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 2 

Abstract 33 

Messenger RNA (mRNA) vaccines offer promising therapeutic potential for combating 34 

various diseases, yet their inherent chemical instability hampers long-term efficacy. 35 

Although several methods have been developed to predict mRNA degradation, they 36 

often suffer from limited accuracy and lack the capability for rational codon 37 

optimization. Here, we propose RNASTOP, a novel framework that integrates deep 38 

learning with heuristic search to simultaneously predict and optimize mRNA chemical 39 

stability. RNASTOP achieves a 13% improvement in accuracy over the top-performing 40 

model on the Stanford OpenVaccine competition dataset and demonstrates robust 41 

generalization in predicting full-length mRNA degradation. When applied to mRNA 42 

codon optimization, RNASTOP reduces the minimum free energy of the varicella-43 

zoster virus vaccine sequence by 75.73% while maintaining high translation efficiency. 44 

Overall, RNASTOP serves as a powerful tool for predicting and optimizing mRNA 45 

chemical stability, accelerating the development of mRNA therapeutics. The source 46 

code of RNASTOP is available at https://github.com/xlab-BioAI/RNASTOP. 47 

 48 

KEYWORDS: mRNA; Chemical stability; Codon optimization; Deep learning; 49 

Heuristic search. 50 

 51 

Introduction 52 

Messenger RNA (mRNA)-based therapeutics have emerged as highly promising 53 

medical interventions [1–3], exemplified by the rapid deployment of mRNA vaccines 54 

[4–6]. However, the inherent chemical instability of mRNA poses a significant 55 

limitation to the durability of these therapeutics [7–9]. Hydrolysis within lipid 56 

nanoparticle formulations diminishes the amount of intact mRNA remaining throughout 57 

shipping and storage, while in vivo degradation subsequent to vaccine administration 58 

limits protein synthesis and compromises therapeutic efficacy [2,10]. Developing 59 

mRNA therapeutics with enhanced chemical stability is therefore critical for mitigating 60 

degradation during transit and improving overall clinical efficacy [10–12]. 61 

Codon optimization has proven to be a highly effective strategy for engineering 62 

chemically stable mRNA therapeutics [3,9,13–18]. Current computational optimization 63 

methods generally fall into four categories: traditional statistical approaches, heuristic 64 

search strategies, deep learning-based models, and multi-factor integration tools. 65 
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 3 

Traditional approaches, such as host-preferred codon substitution, replace codons based 66 

on host frequency statistics. However, they prioritize translation efficiency while often 67 

compromising mRNA chemical stability. Heuristic search-based methods, such as 68 

LinearDesign [3], utilize dynamic programming to search for chemically stable 69 

nucleotide sequences by translating key features like minimum free energy (MFE) into 70 

computable scores. Deep learning-based models [17,18] are trained on massive natural 71 

sequences to capture underlying evolutionary information and intricate sequence 72 

patterns, thereby generating novel sequences not found in nature. Multi-factor 73 

integration tools, such as the commercial software OptimumGene (GenScript), perform 74 

global computational optimization by integrating multiple factors, including codon 75 

preference, mRNA secondary structure, and GC content, to generate optimized mRNA 76 

sequences. 77 

Despite significant algorithmic advancements, identifying mRNA sequences with 78 

enhanced chemical stability within the vast synonymous sequence space remains a 79 

formidable challenge [19]. For example, a viral spike protein antigen can be encoded 80 

by approximately 10633 potential mRNA sequences [3]. When utilizing heuristic search 81 

algorithms to navigate this massive sequence space, the mRNA degradation scoring 82 

function becomes crucial, as it dictates the trajectory of the optimization process [3]. A 83 

lower degradation score correlates with enhanced chemical stability [20,21]. However, 84 

current predictive models that serve as these essential scoring functions exhibit limited 85 

accuracy and lack the capability to guide rational codon optimization [9]. Early 86 

predictive models overly simplified the process, postulating that the cleavage 87 

probability of an mRNA linkage is strictly proportional to the unpairing probability of 88 

the 5′ nucleotide [20], neglecting the highly variable local sequence and structural 89 

contexts. Although recent deep learning architectures, such as Nullrecurrent [9] and 90 

RNAdegformer [19], have advanced predictive capabilities, they have not yet enabled 91 

practical sequence design guided by prediction. Therefore, there is an urgent need for 92 

an integrated framework capable of both highly accurate prediction and practical codon 93 

optimization. 94 

In this study, we introduce RNASTOP (Prediction and Optimization of mRNA 95 

chemical STability), a framework that can accurately predict mRNA degradation at both 96 

single-nucleotide and full-length levels and enhance mRNA chemical stability through 97 

codon optimization. On the Stanford OpenVaccine Kaggle (SOVK) competition dataset 98 

