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Abstract 

Species-specific differences in protein translation can affect the design of protein-based drugs. Consequently, efficient expression of recombinant 
proteins often requires codon optimization. Publicly available optimization tools do not always result in higher expression levels and can lead to 
protein misfolding and reduced expression. Here, we aimed to develop a novel deep learning (DL) tool using a recurrent neural network (RNN) to 
define cell type-dependent codon biases. Using gene expression data from three different tissue types (brain, liver, and muscle) and all secretory 
genes, we trained DL models to predict optimal codon usage. Codon-optimized sequences for test reporter genes exhibited enhanced protein 
expression compared to their original sequences and those optimized using a publicly available tool. Interestingly, DL models trained on genes 
expressed in liver cells (hepatocytes) resulted in the highest le v els of e xpression when tested in vitro , irrespective of the cell type. Our findings 
also demonstrate that DL-based codon optimization algorithms can significantly enhance protein translation, particularly for secretory proteins, 
which are crucial for therapeutic applications. This research represents a novel approach to codon optimization with broader implications for 
protein-based pharmaceuticals, vaccine manufacturing, gene therapy, and other recombinant DNA products. 
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he process of protein translation is dictated by the genetic
ode, a degenerate system of ribonucleic acid bases consist-
ng of 64 unique codons that encode for the 20 standard
mino acids and termination signals. Despite the inherent re-
undancy, selection of codons is nonrandom and codon biases
xist [ 1 ]. This bias is thought to align with the cellular abun-
ance of transfer (t)RNAs that carry the anti-codon sequences
nd are charged with specific amino acids [ 1 , 2 ]. A gene’s
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codon composition can significantly influence protein trans-
lation rates and abundances, and is determined by multiple
factors [ 3–6 ]. There exists a direct link between the frequency
of specific codons in a host organism’s transcriptome and the
expression levels of corresponding tRNAs [ 7 ]. Importantly,
differences in codon use between organisms can influence
the manufacturing of protein-based drugs, where bacterial,
yeast, or mammalian cell expression systems are employed for
large-scale production. There is also a growing need to opti-
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mally express protein-coding genes in different model systems.
Thus, codon optimization has been a key step for cross-species
expression (i.e. protein expression in heterologous hosts) [ 7–
9 ]. Publicly available algorithms exist that claim to optimize
codons to achieve efficient protein translation. However, ex-
cessive dependence on high-frequency codons can result in
protein misfolding and / or formation of insoluble proteins
[ 10 ]. To avoid such outcomes, it is crucial to not just rely on
synonymous codon frequency look-up tables. Furthermore,
these publicly available tools do not seem to always generate
the best optimized sequences. For example, many optimiza-
tion tools will output variations of a queried sequence. These
multiple “optimized” sequences often result in variable lev-
els of expression and may even result in decreases in expres-
sion. Ideally, optimizing codon usage should yield consistent
results with improvements to protein expression. These issues
have raised the level of difficulty for designing optimized se-
quences. One such need exists in the gene therapy field, where
research relies on multiple models to demonstrate safety and
efficacy. 

Gene therapy has been revolutionary for treating a wide
array of genetic diseases [ 11 ]. Despite advancements in the
field, the quest for optimizing transgene cassettes to ensure
safe, effective, and efficient gene delivery is still ongoing. Sub-
therapeutic expression levels in target tissues remains a ma-
jor barrier for gene therapy success. Therefore, many vec-
tor designs have human codon-optimized sequences that are
tested in proof-of-concept studies using cell culture and ani-
mal models. Unfortunately, these may lead to suboptimal ex-
pression in test models, as a result of species-specific codon
usage biases. Many publicly available websites have codon
optimization tools that can produce sequences tailored to spe-
cific species. However, tissue- or cell-type differences adds an-
other degree of complexity. Tissues in the human body play
different roles and have different physiological demands. Not
only do tissues express different sets of genes that differen-
tiate them from others, but genes that are expressed in mul-
tiple tissues may have distinct relative abundances between
cell types. Furthermore, the function of the protein can also
dictate its demands for when and how they are expressed.
For example, secreted proteins are synthesized in the rough
endoplasmic reticulum and transported by the secretory net-
work to the extracellular space [ 12 , 13 ]. These proteins uti-
lize a signal recognition peptide (SRP), which typically spans
15–70 amino acids at the N-terminus of the nascent polypep-
tide chain and facilitate their co-translational targeting to
the ER lumen [ 14 ]. Secreted proteins are tightly regulated by
cellular mechanisms [ 13 ], and irregularities in their expres-
sion have been observed in various pathological conditions
[ 15 ]. 

Codon optimization can also unintentionally result in the
increase of CpG dinucleotides. In mammals, CpG dinu-
cleotides are typically methylated at the fifth carbon of the het-
erocyclic aromatic ring of cytosine. The presence of unmethy-
lated CpG dinucleotides in foreign DNA, including those in
viral vectors, is known to be deleterious. Unmethylated CpG
dinucleotides can be recognized by toll-like receptors, thus ac-
tivating innate immune responses and result in clearing of the
delivered therapeutic gene from the target tissue [ 16–18 ]. 

Given that codon selection is one means of controlling pro-
tein expression, it can be hypothesized that proteins with
high levels of expression utilize optimized codons for effi-
cient translation. Thus, in order to understand codon biases,
one would only need to explore the codons used in highly
expressed proteins. Unfortunately, complete proteome pro- 
files encompassing multiple tissue / cell types are incomplete.
In addition, protein abundance is also controlled by cellular 
mechanisms that can cleave, degrade, or stabilize proteins in 

the cell. An alternative approach is to use messenger RNA 

(mRNA) abundance as a proxy to identify genes that uti- 
lize optimal codons. Whole-transcriptome profiles for many 
tissue / cell types gained from high-throughput RNA sequenc- 
ing (RNA-seq) studies have been published and their data are 
publicly available and easy to access. Furthermore, RNA-seq 

data have been standardized in such a way that transcript 
abundances can be compared across studies. 

