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Abstract
mRNA stability is a crucial factor in gene expression regulation
and has significant implications for cellular function and thera-
peutic applications, making it an important area of study. Accu-
rate prediction of mRNA stability can provide insights into the
mechanisms underlying gene regulation and assist in designing
mRNA-based therapeutics with enhanced stability and efficacy.
Here, we developed an mRNA stability prediction model named
Flores, using a foundation model initially pre-trained on the hu-
man transcriptome. The pre-trained model was fine-tuned with a
dataset comprising a compendium of experimentally determined
mRNA sequences and their corresponding half-life values. By
leveraging the extensive information captured in the pre-trained
model and the specific stability data, we aimed to enhance the
model’s ability to accurately predict mRNA half-lives. We ex-
plored the application of Flores in predicting mRNA half-life
using different embedding techniques to handle long sequences.
Despite hypothesizing that the transformer-based Flores would
outperform hybrid convolutional and recurrent deep neural net-
works, the results indicated otherwise. The current state-of-the-
art model, Saluki, performed better, likely due to its effective
incorporation of biological sequence features and absence of in-
put length limitations to process entire sequences without the in-
formation loss associated with embeddings in transformer mod-
els. By directly incorporating crucial mRNA features, Saluki can
capture details that a nucleotide-only strategy might miss, under-
scoring the importance of preserving original sequence informa-
tion and carefully integrating sequence features for optimal per-
formance. Hence, our findings suggest that while transformer-
based models like Flores hold promise, the incorporation of bio-
logical sequences and their features is more critical than merely
using more powerful models.

1 Introduction
The steady-state level of mRNA is influenced by the rate
of transcription and the rate of decay. Significant progress
has been made in predicting steady-state mRNA abun-
dances by focusing on DNA-encoded features that impact
transcription rates. However, less is known about mRNA-
encoded determinants that affect decay rates. Better un-
derstanding mRNA decay rates would enable the design
of more stable and effective mRNA therapeutics. Exper-

imentally, the rate of RNA decay is measured by its half-
life, which is the time required for the RNA concentration
to decrease by half.

Predicting mRNA stability has been studied in the past
[1, 2, 3]. In this work, we focus on comparing our
transformer-based mRNA stability prediciton model, Flo-
res, against the state-of-the-art computational model,
Saluki [4]. Saluki utilizes a hybrid convolutional and re-
current deep neural network architecture to predict mRNA
half-life from three features: spliced mRNA sequences,
an encoding of the first position of each codon, and 5′

splice site junctions. The nucleotide sequence is one-hot
encoded into four input tracks. Additionally, to account
for codon composition, the first position of each codon
in the CDS is encoded as 1, while all other positions, in-
cluding those in the 5′ UTR and 3′ UTR, are encoded as
0. This encoding implicitly differentiates between the 5′

UTR, CDS, and 3′ UTR regions. Furthermore, splicing
sites are annotated by marking each 5′ splice site at the
exon’s 5′ nucleotide with a 1, while all other positions are
encoded as 0.

However, while splice site information is deemed to be an
important feature of the model, this information can only
be easily incorporated for annotated natural transcripts.
When working with synthetic mRNA sequences designed
for vaccines and therapeutics, there would be no splice
site information. Consequently, models like Saluki, which
rely heavily on these annotations, may not perform opti-
mally for synthetic mRNAs. This limitation highlights the
need for a more versatile model that can handle both nat-
ural and synthetic mRNA sequences.

Despite the advancements in models like Saluki, there has
yet to be a large language model (LLM) based mRNA sta-
bility model. In the era of LLMs, models such as the
Transformer have demonstrated their ability to capture
both local and global dependencies in sequences [5]. Ad-
ditionally, the Hyena architecture has shown potential for
significantly increasing context length in sequence models
by combining long convolutions and gating mechanisms
[6]. Moreover, the application of LLMs to biological
data has become a trend for various downstream analyses
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[7, 8, 9, 10]. By moving beyond the constraints of splice
site annotations, transformer models have the potential to
provide more accurate and reliable predictions based on
sequences and other relevant biological information, ulti-
mately improving the design and efficacy of mRNA-based
interventions. We hypothesize that by leveraging the pow-
erful attention mechanisms of transformer models, this
approach can capture complex dependencies and interac-
tions within the mRNA sequence, even in the absence of
explicit splice site information.

To explore whether transformer-based models can outper-
form other deep learning methods such as CNN/RNN in
predicting mRNA stability, we developed an mRNA sta-
bility prediction model named Flores, using a foundation
model initially pre-trained on the hu- man transcriptome
for sequence inputs and compared its performance against
Saluki. By doing so, we aim to assess the effectiveness of
transformer-based models in this domain and identify po-
tential improvements in predicting mRNA stability.

