tumor–matched-normal pairs (P4–P6) were included. Donor-paired pseudobulk analysis 647 

of pooled, author-annotated Basal1 and Basal2 cells yielded estimable results for 20 of the 30 648 

candidates. FN1, APP, FYN and RYR3 showed positive tumor-versus-normal effects and FDR < 649 

0.05 across the defined family of 120 candidate–contrast tests (Figure 7A; Supplementary Table 650 

S7). Paired logCPM differences for each of these four genes were positive in all three donors, 651 

indicating within-cohort directional consistency (Figure 7B). 652 

The Basal1 proportion within the pooled basal compartment was higher in each tumor than in its 653 

matched normal sample. We therefore analyzed the two basal subtypes separately as a sensitivity 654 

check for subtype composition. APP and FN1 showed positive estimated effects within both basal 655 

subtypes. FYN showed a positive effect in Basal1 but was not retained by the expression filter in 656 

Basal2, whereas RYR3 was not retained in either subtype (Supplementary Table S8). These 657 

findings provide external expression-level support for a subset of SCMG-prioritized candidates in 658 

the author-annotated basal compartment of cSCC. 659 

Discussion 660 

Bulk molecular alterations and gene-interaction networks provide a strong basis for driver-gene 661 

prioritization. SCMG extends this representation with epithelial expression levels, detection 662 

frequencies and changes across disease states. The ablation results support an incremental 663 

predictive contribution from these single-cell features, while the 15-cancer comparison shows that 664 

the relative performance of SCMG varies across cancer types. 665 
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In the downstream analysis, the same stage-resolved expression resource enabled high-scoring 666 

genes to be organized by residual EAS and compared through their expression patterns and 667 

functional enrichment. The resulting Q1 and Q2 regions showed different mean stage-associated 668 

expression patterns against broadly overlapping backgrounds of cancer-related functional 669 

enrichment. Together, these analyses connect candidate ranking with epithelial disease-state 670 

context. 671 

Q1 and Q2 signature scores were each associated with patient outcomes in separate 672 

cancer-type-stratified models adjusted for age and sex. These findings add a clinical association 673 

dimension to the candidate signatures, without estimating their independent effects or establishing 674 

associations independent of pathological stage.  675 

The external cSCC analysis provides complementary expression-level support for selected 676 

candidates in the author-annotated basal compartment, with interpretation limited by three donor 677 

pairs and sparse expression in some subtype-level comparisons. 678 

Several limitations remain. The single-cell inputs represent three available epithelial disease 679 

contexts rather than a unified pan-cancer progression trajectory. The negative labels form a 680 

conservatively selected background, and the interaction networks provide fixed priors. Clinical 681 

associations require external replication and more complete covariate adjustment, while candidate 682 

driver activity requires functional testing. Future work could incorporate broader single-cell 683 

cohorts and context-dependent gene interactions. 684 

Conclusions 685 

This study indicates that three-stage epithelial single-cell expression features can serve as 686 
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complementary inputs beyond bulk multi-omics and gene interaction networks for cancer driver 687 

gene prioritization. Through dual-branch late-logit fusion, SCMG jointly uses bulk 688 

multi-omics/GIN information and stage-source expression from epithelial cells in the Normal, 689 

Precancer, and Cancer stages to produce a gene-level prediction score. In the post-prioritization 690 

analysis, high-scoring candidates were organized into the Q2 and Q1 operational candidate regions 691 

by combining the SCMG prediction score with residual EAS. Mean stage-level module activity in 692 

Q2 decreased progressively from Normal to Cancer, whereas Q1 decreased in Precancer and 693 

recovered in Cancer. Both the Q1 and Q2 signatures were significantly enriched for cancer-related 694 

functional themes, including PI3K–RTK/MAPK signaling, cell cycle/mitosis, and 695 

EMT/motility/ECM. Q1 and Q2 signature scores were associated with patient outcomes when 696 

evaluated separately in cancer-type-stratified models adjusted for age and sex. 697 

Thus, SCMG not only generates a ranking of candidate driver genes but also provides a 698 

subsequent comparison framework for high-scoring candidates based on three-stage epithelial 699 

expression features. This framework supports the selection of candidates for further biological 700 

investigation. 701 
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