Emerging machine-learning strategies, specifically deep 

learning (DL) systems [ 19 ], provide promising opportunities 
and advancements for studying complex systems in biology.
Recurrent neural networks (RNNs), a subset of deep neural 
networks, excel in processing sequential data, making them 

an ideal choice for tasks demanding the comprehension of 
sequential information [ 20 ]. RNNs have the potential to fa- 
cilitate improved synonymous codon selection by identify- 
ing the underlying patterns of synonymous codon usage [ 21 ].
Therefore, in order to address the complexity of codon bi- 
ases, we had two goals: (i) leverage the ability of DL to re- 
veal de novo patterns in codon usage and (ii) provide a proof- 
of-concept DL strategy based on mRNA expression to define 
tissue-dependent codon-optimization rules to increase pro- 
tein expression in target cells. In this work, we have lever- 
aged the power of RNNs to develop novel models that use a 
bidirectional long short-term memory (BiLSTM) architecture.
Known for its ability to process information from both past 
and future sequences, this architecture has enabled us to train 

codon usage models on highly expressed genes found in three 
tissue groups: brain, liver, and muscle. To test the robustness of 
the approach, codon-optimized reporter gene sequences pro- 
duced by DL models trained on tissue / cell transcripts were 
compared with sequences optimized by a commercially avail- 
able and widely used tool in relevant mouse cell lines. Trans- 
genes optimized by our DL-based models conferred higher 
expression in the appropriate cell lines as compared to those 
achieved by the wild-type transgene sequences. Interestingly,
we found that the tissue-dependent codon-optimization mod- 
els did not always yield transgenes that performed the best 
when tested in the corresponding cell types. Nonetheless, all 
of our DL models performed better than sequences optimized 

using the commercial tool. Our findings represent a novel ap- 
proach to codon optimization and a significant advancement 
in the application of DL for sequence optimization, with po- 
tential implications in protein-based pharmaceuticals, vaccine 
manufacturing, gene therapy, and other recombinant DNA 

products. 

Materials and methods 

Reagents 

The following reagents, instruments, and software packages 
were used for related cell culture experiments. Dulbecco’s 
Modified Eagle Medium (DMEM) (Cat #11965, Thermo 

Fisher Scientific, Waltham, MA, USA), fetal bovine serum 

(FBS) (Ca t#A4736201, Thermo Fisher Scientific, Waltham,
MA, USA), penicillin / streptomycin (Cat #15140122, Thermo 

Fisher Scientific, Waltham, MA, USA), insulin-transferrin- 
selenium (ITS) solution (Cat #41-400-045, Thermo Fisher Sci- 
entific, Waltham, MA, USA), dexamethasone (Cat #A13449,
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hermo Fisher Scientific, Waltham, MA, USA), horse serum
Cat #16050122, Thermo Fisher Scientific, Waltham, MA,
SA), bovine insulin (Cat #I0516, Sigma–Aldrich, St. Louis,
O, USA), Lipofectamine 3000 (Cat #L3000015, Thermo

isher Scientific, Waltham, MA, USA), 1 × phosphate-buffered
aline (PBS) (Cat #SH30028.LS, Cytiva, Marlborough, MA,
SA), Trypsin (Cat #25200114, Gibco, Grand Island, NY,
SA), Dual-Luciferase Reporter Assay (Cat #E1980, Promega
orporation, Madison, WI, USA), Leica DMI 6000B inverted
icroscope with a DFC7000 GT camera (Leica Camera AG,
etzlar, Hesse, Germany), Attune™ NxT Acoustic Focus-

ng Cytometer (Thermo Fisher Scientific, USA), BioTek Syn-
rgy HTX multimode plate reader with an automated dis-
enser (Agilent Technologies, Inc., Santa Clara, C A, US A), and
lowJo™ v10.8 Software (BD Life Sciences, USA). 

iological resources 

nhanced green-fluorescent protein (EGFP), firefly luciferase
 FLuc), Gaussia luciferase ( GLuc) , and Renilla luciferase con-
tructs were obtained from the UMass Chan Viral Vector
ore. The following cells were used in this study: The C2C12
yoblasts (ATCC, Manassas, VA, USA), Neuro-2a neurob-

asts (ATCC, Manassas, VA, USA), and AML12 hepatocytes
ATCC, Manassas, VA, USA). 

tatistical analyses 

ata generated from flow cytometry and dual-luciferase as-
ays are shown as mean ± the standard deviation for at
east three independent biological replicates. Statistical analy-
es were performed using either one-way or two-way ANOVA
est in Prism9 (GraphPad Prism Software Inc., USA). P -values
or waterfall plots were determined by Wilcoxon rank-sum
ests. 

ovel programs, software, and algorithms 

ll custom codes and scripts are hosted on deposited the
ode and data to Zenodo ( https:// doi.org/ 10.5281/ zenodo.
4991160 ). 

eb sites / data base referencing 

he brain datasets included bulk RNAseq of P20 mouse
orebrain (GSE171765) [ 22 ], bulk RNAseq of eight-week-
ld mouse cortex (GSE188989) [ 23 ], and bulk RNAs from
0 mouse brains (GSE222464) [ 24 ]. Additionally, an in
itro dataset representing the transcriptome of Neuro2a cells
GSE206057) [ 25 ] was included. For liver, the datasets in-
luded transcripts from isolated hepatocytes (GSE216114)
 26 ], bulk RNAs from P1 mouse livers (GSE201587) [ 27 ],
nd bulk RNAs from 11-week-old mouse livers (GSE140147)
 28 ]. The in vitro dataset GSE209768, representing AML12
epatocyte transcriptome [ 29 ], was also utilized. Muscle
atasets included GSE156496, representing bulk RNAs de-
ected in tibialis anterior (TA) muscle of 4-week-old mice [ 30 ],
SE68915, representing bulk RNAs from gastrocnemius mus-

le of 10-week-old mice [ 31 ], and GSE71679, representing
ulk RNAs from TA muscle of 6-week-old mice [ 32 ]. The in
itro dataset GSE90175, representing transcripts present in
2C12 myocytes [ 33 ] after 60 h of differentiation was also

ncluded. 
The following web-based analytical tools and vi-

ualization programs were used in this study: Gen-
Script’s Rare Codon Analysis Tool ( https://www.
genscript.com/ tools/ rare- codon- analysis ), Clustal Omega
( https:// www.ebi.ac.uk/ jdispatcher/ msa/ clustalo ), Codon
Optimization Tool ( https:// www.genscript.com/ gensmart-
free- gene- codon- optimization.html ), Galaxy (version
3.12.0), ShinyGO (version 0.80), clusterProfiler (ver-
sion 4.0.5) package in Rstudio, Keras API for Ten-
sorFlow ( https:// github.com/ fchollet/ keras ), and Netron
( https:// netron.app/ ). 

