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SUMMARY

Proteins that impact phenotype and disease are often approximated by RNA expression, which poorly infers 
protein abundance. We developed DeepGxP, a deep-learning model trained on The Cancer Genome Atlas 
pan-cancer data, to predict protein abundance from transcriptome profiles. DeepGxP outperformed conven-

tional models, achieving median Pearson’s correlation of 0.68 (n = 187) and predictive performance of 0.74 
and 0.64 for proteins with high (≥0.31) and low (<0.31) self-gene/protein correlation, respectively. We also 
developed DeepEnrich, an integrated gradient-based interpretation framework that identifies predictor 
genes and enriched functions. For example, predictors of cyclin B1 and E2 are enriched in mitotic chromatid 
segregation and G2/M transition, respectively. In lung adenocarcinoma, we uncovered distinct EGFR/HER2 
phosphorylation patterns in alveolar cells. In breast cancer, p53 protein, but not TP53 mRNA, correlated with 
survival. DeepGxP also accurately predicted the abundance of single-cell surface proteins, confirming cell 
identification. Our findings underscore DeepGxP’s potential in decoding gene-to-protein relationships for 
cancer biomarker discovery.

INTRODUCTION

Gene expression profiling has been widely used in cancer 

research for classification, subtyping, biomarker discovery, ther-

apeutic target identification and predicting drug response, can-

cer progression, and survival. 1–8 Large-scale transcriptomic 

data motivated the development of enrichment analyses, 9 which 

decipher the biological significance of selected gene sets and 

link gene expression to functional pathways and disease 

mechanisms.

Although gene expression should directly reflect protein abun-

dance, per-gene RNA-protein correlations remain modest, typi-

cally ranging from ∼0.3 to 0.4 10–14 in early studies to ∼0.5 15–17 in 

recent tumor-specific analyses. This discordance challenges the 

use of mRNA as a direct proxy for protein abundance and the

assumption of a direct, one-to-one relationship between tran-

scriptomic and proteomic data. Two distinct correlation mea-

sures are commonly reported in transcriptome-proteome 

studies: within (per)-gene correlation, which captures a gene’s 

own mRNA-protein relationship across samples, and cross-

gene correlation, which assesses how different mRNA and pro-

tein expression of genes vary within a sample. 12,18–25 In this 

study, we focus on within-gene correlations, as they more 

directly evaluate the predictive power of RNA for protein abun-

dance across samples.

While technical noise contributes to this discrepancy, this 

mRNA-protein discordance is mainly due to biological 

complexity, including spatial and temporal variation, biosyn-

thesis and degradation rates, and multi-gene regulation of a pro-

tein. 12,21 To address this discordance, several studies have
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attempted to predict protein abundance from transcriptomics 

data. Early efforts employed conventional machine learning 

methods, such as support vector regression, 26 random forest, 27 

and random forest-based ensemble models, 28,29 while more 

recent work has introduced deep learning architectures such 

as residual neural network. 30 These models were trained across 

diverse datasets, ranging from targeted canine data to human 

data from Clinical Proteome Tumor Analysis Consortium 

(CPTAC), which profiles up to ∼10,000 proteins across multiple 

tumor types; however, even the largest multi-tumor prediction 

models have been limited to eight cancers. Beyond predictive 

accuracy, interpretability has also been explored, for example, 

Srivastava et al. 27 and Cranney and Meyer 30 using SHapley Ad-

ditive exPlanation (SHAP) analysis to demonstrate the influence 

of interacting partner transcripts and identify predictive features. 

However, most prior models remain constrained by dataset 

scope or methodological focus. Moreover, conventional ma-

chine learning methods may be insufficient to capture nonlinear 

relationships. 31 These gaps highlight the need for a pan-cancer, 

interpretable deep learning framework to systematically dissect 

the determinants of protein abundance from transcrip-

tomic data.

Protein abundance in clinical practice is primarily measured by 

antibody-based assays such as immunohistochemistry, which 

are widely applied for disease diagnosis, inferring survival, and 

drug responses, 32,33 whereas mass spectrometry, Olink, and 

SomaScan are mainly used in research. Proteins serve as direct 

functional molecules and are the most common drug targets and 

biomarkers in clinical settings. The proteome provides distinct 

molecular signatures that reflect tumor subtypes and patient 

outcomes, distinct from those identified by the transcriptome. 16 

Recent large-scale studies further demonstrate that plasma pro-

teomic signatures can robustly predict the incidence of a wide 

spectrum of common and rare diseases, including hematologi-

cal, cardiovascular, respiratory, and autoimmune conditions, 

underscoring the clinical utility of protein-based predictors 

beyond transcriptomic associations. 34

Disease-associated expression changes inferred from pre-

dicted protein abundances are not evident at the mRNA level, 

as seen in Alzheimer’s disease, 35 highlighting the value of prote-

omics in understanding disease mechanisms beyond transcrip-

tional control. Using a high-throughput antibody-based method, 

similar to immunohistochemistry, reverse-phase protein assays 

(RPPAs) profiled ∼200 total and phosphorylated proteins in 

The Cancer Genome Atlas (TCGA) samples, at the time of anal-

ysis. 11,36,37 RPPA has enabled tumor classification, cancer 

signaling analysis, and biomarker discovery, 38–40 proving its 

effectiveness in deciphering tumor biology.

Deep learning is a branch of artificial intelligence that uses 

intricate neural networks capable of learning complex features 

from big data. The accumulation of genomic profiles of cell lines 

and tumor samples has enabled the use of deep learning models 

for predicting cancer type, drug response, and survival, as well 

as binding motifs and variant effects from DNA sequences. 41–44 

The convolutional neural network (CNN) is one of the most well-

developed deep learning models for omics data; implementation 

focuses mostly on classification problems, such as cancer-

type 45,46 and survival 47 predictions. CNN models are flexible

with regard to input shape. For example, Mostavi et al. 45 and 

Lyu et al. 46 proposed 1- and 2-dimensional mapping of gene 

expression profiles using TCGA data; all achieved >95% predic-

tion accuracy for 33 cancer types. CNNs have also modeled ge-

notype-phenotype associations in synthetic biology, particularly 

in predicting protein abundance from DNA sequences for select-

ing high-yield strains in soybeans 48 and E. coli. 49,50 CNN and 

generative adversarial networks have also shown promise to 

help understand how genomic regulatory structures contribute 

to RNA expression. 51,52

To address the issue of predicting protein abundance from the 

transcriptome and expand the utility of gene expression 

profiling, we developed Beep learning for Gene expression map-

ping to Protein abundance (DeepGxP), a 1-dimensional CNN 

model that learns the translational process from high-dimen-

sional transcriptomic data. We trained the model on data from 

TCGA, validated it using data from the independent International 

Cancer Genome Consortium (ICGC), and extended it to recent 

single-cell transcriptomics datasets. Given the challenge of pre-

dicting protein abundance, we chose antibody-based RPPA 

data instead of mass spectrometry-based data from CPTAC, 

leveraging its larger sample size and lower feature-to-sample ra-

tio. Unlike previous models that prioritize protein prediction ac-

curacy, DeepGxP focuses on providing insights into the regula-

tory mechanisms that shape protein abundance. The model 

represents a steady-state relationship between the transcrip-

tome and the proteome, and temporal effects can be mini-

mized. 25 Our primary goal in using DeepGxP is to enable biolog-

ical interpretations rather than pure predictive performance.

To enhance interpretability, we introduce DeepEnrich, a 

framework that identifies protein predictors, and associated mo-

lecular pathways and functions that influence protein abun-

dance. DeepEnrich enables the discovery of transcriptional 

and post-transcriptional regulatory mechanisms. Together, 

DeepGxP and DeepEnrich bridge transcriptomics and prote-

omics, moving beyond correlation-based approaches and 

providing a systems-level framework to study protein regulation 

in cancer biology.

