AV % £ b & PharmaronT2P: High-Fidelity Transcriptome-to-Proteome Conversion
NV PHARMARON

Zhe Li, Kaigiang Hu, Shangxiang Ye, Hui Sun, Wanyu Tao, Yuning Chen, Pengwel Pan, Fang He*

/n vitro Biology, Pharmaron (Beijing) Co., Ltd, Beijing, China *Corresponding author: fang.he@pharmaron.com bd@pharmaron.com | www.pharmaron.com | poster # 5512

N\
'/f AR Model . Pre-train Fine-tune
~ I " . — HALLMARK_APOPTOSIS
Transcriptome profiling has become a routine, low-cost component of ‘ 800 leferent Ce” Lln.eS : (A) % : HALLMARK_ESTROGEN_RESPONSE_EARLY
large-scale drug screening. In contrast, direct proteome measurement, | Proteomics Quantification| , Tierl Tier2 2 o754 — HALLMARK_HYPOXiA
. . . I k I ) Ier Ier D HALLMARK INTERFERON GAMMA RESPONSI
wh|_Ie_ invaluable for assessing d_rug targe_t eng_agement and path_way » T I . : E o AL MARK YENGEIOTIC. NETABOLISM
activity at the protein level, remains labor intensive and less accessible, ! | : 1.00- _ _ _ E
limiting its use in high-throughput screening assays. To fill the gap | ' | Paired RNA-seq Datasets ! 2 0251 —
between transcriptome and proteome, recent studies proposed Orbitrap Astral Mass Spectrometer N / O 0.75 - 5 000]
transcriptome-to-proteome (T2P) prediction models based on public (B) (%) g S - N A |
clinical and cell line datasets. However, model performance suffers from 12500+ 1.004 = s o I
limited sample size and lack of comprehensive cell panel coverage, n 100004 0,75 — S 0.50- % o]
limiting adoption of T2P models in early drug discovery. = i c | E = 2000
> 7500- . 5 0507 A 0. 25- T o . | |
- . O M " i 250 500 750
Towards T2P models optimized for drug discovery, we generated a S 5000 o 0.257 Rank in Ordered Dataset
foundational dataset of ~800 cancer cell lines with paired O S 0.00- (B)
i . : . i o O 0.00- o — HALLMARK_HYPOXIA
transcriptome and proteome profiles using our in-house Orbitrap Astra S 2500- o, o 2 AL MARK MTORCT SIGNALING
i - a- -0.25- Cos similarit 1-MSE Cos similarit 1-MSE 5 “wrd Tan
platform. This internally curated resource is one of the largest anc y y 2 — HALLMARK_MYC_TARGETS_V1
most consistent paired omics datasets to date and forms the basis for 01 , , | 050 | | | (B) (C) £ FPLLMARIC OWATIVE, PHOSFHORYLATION
accurate T2P prediction. Inhouse TCGA CCLE CPTAC Inhouse TCGA CCLE CPTAC =
(D) . . E
Here, we developed PharmaronT2P (Pharmaron Transcriptome-to- : : kol ottt el o’ N E%
Proteome), a deep learning framework that maps gene-level RNA \ High-sparsity / I o] 0 g | S R A I
expression to protein abundance. The model is pre-trained on public raw data HSF : _'_:-_:_ . R < Group Q Group %Hm_lnlu el I | | | |
resources (e.g., CPTAC, CCLE) and fine-tuned on our high-quality Sparsity-aware L R 41 Protein 2 ° 2:3 E:red}“:” g . . ° Z:mj ::red}‘*f“ > 075"
internal data. PharmaronT2P serves as an accessible /n silico surrogate curation TP E" :’E'_ = o Lung (Predicy = ‘ ’ o Lung (Predict =ho
for proteomics, converting inexpensive RNA-seq readouts into high- Density- LVF | ik LET ‘EJEEEE High & 2 o Lung (True) & o Lung (True) € 0 00 | | |
confidence protein signatures. Held-out cell line predictions and GSEA constrained Iigﬁﬁe’ﬁ* i ;—:;ru_-_i!;l m%&ﬁﬁﬁ: N ; = Rank in Ordered Datasef "~
results show the accuracy and potential application of our model. — : e G e W = 2 (€)
Stability-oriented Bk Fﬁﬂﬁaﬁmkmm e #E“JE?F’ i > HALLMARK_APOPTOSIS
: - : selection s e e a0 | | | 5 HALLMARK_HYPOXIA
Together, PharmaronT2P is a valuable resource to guide drug screening HVF & it i et = e 2 0 1 2 3 2 0 2 v HALLMARK_MTORC1_SIGNALING
assays via /n silico proteome prediction. Final o, G i iy s e i i Pel (46.:2%) PCL(35.7%) : HALLMARIC MY(_TARGETS V1
dataset = "..=;T:?TE-T?".§‘TJ'";T;.".,.'::': “: e -m--—“ ( D) ( E) S HALLMARK_OXIDATIVE_PHOSPHORYLATION
e O THTTE 5
: : : : : 1.00- ¢ £ -
Protein abundance Fig.2 Multi-Source Paired RNA-Protein Dataset Curation for Model 7 S -
t Tralnlng' :’.’f 20 1| L o " | ot C "] | |
| o 0.75- pé %1[}[}—"""”““” b ! | S " - |
MLP MLP (1F] (A) Internal protein quantification platform. We use the Orbitrap Astral - = 15 >
cmmmm - I‘ _______ e T _______ - E Mass Spectrometer for accurate protein quantification with deep coverage and 9 54 o én_.ﬁu
SN 1 i [ @ high sensitivity, combined with paired RNA-seq datasets for later fine-tuning. L 550 P g I £ 0257
i __Add &I Norm : | __Add &INDrm e (B) High-quality internal paired datasets for fine-tuning. Our internal E V5 Elo g 250 500 750
: i N i o K E protein quantification results show high coverage compared to public datasets a R o Rank in Ordered Dataset
| Feed Forward ! | Feed Forward N including TCGA and achieved a similarly high level of coverage as CCLE and 0.25- v® ;. _ _ _ _
XN . J N . ) 1 X CPTAC curated set. Fig.4 GSEA Comparison Across RNA, Predicted Protein, and