Selection of genes and data preprocessing 

Transcript selection (nonmutually exclusive) in our study
specifically focused on genes that are highly expressed in the
brain [ 22–25 ], liver [ 26–29 ], and muscle [ 30–33 ]. “Highly
expressed” genes were defined as transcripts from the top
5%–15% genes of the selected in vivo RNA-seq datasets
( Supplementary File ). Only the genes identified in all datasets
for a particular tissue were considered for final training. No-
tably, expression of the selected genes in RNA-seq datasets
generated in cell lines is weakly correlated with whole-tissue
datasets. Gene names (ENSMUS IDs) and sequences were ac-
quired and gene identifiers (Gene symbols and NCBI RefSeq
accession numbers) were obtained using Galaxy [ 34 ]. From
this set, protein-coding genes were extracted (refseq acces-
sion with NM prefixes) using a custom script. As a crucial
precursor to model training, we implemented a rigorous vali-
dation method with data pre-processing. Initially, we verified
the length of each coding sequence (CDS) region, ensuring it
was divisible by three, a requisite of full-length protein-coding
genes. Once validated, we translated these codons into cor-
responding amino acid sequences based on standard mam-
malian genetic code. Our second validation involved con-
firming that DNA sequences consisted solely of the standard
DNA bases: adenine (A), cytosine (C), guanine (G), or thymine
(T). We mandated that each sequence commenced with the
“A TG” start codon, which encodes for methionine, and ter-
minates with a stop codon (T AA, T AG, or TGA). This work-
flow resulted in 677 brain transcripts, 868 muscle transcripts,
and 904 liver transcripts. Density plots were generated using
ShinyGO [ 35 ]. Dot plots for GO term enrichment were gen-
erated using the clusterProfiler package in Rstudio [ 36 ]. 

Sequence training pipeline 

For our analysis, we utilized a robust training dataset com-
prised of 2449 genes, divided in an ∼85:10:5 ratio for train-
ing, evaluation, and prediction, respectively. A fixed split strat-
egy is designed to ensure that the prediction set remains inde-
pendent and is exclusively reserved for evaluating the model’s
generalization performance [ 37 , 38 ]. The 85% subset of genes
was further split into 80% for training the model and 20% for
testing it. A set of 126 genes (35 brain genes, 45 liver genes,
and 46 muscle genes) served as benchmark references and was
used for validation. To ensure consistency, the data underwent
a series of pre-processing steps, including tokenization and se-
quence padding. These steps were implemented to ensure that
all sequences within our dataset had uniform lengths, facili-
tating effective training and analysis. 

• Sequence tokenization 

N-paired DNA and amino acid (AA) sequences defined the
dataset { ( DN A i , A A i ) } for i = 1 to N. Each DNA sequence
DN A i consists of a nucleotide sequence of length L i [ 39 ]. 

https://doi.org/10.5281/zenodo.14991160
https://www.genscript.com/tools/rare-codon-analysis
https://www.ebi.ac.uk/jdispatcher/msa/clustalo
https://www.genscript.com/gensmart-free-gene-codon-optimization.html
https://github.com/fchollet/keras
https://netron.app/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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Because a codon is a sequence of three nucleotides, we tok-
enized DN A i into a sequence of L i / 3 nonoverlapping codons,
where each codon c j is mapped to a unique word in a DNA
vocabulary V DNA 

. 

DN A i = 

(
c 1 , c 2 , · · · , c L i / 3 

)

Each codon is an element of the DNA sequence: c j ∈ V DNA 

,
where | V DNA 

| is the DNA vocabulary size. This allows us
to represent DN A i as a sequence of word indices: DN A i =
( w 1 , w 2 , · · · , w L i / 3 ) , where w t ∈ { 1 , 2 , · · · , | V DNA 

| } . 
We applied the same procedure to each AA sequence A A i

of length M i , tokenizing it into a sequence of M i residues, with
each residue r l mapped to a unique word in the AA vocabulary
 AA 

: 

A A i = 

(
r 1 , r 2 , · · · , r M i 

)

Each r l ∈ V AA 

, where | V AA 

| is the AA vocabulary size. 
This yields A A i = ( z 1 , z 2 , · · · , z M i ) , where z t ∈

{ 1 , 2 , · · · , | V AA 

| } . 
The tokenizers used for sequence-token conversions were

also stored for applying the models to predict codon-
optimized sequences. Model performance evaluations were
carried out by assessing their accuracy, a metric used to mea-
sure the model’s predictive capabilities. 

• Sequence padding 

To enable batch processing, we padded each DNA and AA
sequence with zero vectors to a maximum length N [ 40 ]: 

If L i / 3 < N , the padded DNA sequence is: DN A 

′ 
i =

( w 1 , w 2 , · · · , w L i / 3 , 0 , 0 , · · · , 0 ) 
If M i < N, the padded AA sequence is: AA 

′ 
i =

( z 1 , z 2 , · · · , z M i , 0 , 0 , · · · , 0 ) where, DNA 

′ 
i and A A i are

the padded sequences of length N . 

• Sequence embedding 

We mapped each discrete word index to a D -dimensional
dense vector representation via an embedding matrices [ 41 ].
E DNA 

∈ R 

| V DNA |×D and E AA 

∈ R 

| V AA |×D : 

x t = E DNA 

[ w t ] , y t = E AA 

[ z t ] 

Yielding embedded inputs, x ∈ R 

N×D and y ∈ R 

N×D . 
In our model, sequence embedding is achieved through a

matrix initialized in the first layer of the network. Each codon
(or amino acid) is mapped to a dense vector representation in
a D -dimensional space, where D = 128. The embedding ma-
trix is randomly initialized at the start of training, with each
row representing a codon (or amino acid) and each column
corresponding to one of the embedding dimensions. Embed-
dings are refined during training through backpropagation, al-
lowing the model to capture meaningful relationships between
codons or amino acids based on the patterns in the training
data. This approach facilitates the generation of optimized se-
quences that enhance translation efficiency. 

• Recurrent neural netw or k 

The architecture of each RNN model was constructed us-
ing the Keras API for TensorFlow ( https:// github.com/ fchollet/
keras ). Key components of this architecture included an em-
bedding layer of input sequences x that are processed by a
two-layer bidirectional gated recurrent unit (GRU) with H
hidden units [ 42 ]. We assume that the output from the first
layer is the input to the second layer. 
• Forward GRU 

The update and the reset gates are respectively computed 

as: 

z f t = σ
(
W z f x t + U z f h t−1 + b z f 

)

r f t = σ
(
W r f x t + U r f h t−1 + b r f 

)

Then, the hidden state is updated: 

h f t = z f t � h f t−1 + 

(
1 − z f t 

) � ̂ h f t 

where � denotes element-wise multiplication, and : 

̂ h f t = tanh 

(
W h f x t + U h f 

(
r f t � h t−1 

) + b h f 
)

• Backward GRU 

Similarly for the backward pass, the update and reset gates 
are respectively: 

z bt = σ
(
W zb x t + U zb h t+1 + b zb 

)

r bt = σ
(
W rb x t + U rb h t+1 + b rb 

)

And the hidden state is updated: 

h bt = z bt � h bt+1 + ( 1 − z bt ) � ̂ h bt 

where: 

̂ h bt = tanh 

(
W hb x t + U hb 

(
r bt � h t+1 

) + b hb 
)

We concatenated the forward and backward hidden states 
to obtain our final hidden representation at each timestep: 

h t = 

[
h f t , h bt 

]

A dropout layer was incorporated to mitigate overfitting 
during the training phase if the validation loss failed to de- 
crease for five consecutive epochs ( Supplementary Fig. S3 ). 