RESULTS

DeepGxP model performance

DeepGxP utilizes deep learning models to determine protein 

abundance through whole-transcriptome expression profiles. A 

CNN model was constructed and trained with 13,995 genes 

from 6,813 solid tumors across 27 cancer types in the TCGA 

cohort to predict 187 proteins. These proteins were selected 

based on consistency between RPPA and mass spectrometry 

measurements within the Cancer Cell Line Encyclopedia 

(CCLE) dataset, ensuring reliable quantification across platforms 

(see STAR Methods). The detailed model architecture is de-

picted in Figure 1A. DeepGxP achieved an overall mean square 

error in protein abundance prediction of 0.086 ± 0.005, 0.190 ± 

0.001, and 0.187 ± 0.002 in training, validation, and testing 

data, respectively. In the testing set, the median Pearson’s cor-

relation of prediction was 0.68 across 187 proteins, significantly 

improved (one-sided Mann-Whitney p = 3.78 × 10 − 36 ) compared 

to the median correlations of 0.31 between self-gene expression
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and protein abundance (ρ self ) (Figure 1B). DeepGxP predictions 

were compared against self-gene mRNA expression since 

mRNA is often used as a proxy for protein abundance. To ensure 

model robustness and prevent overfitting, we performed 10-fold 

cross-validation against a collection of deep learning and ma-

chine learning models. DeepGxP has the highest mean Pear-

son’s correlation (0.680 ± 0.004) (Figure 1C and Table S3) and 

significantly outperformed other models, as assessed by paired 

one-tailed t test (extreme gradient boosting (XGBoost) [XGB]: p =

1.31 × 10 − 10 , support vector machine [SVM]: p = 8.14 × 10 − 9 ,

variational autoencoder [VAE]: p = 1.67 × 10 − 10 , multivariate 

linear regression [mLR]: p = 8.69 × 10 − 15 , residual network

CB

D FE

A

Figure 1. Performance and validation of DeepGxP

(A) DeepGxP model structure, which includes one convolution layer and one max pooling layer, followed by one dense fully connected layer and output layers with 

187 nodes for abundance prediction of 187 proteins.

(B) Overall performance of DeepGxP. Per-protein Pearson’s correlations shown between random mRNA-protein pairs (gray), corresponding self-gene/protein 

pairs (blue), and DeepGxP-predicted vs. real protein pairs (orange). The mean correlations are shown as dashed lines, which are 0.00 (9,350 pairs), 0.31 (187 

pairs), and 0.68 (187 pairs), respectively. Statistical significance was tested with the one-tailed Mann-Whitney test.

(C) Performance comparisons with other deep learning (VAE and ResNet) and machine learning methods. Pearson’s correlation coefficients were derived from 

the average per-protein Pearson’s correlation from 10-fold cross-validation. Each dot represents the result from the testing set after each fold of training. Data 

shown as mean ± standard deviations.

(D) Applying DeepGxP on the independent ICGC dataset. Per-protein Pearson’s correlation between protein abundance and DeepGxP-predicted (brown) and 

self-gene expression (blue). The median correlations are shown as dashed lines (0.60 and 0.23, respectively). Statistical significance was determined using a one-

tailed Wilcoxon signed-rank test.

(E and F) Robustness of DeepGxP in learning unseen data. DeepGxP was initially trained without any BRCA samples. Performance on (E) average overall proteins 

and (F) a single estrogen receptor-α protein was assessed on the breast cancer-only test set after a consecutive number of breast cancer samples were trained. 

The dashed line depicts the turning point when the training sample size reached 60. VAE, variational autoencoder; XGB, XGBoost; SVM, support vector machine; 

LR, univariate linear regression; mLR, multivariate linear regression; CCA, canonical correlation analysis.
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[ResNet]: p = 2.41 × 10 − 11 , LR: p = 4.82 × 10 − 18 , canonical cor-

relation analysis [CCA]: p = 3.83 × 10 − 17 , and y-scrambling: 

p = 2.64 × 10 − 18 ). Compared to the XGB method (the second-

best model), DeepGxP achieved a 13.1% improvement in pre-

diction accuracy. To further validate DeepGxP and assess 

generalizability, we tested it on an independent dataset from 

the ICGC (n = 3,053, predicting 169 out of 187 proteins). The pre-

dicted protein abundances correlated well with assayed protein 

abundance (median ρ = 0.60 across 169 matched proteins) 

(Figure 1D), confirming that DeepGxP was not overfit to the 

TCGA training data. Moreover, DeeGxP also had good perfor-

mance when RPPA and mass spectrometry measurements 

were concordant (Figure S1).

We also assessed the ability of the DeepGxP model to handle 

heterogeneous tumors with each cancer type, in terms of the 

minimum number of samples required to achieve a robust esti-

mation of protein abundance. To achieve this goal, we first re-

trained DeepGxP without breast cancer (BRCA) samples and 

incrementally added them back. The model’s performance was 

evaluated using a 10% testing sample set aside before the 

training procedure. As shown in Figure 1E and Table S4, the 

initial estimates of protein abundance (DeepGxP model trained 

without any BRCA samples) only achieved a Pearson’s correla-

tion of 0.34 compared to actual measurements. The coefficient 

increased to 0.48 when all 698 BRCA samples were used. We 

determined that when 60 samples were used, the coefficient 

reached the turning point, or ρ = 0.42 for all proteins 

(Figure 1E) and 0.86 for estrogen receptor-α (Figure 1F).

Accuracy of DeepGxP in predicting abundance of 

phosphoproteins

We investigated the ability of DeepGxP to predict self-gene 

expression (protein with corresponding RNA) and then phospho-

protein abundance. First, we evaluated the correlation difference 

between DeepGxP and self-gene prediction. For proteins with 

low self-gene/protein correlation (low self-gene correlation 

[sGP], ρ self < 0.31), DeepGxP significantly improved prediction 

performance, increasing the median correlation coefficient 

from 0.14 (self-gene prediction) to 0.64 (DeepGxP prediction,

ρ DeepGxP ) (one-tailed Wilcoxon signed rank p = 1.90 × 10 − 17 ), 

with a median Δρ (ρ DeepGxP – ρ self ) of 0.46 (Figure 2A). For proteins 

with high self-gene/protein correlation (high-sGP, ρ self ≥ 0.31), 

DeepGxP also improved prediction performance significantly, 

from 0.54 (self-gene) to 0.74 (DeepGxP) (one-tailed Wilcoxon 

signed rank p = 2.79 × 10 − 17 ; median Δρ of 0.18). Improvements 

in prediction performance differed significantly between the low-

sGP and high-sGP groups (one-tailed Mann-Whitney test, p = 

2.38 × 10 − 28 ). For example, estrogen receptor-α, a high-sGP 

protein (ρ self = 0.86), showed an additional 8.1% improvement 

from DeepGxP prediction (ρ DeepGxP = 0.93, Figure 2B). On the 

other hand, HSP70, a low-sGP protein (ρ self = 0.07), showed a 

marked improvement of 7.29-fold (ρ DeepGxP = 0.58, Figure 2C). 

To assess whether the prediction has a tumor-specific pattern, 

we evaluated DeepGxP performance in BRCA and lung adeno-

carcinoma (LUAD). Most proteins (86.6%, 162/187) showed 

consistent predictive performance across both cohorts, while 

10.2% (19/187) and 3.2% (6/187) were BRCA- and LUAD-spe-

cific, respectively (Figure S2). For example, GATA3 was well pre-

dicted in BRCA (ρ = 0.86) but not LUAD (ρ = 0.02), reflecting its 

high abundance and variability in BRCA (mean, ρ = 1.57, stan-

dard deviation = 1.15) but absence in LUAD (mean ρ = − 0.19, 

standard deviation = 0.22). Conversely, phosphorylated SHP2 

at Y542 (pSHP2-Y542) was well predicted in LUAD (ρ = 0.64) 

but not BRCA (ρ = 0.21). Cyclin B1, by contrast, showed consis-

tent predictability in both tumor types (ρ = 0.84 in both), reflecting 

conserved cell cycle control.

Phosphoproteins are less correlated with expression of self-

genes compared to total proteins, with only 11/56 (∼20%) in 

the high-sGP group. However, DeepGxP significantly improved 

prediction performance for phosphoproteins compared to total 

proteins (median Δρ Total = 0.26, median Δρ Phospho = 0.46, two-

tailed Mann-Whitney p = 7.25 × 10 − 9 , Figure 2D). Phosphopro-

tein prediction in the low-sGP group (median Δρ = 0.49) also 

significantly improved compared to the high-sGP group (median 

Δρ = 0.18) (one-tailed Mann-Whitney p = 9.49 × 10 − 7 ). The re-

sults were consistent in BRCA and LUAD cohorts (Figure S2B). 