2 Data

2.1 mRNA half-lives data
The mRNA half-life per gene was determined based on stud-
ies collected from Saluki. Gene annotations for protein-coding
genes were derived from Ensembl v83 (hg38 genome).

2.2 Preprocessing
To align with Saluki’s training and testing datasets, we selected
the representative transcript for each gene by choosing the tran-
script with the longest ORF, followed by the longest 5′ UTR,
and then the longest 3′ UTR among all transcripts correspond-
ing to that gene. The half-life values were z-score normalized
by subtracting their respective mean values and dividing by their
standard deviations to standardize the scale (Figure 1).

Figure 1 shows the distribution of mRNA half-life values for
both the training and test datasets. The histogram includes the
original half-life values and their z-score normalized counter-
parts. The purple shaded area represents the distribution of the
original half-life values in the training data, while the light blue
shaded area represents the original half-life values in the test
data. The dark purple shaded area shows the distribution of
the normalized half-life values in the training data, and the dark
blue shaded area shows the normalized half-life values in the test
data.

Upon obtaining 13,663 mRNA transcript sequences, we applied
10-fold cross-validation to those sequences. In each fold, 12,295
sequences were used for training, and 1,368 sequences were
used for testing. This approach ensures that our model is eval-
uated on different subsets of the data, enhancing its generaliz-
ability and robustness. Each fold serves as a validation set once,
while the remaining nine folds are used for training.

Figure 1: Distribution of Original and Z-score Normal-
ized Half-life

3 Methods

3.1 Handling long sequences
The median length of human transcripts is roughly 3000 base
pairs (bp) or more [11]. This poses a challenge for transformer-
based models like Flores, which have a limited input size of 512
tokens. To effectively utilize Flores for these long sequences, we
implemented the following three embedding technique. These
embedding techniques allow us to handle long mRNA transcript
sequences by segmenting them and effectively capturing their
essential features using transformer-based models. The result-
ing vector representations are then used to predict the mRNA
half-life through a neural network model, enabling overcoming
the initial sequence length challenges. All trainings were set to
10 epochs with early stopping. Patience is set to 3, meaning that
training will stop if there is no improvement after three consec-
utive epochs.

1. Mean Pooling: We divided each long mRNA sequence
into several chunks, each within the 512-token limit. For
each chunk, we passed the sequence through Flores and ex-
tracted the hidden states from the last layer. We then com-
puted the average of these hidden states across all chunks.
This method, known as mean pooling, creates a single vec-
tor representation for the entire transcript by averaging the
hidden states of all chunks.

2. [CLS] Token Embedding: We divided the long sequences
into chunks, each within the 512-token limit. For each
chunk, we used the embedding of the [CLS] token from
the last layer. The [CLS] token, which stands for ”classi-
fication” token, is designed to capture the overall context
of the sequence. We either concatenated or averaged the
[CLS] token embeddings from all chunks to form a com-
prehensive vector representation of the transcript.

3. Hierarchical Attention: We divided the long sequences
into smaller chunks. For each chunk, we obtained the hid-
den states from the last layer of Flores. We applied a hier-
archical attention mechanism where:
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• Chunk-Level Attention: Attention weights are
computed for each chunk to highlight the most rele-
vant parts of the transcript.

• Aggregation: These weights are used to combine
the chunk embeddings into a single vector represen-
tation. Hierarchical attention helps capture both lo-
cal and global dependencies in the transcript. This
method is particularly useful for effectively captur-
ing long-range dependencies and structural informa-
tion, which is crucial in our case as RNA structures
far from the 5′ UTR or CDS can potentially affect
mRNA stability.

Each resulting vector representation from these techniques is
then fed into a Multi-Layer Perceptron (MLP) to predict the
mRNA half-life. We validated our model using 10-fold cross-
validation, ensuring that each transcript was used for both train-
ing and validation, thereby providing a robust assessment of the
model’s performance.

3.2 Input sequences
To investigate which parts of the mRNA are most important for
stability, we experimented with four different input sequences:

1. Entire 3′ UTR: The full length of the 3′ UTR was used
as input. The 3′ UTR is known to harbor various regu-
latory motifs and binding sites for RNA-binding proteins,
which can impact mRNA degradation and stability. This
sequence was embedded to create a vector representation
for input to the model.

2. CDS + 3′ UTR: We combined the coding sequence (CDS)
with the 3′ UTR. The CDS can reflect codons and splice
sites, providing the sequence for protein synthesis. Its
interplay with the 3′ UTR may [?]reveal insights into
how coding regions influence mRNA stability through co-
translational and post-transcriptional mechanisms. This
combined sequence was embedded for model input.