The training procedure was executed in batches of 16 sam- 
ples per batch across ten epochs. To prevent overfitting, we 
terminated the training process. To determine the theoretical 
maximum accuracy (TMA) value for each training data set 
[ 38 ], we developed a customized script for the reported calcu- 
lations. Briefly, the codon with the highest frequency in the 
dataset was identified for each amino acid. We then calcu- 
lated the proportion of each amino acid relative to the total 
number of amino acids in the dataset. The frequency of the 
most common codon for each amino acid was multiplied by 
the frequency of the amino acid itself. These values were then 

summed for all amino acids to obtain the final TMA. 

• Prediction and optimization 

A time-distributed dense layer, which was applied at each 

timestep independently, predicted the DNA sequence from the 
hidden states [ 43 ]: 

p 

(
y t | h t 

) = softmax 

(
W h t + b 

)

The model was trained to minimize the sparse categori- 
cal cross entropy between predicted and true DNA sequences 
across all timesteps. 

https://github.com/fchollet/keras
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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odel architecture 

e employed tissue-specific sequential neural network mod-
ls for our analyses. Although the core architecture remains
he same across all three tissues (brain, liver, and muscle), the
odels differ in the length of sequences they process. Each
odel consists of five key layers: (i) embedding layer, trans-

orms integer-encoded vocabulary into fixed-size dense vec-
ors; (ii) bidirectional LSTM layer, captures both forward and
ackward sequence dependencies; (iii) time-distributed dense
ayer (first), prepares the sequence for the final classification
ayer; (iv) dropout layer, prevents overfitting by randomly set-
ing a fraction of input units to 0 during training; and (v) time-
istributed dense layer (second), outputs a multi-class classifi-
ation for each time step in the sequence. 

rain-specific model 
mbedding layer: (none, 3054, 128), 2816 parameters 
Bidirectional LSTM layer: (none, 3054, 32), 14 016 param-

ters 
Time-distributed dense layer (first): (none, 3054, 128), 4224

arameters 
Dropout layer: (none, 3054, 128), 0 parameters 
Time-distributed dense layer (second): (None, 3054, 65),

385 parameters 

iver-specific model 
mbedding layer: (none, 4546, 128), 2816 parameters 
Bidirectional LSTM layer: (none, 4546, 32), 14 016 param-

ters 
Time-distributed dense layer (first): (none, 4546, 128),

 224 parameters 
Dropout layer: (none, 4546, 128), 0 parameters 
Time-distributed dense layer (second): (none, 4546, 65),

385 parameters 

uscle-specific model 
mbedding Layer: (None, 8033, 128), 2816 parameters 
Bidirectional LSTM Layer: (None, 8033, 32), 14 016 pa-

ameters 
Time-distributed dense layer (First): (None, 8033, 128),

224 parameters 
Dropout layer: (None, 8033, 128), 0 parameters 
Time-distributed dense layer (Second): (None, 8033, 65),

385 parameters 
All three tissue-specific models have the same number of

rainable parameters (29 441). This is because they share an
dentical layer architecture and configurations, differing only
n the sequence lengths they are designed to process. The uni-
ormity in parameter count ensures a consistent computa-
ional complexity across models, facilitating a more straight-
orward comparison of their performances. 

niform random choice and background frequency 

hoice 

or the uniform random choice (URC) approach [ 37 ], a sim-
le lookup table was employed that mapped amino acids to
heir corresponding codons ( Supplementary Table S1 ). This
able contains a list of amino acids and their correspond-
ng codons. The URC algorithm randomly selects a codon
hat corresponds to that amino acid from the lookup table
ithout any consideration of frequency or context. The back-
round frequency choice (BFC) approach uses a more com-
plex lookup table that specifies the amino acids and their as-
sociated codons [ 37 ], along with probabilities indicating the
frequency of occurrence for each codon in Mus musculus
( Supplementary Table S2 ). 

Metrics evaluations 

Codon adaptation index (CAI), codon frequency distribu-
tion (CFD), directional codon bias score (DCBS), weighted
sum of relative entropy ( E W 

), maximum-likelihood codon bias
(MCB), frequency of optimal codons (FOP), and effective
number of codon pairs (ENcp) were calculated using Gen-
Script’s Rare Codon Analysis tool. The CpG dinucleotide con-
tent was calculated using a custom script. Alignments were
performed using Clustal Omega [ 44 , 45 ]. 

Of note, CAI requires a reference codon usage table to
calculate relative adaptiveness values for each codon. In this
study, we used the GenScript Rare Codon Analysis Tool [ 46 ]
to calculate CAI values, selecting Mus musculus as the ref-
erence organism. This approach ensured that all CAI calcu-
lations were based on a single codon usage table, and thus,
a consistent basis for evaluating sequences optimized by our
DL models, wild-type sequences, and those optimized by other
platforms. 

Plasmid constructs 

The EGFP and FLuc constructs have been described previ-
ously [ 47 , 48 ]. The GenScript-optimized sequences for EGFP
and FLuc were optimized using the Codon Optimization tool
[ 49 ]. Brain-, liver-, and muscle-optimized sequences were gen-
erated using the described DL models. The modified EGFP
and FLuc sequences were cloned downstream of the chicken
β-actin ( CB ) promoter in the pAAV- CB6 plasmid using stan-
dard molecular cloning methods. 

Cell culture and plasmid transfections 

Mouse skeletal myoblasts (C2C12) and mouse neuroblasts
(Neuro-2a) were maintained in DMEM supplemented with
10% FBS and 1% penicillin / streptomycin in a humidified in-
cubator at 37 

◦C in 5% CO 2 . Mouse hepatocytes (AML12)
were cultured in DMEM:F12 medium supplemented with
10% FBS, 1 × ITS solution, 40 ng / ml dexamethasone, and 1%
penicillin / streptomycin in a humidified incubator at 37 

◦C in
5% CO 2 . For C2C12 differentiation, cells at > 70% conflu-
ency were switched to DMEM medium supplemented with
2% horse serum and 2 μg / ml of bovine insulin. For transfec-
tions, 2.0E + 4 cells per well were seeded in 24-well plates and
allowed to attach. Cells were transfected using Lipofectamine
3000 following the manufacturer’s recommended protocol in
triplicate or quadruplicate with plasmids containing the orig-
inal or codon-optimized sequences. For FLuc plasmids, cells
were co-transfected with a Renilla luciferase spike-in reference
plasmid. For GLuc plasmids, cells were co-transfected with an
Fluc plasmid spike-in reference. 