These results indicate that DeepGxP improved phosphoprotein 

predictions, likely due to the model’s ability to capture the effects 

of complex phosphorylation regulation.

To examine whether protein abundance prediction was 

related to their functions, we further partitioned proteins ac-

cording to their function classification. 53 Total proteins involved 

in RNA metabolism and translation demonstrated the greatest 

increase in correlation (Figure 2E), despite having the lowest 

self-gene correlations in our dataset (median ρ = 0.20 for RNA 

metabolism and 0.23 for translation, Figure S3). A previous 

study 14 showed a low copy number-protein correlation but a 

high copy number-RNA correlation in these groups, likely re-

flecting predominant regulations driven by post-transcriptional 

and translational mechanisms occurring after transcription. 

Their predictive improvement suggests indirect regulatory ef-

fects captured in the transcriptome, such as contributions 

from upstream regulators, co-expressed genes, gene-gene in-

teractions, and RNA-binding proteins. In contrast, total pro-

teins of transmembrane receptors and calcium-binding pro-

teins exhibited the least increases, possibly due to their 

localization on the cell membrane and their roles at the initiation 

points of signaling pathways. Despite the smaller number of 

phosphoproteins and their annotated protein classes, phos-

phoproteins showed greater gains in prediction performance 

than total proteins in every functional group where they are pre-

sent, reflecting the inability of self-gene mRNA alone to capture 

phosphorylation events. These results illustrate the ability of 

DeepGxP to estimate phosphorylation and expression of pro-

teins that undergo complex post-transcriptional regulation 

and exhibit weak direct correlation with their correspond-

ing gene.

DeepGxP model interpretation via DeepEnrich with 

integrated gradient score and enrichment analyses

We next developed DeepEnrich, a framework for evaluating 

gene attribution in protein abundance prediction through inte-

grated gradient and subsequent enrichment analyses on the 

identified positive/negative leading EdGe (pLEG/nLEG) predic-

tors (see STAR Methods and Figure S4). DeepEnrich incorpo-

rates two methodologic steps to ensure robust identification of
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predictors: (1) averaging integrated gradient values from the top 

10% protein-expressed samples to minimize noise from lowly 

expressed samples and (2) normalizing integrated gradient 

values (Equation 3 in STAR Methods) with stringent thresholds 

(±1.96), which corresponds to p < 0.05 for pLEG and nLEG pre-

dictor definition (assuming a normal distribution).

To evaluate the effectiveness of DeepEnrich in identifying bio-

logically protein-specific genes, we first focused on total protein 

prediction. We will discuss more complex phosphoproteins in 

the functional enrichment analyses of phosphorylated proteins

section. In the high-sGP group, as expected, the normalized in-

tegrated gradient of self-genes for the corresponding protein 

consistently ranked high. Nearly 94% (77/82) of self-genes 

ranked within the top 10% of input genes, and 83% (68/82) 

ranked first (Figure 3A and Table S5). For example, cyclin B1, 

which strongly correlates with its self-gene CCNB1 (ρ self = 

0.84, ρ DeepGxP = 0.91), had the highest normalized integrated 

gradient, indicating its dominant contribution to cyclin B1 abun-

dance over regulations from other genes (Figure 3B, top). In the 

low-sGP group, 60% (29/48) of self-genes ranked in the top 10%

A B

C

D E

Figure 2. Assessment of protein features underlying prediction improvement

(A) Improvements in prediction based on high (ρ self ≥ 0.31) and low (ρ self < 0.31) self-gene correlation (high/low-sGP). Statistical significance was calculated with 

one-tailed Wilcoxon signed-rank tests between self-RNA and DeepGxP, while one-tailed Mann-Whitney tests were used to compare high- and low-sGP.

(B and C) Performance in assessing high- and low-self-gene correlated proteins, estrogen receptor-α, and HSP70, respectively. Ground truth and self-gene 

expression (left) and ground truth and DeepGxP-predicted protein abundance (right).

(D) Comparison of improvements in prediction accuracy based on total or phosphoproteins. Statistical significance was calculated with two-tailed Mann-Whitney 

tests.

(E) Comparison of improvements in prediction among PANTHER protein classes.
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of input genes, and 31% (15/48) remained ranked as first 

(Table S5). Despite the weak self-gene correlation of cyclin E2 

with CCNE2 (ρ self = 0.21, ρ DeepGxP = 0.60), CCNE2 still ranked 

first (Figure 3B, bottom), consistent with previous studies, sug-

gesting a noteworthy contribution to cyclin E2 abundance. Inter-

estingly, aside from self-genes, the pLEGs of cyclin B1 and E2 

also included other cyclin family members, CCNE1, CCNB2, 

CCNA1, and CCND1 for cyclin B1; and CCNB1, CCNE1, 

CCNF, CCNA2, CCND1, CCNB2, CCNA1, and CCNDBP1 for cy-

clin E2. Several genes (CCNE1, CCND1, CCNB2, and CCNA1) 

emerged as predictors for both proteins, indicating shared regu-

latory networks. This convergence validates the biological 

coherence of our predictive framework, demonstrating that the 

models successfully captured genuine cell cycle regulatory 

relationships.

To explore the pathways and functional associations between 

pLEG/nLEG predictors and protein abundance, we performed 

enrichment analyses of pLEG and nLEG predictors. Cell cycle-

related processes were enriched in pLEG predictors of cyclin 

B1 and cyclin E2 (Figure 3C, left). Enrichment in cyclin B1 was 

in GO:0000070: mitotic sister chromatid segregation (p = 

4.48 × 10 − 35 ), consistent with its peak abundance during G2/ 

M phase. 54 Enrichment in cyclin E2 was in GO:0010971: positive 

regulation of G2/M transition of mitotic cell cycle (p = 

3.11 × 10 − 5 ), likely reflecting aberrant extension of cyclin E2 

expression into G2 phase in tumors instead of being confined 

to S phase as in normal cells. 55 nLEG predictors for cyclin B1 

were depleted in DNA replication terms, consistent with previous 

findings that cyclin B1 starts to gradually accumulate during S 

phase when DNA replication occurs, and its depletion triggers

A B

D

C

Figure 3. Predictor genes for total and phosphorylated cell cycle-related genes captured by DeepGxP are functionally enriched in cell cycle 

terms

(A) The rank of self-genes as predictors for their corresponding total proteins in percentage (the full list is in Table S5).

(B) Distribution of normalized IGs for (top) cyclin B1 and (bottom) cyclin E2. Both CCNB1 and CCNE2 are ranked as the first predictor in their corresponding 

protein prediction.

(C) Top 5 GOBP terms enriched or depleted in pLEG (left) and nLEG (right), respectively. The full lists of enriched/depleted terms of cyclin B1 and E2 are in 

Tables S6 and S7, respectively.

(D) CHK2 and pCHK2-T68 protein abundance (left). Distribution of normalized IGs (middle) for CHK2 (top) and pCHK2 (bottom), where its self-gene CHEK2 ranked 

first as a predictor for total protein prediction but only 30th for pCHK2-T68 abundance prediction. Comparison of the top 5 (top) enriched and (bottom) depleted 

GOBP terms in the pLEG and nLEG of CHK2 and pCHK2 (right). The last 2 columns show the enrichment p values (Fisher’s exact test). Pink and blue shading 

indicate enriched and depleted terms, respectively (at p < 0.05).
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DNA re-replication. Conversely, nLEG predictors of cyclin E2 

were depleted in Wnt signaling pathways (Figure 3C, right), align-

ing with previous evidence that cyclin E-CDK2 promotes 

β-catenin phosphorylation and degradation, thereby directly 

linking cyclin E to Wnt signaling. 56,57 Reactome enrichment 

and depletion showed similar results (Tables S6 and S7).

For phosphorylated proteins, regulatory involvement of kinases 

and phosphatases is anticipated. Consistent with this expecta-

tion, analysis of pLEG for phosphorylation at Y1068 (pEGFR-

Y1068) revealed significant enrichment in GO:0043405, regulation 

of MAP kinase activity (p = 1.30 × 10 − 5 ). The pLEG overlapped 

with the term includes kinases (EGFR, ERBB2, PRKCD, and 

KSR1) and phosphatases (DUSP1 and DUSP7).