[9], RNASTOP achieved a 13% improvement in degradation prediction accuracy over 99 
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 4 

the state-of-the-art model. Furthermore, its robust generalization capability was 100 

validated on an independent dataset of full-length mRNAs [22], where RNASTOP 101 

exhibited the highest correlation with experimental degradation values among all 102 

evaluated models. Crucially, RNASTOP provides biological interpretability by 103 

intrinsically capturing the sequence and structural patterns that govern degradation. 104 

Finally, RNASTOP was applied to optimize BNT-162b2 and varicella-zoster virus 105 

(VZV) mRNA vaccine sequences, successfully reducing their MFE by 20.96% and 106 

75.73%, respectively. Collectively, these findings demonstrate the utility of RNASTOP 107 

in advancing rational vaccine design and mRNA therapeutics. 108 

 109 

Method 110 

Overview of the RNASTOP framework 111 

RNASTOP is a deep learning-based framework designed to accurately predict mRNA 112 

degradation and enhance chemical stability. As illustrated in Figure 1, RNASTOP 113 

primarily consists of an mRNA degradation prediction model (Figure 1A) and an 114 

mRNA codon optimization module (Figure 1B). The mRNA degradation prediction 115 

model primarily comprises three modules: the mRNA feature embedding module, the 116 

dual-branch feature decoupling-and-aggregating network, and the prediction layer. 117 

Specifically, the predictive model integrates nucleic acid large language models (LLMs) 118 

and a structural embedding module to extract multi-source feature embeddings from 119 

mRNA sequences. These embeddings are then processed by a dual-branch feature 120 

decoupling-and-aggregating network for feature fusion. Finally, the fused feature 121 

embeddings are fed into the prediction layer to predict mRNA degradation. The mRNA 122 

codon optimization module couples this predictive model with a beam search algorithm. 123 

It utilizes both the MFE and the codon adaptation index (CAI) as optimization criteria 124 

to concurrently improve mRNA chemical stability and translation efficiency. 125 

 126 

Dataset 127 

Stanford OpenVaccine Kaggle competition dataset 128 

The mRNA sequences utilized in the SOVK competition were sourced from the Eterna 129 

platform [9]. The dataset comprises 3029 mRNA sequences of length 107 nt and 3005 130 

mRNA sequences of length 130 nt. For the 107 nt sequences, the competition organizers 131 

provided nucleotide-level degradation profiles for the first 68 nucleotides under four 132 
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 5 

accelerated degradation conditions, alongside reactivity profiles obtained via the In-133 

line-seq method [22]: deg_pH10, deg_Mg_pH10, deg_50˚C, deg_Mg_50˚C, and 134 

reactivity. For the 130 nt sequences, degradation profiles for the first 102 nucleotides 135 

were provided under two conditions (deg_Mg_pH10, deg_Mg_50˚C) along with 136 

reactivity profiles. To ensure data quality, these 6034 mRNA sequences were filtered 137 

based on three criteria (Note 1 in File S1). Following this screening process, 2218 138 

sequences of length 107 nt and 1172 sequences of length 130 nt were retained. These 139 

3390 high-quality sequences were subsequently partitioned into a training dataset, a 140 

public test dataset, and a private test dataset (Figure S1). 141 

The SOVK competition aimed to develop models capable of accurately predicting 142 

three specific target types: deg_Mg_pH10, deg_Mg_50˚C, and reactivity, given the 143 

mRNA sequences and their secondary structures as inputs (Figure 1A) [9]. Model 144 

performance was evaluated using the Mean Column Root Mean Squared Error 145 

(MCRMSE) across the three target types, defined as: 146 

𝑀𝐶𝑅𝑀𝑆𝐸147 

=
1

𝑁𝑡
∑ √

1

𝑛
∑ (𝑦𝑖𝑗 − 𝑦̂𝑖𝑗)2

𝑛

𝑖=1

𝑁𝑡

𝑗=1

                                                (1) 148 

where 𝑁𝑡 is the number of scoring data types, 𝑛 is the number of nucleotide linkages 149 

in the dataset, 𝑦
𝑖𝑗
 represents the experimental ground-truth value, and 𝑦̂𝑖𝑗 denotes the 150 

predicted value. 151 

 152 

Full-length mRNA dataset 153 

To assess the model’s generalization capability in predicting overall degradation of full-154 

length mRNAs, we utilized an independent dataset comprising 188 mRNAs encoding 155 

four classes of protein targets: a short multi-epitope vaccine, the model protein nano-156 

luciferase (with one class consisting of varied untranslated regions and a second 157 

consisting of varied coding sequences), and enhanced green fluorescent protein [22]. 158 