Quantification of EGFP expression by 

epifluorescence microscopy and flow cytometry 

analysis 

Cells transfected with the EGFP constructs were imaged 48 h
post-transfection using Leica DMI 6000B inverted microscope
with a DFC7000 GT camera. Cells were then washed with 1 ×
PBS, trypsinized, and collected in 1 ml of ice-cold PBS. EGFP

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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expression was quantified by counting at least 10 000 events
in biological quadruplicate using a Attune ™ NxT Acoustic Fo-
cusing Cytometer. Acquired data was analyzed using FlowJo 

™

software. The percentage of EGFP-positive cells and mean flu-
orescence intensity (MFI) was calculated and reported. 

Quantification of FLuc expression by 

dual-luciferase reporter assay 

Culture media were removed from cells collected 48 h post-
transfection. 100 μl of passive lysis buffer was added to all
wells, and lysis was performed for 30 min on a rocker at
room temperature. Lysates were homogenized and collected
in 1.5 ml of Eppendorf tubes. 20 μl of lysate from each sam-
ple was used for analysis using the Dual-Luciferase Reporter
Assay kit, according to manufacturer’s recommended proce-
dures, and read on a BioTek Synergy HTX multimode plate
reader with an automated dispenser. Relative firefly luciferase
activity was reported as percentage normalized to Renilla lu-
ciferase activity. 

For dual-luciferase assays to evaluate expression of GLuc,
cells were harvested 48 h post-transfection with either wild-
type or different codon-optimized GLuc versions. 200 μl of
conditioned media was collected from all wells, and 20 μl of
sample was used directly to assay GLuc expression. Residual
media was removed from these plates, and 100 μl passive lysis
buffer was added after a gentle PBS wash. Twenty microliters
of the lysate collected was used to assay for FLuc control.
Protocol recommended by the manufacturer (Promega) was
followed. Readouts were normalized and reported as relative
luciferase activity. 

Results 

Selection of RNA-seq data and analyses of 
tissue-defined transcripts 

Genome-wide expression at the transcript and protein lev-
els has been shown to be influenced by a variety of fac-
tors at the post-transcriptional and post-translational levels
[ 50 ]. These factors may affect overall protein abundances at
the steady state. Numerous studies have explored the corre-
lation between transcript levels and protein in vivo and in
vitro [ 50–55 ]. While there is a lack of perfect correlation be-
tween mRNA expression and protein levels in vitro , there ex-
ists a relatively higher correlation for highly expressed genes
[ 50 , 54 , 55 ]. Based on these observations, we reasoned that
whole-transcriptomics data can be used as a proxy for highly
expressed proteins. This rationale is also bolstered by the
widespread availability and ease of generating transcript ex-
pression data as compared to proteomics-based expression
studies. For this proof-of-concept study, we selected to focus
our model training on transcriptomics data from three diverse
tissue types: brain, liver, and muscle. In addition, we chose to
focus our analysis on mouse transcripts, since immortalized
mouse cell lines representing the three cell types are easy to
work with and are readily available for validating our model-
trained codon optimized transgenes. 

Publicly deposited RNA-seq datasets were acquired from
the National Center for Biotechnology Information (NCBI)
Gene Expression Omnibus (GEO) database. Brain, liver, and
muscle datasets included both in vivo and in vitro samples
from mice at various developmental stages and differentiated
cell lines. In our selection of datasets, each tissue type was rep-
resented by three in vivo and one in vitro RNA-seq dataset.
The in vitro datasets were derived from Neuro2a, AML12,
and C2C12 cell lines, corresponding to neurons (brain), hep- 
atocytes (liver), and myocytes (muscle), respectively. For each 

tissue set, the highest expressed genes common between the 
four datasets were considered ( Supplementary File ). 

The brain dataset comprised of 507 unique genes, the liver 
dataset consisted of 593 unique genes, and the dataset for 
muscle comprised of 602 unique genes (Fig. 1 A). Interestingly,
59 genes were common to all three tissue groups. Excluding 
these 59 genes, 174 were shared between liver and muscle 
transcripts, making up 29.34% and 28.91% of their respec- 
tive gene lists. In contrast, 42 genes were shared between brain 

and liver, and 69 genes were shared between brain and muscle 
(Fig. 1 A). These data suggested that the transcriptional profile 
of liver and muscle tissues had more in common with one an- 
other than with transcripts abundantly found in brain tissues.

We next characterized the CDSs of genes that were selected 

for model training from each tissue (brain, liver, and muscle) 
( Supplementary File ). There exists a negative correlation be- 
tween sequence length and expression levels (i.e . genes that 
are highly expressed tend to be shorter in length) [ 56 ]. Indeed,
density plots revealed a shift toward shorter CDS lengths in 

the selected highly expressed brain, liver, and muscle genes 
compared to the lengths of all genes (Fig. 1 B). We also ob- 
served an increased shift in the density plots of transcript 
guanine / cytosine (GC) content among the selected genes com- 
pared to those found in all genes. These data suggest that the 
nucleic acid sequences of genes highly abundant in the brain,
liver, and muscle are shorter and GC-rich. 

We next asked whether the highly expressed genes in the 
three tissue types had specific ontological functions. We per- 
formed independent gene ontology (GO) enrichment analyses 
with the brain genes, liver genes, and muscle genes. The top 

ontologies defined by the brain and muscle genes were those 
related to energy metabolism, including processes such as mi- 
tochondrial organization, electron transport chain, cellular 
respiration, and ATP metabolic processes ( Supplementary Fig. 
S1 A). In contrast, the top ontologies for the liver genes were 
related to various metabolic and catabolic processes, particu- 
larly involving small molecules, fatty acids, and organic acids 
( Supplementary Fig. S1 A). 

It was previously described that codons for high abun- 
dance genes tend to end in guanine or cytosine (G / C), whereas 
codons of low abundance genes tend to end in adenine or 
thymine (A / T) [ 57 , 58 ]. This phenomenon was attributed to 

genes involved in cellular proliferation, which are usually en- 
riched with A / T-ending codons, while genes involved in differ- 
entiation use G / C-ending codons [ 49 ]. To better understand 

codon usage patterns with regard to A / T- or G / C-ending 
codons, we examined the genes we selected for model train- 
ing. We found that all three sets of selected genes predomi- 
nantly use a higher frequency of codons ending with G / C (Fig.
1 C). This trend was statistically significant, suggesting that the 
translation of tissue-specific genes favors G / C-ending codons.