These results underscore the interpretability of DeepGxP at 

the pathway or functional levels, revealing pathways through 

enrichment analyses of genes in pLEG (or nLEG) to predict spe-

cific proteins with the DeepEnrich method. The full lists of en-

riched pathways for cyclin B1 in Table S6 and cyclin E2 in 

Table S7. All other proteins are provided in Tables S8 and S9 

for pLEG and nLEG, respectively.

Functional enrichment analyses of phosphorylated 

proteins

Changes in phosphorylation levels lead to altered protein func-

tion and signaling, but do not necessarily correlate with total pro-

tein abundance. For instance, the Pearson’s correlation between 

CHK2 total protein and its phosphorylated form at T68 (pCHK2-

T68) was only 0.11 (p = 7.64 × 10 − 21 , Figure 3D). Nonetheless, 

CHEK2 ranked as the top pLEG predictor for total CHK2 protein 

and 30th for pCHK2-T68 (Figure 3D, middle).

To elucidate phosphorylation-specific pathways, we used 

pCHK2-T68 specific predictors for enrichment analyses. The 

result revealed distinct biological processes: CHK2 was en-

riched in cell division (P ∼ 1.06 × 10 − 5 – 9.98 × 10 − 10 ), while 

pCHK2-T68 was associated with the G1/S transition (P ∼ 

3.6 × 10 − 5 – 1.26 × 10 − 4 , Figure 3D, top right). Conversely, func-

tional depletion analyses indicated that CHK2 was depleted in 

G2/M transition (P ∼ 1.17 × 10 − 5 – 1.76 × 10 − 6 ), and pCHK2-

T68 in the overall cell cycle (Figure 3D, bottom right). These find-

ings highlight the unique roles and regulatory mechanisms of 

phosphorylated versus total proteins found in DeepGxP through 

DeepEnrich. A full list of enriched pathways for 36 phosphopro-

teins with corresponding total proteins is provided in Tables S10 

and S11 for pLEG and nLEG, respectively. 

Phosphorylation-site-specific regulation of EGFR and HER2 

signaling in LUAD.

We investigated the total protein abundance of EGFR (tEGFR) 

and its phosphorylation (p) sites at Y1068 and Y1173 (pEGFR-

Y1068 and pEGFR-Y1173), which induce different signaling 

pathways and functional activities in LUAD. 58 Correlations of 

tEGFR with pEGFR-Y1068 and pEGFR-Y1173 were moderate 

(Figure S5A). The phospho-specific pLEGs in pEGFR-Y1068 

and pEGFR-Y1173 were 80.3% (335/417) and 82.2% (347/ 

422), respectively, indicating distinct functional roles of phos-

phorylated proteins from total proteins.

We then applied DeepEnrich to analyze tEGFR, pEGFR-Y1068, 

and pEGFR-Y1173 in LUAD (Table 1). tEGFR was significantly en-

riched in chr7p11, a region where EGFR is located, but not

pEGFRs. Both tEGFR and pEGFRs were significantly enriched 

in the SHEDDEN_LUNG_CANCER_GOOD_SURVIVAL_A4, which 

contains several differentiation-related genes. 59 The leading-edge 

genes for tEGFR were unique from those in pEGFRs, since the 

pLEGs of tEGFR were excluded during the identification of phos-

pho-specific pLEGs. Only six leading-edge genes overlapped be-

tween the two pEGFRs (ATP11A, CAPN2, EPHX3, ICAM1, NDNF, 

and SPTB). This suggests that while tEGFR and pEGFRs share 

common regulatory pathways, they have unique pLEGs that 

may contribute to distinct functional roles in lung cancer survival 

and differentiation. In addition, the three proteins were enriched 

in different lung epithelial cell types. Specifically, only pEGFR-

Y1173 was enriched in signaling alveolar epithelial type 2 cells, re-

ported as putative alveolar stem cells 60 and as the origin of 

LUAD. 61,62

As a member of the ErbB family, HER2/ERBB2 alterations are 

occasionally observed in LUAD. 63 While HER2 and its phosphor-

ylated form, pHER2-Y1248, are highly correlated in BRCA, their 

correlation is low in LUAD (Figure S5B). HER2 preferentially het-

erodimerizes with other ErbB receptors, 64,65 which may underlie 

our observation that pHER2 was highly correlated with pEGFRs, 

particularly pEGFR-Y1068 (Figure S5C). HER2, but not pHER2, 

was significantly enriched in Chr17q12, the locus of ERBB2 

(Table 1), whereas pHER2 was enriched in alveolar epithelial 

type 1 cells. Consistent with this observation, prior studies 

demonstrated HER2 in the differentiation of lung epithelium, 66 

and its expression and activation in lung epithelium. 67–69 These 

results underscore cancer- and site-specific regulation of phos-

phoproteins. A full list of enriched pathways for pEGFR and 

pHER2 in LUAD is provided in Tables S12 and S13 for pLEG 

and nLEG, respectively.

Predicted protein abundance of DeepGxP associated 

with overall survival in BRCA

We performed survival analyses on all genes and proteins for 

estrogen receptor-positive BRCA samples (n = 626). A total of 

15 genes and 19 proteins were significantly associated with 

overall survival (Figures 4A and 4B). Only Bcl-2 and cyclin 

B1 were significant at both gene and protein levels, underlin-

ing the divergence between RNA and protein molecular 

patterns. The discordance was exemplified for p53, where 

protein abundance, but not TP53 mRNA expression, was 

significantly associated with poorer survival (Figure 4B). To 

validate this, we applied DeepGxP to samples lacking RPPA 

data (n = 180). Consistent with measured data, the predicted 

p53 protein abundance showed a significant association with 

poorer survival (Cox p = 0.034), whereas TP53 expression 

alone did not (Figure 4C). Supporting this, TP53 mutant sam-

ples showed higher p53 protein abundance than wild-type 

samples (Figure S6). High p53 protein abundance correlates 

with TP53 mutations, 70–73 which in turn are linked to poor sur-

vival, 74 elevated expression of Ki67, 75 and higher tumor 

grade 76 in estrogen receptor-positive breast cancer. These re-

sults demonstrate that survival cannot always be inferred from 

gene expression alone, as regulatory processes downstream 

of transcription often decouple mRNA and protein abun-

dances. Inferring proteins with DeepGxP provided features 

more proximal to clinical outcomes, and several self-genes
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that were non-prognostic at the RNA level became predictive 

at the protein level.

Implementation of DeepGxP to single-cell profiles

Our model configuration can also be applied to single-cell data 

generated by cellular indexing of transcriptomes and epitopes 

(CITE) sequencing (CITE-seq). 77 DeepGxP was trained using 

a dataset of 53,364 human peripheral blood mononuclear cells 

(PBMCs); 19,738 genes (after filtering genes with low expres-

sion from an initial set of 20,729 genes prior to SCTransform 

normalization); and 224 proteins 78 (see STAR Methods). The 

model’s architecture is depicted in Figure 5A. We modified 

the bulk RNA version to incorporate Markov affinity-based 

graph imputation of cells (MAGIC) imputation 79 after SCTrans-

form normalization and reduced the 1DConv filter size from 

1,024 to 256.

For protein abundance prediction, DeepGxP demonstrated 

highest performance (median, ρ = 0.576) compared to XGB (me-

dian, ρ = 0.535), sciPENN 80 (median, ρ = 0.497), and linear 

regression (median, ρ = 0.220) (Figure 5B). Moreover, 

DeepGxP outperformed self-gene prediction, with 80% (162/ 

203) of proteins reaching a correlation coefficient above 0.31 be-

tween predicted and actual abundance (the threshold for the 

high-sGP group), compared to only 29% (59/203) for self-gene 

prediction (Figure 5C). Using CLEC12A as an example which 

had the best prediction performance, DeepGxP enhanced the 

already strong self-gene correlation coefficient to 0.97, showing 

a 36.6% improvement (Figure 5D).