The overall degradation values for these full-length mRNAs were experimentally 159 

characterized using the PERSIST-seq method. 160 

 161 

The mRNA feature embedding module 162 

The ViennaRNA Package [23] was used to compute the loop type, secondary structure, 163 

and base-pairing probability (BPP) matrix for each mRNA sequence. Secondary 164 
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 6 

structures, represented in “dot-bracket” notation, were subsequently converted into 165 

adjacency and distance matrices (incorporating both first-order and second-order 166 

distances). For sequence embedding, RNASTOP incorporates representations from two 167 

nucleic acid LLMs: RNA-FM [24] and DNABERT [25] (Notes 2–4 in File S1). Loop 168 

types were embedded using a standard PyTorch embedding layer. Additionally, a matrix 169 

embedding module was employed to process the BPP, adjacency, and distance matrices 170 

(Note 5 in File S1). 171 

 172 

The dual-branch feature decoupling-and-aggregating network 173 

The dual-branch feature decoupling-and-aggregating network [26] consists of a feature 174 

decoupling module and a feature aggregating module (Figure 1A). The feature 175 

decoupling module contains a shared encoder and four dual-branch private encoders. 176 

The shared encoder is structured as a stack of four transformer encoder blocks (Figure 177 

1C). Each private encoder consists of a global encoder and a local encoder. The 178 

structure of the global encoders is identical to that of the shared encoder. The local 179 

encoder utilizes Conv1d, BatchNorm1d, ReLU activation, dropout, and 180 

ConvTranspose1d layers (Figure 1C). The feature aggregating module includes a global 181 

feature fusion module, a local feature fusion module, and a multi-feature fusion layer. 182 

The global feature fusion module has the same structure as the shared encoder. The 183 

local feature fusion module and the multi-feature fusion layer both have the same 184 

structure as the local encoder. 185 

 186 

Model training 187 

The RNASTOP model was trained using the Adam optimizer [27] coupled with a cosine 188 

annealing learning rate scheduler. To maximize data utilization and enhance the 189 

diversity of training samples, we retained 811 mRNA sequences (length 107 nt, 190 

SN_filter = 0) that contained noisy labels. Early stopping was implemented to halt 191 

training if model performance on the public test dataset failed to improve for 50 192 

consecutive epochs. Following hyperparameter tuning (Note 6 in File S1; Figure S2), 193 

we selected a learning rate of 4.0×10–4, a batch size of 64, a convolutional kernel size 194 

of 7, a dropout rate of 0.3, an embedding dimension of 128, and 4 transformer encoder 195 

blocks. 196 

 197 

Estimation of overall full-length mRNA degradation and sequence similarity 198 
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 7 

To estimate the overall degradation of full-length mRNAs, we aggregated the single-199 

nucleotide degradation values predicted by RNASTOP into a mean degradation score: 200 

𝑘𝑑𝑒𝑔
𝑚𝑅𝑁𝐴201 

=
∑ 𝑘𝑑𝑒𝑔

𝑖𝐿
𝑖=1

𝐿
                                                                 (2) 202 

where 𝑘𝑑𝑒𝑔
𝑖  is the degradation of nucleotide 𝑖, and 𝐿 is the length of the mRNA. The 203 

model’s performance was assessed by calculating the correlation coefficient between 204 

𝑘𝑑𝑒𝑔
𝑚𝑅𝑁𝐴  and the experimentally measured full-length mRNA degradation values. In 205 

addition, ten alternative strategies for aggregating single-nucleotide predictions were 206 

systematically evaluated (Note 7 in File S1; Figure S3). 207 

Sequence similarity between mRNAs was quantitatively evaluated using a local 208 

sequence alignment approach, formulated as: 209 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦210 

=   
𝑆𝑐𝑜𝑟𝑒𝑙𝑜𝑐𝑎𝑙(𝑠𝑒𝑞1, 𝑠𝑒𝑞2)

max (𝑙𝑒𝑛(𝑠𝑒𝑞1), 𝑙𝑒𝑛(𝑠𝑒𝑞2))
                                      (3) 211 

where 𝑆𝑐𝑜𝑟𝑒𝑙𝑜𝑐𝑎𝑙  represents the optimal local alignment score computed using the 212 

𝑝𝑎𝑖𝑟𝑤𝑖𝑠𝑒2. 𝑎𝑙𝑖𝑔𝑛. 𝑙𝑜𝑐𝑎𝑙𝑥𝑥  algorithm from the Biopython library. Identical 213 

nucleotides at aligned positions were awarded one point, with no penalties applied for 214 

mismatches or gaps. 215 

 216 

The mRNA codon optimization module 217 

RNASTOP employs a beam search algorithm for mRNA codon optimization, which 218 

consists of four main steps (Figure 1B). 219 

 220 

Codon degradation prediction 221 

The predictive model calculates a degradation value for each codon in the sequence. 222 