DL model training 

To construct a model capable of identifying the optimal DNA 

sequence for a given protein, we followed a structured pipeline 
( Supplementary Fig. S2 ). Separate RNNs were created and 

trained for the brain, liver, and muscle tissues using selected 

mouse transcripts. The training process began with data col- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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Figure 1. Comparative analyses of the selected highly expressed tissue-derived mouse genes for DL training. ( A ) A Venn diagram showing the overlap 
between brain, liver, and muscle genes. ( B ) Density plots representing CDS length (in base pairs, bp) and GC content (%). The y -axes represent the 
length of CDSs (bp) or %GC content. ( C ) Waterfall plots of the mean frequency of G / C-ending codons (blue bars) and A / T-ending codons (red bars) 
among the sets of training genes. P- values were determined by Wilcoxon rank sum test. 
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ection, where matched DNA and amino acid sequences were
athered from the top expressed genes in each tissue type. In
he data preparation phase, the datasets were split into train-
ng, evaluation, and testing subsets to ensure a comprehensive
nd balanced approach for model development and valida-
ion ( Supplementary File ). For the brain dataset, a total of 677
equences were divided into 575 for training, 67 for evalua-
ion, and 35 for testing. Similarly, the liver dataset, comprising
68 sequences, was split into 737 for training, 86 for evalu-
tion, and 45 for testing. The muscle dataset contained 904
equences, divided into 768 for training, 90 for evaluation,
nd 46 for testing. During data preprocessing, these subsets
ere processed into FASTA sequences and prepared as .json
les for analysis and training. Tokenization and format con-
ersion were performed to create a machine-readable dataset.
his systematic division ensured that each model was trained,
valuated, and tested on distinct yet representative sets of se-
uences, enabling robust performance assessment and valida-
ion across tissue types. Model development was centered on
 DL architecture, represented by a trained bidirectional GRU
BiGRU) network, which serves as the computational back-
one of the codon optimization tool. The model takes amino
cid sequences as input and generates nucleotide sequences
ptimized for the codon biases of the host genome. To im-
rove generalization and prevent overfitting, techniques such
as early stopping and dropout were applied during the train-
ing phase. Metrics evaluation and benchmarking steps are de-
scribed below. 

Model evaluation and theoretical maximum 

accuracy 

Upon completion of the training, each model showcased
distinct characteristics. Due to redundancy within the ge-
netic code, the training led to moderate levels of accuracy
( Supplementary Fig. S3 ). Specifically, the brain, liver, and mus-
cle models achieved accuracy scores of 0.517, 0.535, and
0.533 after nine epochs, respectively. This outcome can be ex-
plained by the fact that even when the model selects a suitable
codon that accurately translates to the given amino acid, it is
still considered a misclassification unless it matches the exact
codon present in the original DNA sequence. To define the
baseline for evaluating model performance, we calculated the
TMA, which represents the highest achievable accuracy when
selecting the most frequently used codon for each amino acid
in the dataset. The TMA values for the complete datasets were
0.4808 for liver, 0.4725 for muscle, and 0.4804 for brain. Ex-
ceeding the TMA indicates that our models were not solely re-
lying on high-frequency codons, but were able to capture nu-
anced relationships within codon sequences. For example, the

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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brain, liver, and muscle models demonstrated improvements
over the TMA by 7.62%, 11.28%, and 12.81%, respectively.
This finding highlights the models’ ability to leverage codon–
context relationships, validating the effectiveness of the train-
ing approach. 

Evaluation of codon-optimized sequences with DL 

models 

The effectiveness of the model-optimized genes were com-
pared with four sequence sets: the wild-type gene sequences,
sequences obtained by URC, BFC [ 37 ], and codon optimiza-
tion with a publicly available tool from GenScript. To eval-
uate the optimized sequences, we employed several estab-
lished indices. The first and primary metric for model eval-
uation was CAI [ 59 ], which assesses how closely the codon
usage of the gene sequence matches those of other highly
expressed genes in the training set. Our DL models outper-
formed both wild-type and GenScript-optimized sequences,
with brain-optimized sequences showing a 3.6% CAI increase
and muscle-optimized sequences achieving a 7.5% improve-
ment (Fig. 2 A), while those produced by the Genscript tool
and BFC showed nonsignificant changes. URC performed the
worst across tissues. 

Our study goals emphasized the impact of low-frequency
codons (defined as those with < 30% usage in the host
genome) on translation efficiency [ 37 ]. Codons below this
threshold are classified as rare and can adversely affect
translation by causing ribosomal stalling or slower transla-
tion rates. Reducing the percentage of rare CFD is there-
fore critical. Using CFD as an additional evaluation met-
ric [ 37 ], we found that our DL models significantly reduced
CFD compared to other approaches (Fig. 2 B). For exam-
ple, the brain-optimized model achieved a 50% reduction
( P < 0.001), while the muscle-optimized model showed a
60% reduction. In contrast, sequences generated by Gen-
Script showed no significant changes. These findings highlight
the superior performance of our tissue-optimization models
in enhancing codon usage and potentially improving protein
expression. 

CpG dinucleotide and overall GC content 

A critical, yet often overlooked facet of codon optimization is
the propensity to increase the G / C base content within an op-
timized sequence. High GC content can contribute to mRNA
stability and efficient protein translation [ 60 , 61 ]. The optimal
GC-content for recombinant genes is commonly recognized to
fall within the 30%–70% range. Any deviation from this inter-
val can negatively impact the rate of transcription and trans-
lation. However, the GC content of a sequence can also im-
pact DNA stability and the abundance of CpG dinucleotides.
For therapeutic applications, CpG content is an important pa-
rameter to consider when designing DNA-based biomedicines
[ 62 , 63 ]. Our DL models yielded sequences with a small but
significant increase in GC content within this range (Fig. 2 C).
In contrast, sequences obtained from the GenScript-optimized
and BFC method did not result in any significant changes in
GC content. The URC model led to a reduction in GC per-
centage across all benchmark genes. Unexpectedly, our DL
models consistently decreased CpG dinucleotide frequencies
(Fig. 2 D). 
Evaluation of nonuniform codon usage of predicted 

benchmark gene sequences 

We next evaluated the performance of the DL models for 
nonuniform codon usage by analyzing the DCBSs [ 64 ]. This 
metric evaluates codon representation in mRNA sequences 
and is beneficial for understanding how specific codons are 
favored or disfavored in a gene. DCBS values can be 1 or 
greater. Higher values indicate preferential use of certain syn- 
onymous codons rather than an equal distribution. We also 

quantified the deviation of observed codon frequencies from 

expected uniform distributions using weighted sum of relative 
entropy ( E W 

) [ 65 ]. E W 

can be useful for identifying patterns 
of nonuniform codons in a gene, highlighting regions where 
certain codons are preferred or avoided. We showed that the 
E W 

values obtained by the DL models reduced entropy signif- 
icantly compared to other methods, demonstrating a prefer- 
ence for nonuniform codon usage (Fig. 2 F). 