We further validated DeepGxP using two internal datasets 

from time points 3 and 7 (with time point 0 as training), and 

external datasets from cord blood mononuclear cells 

(CBMCs) 77 and H1N1-influenza PBMCs. 81 Validation focused 

on markers for T cells and monocytes (CD4, CD8, CD14, and 

CD16). DeepGxP performed better for all four markers than sci-

PENN for CBMCs (Figure S6 and Table 2), despite DeepGxP be-

ing trained on PBMCs, which differ in blood source location and 

immune cell maturity. We also tested DeepGxP on our own 

experimental data generated using Abseq (BD Biosciences), 82 

which is conceptually similar to CITE-seq. The dataset consisted 

of PBMCs from three healthy individuals. All three samples have 

at least 82.6% (19/23) of proteins achieving ρ > 0.3 between 

DeepGxP predicted and true abundance (Table S14). 

DeepGxP showed high accuracy in predicting CD16 protein 

abundance, strongly correlated with true abundance in the 

H1N1 dataset (Figure S7). Natural killer (NK) cells (me-

dian CD16-NK = 0.78) and non-classical monocytes (me-

dian CD16-nCM = 0.84) had higher protein abundance compared 

to classical monocytes (median CD16-CM = 0.12) (Figure 5E). 

This occurred despite low FCGR3A RNA expression in NK cells 

(median FCGR3A-NK = 0.04) and classical monocytes (median FC-

GR3A-CM = 0.00), and the fact that CD16 protein was elevated 

only in NK cells. Conversely, although the model predicted 

high CD16 abundance for NK cells and non-classical mono-

cytes, the latter had a 5-fold higher FCGR3A RNA expression 

than NK cells (median FCGR3A-nCM = 0.20). These results demon-

strate that DeepGxP accurately predicts protein abundance 

independently of RNA expression levels and captures cell-

type-specific variations.T
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Louvain clustering using predicted protein abundance more 

effectively discriminated between classical and non-classical 

monocytes than RNA data alone (Figure 5F). At a resolution of 

0.1, predicted protein abundance produced two distinct clus-

ters, but only one for RNA data. Moreover, the predicted protein 

abundance showed better alignment with cell type labels, 

demonstrating the utility of predicted protein abundance in 

cell-type classification.

In summary, DeepGxP demonstrated significantly better pre-

diction of protein abundance for both bulk RNA and single-cell 

CITE-seq data. It showed biological implications with total pro-

teins and phosphoproteins through the DeepEnrich framework 

and revealed cell-type-specific protein dynamics in single-cell 

data, highlighting its potential for exploring complex biological 

processes.

DISCUSSION

This study addresses a substantial challenge in understanding 

the human genome—the fact that information from the transcript 

level can only partially represent protein abundance. We intro-

duce DeepGxP, a deep learning model designed to uncover 

complex non-linear relationships between the transcriptome 

and proteome while providing interpretable biological insights 

through its associated framework, DeepEnrich. Our design is 

based on the concept of the translation process and considers 

the complex regulatory network from the transcriptome that sup-

ports the prediction of the proteome. DeepGxP employs a con-

ventional one-dimensional CNN model, optimized through hy-

perparameter searching (Table S2A). Despite its simplicity,

DeepGxP outperformed multiple complex deep learning models 

(Figure 1C), consistent with our previous work. 45 Although 

trained on only ∼7,000 tumor samples from TCGA, DeepGxP 

effectively leveraged whole-transcriptome data to predict pro-

tein abundance, including phosphorylated proteins beyond the 

translation process. Moreover, DeepGxP’s predictive advantage 

extends to single-cell data analyses, underscoring its broad 

applicability.

Functional classification of proteins revealed superior perfor-

mance of DeepGxP with poor mRNA–protein concordance 

(Figure S3). Proteins involved in RNA metabolism (ADAR1 and 

RBM15), translation (eEF2 and JAB1), and DNA metabolism 

(ERCC5, RAD51, and XRCC1) exhibited poor mRNA-protein cor-

relations, possibly due to their extensive post-transcriptional and 

post-translational regulatory networks. Conversely, calcium-

binding proteins (Annexins), cell surface receptors (EGFR, 

HER2, HER3, and c-KIT), and scaffold/adaptor proteins (GAB2 

and Caveolin-1) demonstrated stronger correlations, reflecting 

more direct transcriptional control of their abundance. Interest-

ingly, DeepGxP achieved its most substantial performance gains 

for proteins with weak mRNA-protein correlations, suggesting 

that DeepGxP can effectively capture the complex regulatory 

mechanisms governing these challenging protein classes. This 

finding indicates that rather than excluding poorly correlated 

proteins from predictive analyses, whole-transcriptome 

modeling approaches can extend proteome predictability 

across diverse functional categories.

Cancer-type heterogeneity shapes gene-protein relation-

ship, with protein abundance largely driven by tumor lineage, 

followed by pathway involvement. 39,83 DeepEnrich revealed

A B C

Figure 4. Validation of clinical significance of predicted survival-associated proteins on ER + BRCA samples

(A) Survival-associated (p < 0.05) genes and proteins using the Cox-regression model based on samples in training/validation/testing sets.

(B) Hazard ratios of survival-associated proteins. Only proteins with statistically significant differences (Cox p < 0.05) are shown.

(C) DeepGxP-predicted p53 abundance (top) and expression of its corresponding gene (TP53, bottom) using estrogen receptor-positive breast cancer samples 

from TCGA, without RPPA measurement. Breast cancer samples were divided by the median of RNA expression or protein abundance into high and low groups.
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proteins such as cyclins that show consistent regulation across 

multiple cancer types, supporting its use in pan-cancer ana-

lyses. In contrast, proteins such as EGFR exhibit cancer-spe-

cific regulation, underscoring the importance of conducting 

separate analyses for different cancer types. Although not 

included in the main results, additional analyses of BRCA sub-

types revealed that models trained within individual subtypes 

performed markedly worse than the pan-cancer model, primar-

ily due to limited sample sizes. Consistent with this observation, 

reducing the training sample size by half led to a decrease in 

prediction accuracy in pan-cancer model. These observations 

suggest that DeepGxP benefits from information sharing 

across tumor types while preserving sensitivity to lineage-spe-

cific regulation and that large and diverse datasets are essential 

for achieving robust and generalizable protein abundance 

predictions.

Although mutation data were not explicitly included in the 

model, preliminary analyses on the prediction performance for 

total and phosphorylated forms of EGFR and HER2 remained 

comparable between mutant and wild-type cohorts (by EGFR 

and ERBB2 mutation status) in LUAD. This suggests that the 

downstream effects of genomic alterations are partly captured 

in the transcriptome, allowing DeepGxP to infer protein abun-

dance robustly despite mutation-related heterogeneity. These 

studies highlight the potential of DeepGxP for biomarker discov-

ery and prognostic modeling.

A B C

D E F

Figure 5. DeepGxP implementation in single-cell profiles

(A) Model structure of DeepGxP for single-cell applications, in which an imputation layer was added.

(B) Performance comparison of DeepGxP with XGB, sciPENN, and linear regression (LR) models. Average per-protein Pearson’s correlation from 10-fold cross-

validations. Each dot represents the result from the testing set after each fold training. Data shown as mean ± standard deviations.

(C) Per-protein Pearson’s correlation between measured protein abundance and DeepGxP-predicted (orange) and self-gene expression (blue). The dashed line 

marks 0.31, the threshold for high-sGP.

(D) Prediction performance of CLEC12A. Ground truth versus self-gene expression (left) and ground truth versus DeepGxP-predicted protein abundance (right).

(E) Relative expression of CD16, a monocyte marker, comparing RNA, true protein, and predicted protein across different cell types in the H1N1 dataset.

(F) Uniform manifold approximation and projection (UMAP) plots were generated based on predicted protein abundance (n = 224) and RNA expression of highly 

variable genes (n = 2,000). Classical and non-classical monocytes are colored according to Louvain clusters and cell type annotations (enlarged) as described in 

the original publication. NMI: normalized mutual information; ARI: adjusted Rand index.