3. 5′ UTR + CDS + 3′ UTR: The entire mRNA transcript,
including the 5′ UTR, CDS, and 3′ UTR, was used. The 5′

UTR plays a role in translation initiation, and including it
along with the CDS and 3′ UTR provides a comprehensive
view of how different regions of the mRNA contribute to
overall stability. This entire sequence was also embedded
for model input.

4. Last 512 tokens of the 3′ UTR: We extracted the last 512
base pairs of the 3′ UTR from each mRNA transcript. Un-
like the other methods above, this approach uses the dis-
crete sequences directly without embedding them, preserv-
ing the original information. The advantage of this method
is that it retains the detailed sequence information, which
might be lost during the embedding process. However, a
limitation is that it cannot capture information from se-
quences longer than 512 base pairs.

By testing these different input sequences, we aim to identify the
regions of the mRNA that are most influential in determining its
stability.

4 Results
Table 1 presents the Pearson correlation coefficients (r) and
Spearman’s rank correlation coefficients (rho) for different train-
ing techniques and input sequences used in predicting mRNA
half-life using Flores. The training techniques compared are
Mean Pooling, [CLS] Token Embedding, and Hierarchical At-
tention, with three different learning rates for each method. The
input sequences evaluated include the 3’ UTR, the combination
of the 3’ UTR and CDS, the combination of the 5’ UTR, CDS,
and 3’ UTR, and a method using the last 512 sequences from the
end of the 3’ UTR without embedding.

The table shows that Hierarchical Attention consistently
achieves higher correlation coefficients, particularly with the
combination of 3’ UTR and CDS input sequences, reaching a
Pearson correlation of 0.48 and a Spearman correlation of 0.46
at a learning rate of 2e-4. This indicates its superior ability to
capture relevant features for mRNA half-life prediction. On the
other hand, the Mean Pooling method also performs well, espe-
cially for the 3’ UTR input sequence with a Pearson correlation
of 0.44 and a Spearman correlation of 0.42 at a learning rate of
1e-3. The CLS Token Embedding method shows lower correla-
tion values across different input sequences and learning rates.

Interestingly, the method using 512 sequences from the end of
the 3’ UTR without embedding shows a Pearson correlation of
0.38 and a Spearman correlation of 0.36 at a learning rate of 1e-
5. This suggests that preserving the original sequence informa-
tion can be nearly as effective as using embedding techniques,
emphasizing the potential benefits of using raw sequences di-
rectly for specific mRNA features. The learning rate of 1e-3
didn’t converge, unable to show Pearson (r) and Spearman (rho)
correlation. Overall, the table highlights the effectiveness of Hi-
erarchical Attention for the embedding technique and potentially
suggests that using the original sequence information can be as
effective, highlighting the potential benefits of not embedding
sequences when dealing with specific mRNA features. The cor-
responding scatter plots for Table 1 can be found in Figures 1-4.

Table 2 presents the Pearson (r) correlation coefficients from
an ablation analysis in which Saluki was evaluated after train-
ing it with different combinations of input tracks: sequence
track (S), sequence and coding frame tracks (SC), sequence and
splice site tracks (Ss), and sequence, coding frame, and splice
site tracks (SCs). This analysis helps determine the impact of
each track combination on the model’s performance in predict-
ing mRNA half-life. Saluki utilizes a hybrid convolutional and
recurrent deep neural network architecture to predict mRNA
half-life from spliced mRNA sequences. Unlike transformer
models, Saluki does not have length restrictions and incorpo-
rates key gene structure annotations. The nucleotide sequence
is one-hot encoded into four input tracks. Additionally, to ac-
count for the impact of splicing and codon composition on RNA
stability, binary tracks were added to mark exon junctions and
codon start positions, implicitly labeling the 5’ and 3’ UTRs.
This approach ensures the capture of important mRNA features
that would otherwise require substantial auxiliary training in-
formation. In the table, the combinations of input tracks show
varying degrees of effectiveness, with the sequence track alone
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Input Type Embedding Technique Learning Rate Pearson (r) Spearman (rho)

3’ UTR

Mean Pooling
1e-3 0.44 0.42
2e-4 0.43 0.40
1e-5 0.32 0.30

Hierarchical Attention
1e-3 0.35 0.34
2e-4 0.35 0.33
1e-5 0.22 0.22

CLS
1e-3 0.27 0.25
2e-4 0.27 0.26
1e-5 0.27 0.26

3’ UTR + CDS

Mean Pooling
1e-3 0.39 0.36
2e-4 0.40 0.37
1e-5 0.38 0.36

Hierarchical Attention
1e-3 0.48 0.46
2e-4 0.48 0.46
1e-5 0.30 0.30

CLS
1e-3 0.39 0.36
2e-4 0.40 0.37
1e-5 0.38 0.36

3’ UTR + CDS + 5’ UTR

Mean Pooling
1e-3 0.40 0.38
2e-4 0.39 0.37
1e-5 0.29 0.28

Hierarchical Attention
1e-3 0.46 0.44
2e-4 0.45 0.43
1e-5 0.28 0.27

CLS
1e-3 0.35 0.32
2e-4 0.35 0.33
1e-5 0.10 0.09

Last 512 sequences of the 3’ UTR No embedding
1e-3 0.00 0.00
2e-4 0.31 0.29
1e-5 0.38 0.36