Additionally, we evaluated the performance of the DL mod- 
els by MCB [ 66 ]. MCB tests codon bias by calculating the 
probability of observing the specific frequencies of codons in 

a gene, considering variations in how often different codons 
are used and the overall base composition. High MCB val- 
ues indicate specific codon preferences, while low values sug- 
gest a more even distribution of codon usage. We found that 
MCB values were four to five times higher in DL-optimized 

sequences than wild-type or GenScript-optimized sequences 
(Fig. 2 G). 

To further assess improvements in codon usage frequen- 
cies, we measured the FOP used as measured against an or- 
ganism’s tRNA availability [ 67 , 68 ]; in this case, mouse tR- 
NAs. Large FOP values indicate a higher usage of codons that 
are attributed to abundantly expressed tRNAs, which benefits 
translation efficiency and high protein expression levels. FOP 

values were highest for DL models, with the brain-optimized 

model achieving a mean FOP of 0.73 compared to 0.47 for 
wild-type and 0.44 for GenScript (Fig. 2 H). 

Another important aspect of codon usage for efficient pro- 
tein translation are tandemly linked codons. It has been shown 

previously that codon optimization and protein translation 

can be substantially improved by considering optimization 

of codons as pairs [ 69 ]. One metric that evaluates this fea- 
ture is known as the ENcp [ 70 ]. ENcp quantifies the bias in 

codon pair usage by comparing the observed frequency of 
codon pairs to the expected frequency by random pairing.
A lower ENcp value indicates a higher bias toward specific 
codon pairs. ENcp values range from 20 (representing maxi- 
mum bias) to 61 (indicating no bias of synonymous codon pair 
usage). ENcp values for DL models were significantly lower 
( ∼21–22), and close to the ideal value of 20 (Fig. 2 I). In con- 
trast, GenScript and URC sequences showed increased ENcp 

values. These results demonstrate improved codon pair bias by 
DL-based codon optimization with the potential of enhanced 

translational efficiency. 

DL models reveal distinct codon optimization 

patterns across all tissues 

Visualization with a t-distributed stochastic neighbor embed- 
ding (t-SNE) plot illustrates the clustering of sequences be- 
tween the wild-type benchmark genes and their sequences af- 
ter codon optimization (Fig. 2 J). Of note, these genes were 
specifically selected to test the performance of the DL models 
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Figure 2. Performance evaluation of wild-type and codon-optimized sequences. Tissue-related genes were specifically selected for evaluating model 
performance (benchmark genes) and are exclusive from the training dataset. ( A–I ) Scatter plots of wild-type sequences; codon-optimized sequences 
based on DL models trained on brain transcripts (Brain-opt, red), liver transcripts (Liver-opt, cyan), and muscle transcripts (Muscle-opt, green); GenScript 
optimization (GS-opt, brown); URC; and BFC for the percentage improvement (+) or loss (-) in CAI scores (A), scatter plots of rare CFD (B), percent GC 

content for wild-type and codon-optimized sequences (C) , the number of CpG dinucleotides (D), DCBS (E), weighted sum of relative entropy ( E W 

) (F), 
MCB scores (G), FOP (H), and ENcp (I). Mean values ± SD are also shown. * P < 0.05, ** P < 0.01, *** P < 0.001. ( J ) t-SNE visualization of sequences 
from different optimization strategies: tissue-dependent DL and GenScript optimized (GS). W ild-t ype sequences (WT), are also included. Axes labeled as 
“Dimension 1” and “Dimension 2,” represent the two principal components resulting from the dimensionality reduction of high-dimensional codon 
usage data. These dimensions do not correspond to specific biological variables but are instead derived from the algorithm to best separate the data 
points in two dimensions. 
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for generating tissue-dependent codon optimization patterns
and were not included in the training dataset, ensuring an un-
biased evaluation of model performance ( Supplementary File ).
Notably, DL model-based optimization resulted in distinct
clustering, which suggests that our DL models employ a
unique optimization strategy and is markedly different from
traditional methods like those used by GenScript. This distinct
clustering implies that the DL model may be capturing specific
codon usage patterns tailored to each tissue, potentially lead-
ing to more efficient protein expression or increased stability.
The observed separation in the t-SNE plot highlights the abil-
ity of our DL models to specify codon optimization rules while
considering tissue-dependent nuances. 

DL models identify G / C-ending codon biases 

across tissue types 

As discussed before, the selected tissue-related gene sets exhib-
ited a prominent preference for G / C-ending codons across the
three tissue types (Fig. 1 C). We wanted to evaluate if a simi-
lar codon usage preference existed for the benchmark gene
sequences after DL optimization. It is worth noting that the
wild-type sequences for the training and benchmark genes
used all 61 codons (Figs. 1 C and 3 A–C). We observed that
the GenScript-optimized benchmark genes continued to use
all 61 available codons. In contrast, sequences predicted by
our DL models showed an overall decrease in the number
of codons used. To elaborate, the brain- and liver-optimized
DL models used only 45 codons, while the muscle-optimized
DL model used only 44 codons. The decreased preference for
codon usage is not equally represented by A / T- and G / C-
ending codons. Excluding the termination codons, there are
a total of 31 G / C-ending and 30 A / T-ending codons. While
most G / C-ending codons were retained and used at a higher
mean frequency, this was not the case for A / T-ending codons
(Fig. 3 A–C). We observe that the preferred codon for all de-
generate amino acids ended in G / C. A key finding from this
analysis showed that our DL models tended to avoid certain
codons entirely. For example, leucine is known to have six
degenerate codons, four of which were completely excluded
from sequences predicted by our DL models. The remaining
two codons were CTC and CTG, both of which end in G / C. 

Valine also showed a similar trend, where only two of its
four codons were preferred by our DL models. These two
codons end in G / C while the unused two end in A / T. This re-
sult indicates a novel and previously unknown pattern learned
by our DL models from highly expressed transcripts. 

Evaluation of DL models using reporter genes 

To test the robustness of our DL-based models, we sub-
jected two standard cellular reporter genes that are frequently
used in basic and preclinical research to codon optimization:
FLuc and Egfp . These reporter genes were subjected to the
three tissue-trained DL models to produce codon-optimized
sequences. The GenScript-optimized versions of both reporter
genes were also generated for comparison. As mentioned
above, we observed that the GenScript codon optimization
tool produces multiple “optimized” sequences for the same
gene. Thus, using GenScript’s optimizer tool, we generated
two codon-optimized sequences for each of the said reporter
genes and used them as controls to evaluate translation effi-
ciency as compared to wild-type sequences and those gener-
ated by our DL models. 
To validate our approach, we first ascertained the similari- 
ties between the wild-type (or original) sequences and the dif- 
ferent optimized versions (Fig. 4 A and B, and Supplementary 
Figs. S4 and S5 ). We found that the FLuc sequences predicted 

using our DL models and those generated by GenScript op- 
timization were highly divergent from wild-type FLuc , with 

only 75%–77% similarity (Fig. 4 A and Supplementary Fig. 
S4 ). In contrast, for Egfp , the DL-optimized sequences showed 

87% similarity to the original sequence, while the GenScript- 
optimized Egfp sequences displayed only 80% similarity (Fig.
4 B and Supplementary Fig. S5 ). The brain-, liver-, and muscle- 
optimized sequences for both FLuc and Egfp genes had simi- 
larity values exceeding 92%, when compared with each other.
Interestingly, the two GenScript-optimized FLuc sequences 
only shared a similarity of 77% (Fig. 4 A). Similarly, the two 

GenScript-optimized Egfp sequences had a similarity of 82% 

(Fig. 4 B). These results demonstrate the variability of output 
sequences by the GenScript tool. 