Table 2. Comparison of prediction performance based on Pearson’s correlations between true and predicted protein abundance by 

DeepGxP and sciPENN on internal and external datasets

Datasets Cells (n) Proteins (n)

DeepGxP sciPENN

CD4 CD8 CD14 CD16 CD4 CD8 CD14 CD16

PBMC (time 3) 54,345 224 0.923 0.878 0.874 0.893 0.915 0.931 0.785 0.887

PBMC (time 7) 54,055 224 0.871 0.919 0.885 0.914 0.923 0.884 0.804 0.897

CBMC 8,617 13 0.901 0.604 0.594 0.763 0.772 0.409 0.543 0.167

H1N1 53,201 87 0.785 0.667 0.609 0.898 0.885 0.829 0.405 0.855
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A unique feature of DeepGxP is its biological interpretability, 

achieved through DeepEnrich, which identifies regulatory path-

ways contributing to protein abundance. Our enrichment ana-

lyses (Figure 3C) align with known biological processes, exem-

plified by the cell-cycle regulation of cyclin B1 and cyclin E2. 

Through normalized integrated gradients, we identified key reg-

ulatory genes with strong biological relevance, reinforcing the 

model’s capacity to generate mechanistically interpretable 

predictions.

DeepEnrich also captures post-translational regulatory mecha-

nisms, particularly in protein phosphorylation, an essential cellular 

process that activates or inhibits cell signaling and protein activity 

and functions. Applying DeepEnrich to phosphorylated proteins 

elucidated pathway-level regulatory interactions governing phos-

phorylation dynamics. For example, DeepGxP distinguished 

phosphorylation events of EGFR at Y1068 and Y1173, demon-

strating its ability to differentiate site-specific regulatory mecha-

nisms. Additionally, pEGFR and pHER2 showed a strong correla-

tion in abundance and enrichment of chromosomal positions. 

pEGFR is enriched in the region harboring ERBB2, while pHER2 

is functionally enriched in regions containing EGFR (Table 1). 

This reciprocal enrichment of chromosome positions suggests 

cross-activation of these receptors, potentially driven by HER2 ki-

nase domain mutations. 84 Our findings indicate that phosphoryla-

tion is regulated independently of total protein levels, as reflected 

by their corresponding activated functions and genomic events. 

The moderate correlation between total and phosphorylated 

forms (ρ < 0.6) highlights this approach’s ability to minimize con-

founding effects from total protein abundance and focus on phos-

phorylation driven by alternative mechanisms.

Beyond bulk transcriptomics, analyses of single-cell profiles 

were also improved using our model. By clustering cells based 

on predicted protein abundances (n = 224), we effectively sepa-

rated classical and non-classical monocytes, outperforming 

RNA-based clustering (n = 2,000), which yielded only a single clus-

ter. This highlights the limitations of RNA-based classification and 

the advantage of using protein-based approaches for defining im-

mune cell subpopulations. Our data-driven analyses show the 

advantage of utilizing protein data for accurate classification of 

monocyte subsets without relying on traditional methods such 

as cell type markers 85 or reference mapping, 78 because protein 

expression directly reflects cellular function and phenotypic differ-

ences. Our findings underscore that protein-based clustering en-

hances our understanding of immune cell heterogeneity, where 

valuable insights into their roles in immune responses and disease 

mechanisms could be further explored.

To model protein abundance from transcriptomic data, we 

used RPPA-based proteomic data from TCPA 36 instead of 

mass spectrometry-based CPTAC. 86 TCPA profiles ∼8,000 tu-

mor samples across 32 cancer types compared to ∼1,000 sam-

ples across ∼10 cancer types in CPTAC, providing greater sam-

ple diversity. While TCPA measures a smaller panel of 224 

proteins (recently expanded to 447 83 ), this yields a more 

manageable feature-to-sample ratio (∼0.028:1 and ∼0.056:1) 

compared to CPTAC’s ∼10,000 proteins (∼10:1), reducing over-

fitting risk in deep learning models. RPPA offers high sensitivity 

for clinically relevant tumor-associated proteins and post-trans-

lational modifications when high-quality antibodies are available.

However, mass spectrometry provides broader proteome 

coverage, improved detection of low-abundance proteins, and 

antibody-independent quantification. Thus, while our RPPA-

based approach offered practical advantages for model training 

in this study, future work should leverage mass spectrometry 

data to extend transcriptome-to-proteome prediction. 

Nonetheless, DeepGxP maintained robust predictive perfor-

mance across these two platforms, with 96.3% (77/80) of pro-

teins achieving Pearson’s correlations above 0.3 against mass 

spectrometry-based abundance when the two measurement 

methods were concordant (ρ > 0.3) in BRCA cohort. This robust-

ness, despite the modest overall agreement between RPPA and 

mass spectrometry (mean, ρ = 0.52), 83 underscores the model’s 

ability to extract biologically meaningful RNA-protein relation-

ships beyond platform-specific biases.

DeepGxP represents a significant advancement in linking tran-

scriptomics to proteomics, enabling both accurate protein abun-

dance predictions and biological interpretability. By integrating 

pathway-level insights through DeepEnrich, our model uncovers 

regulatory mechanisms driving protein expression and post-

translational modifications. The clinical utility of DeepGxP in 

biomarker discovery, single-cell analyses, and cancer research 

underscores its potential for broad biomedical applications. 

Future enhancements incorporating multi-omics data and 

spatial proteomics will further solidify its role as a powerful tool 

for understanding gene-protein interactions at both the bulk 

and single-cell levels.

Limitations of the study

Despite its strengths, DeepGxP has limitations. First, the model 

relies only on gene expression as input and does not incorporate 

other molecular factors such as DNA methylation, microRNA, or 

genomic mutations, all of which can influence protein abundance. 

Incorporating these additional layers could further enhance pre-

dictive performance and mechanistic interpretability. Second, 

the model was trained on RPPA data measuring a predefined 

set of well-known cancer-associated proteins and phosphoryla-

tion sites, restricting predictions to these targets and limiting novel 

protein discovery. Nevertheless, these proteins are clinically 

important and often poorly predicted by mRNA alone, and 

DeepGxP enables accurate inference of their abundance from 

transcriptomic data. Third, the model was trained on bulk RNA 

and protein data that represent averaged cell effects, which 

may obscure cell-type-specific relationships. Although 

DeepGxP has been adapted for single-cell prediction in this 

manuscript, fully understanding gene-protein relationships in het-

erogeneous tumors requires analyses tumor samples at single-

cell resolution. Finally, DeepGxP identifies associations rather 

than causality between RNA and protein, meaning that confound-

ing factors, reverse regulation by proteins such as transcription 

factors, and feedback loops cannot be excluded. Resolving this 

directionality would require targeted experimental perturbations 

beyond the scope of this work. Nonetheless, through functional 

characterization of predictors, independent validation on the 

ICGC dataset, and cross-platform validation on mass spectrom-

etry, as well as pathway-level analyses using DeepEnrich, we 

demonstrate that DeepGxP captures biologically meaningful reg-

ulatory signals rather than purely statistical associations.
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RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Yidong Chen (cheny8@uthscsa.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• This paper analyzes existing and publicly available data only. The TCGA 

RNA sequencing (RNA-seq) data are available at https://xenabrowser. 

net/datapages/and RPPA data at https://tcpaportal.org/tcpa/ 

download.html. The CCLE data are available at https://depmap.org/ 

portal/. The CITE-seq PBMC data were downloaded from (https:// 

atlas.fredhutch.org/nygc/multimodal-pbmc/), CBMC data came from 

the Seurat tutorial (https://satijalab.org/seurat/articles/multimodal_ 

vignette.html), and H1N1 data were accessed at https://doi.org/10. 

35092/yhjc.c.4753772.

• All original code has been deposited at GitHub (https://github.com/ 

hmtsai2024/DeepGxP_manuscript) and Zenodo under https://doi.org/ 

10.5281/zenodo.15233341 87 and is publicly available as of the date of 

publication.

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study did not involve the recruitment of new experimental models or study participants. All analyses were conducted using pre-

viously published, publicly available human datasets, including TCGA, 39 PBMC (GSE164378), 78 CBMC (GSE100866), 77 and the 

H1N1 81 dataset. Comprehensive information regarding participant demographics, sample sizes, inclusion and exclusion criteria, 

experimental design, and institutional review board (IRB) approval is available in the corresponding original publications.