This value is the sum of the degradation values of the codon’s three constituent 223 

nucleotides. 224 

 225 

Codon degradation ranking 226 

The codons are sorted in descending order based on their degradation values to identify 227 

the top 𝐾 codons most susceptible to degradation. 228 

 229 

Synonymous codon substitution 230 
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 8 

Synonymous mutations are introduced to the top 𝐾  codons to generate mutant 231 

sequences. Because only single-codon mutations are made, each new sequence differs 232 

from its parent by exactly one codon. Mutant sequences that show improved 233 

biophysical properties compared to their parent sequence are retained as candidates. 234 

 235 

Candidate sequence selection and iteration 236 

Candidate sequences are evaluated and ranked based on a comprehensive scoring 237 

function: 238 

𝑠𝑐𝑜𝑟𝑒239 

= −
𝑀𝐹𝐸

𝐿
240 

+ 𝐶𝐴𝐼                                                           (4) 241 

where 𝐿  is the length of the mRNA sequence. The 𝐾  sequences with the highest 242 

scores are selected for the subsequent iteration. This iterative process continues until 243 

the score converges and no further improvement is observed. The sequence with the 244 

highest final score is considered the optimal mRNA design. Following the study by 245 

Huang et al. [3], we set the beam width 𝐾 to 500. Additionally, the performance of a 246 

strictly degradation-based scoring function was also evaluated for comparison (Note 8 247 

in File S1; Figure S4; Table S1). 248 

 249 

Results 250 

RNASTOP is a strong predictor of mRNA degradation 251 

The performance of the RNASTOP model in predicting mRNA degradation at single-252 

nucleotide resolution was evaluated on the SOVK competition dataset, which 253 

comprises both public and private test datasets [9]. In this competition, 1636 teams 254 

submitted 35,806 models, scored using the MCRMSE. Among these models, the 255 

Nullrecurrent model (Figure 2A) ranked first, followed by the Kazuki2 model [9]. The 256 

DegScore model [22] served as the competition’s baseline (Note 9 in File S1). 257 

RNASTOP outperformed all 35,806 models on both the public and private test datasets, 258 

as illustrated in Figure 2B. On the public test dataset, RNASTOP achieved the lowest 259 

MCRMSE of 0.198, outperforming both Nullrecurrent and Kazuki2 (0.228) by 260 

approximately 0.03. More importantly, on the private test dataset, RNASTOP yielded 261 

an MCRMSE of 0.296, representing a 13% improvement over the leading Nullrecurrent 262 

model (0.342). Compared to the baseline DegScore model, the MCRMSE of 263 
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 9 

RNASTOP was 49% and 37% lower on the public and private test datasets, respectively. 264 

Notably, RNASTOP contains approximately 8.5 million trainable parameters, 265 

significantly fewer than the 30 million in Nullrecurrent, further underscoring its 266 

efficiency. Furthermore, runtime analysis demonstrated that RNASTOP achieves a 267 

balance between predictive precision and computational speed (Note 10 in File S1; 268 

Figure S5). 269 

Beyond single-nucleotide evaluation, we assessed RNASTOP’s capability to predict 270 

overall degradation on an independent full-length mRNA dataset [22]. The lengths of 271 

these mRNAs range from 504 to 1588 nt (Figure 2C), nearly tenfold longer than the 272 

SOVK training sequences. As illustrated in Figure 2D, RNASTOP exhibited the highest 273 

correlation with experimentally determined overall degradation values, achieving a 274 

Spearman correlation coefficient of 0.50 (P = 1.7×10-13). The Spearman correlation 275 

coefficients for the Kazuki2 model and the Nullrecurrent model were 0.48 (P = 3.3×10-276 

12) and 0.43 (P = 9.5×10-10), respectively. Notably, all three deep learning models 277 

significantly outperformed ViennaRNA RNAfold v. 2.4.14 [23] (R = 0.25, P = 5.4×10-278 

4), the DegScore linear regression model [22] (R = 0.36, P = 2.9×10-7), and the 279 

DegScore-XGBoost (DegScore-XG) model (R = 0.42, P = 1.8×10-9). These 280 

experimental results underscore RNASTOP’s exceptional ability to accurately predict 281 

the overall degradation of full-length mRNAs and demonstrate its robust generalization 282 

capacity. 283 

 284 

Nucleic acid LLMs and the dual-branch architecture enable robust transfer 285 

learning 286 

The SOVK training dataset comprises 1189 mRNA sequences of 107 nt, whereas the 287 

private test dataset includes 629 sequences of 107 nt and 1172 sequences of 130 nt 288 

(Figure S1). We visualized the sequence distributions of the training dataset and the 289 

private test dataset using t-distributed stochastic neighbor embedding (t-SNE) [28] 290 