] - I = - | (C) Superi - - ’ Measured Protein Levels.
L . . : perior RNA-Protein concordance of internal datasets. These L Correlation = 0.9457
o E alele &I BN I E e &INDrm : internal datasets exhibit strong RNA-protein concordance, with a Spearman 0.004.° OTTEItEn = 01 | | | | | _ _
9 FAVOR+ : | FAVOR+ | correlation of ~0.5, exceeding TCGA, CCLE, and CPTAC references. 000 025 050 075 1.00 05 06 07 08 09 10 (A) GSEA based on RNA expression ranking. For the HCT116 cel
u:_l I 5 g E I E / i ensure effective fine-tuning, we applied additional preprocessing to the fine- i ] i o analyzed using HaIImark. gene sets from MSigDB. The top flve enriched
| 1 ! | | tuning datasets, correcting overly sparse regions and adjusting data based on Fig.3 Model Fine-Tuning Performance and Generalization. pathways were: Apoptosis, Estrogen Response Early, Hypoxia, Interferon
"""""" T N density and vari’ance to optimize downstream performance Gamma Response, and Xenobiotic Metabolism. These results reflect the
' (A) Performance on Cancer Gene Census gene sets. Model performance after fine- transcriptional programs most active at the RNA level.
Positional % : Positional : : : - - ] :
encoding Embedding encoding HSF: High-sparsity feature; LVF: Low-variance feature; HVF: High-variance tuning on mtzrna! da;_ase;s Iznd CO_SMII.EI: (E‘.ancer Gene Census Tier 1 and Tier 2 gene sets (B) GSEA based on predicted protein abundance. Using the same
feature. WErE assessed Using Tive-told cross-valldation. _ gene list, we predicted protein abundance from RNA levels and
Query gene RNA expression level (B) PCA clustering of measured vs. predicted protein abundance from the pre- performed GSEA using rankings based on predicted protein expression.
traln_ed model. Principal component analysis (PCA) was perf_ormed sepgrately on the The top five enriched pathways were: Hypoxia, mTORC1 Signaling, MYC
Fig.1 Model Architecture. We employ scTranslator-10K[!] as the pre-trained m experimentally measured protein abundance and on the predicted protein abundances Targets, Oxidative Phosphorylation, and Protein Secretion. This pattern
model, augmented with customized adaptations for transcriptomic and proteomic from the pre-trained model, showing distinct clustering patterns. _ suggests that the RNA-to-protein prediction model recovers biological
data. The model takes RNA expression values and their corresponding genes as . . . . (C) PCA clustering of measured vs. predicted protein abundance of fine-tuned signals that are not evident from RNA alone.
input. Expression values are projected into fixed-dimension vectors through a - !Dharmaro_nTZP !”tegrat?s e pl.JbIIShed pre-trained model _W'th model. Results of fine-tuned model show that predicted values closely recapitulate the (C) GSEA based on measured protein abundance. Using measured
learnable embedding layer. In the decoder, positional encodings are derived from internal fine-tuning, achieving high agreement between predicted tissue-specific clustering pattern of experimental data, verifying that the fine-tuned model protein levels for ranking, the top five enriched pathways were:
the queried protein IDs. The FAVOR+ mechanism enables the model to capture and measured protein levels. retains the feature representation capacity to discriminate between different tissue types. Apoptosis, Hypoxia, mTORC1 Signaling, MYC Targets, and Oxidative
latent long-range dependencies. The model's final output is the predicted _ _ _ (D) High concordance between predictions and ground truth. In a representative Phosphorylation. The overlap between predicted-protein—based and
relative abundances of the target proteins. = Predicted proteomes better reflect protein-level biology than RNA held-_out sample, the fine-tun_ed model reached a Pearson correlation of 0.9457 between measured-protein—-based enrichments is substantial, particularly for
| o | . alone, supported by closer alignment with measured-protein GSEA predicted and observed protein levels. metabolic and growth-related signatures.
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(1] Liu L, Li W, Wang F. et al. A pre-trained large generative model for translating single-cell = We provide an accessible in silico alternative to experimental protein abundances for the held-out cells based on RNA expression. The predictions levels than those derived from RNA expression, indicating that the RNA-
transcriptomes to proteomes. Nature Biomedical Engineering, 2025. proteomics for drug screening. showed high concordance with the measured protein levels across most held-out cells. to-protein prediction better captures underlying biological signals.
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