No samples were excluded or reallocated based on sex, gender, ancestry, race, or ethnicity in the present study.

METHOD DETAILS

Model construction datasets

Gene expression data (11,069 samples and 20,531 genes) were downloaded from the UCSC Xena Browser under the Pan-Cancer 

Atlas Hub (EB++AdjustPANCAN_IlluminaHiSeq_RNASeqV2.geneExp.xena, captured in 2017). 91 The data, generated by the TCGA 

PanCan Atlas project, 39,92 had been preprocessed prior to release, including batch-normalization and log 2 transformation (log 2 
(norm_value + 1)), where norm_value represents RSEM-derived counts. 93 Genes with low expression and variation (mean <1, SD 

<0.6) were removed, except for those encoding the 187 retained proteins. Expression values were then z-transformed to standardize 

their contribution to protein prediction.

Level 4 proteome data (7,754 samples, 258 proteins) measured by reverse phase protein arrays (RPPA) were downloaded from the 

TCPA portal (https://tcpaportal.org/tcpa/download.html, TCGA-PANCAN32-L4). 94 These data had been batch-corrected and me-

dian-normalized prior to release, representing relative protein abundance on the log 2 scale. 83 To ensure consistency, only solid tumor 

types with > 50 samples and paired mRNA-protein measurements were included (n = 6,813), while hematopoietic and lymphoid sam-

ples were excluded to avoid lineage differences.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

TCGA PANCAN RNA-seq Pan-Cancer Atlas https://xenabrowser.net/datapages/?cohort=

TCGA%20Pan-Cancer%20(PANCAN)&removeHub=

https%3A%2F%2Fxena.treehouse.gi.ucsc.edu%3A443

TCPA RPPA protein data TCPA https://tcpaportal.org/tcpa/download.html

CCLE mass spectrometry protein data DepMap https://depmap.org/portal/

CCLE RPPA protein data DepMap https://depmap.org/portal/

CITE-seq of healthy PBMC data Hao et al. 78 GEO: GSE164378

CITE-seq of CBMC Stoeckius et al. 77 GEO: GSE100866

CITE-seq of PBMC (H1N1) Kotliarov et al. 81 https://nih.figshare.com/collections/Data_and_software_

code_repository_for_Broad_immune_activation_underlies_

shared_set_point_signatures_for_vaccine_responsiveness_

in_healthy_individuals_and_disease_activity_in_patients_

with_lupus_Kotliarov_Y_Sparks_R_et_al_Nat_Med_

DOI_https_d/4753772

Software and algorithms

DeepGxP This paper 87 https://github.com/hmtsai2024/DeepGxP_manuscript; 

Zenodo: https://doi.org/10.5281/zenodo.15233341

sciPENN Lakkis et al. 80 https://github.com/jlakkis/sciPENN

scanpy Wolf et al. 88 https://github.com/scverse/scanpy

Scipy v1.5.4 Virtanen et al. 89 https://github.com/scipy/scipy

Seurat v4 Hao et al. 78 https://github.com/satijalab/seurat

MAGIC v2.0.3 van Dijk et al. 79 https://github.com/KrishnaswamyLab/MAGIC

iNNvestigate v1.0.9 Alber 90 https://github.com/albermax/innvestigate
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Protein measurement reproducibility was assessed using cross-platform validation with data from the Cancer Cell Line Encyclo-

pedia (CCLE), downloaded from the Broad Institute’s DepMap Portal (https://depmap.org/portal/). The CCLE dataset includes pro-

tein abundance quantified by both RPPA (214 proteins, CCLE_RPPA_20181003) and mass spectrometry (12,399 proteins, protein_ 

quant_current_normalized) across 362 cell lines. Proteins showing low reproducibility between the two platforms (Pearson correla-

tion < 0.3 or P > 0.05) were excluded, resulting a final set of 187 proteins for modeling. After filtering, the final dataset comprised 

13,995 genes and 187 proteins across 6,813 solid tumors from 27 tumor types (Table S1).

Model validation datasets

For external validation, RNA and protein data from the ICGC 95 were downloaded from the UCSC Xena Browser (RNA: 8,004 samples, 

20,503 genes; protein: 3,242 samples, 505 proteins). RNA-seq gene expression data were normalized by read counts. A total of 3,053 

samples had both RNA and protein measurements, with 169 proteins matching the protein list used in the training dataset. To ensure 

compatibility with the TCGA-based training data, RNA expression data from the ICGC were quantile-normalized to the distribution of 

the TCGA dataset using the preprocessCore R package. 96

DeepGxP architecture and training

DeepGxP was developed using Keras 2.3.1 under the TensorFlow backend. The model architecture includes a one-dimensional con-

volutional layer (1024 filters, kernel length 50) followed by one flattened layer, one fully connected layer (512 nodes), and an output 

prediction layer (Figure 1A). Model parameters were initialized using He’s uniform distribution 97 and weights were updated using the 

Adam optimizer. 98 Training data were split into 80%/10%/10% for training, validation, and testing, with early stopping applied after 

five epochs without improvement in validation loss. Hyperparameters were optimized using the Hyperas method 99 (Table S2A).

Deep and machine learning model comparison

To benchmark DeepGxP against alternative models, we implemented both deep learning and classical machine learning ap-

proaches. Deep learning methods included a modified ResNet 100 and a variational autoencoder (VAE), 101 while classical machine 

learning methods included XGBoost, 102 support vector machine (SVM), linear regression (LR), multivariate linear regression 

(mLR), and canonical correlation analysis (CCA). Model performance was evaluated using mean squared error (MSE) and Pearson 

correlation (ρ) in 10-fold cross-validation.

Implementation of comparative models

All methods were configured for regression tasks and took the entire gene expression matrix (13,995 genes) as input, except for uni-

variate linear regression, which used only self-gene expression (defined as the transcript that codes for the corresponding protein). 

Machine learning models were trained and tested using functions from the XGBoost (version 1.5.2) and Scikit-learn (version 0.24.2) 

Python libraries and trained with default hyperparameters. DeepGxP, ResNet, VAE, and CCA were trained to predict multiple proteins 

simultaneously, whereas XGBoost and the other three machine learning models were trained to predict single proteins per model. 

ResNet model

The original ResNet 100 architecture was adapted for regression by converting its two-dimensional convolutional layers to one-dimen-

sional and replacing the final classification layer with a linear activation output layer. Several ResNet versions were evaluated (v1: 8, 

14, 20 layers; v2: 11, 20, 29 layers), with ResNet v1 (8 layers) showing the best performance.

Variational autoencoder (VAE)

Unlike a conventional autoencoder, which maps the input data into a fixed latent vector, the VAE 101 learns to encode the inputs into a 

distribution N(μ, σ 2 ) for each element of the latent vector. Its loss function was the average of the reconstruction error and Kullback-

Leibler (KL) divergence. The reconstruction error is computed as the mean square error between true and predicted outputs. The KL 

divergence regularizes the learned latent distribution by minimizing the divergence between the learned distribution and a Gaussian 

distribution N(0, 1). Hyperparameters, including the numbers of hidden layers, fully connected layers, and nodes, were selected using 

Hyperas 99 (Table S2B).

Model baseline

To confirm that model performance was not driven by random correlations, Y-scrambling was performed in which the output proteins 

were randomly permuted while inputs genes remained unaltered. This analysis served as a baseline to verify that DeepGxP’s predic-

tive performance was from true biological signal rather than chance and random correlation.

Minimal sample size requirement for predicting protein abundance

To assess the learning capability of DeepGxP to unseen tumor types, DeepGxP was retrained without breast cancer samples. A set of 

testing samples (n=87) was withheld from training for performance evaluation. Breast cancer samples were gradually added to the 

training set with sample sizes of 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 200, 300, 400, 500, 600, and 698. For each addition, the model 

was trained repetitively 10 times. To evaluate the minimum sample size at which DeepGxP stopped learning robustly, we calculated 

the incremental rate of the performance metric as the difference in performance between consecutive sample sizes (e.g., analogously 

between time points A, B, C, and D). The turning point was identified when the growth rate between two consecutive time points 

became negative, i.e. when the difference in performance between consecutive sample sizes (B-A, C-B, or D-C) was negative—indi-

cating a decrease or diminishment in performance improvement. To refine the curve and ensure smooth trend visualization, the
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locally weighted scatterplot smoothing (Lowess) method was applied to the performance curve. This approach allowed us to pinpoint 

the optimal sample size for including breast cancer samples and assess the model’s ability to generalize across unseen tumor types.