(Figure 3A). The visualization revealed that the distribution of the 130-nt private test 291 

sequences significantly diverged from that of the 107-nt training sequences. The lowest 292 

sequence similarity score between the two datasets was 0.2923. Despite this 293 

distributional shift, RNASTOP accurately predicted the degradation values of the 130-294 

nt sequences at single-nucleotide resolution, demonstrating strong transfer learning 295 

capabilities. 296 

To determine whether nucleic acid LLMs underlie this transfer learning performance, 297 
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 10 

we conducted an ablation study evaluating RNASTOP with and without nucleic acid 298 

LLM embeddings across three specific subsets of the 130-nt private test dataset: the 299 

sequence with the highest similarity to the training set, the sequence with the lowest 300 

similarity, and the entire dataset (Figure 3B). Across all three subsets, the nucleic acid 301 

LLM-integrated RNASTOP model demonstrated superior predictive performance. This 302 

advantage was most pronounced in the lowest-similarity subset, where the inclusion of 303 

nucleic acid LLMs reduced the MCRMSE by 0.071 (an improvement 304 

of approximately 20%). These findings confirm that pre-trained nucleic acid LLMs 305 

significantly enhance the transfer learning capabilities of the RNASTOP model.  306 

Additionally, we investigated the contribution of the dual-branch network 307 

architecture by evaluating two ablated models: one retaining only the attention-based 308 

module (RNASTOP_ATT) and another retaining only the convolutional module 309 

(RNASTOP_CNN). As shown in Figure 3C, both ablated models suffered substantial 310 

performance drops on the private test dataset and the full-length mRNA dataset. On the 311 

full-length dataset, the RNASTOP_ATT model exhibited severely degraded 312 

performance in predicting overall degradation. This demonstrates that the dual-branch 313 

architecture is vital for the model’s transfer learning capabilities. 314 

To further explore how the dual-branch network architecture improves model 315 

performance, we utilized the t-SNE technique to visualize the mRNA embeddings 316 

extracted by RNASTOP_ATT, RNASTOP_CNN, and RNASTOP on the SOVK dataset, 317 

as shown in Figure 3D. The embeddings from RNASTOP_ATT and RNASTOP_CNN 318 

occupied distinct regions within the latent space, whereas the full RNASTOP model 319 

successfully integrated both representational spaces. Heatmap visualizations of these 320 

embeddings (Figure 3E and F) revealed that RNASTOP_CNN prioritizes specific local 321 

positional contexts (e.g., positions 20-40 and 70-80), while RNASTOP_ATT captures 322 

global attention across specific embedding dimensions (e.g., dimensions 22, 61, and 323 

103). By concatenating these branches, the full model expands its embedding 324 

dimension from 128 to 256 (Figure 3G). This fused embedding effectively synthesizes 325 

information from both sub-networks, simultaneously capturing local positional motifs 326 

and critical global features. Thus, the dual-branch architecture integrates 327 

complementary feature-extraction perspectives, equipping the RNASTOP model with 328 

robust predictive accuracy and generalization capabilities. 329 

 330 

RNASTOP is capable of capturing sequence and structural patterns governing 331 
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 11 

degradation 332 

To better evaluate RNASTOP’s ability to capture underlying biophysical rules, we 333 

analyzed its predictions on representative mRNA sequences. Figures 4A–E highlight 334 

sequences from the private test dataset that achieved the lowest RMSE for the 335 

deg_Mg_pH10 condition (see Figure S6 for the top 10 sequences). The RNASTOP 336 

predictions closely mirrored the experimental ground truth, successfully identifying 337 

diverse chemical stability patterns. For example, paired nucleotides forming stem 338 

regions are known to exhibit high chemical stability. RNASTOP consistently predicted 339 

low degradation values for these regions (Figure 4C). Furthermore, five-nucleotide 340 

hairpin loops are thermodynamically optimal and highly stable [22]. For the sequence 341 

in Figure 4B, which contains hairpins of 4, 5, and 6 nucleotides, RNASTOP accurately 342 

predicted the lowest degradation value for the 5-nucleotide hairpin. Similarly, 343 

symmetrical internal loops are chemically more stable than asymmetrical ones [22], a 344 

pattern correctly identified by RNASTOP in the sequences shown in Figure 4A and E. 345 

Conversely, Figure 4F and G illustrate sequences with the highest RMSE (see Figure 346 