Table 1: Pearson Correlation Coefficients for Different Embedding Techniques and Input Sequences

Pearson (r)
S 0.59

SC 0.68
Ss 0.74

SCs 0.77

Table 2: Pearson Correlation Coefficients for Different In-
put Tracks in Saluki. S: Sequence track, C: Coding frame
tack, s: 5’ splice site track

achieving a Pearson correlation of 0.59, the sequence and coding
frame tracks achieving 0.68, the sequence and splice site tracks
achieving 0.74, and the combination of sequence, coding frame,
and splice site tracks achieving the highest correlation of 0.77.
These results demonstrate the importance of including spatial
positioning of splice sites and codons in improving the accuracy
of mRNA half-life predictions, highlighting the usage of raw se-
quences and feature integration.

5 Discussion
In this study, we explored the application of Flores on predicting
mRNA half life using different embedding techniques to deal
with long sequences. This was done by training pre-trained
model with different range of transcript sequences and their cor-
responding mRNA half life. We hypothesized that transformer-
based Flores would perform better than hybrid convolutional and
recurrent deep neural network. However, Saluki performed bet-
ter, likely due to its effective incorporation of raw sequences
and their features. The hybrid CNN/RNN model’s lack of in-
put length limitations allows it to process entire sequences with-
out the information loss associated with embeddings in trans-
former models. By incorporating crucial mRNA features di-
rectly, the Saluki can capture details that a nucleotide-only strat-
egy might miss, emphasizing the importance of preserving orig-
inal sequence information and carefully incorporating sequence
features to achieve optimal performance.

In future work, we aim to explore embedding techniques for
capturing long sequences without losing information and to in-
tegrate mRNA features to avoid the limitations of a nucleotide-
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only strategy. There is also room to optimize hyperparameters of
the model, such as learning rate and others, to further enhance
performance. Additionally, having a better foundation model
could potentially lead to improved results. For example, pre-
training a Hyena architecture [6] with mRNA sequences, which
can accept up to 1 million tokens, would allow for the reten-
tion of complete sequence information and potentially provide
better performance in predicting mRNA half-life. Alternatively,
we could potentially fine-tune published RNA foundation mod-
els such as BigRNA and RNAernie [12, 13]. Additionally, we
propose the integration of sequence data with other biologically
relevant features that are also able to be extracted from synthetic
mRNAs, such as codon usage patterns and secondary structure
predictions using codon adaptation index (CAI) and minimum
free energy (MFE) of the secondary structure.

Another avenue of improvement is the training data used for the
model. Currently, the training data obtained from Saluki is made
up of an integrated data from multiple experiments with varying
measurement units by using the first principal component (PC1)
values as labels. This approach, while attempting to standard-
ize and harmonize diverse datasets, may introduce certain biases
and obscure specific biological signals due to the inherent vari-
ability in experimental conditions and measurement techniques.
The reliance on PC1 values as a universal label might oversim-
plify the complex nature of mRNA stability, potentially limiting
the model’s ability to accurately predict stability across differ-
ent contexts. Hence, there needs to be discussions of designing
a different training dataset with more relevant conditions and
uniform experimental measurements. Furthermore, the experi-
ments were done a mix of measurement methods that introduce
significant technological and methodological biases [4] but were
combined in the compendium of half lives used for training.
Hence, the labels might not properly reflect the stability behav-
iors. There might be a need for condition specific or experiment
specific predictions for a more accurate design of mRNA se-
quences for healthy patients or otherwise.

For further application, we can potentially use an enhanced ver-
sion of Flores, incorporating the lessons learned, as an oracle
to generate stable synthetic 3’ UTR sequences using generative
models for mRNA vaccine optimization. By utilizing these ad-
vanced models to create optimized mRNA sequences, we can
enhance the stability and efficacy of mRNA-based vaccines,
contributing to more effective and reliable mRNA vaccine de-
velopment.
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Figure 2: Mean pooling on three Sequence Inputs across three learning rates

Figure 3: Hierarchical Attention on three Sequence Inputs across three learning rates
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Figure 4: [CLS] Token Embedding on three Sequence Inputs across three learning rates

Figure 5: 512 sequences from end of 3’ UTR across three different learning rates
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