Model interpretation via DeepEnrich

DeepEnrich was developed to discover factors associated with each protein prediction and to annotate their biological functions and 

pathways. To identify genes contributing significantly to predictions of protein abundance, we computed integrated gradients (IG) 

using the iNNvestigate Python package (version 1.0.9). IG evaluates the output gradient with respect to small changes in input fea-

tures, calculating the path of gradients from a baseline expression (set to 0) to the actual input expression.

The contribution of the i-th gene to the prediction of the j-th protein, given an input instance of n dimension (number of genes), x ∈ 

R n , is computed using the IG method:

IG ij (x)∷ = 
( 
x i − x ′i

) 
×

∫ 1

a = 0

∂F j (x 
′ +a(x − x ′ ))

∂x i
da (1)

where x′ i is the baseline expression of gene i; x i is the actual expression of gene i; F j is the model function for protein j,and a is the

scaling coefficient.

The contribution of each gene to protein j abundance prediction was quantified by averaging IG values across the top 10% of sam-

ples with the highest protein abundance (S Top ) to capture the most relevant gene-protein relationships:

aIG i;j =
1 

⃒
⃒S Top

⃒
⃒

∑ 

s ∈ S Top 
IG i;j;s (2)

where aIG i,j is the average IG for the i-th gene of the j-th protein, and S Top is the set of top 10% samples ranked by protein j 

abundance.

The averaged IG values were z-transformed to obtain normalized IG (nIG) across all genes:

nIG i;j = 
aIG i;j − μ aIG j

σ aIG j

(3)

where nIG i,j is the z-transformed average IG for the i-th gene of j-th protein; μ aIG j is the mean aIG across all genes; and σ aIG j is the 

standard deviation of aIG across all genes.

For each protein j, genes with nIG values exceeding ±1.96 (P < 0.05, assuming nIG possesses normal distribution) were defined as 

positive or negative leading edge (pLEG or nLEG) predictors, respectively, representing genes that significantly contribute to the pre-

diction of protein j abundance:

LEG j =

⎧ 
⎨ 

⎩

pLEG; if nIG i;j > 1:96 
nLEG; if nIG i;j < − 1:96 

not significant; otherwise

(4)

To assess whether pLEG and nLEG predictors selected by DeepGxP were enriched in specific biological functions, we conducted 

an over-representation analysis using the clusterProfiler 103,104 package in R. Enrichment analyses were performed separately for 

pLEG and nLEG predictors across multiple gene sets, including Gene Ontology (GO), KEGG, Reactome, Hallmark, and MSigDB col-

lections (C1, C3, C4, C5, C6, C7, C8). For the GO database, redundant terms were filtered based on kappa statistics. Terms with 

significant kappa p-values (p < 0.05) were clustered, and the most representative term for each cluster was selected by the lowest 

enrichment p-value and largest gene set size.

Definition of phospho-specific predictors

For phosphoprotein analyses, phospho-specific predictors were identified by removing predictors shared with their corresponding 

total proteins. Specifically, for each phosphoprotein p i and its paired total protein t i , the sets of pLEG and nLEG were defined as:

phospho − pLEG (p i ) = pLEG phospho (p i ) \ pLEG total (t i )

phospho − nLEG (p i ) = nLEG phospho (p i ) \ nLEG total (t i )
(5)

where p i represents the phosphoprotein, t i represents the paired total protein, and pLEG phospho and pLEG total represent the sets of 

pLEG predictors for phosphoprotein and total protein, respectively (Figure S7). This approach allows us to identify distinguish genes 

whose contributions are unique to phosphorylation events.

Definition and selection of self-genes

For proteins encoded by multiple transcripts, the one with the highest Pearson correlation to protein abundance was selected. Based 

on the Pearson correlation between protein abundance and self-gene expression across all 187 proteins, proteins were classified into
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two groups: those with a correlation above the median (0.31) were deemed the high-correlation group (high-sGP), while those below 

the median were deemed the low-correlation group (low-sGP).

Survival analyses

A univariate Cox proportional hazards regression model was implemented to analyze overall associations between survival, gene 

expression, and protein abundance in estrogen receptor-positive breast cancer samples. Kaplan-Meier curves were calculated us-

ing median values as cutoffs to define high and low gene expression and protein abundance, and p-values were calculated using the 

Cox model.

DeepGxP implementation in single-cells

Training and internal validation

To deploy DeepGxP for single-cell profiles, we trained and validated the model using the largest publicly available CITE-seq (Cellular 

Indexing of Transcriptomes and Epitopes by sequencing) dataset in terms of protein number: human peripheral blood mononuclear 

cells (PBMCs) comprising 161,764 cells, 20,953 genes, and 224 proteins (GSE164378). 78 The dataset, generated using 3 ′ prime (3P) 

RNA libraries and antibody-derived tag (ADT) panels, was accessed from the New York Genome Center (https://atlas.fredhutch.org/ 

nygc/multimodal-pbmc/). Data preprocessing, including quality control and filtering, was performed as described in the original pub-

lication. Specifically, the dataset had excluded cells containing fewer than 500 genes, more than 6,000 detected genes, fewer than 

50,000 ADT reads, or fewer than 10,000 hashtag oligo (HTO) reads.

For model training, DeepGxP was trained on timepoint 0 cells (53,364 cells), while timepoints 3 (54,345 cells) and 7 (54,055 cells) 

were used for internal validation. Genes for training were filtered based on the timepoint 0 data, retaining those expressed in at least 3 

cells and with at least 200 detected features, resulting in 19,736 genes prior to normalization.

For external validation, we used two independent CITE-seq datasets: the cord blood mononuclear cells (CBMCs) dataset (8,617 

cells, 20,501 genes, and 13 proteins; GSE100866), 77 accessed from the Seurat tutorial (https://satijalab.org/seurat/articles/ 

multimodal_vignette.html), and H1N1-influenza PBMCs (H1N1) dataset (53,201 cells, 51,735 genes, and 87 proteins), 81 accessed 

via https://doi.org/10.35092/yhjc.c.4753772.

Data normalization and imputation

Gene expression data were normalized using SCTransform, and protein abundance data were normalized using the centered log 

ratio transformation within each cell, as implemented in Seurat (v4.2.0). After normalization, data were imputed using Markov affin-

ity-based graph imputation of cells (MAGIC). For external validation datasets, missing genes were filled with zeros after MAGIC 

imputation.

Model design

We modified two key designs to optimize DeepGxP’s performance for CITE-seq data. First, the MAGIC algorithm (v2.0.3) 79 was 

applied to the count data after SCTransform normalization, addressing excess zeros. Second, the convolutional filter size of the 

Conv1D layer was reduced from 1024 to 256 to better capture sparse single-cell data patterns. These adjustments were tailored 

to mitigate zero inflation in single-cell datasets and enhance protein abundance prediction.

Comparison to another deep learning method

To benchmark DeepGxP’s performance, we compared it to one of the best deep learning models available, sciPENN, 80 a model 

based on a series of feedforward blocks and recurrent neural networks. We trained sciPENN with the same input and output data 

as DeepGxP, using default settings.

Clustering and UMAP in CITE-seq data

Clustering of predicted protein and RNA data were performed using the Louvain method with a resolution of 0.1 via the FindClusters 

function in Seurat for the H1N1 dataset. For clustering, we used 224 proteins and the 2000 most variable genes. Uniform manifold 

approximation and projection was applied to the clustering results to reduce the data to two dimensions for visualization. Cell anno-

tations were assigned based on labels provided in the original publication. 81 We evaluated consistency between the cluster assign-

ments and the original cell type annotations using the Adjusted Rand Index and Normalized Mutual Information.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using Python scipy (version 1.5.4). All data were checked for normality by the Shapiro test. 

T-tests were used for normally distributed data, while Mann-Whitney or Wilcoxon signed-rank tests were used for otherwise nonpara-

metric distributed data, as appropriate. No multiple comparisons were performed in each test.
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