S7 for the top 10 worst-predicted sequences). The sequence in Figure 4F features an 347 

exceedingly complex secondary structure, with only 130 nucleotides yet comprising 348 

four internal loops, seven stem regions, two hairpin loops, and one bulge, posing a 349 

significant challenge for model prediction. In Figure 4G, the mRNA’s secondary 350 

structure includes longer single strands, with discrepancies between RNASTOP’s 351 

predictions and experimental measurements predominantly occurring in nucleotides on 352 

these single strands. The RNASTOP model tends to predict higher degradation values 353 

for single-stranded nucleotides. These divergences in predicting highly complex 354 

structures (Figure 4F) and extended single-stranded regions (Figure 4G) highlight 355 

current model limitations, which are likely due to insufficient examples of these 356 

structural patterns in the training data. To address these limitations and enhance 357 

prediction accuracy, future improvements will focus on enriching the dataset with such 358 

challenging samples to better capture complex spatial dependencies. 359 

To further investigate whether RNASTOP captures the influence of sequence patterns 360 

on mRNA degradation, we performed validation using 1280 mRNA sequences, with 361 

results illustrated in Figure 4H. Each visualization in Figure 4H represents the average 362 

of normalized degradation values. These 1280 mRNA sequences share the same 363 

secondary structure, differing only in the types of nucleotides in their hairpin loops. 364 

Prior experimental findings have indicated that linkages that lead to a 3′ uridine are 365 
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 12 

particularly prone to degradation [22]. According to the results in Figure 4H, 366 

RNASTOP successfully captures this trend. To delve deeper into whether RNASTOP 367 

discerns the impact of secondary structures on mRNA degradation, validation was 368 

performed on 1000 mRNA sequences, with results shown in Figure 4I. Each 369 

visualization in Figure 4I also represents the average of normalized degradation values. 370 

Symmetrical internal loops are more stable than asymmetrical ones [22], and the results 371 

in Figure 4I suggest that the RNASTOP model also captures this trend. Furthermore, 372 

the quantitative analysis of structural pattern recognition on the public test dataset 373 

confirmed that RNASTOP detects specific secondary structure patterns affecting 374 

mRNA degradation (Note 11 in File S1; Figure S8). 375 

Additionally, we demonstrated that RNASTOP can reveal important features that 376 

affect mRNA degradation using a Leave-One-Feature-Out approach. The results 377 

suggest that mRNA sequences and BPP matrices may be key features affecting mRNA 378 

chemical stability (Note 6 in File S1; Figure S9). 379 

 380 

Optimizing mRNA chemical stability and translation efficiency with RNASTOP 381 

RNASTOP was applied to optimize the BNT-162b2 and VZV glycoprotein E (gE) 382 

mRNA vaccine sequences. Initially, we evaluated two heuristic search algorithms: beam 383 

search and Monte Carlo tree search (MCTS). Preliminary experiments indicated that 384 

beam search was computationally more efficient (Note 12 in File S1; Figures S10 and 385 

S11). Consequently, RNASTOP employed the beam search algorithm for all subsequent 386 

codon optimization tasks. 387 

Given that a lower MFE typically drives RNA into a more compact, secondary 388 

structure-rich conformation that resists in-solution degradation [22], we established 389 

MFE as a primary optimization objective. In addition to MFE, GC content, the 390 

proportion of unpaired nucleotides, and RNASTOP’s overall degradation score serve 391 

as crucial indicators of chemical stability. Furthermore, because mRNA vaccine 392 

efficacy relies on both stability and translation efficiency, we incorporated the CAI as 393 

a co-optimization objective to improve sequence translation efficiency. 394 

The progressive impact of the optimization process on RNA sequence properties is 395 

illustrated in Figure 5A–E, using the widely adopted BNT-162b2 mRNA vaccine [29] 396 

from BioNTech-Pfizer as a baseline. The MFE exhibited a consistent decline 397 

throughout the optimization iterations, dropping from an initial −1265.90 kcal/mol to 398 

−1531.20 kcal/mol. For comparison, the state-of-the-art RNA pre-trained models 399 
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GEMORNA [18] and CodonTransformer [17] achieved MFE values of only −1187.6 400 

kcal/mol and −1338.8 kcal/mol, respectively, while the commercial tool OptimumGene 401 

reached −1252.0 kcal/mol. This highlights RNASTOP’s superiority over existing 402 

methods in optimizing chemical stability. Concurrently, other chemical stability-related 403 

metrics improved: GC content increased from 0.5695 to 0.5852, the unpaired nucleotide 404 

proportion decreased from 0.3967 to 0.3443, and the overall degradation score dropped 405 

from 0.4575 to 0.4345. Crucially, the original BNT-162b2 sequence already possessed 406 

a high CAI of 0.9516, making further enhancement challenging. Nevertheless, 407 

RNASTOP still achieved a slight increase to 0.9556. In contrast, optimization by 408 

GEMORNA, CodonTransformer, and OptimumGene reduced the CAI to 0.8313, 409 

0.8762, and 0.9049, respectively. Notably, although the LinearDesign algorithm 410 

achieved a low MFE of −2547.1 kcal/mol, its CAI decreased to 0.7325. This indicates 411 

that while LinearDesign can rigorously minimize MFE to its theoretical limit, 412 

prioritizing extreme chemical stability often comes at a severe cost to translation 413 

efficiency. These results confirm that RNASTOP achieves a superior and simultaneous 414 

improvement in both chemical stability and translation efficiency. 415 

To validate RNASTOP’s generalizability, we applied it to the wild-type VZV gE 416 

mRNA vaccine sequence. As shown in Figure 5F–J, all evaluated metrics exhibited 417 

improvement. Following RNASTOP optimization, the MFE decreased from −527.4 418 

kcal/mol to −926.8 kcal/mol, and the CAI increased from 0.6687 to 0.8601. 419 

Additionally, the GC content increased from 0.4650 to 0.5907, the unpaired nucleotide 420 

proportion dropped from 0.3858 to 0.2830, and the overall degradation score decreased 421 

from 0.6238 to 0.4380. Overall, RNASTOP enhanced the MFE of the BNT-162b2 and 422 

VZV mRNA vaccines by 20.96% and 75.73%, respectively, and improved their CAI by 423 

0.42% and 28.62%. These findings demonstrate RNASTOP’s robust capability and 424 

broad generalizability in concurrently enhancing RNA sequence chemical stability and 425 

translation efficiency. 426 

We further analyzed the secondary structures of the mRNA sequences before and 427 

after optimization (Figure 6). As shown in Figure 6A and B, the MFE structures exhibit 428 

significant topological changes following RNASTOP optimization. The original 429 

mRNAs (left) exhibit highly branched topologies characterized by numerous single-430 

stranded loops and short, interrupted helices. In contrast, the RNASTOP-optimized 431 

sequences (right) adopt highly compact architectures dominated by extended, 432 

continuous double-stranded stems, as highlighted in the magnified insets. This increase 433 
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in base-pairing density and reduction in structural branching indicate a lower free 434 

energy state, suggesting enhanced chemical stability and potentially higher resistance 435 

to endonucleolytic degradation in vivo.  436 

This macroscopic stabilization is fundamentally driven by a reshaping of the RNA 437 

thermodynamic folding landscape, as evidenced by mountain plots and positional 438 

entropy profiles (Figures 6C and D). For the wild-type sequences (left), the divergence 439 

among the MFE, partition function, and centroid curves implies a complex energy 440 

landscape characterized by multiple competing suboptimal conformations. This 441 

structural ambiguity is further reflected by the widespread high-density spikes in the 442 

positional entropy profiles, indicating significant flexibility at the single-nucleotide 443 

level. Conversely, RNASTOP optimization (right) successfully condenses the folding 444 

trajectory into a single, well-defined global minimum. The near-perfect overlap of the 445 

MFE, partition function, and centroid curves in the optimized mountain plots, coupled 446 

with a reduction in positional entropy, demonstrates that the optimized sequences are 447 

highly deterministic. Overall, these data highlight the robust capability of RNASTOP 448 

to rationally navigate the synonymous sequence space, transforming dynamic, 449 

heterogeneous mRNA sequences into chemically stable vaccine sequences. 450 

 451 

Discussion 452 

In this work, we introduce RNASTOP, a framework that can accurately predict mRNA 453 

degradation and enhance its chemical stability. The meticulously crafted network 454 

architecture empowers RNASTOP to harness the strengths of various underlying neural 455 

network architectures, extracting and fusing feature embeddings of mRNAs from 456 

multiple perspectives, thereby endowing RNASTOP with superior prediction 457 

performance. By integrating nucleic acid LLMs and the dual-branch network 458 

architecture, RNASTOP can predict the degradation of mRNA sequences outside the 459 

distribution of the training dataset, which greatly enhances its practical utility. 460 

Additionally, RNASTOP can capture patterns in sequence and structure that affect 461 

mRNA degradation. This is a critical attribute that not only attests to its high biological 462 

interpretability but also implies that mRNA sequences designed with RNASTOP will 463 

inherently acquire these patterns, conferring enhanced chemical stability. Moreover, we 464 

used RNASTOP to optimize the BNT-162b2 and VZV gE mRNA vaccine sequences, 465 

demonstrating its effective optimization performance and practicality. 466 
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Despite its strengths, RNASTOP has some limitations. While RNASTOP employs a 467 

straightforward yet effective beam search algorithm for mRNA sequence optimization, 468 

various other computational methods have been developed with the growing interest in 469 

mRNA therapeutics [3,14,30–34]. These methods employ diverse strategies such as 470 

deep learning, partition function calculations, and quantum computing to refine mRNA 471 

sequences and enhance their therapeutic efficacy. Furthermore, RNASTOP does not 472 

account for nucleotide modifications, which also impact mRNA chemical stability. 473 

With access to training data on modified nucleotides, RNASTOP could be extended to 474 

predict and optimize the chemical stability of modified mRNAs. 475 

In conclusion, the prediction and optimization of mRNA chemical stability are 476 

pivotal to the development of mRNA therapeutics. Our research offers a novel 477 

framework that can accurately predict mRNA degradation at both single-nucleotide and 478 

full-length levels via deep learning and enhance mRNA chemical stability through 479 

codon optimization. The RNASTOP model could shorten the development time and 480 

reduce the costs associated with developing mRNA therapeutics. 481 

 482 

Code availability 483 

The source code used in this study is available on GitHub (https://github.com/xlab-484 

BioAI/RNASTOP). The code has also been submitted to BioCode at the NGDC, China 485 

National Center for Bioinformation (CNCB) (BioCode: BT007947), which is publicly 486 

accessible at https://ngdc.cncb.ac.cn/biocode/tools/BT007947. 487 
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 596 

Figure legends 597 

Figure 1  Overview of RNASTOP framework 598 

A. Overview of the mRNA degradation prediction model, including the feature 599 

embedding module, the dual-branch feature decoupling-and-aggregating network, and 600 

the prediction layer. B. Overview of the mRNA codon optimization module based on 601 

the mRNA degradation prediction model and beam search. C. Sub-modules of the 602 

mRNA degradation prediction model, including the attention-based neural network, the 603 

convolution-based neural network and the prediction layer. 604 

 605 

Figure 2  RNASTOP achieves accurate prediction of mRNA degradation 606 

A. Simple schematic of the model architecture used by the Nullrecurrent. This model 607 

integrates two sets of features, combining elements of classic recurrent neural networks 608 

and convolutional neural networks. B. RNASTOP’s MCRMSE is lower than that of 609 

state-of-the-art models on both the public and private test datasets of the SOVK 610 

competition. C. Distribution of mRNA length and degradation values on the full-length 611 
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mRNA dataset (n = 188). D. RNASTOP’s prediction results exhibit the highest 612 

correlation with experimentally determined degradation values on the full-length 613 

mRNA dataset (n = 188). 614 

 615 

Figure 3  The nucleic acid large language models and dual-branch network 616 

architecture improve the prediction performance of RNASTOP model 617 

A. mRNA distribution on the training dataset and private test dataset of the SOVK 618 

competition (n = 2990). B. The nucleic acid LLMs improve the transfer learning 619 

performance of RNASTOP. C. The performance of different model architectures on the 620 

SOVK dataset and the full-length mRNA dataset, with MCRMSE serving as the 621 

evaluation metric for the SOVK dataset and the Spearman correlation coefficient for 622 

the full-length mRNA dataset. D. t-SNE visualization of mRNA embeddings extracted 623 

by different model architectures on the SOVK dataset (n = 2000). E.–G. Heatmaps of 624 

mRNA embeddings extracted by the RNASTOP_CNN model (E), RNASTOP_ATT 625 

model (F), and the multi-feature fusion layer (G) on the SOVK dataset (n = 2000). 626 

 627 

Figure 4  RNASTOP is capable of capturing sequence and structure patterns 628 

affecting mRNA degradation 629 

A.–E. Representative structures of the best-predicted mRNA sequences under 630 

degradation conditions at 10 mM Mg2+, pH 10, 1 day, 24°C. Different colors represent 631 

different degradation values after normalization. F. and G. Representative structures of 632 

the worst-predicted mRNA sequences under degradation conditions of 10 mM Mg2+, 633 

pH 10, 1 day, 24°C. H. and I. RNASTOP reveals degradation patterns based on both 634 

sequence (i.e., linkages ending at 3′ uridine are particularly reactive) and structure 635 

(symmetric internal loops, circled, have suppressed hydrolytic degradation compared 636 

to asymmetric internal loops). Different colors represent different degradation values 637 

after normalization. 638 

 639 

Figure 5  RNASTOP is capable of optimizing the mRNA sequences to enhance 640 

their chemical stability and translation efficiency 641 

A.–E. Changes in key metrics during the iterative optimization of the BNT-162b2 642 

mRNA vaccine sequence. F.–J. Corresponding changes for the VZV gE mRNA vaccine 643 

sequence. 644 

 645 
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Figure 6  Secondary structure analysis of mRNA vaccine sequences before and 646 

after optimization 647 

A. Secondary structures of BNT-162b2 (left) and the optimized sequence (right). B. 648 

Secondary structures of VZV gE (left) and the optimized sequence (right). C. Mountain 649 

plots (top) and positional entropy profiles (bottom) for BNT-162b2, comparing the 650 

original (left) and optimized (right) sequences. D. Corresponding plots for the VZV gE 651 

sequences, comparing the original (left) and optimized (right) versions. 652 

 653 
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