The CAI values for the DL-optimized FLuc sequences 
were substantially greater than those of the wild-type and 

GenScript-optimized sequences (Fig. 4 C). Similarly, their GC 

contents were also higher. For Egfp , the DL models produced 

sequences with CAI values that were similar to the original 
sequence (Fig. 4 D). Importantly, our DL models generated 

sequences with superior CAIs compared to the GenScript- 
optimized sequences. The GC contents of the DL-optimized 

Egfp sequences were slightly lower than the original sequence 
and marginally higher than those of the GenScript-optimized 

sequences (Fig. 4 D). The GC contents for all of the optimized 

FLuc and Egfp sequences were within the desired 30%–70% 

range. As mentioned previously, a surprising finding was that 
the DL-trained models produced sequences with a marked de- 
crease in CpG dinucleotide content when tested on the bench- 
mark genes (Fig. 2 D). We found that the DL-optimized ver- 
sions of the FLuc and Egfp reporter genes also exhibited a 
substantial reduction in CpG dinucleotides as compared to 

their wild-type / original counterparts (Fig. 4 C and D). No- 
tably, our algorithms were able to better decrease the number 
of CpG dinucleotides than the GenScript codon-optimization 

tool was able to achieve. The reduction in FLuc CpGs ranged 

from ∼7- to 16-fold, while the reduction for Egfp , was be- 
tween 15- and 60-fold (Fig. 4 C and D). Despite causing only 
marginal changes to the overall GC content of the reporter 
genes, DL optimization resulted in a substantial reduction in 

CpG dinucleotides. 
We next performed a comparison of codon preferences 

among the FLuc and Egfp sequences generated by our DL 

models, the wild-type / original sequences, and the GenScript- 
optimized sequences (Fig. 4 E and F). The most striking obser- 
vation was that the GenScript-optimized sequences showed 

less bias for specific codons for many amino acids. For exam- 
ple, in the DL-optimized sequences, the amino acids leucine,
lysine, and valine, which are typically represented by 4–6 

codons, are dominated by a single codon (CTG, AAG, and 

GTG, respectively), while the GenScript-optimized sequences 
showed a more evenly distributed usage of the codons encod- 
ing for these three amino acids. There were also codons that 
were consistently favored across all DL models. This observa- 
tion was similar to what was documented for the benchmark 

genes (Fig. 3 A–C). Moreover, our analysis also revealed dif- 
ferences in codon preference for certain amino acids among 
the three DL models, supporting the notion that codon us- 
age biases may exist between tissues. For instance, there was a 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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Figure 3. Comparative analysis of G / C- or A / T-ending codons used between wild-type and codon-optimized benchmark gene sequences. Waterfall plots 
of the mean frequencies of G / C-ending codons (blue bars) and A / T-ending codons (red bars) among the brain ( A ), liver ( B ), and muscle ( C ) benchmark 
gene sequences obtained before and after codon-optimization using tissue-dependent DL models or GenScript tool. P -values were determined by 
Wilco x on rank sum tests. 
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tronger preference for ACA to encode threonine in the brain-
rained model, while ACC was the codon of preference in liver-
nd muscle-trained DL models (Fig. 4 E and F). This finding in-
icates that not only can the DL models optimize for codon
sage but can also identify tissue-related codon preferences. 

valuation of DL- optimized rep orter genes in 

ouse cell lines 

he elevated CAI values and increased GC content of the
L-optimized Egfp and FLuc genes suggested that these se-
uences should be expressed at higher levels. We therefore
et out to test whether the optimizations conferred tissue-
ependent improvements to protein expression, since the DL-
ptimizations were trained on transcripts that were highly ex-
ressed in three separate tissue types (brain, liver, and muscle).
onstructs expressing wild-type FLuc or its various codon-
ptimized versions were transfected into mouse cell lines
epresenting brain (Neuro-2a, neuroblasts), liver (AML12,
epatocytes), and muscle (C2C12, myoblasts) tissues. Rela-
ive luciferase activities conferred by the brain-optimized se-
quence were > 3-fold higher than those achieved by the orig-
inal sequence in neuroblasts (Fig. 5 A); the liver-optimized se-
quence exhibited 8-fold higher activity in hepatocytes (Fig.
5 B); and muscle-optimized sequence displayed a 7-fold higher
activity in undifferentiated myoblasts (Fig. 5 C), and in dif-
ferentiated myotubes (Fig. 5 D). Interestingly, while all DL-
optimized sequences displayed increased expression as com-
pared to wild-type; the liver-optimized sequence produced
the highest increase in luciferase expression across all cell
types. The muscle-optimized sequence also showed an ∼5-
fold increase in Neuro-2a and AML12 cells (Fig. 5 A and
B). Strikingly, the GenScript-optimized sequence did not in-
crease expression over the original sequence in any cell lines
(Fig. 5 A–D). 

We also performed transfections of DL-optimized Egfp
constructs in Neuro2a, AML12, and C2C12 cells, and ana-
lyzed EGFP expression by epifluorescence and flow cytom-
etry (Fig. 5 E–H). It should be noted that the transfection
efficiencies were high in Neuro-2A cells (60%–70%) and
lower in AML12 and C2C12 cells (10%–20%) (Fig. 5 E
and Supplementary Fig. S6 A–C). The brain-optimized Egfp 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data


12 Ravi et al. 

Figure 4. Comparative analyses of reporter gene sequences following codon optimization. ( A and B ) Heatmap display of DNA sequence similarity 
betw een codon-optimiz ed Egfp (A) or FLuc (B) reporter gene sequences through DL models, wild-type / original sequences, and codon-optimiz ed b y the 
GenScript (GS) tool. ( C and D ) Histograms of CAI values, GC content, and CpG dinucleotides f or codon-optimiz ed FLuc (C) or Egfp (D) sequences. ( E and 
F ) Heatmap of codon preferences between optimized FLuc (E) or Egfp (F). 
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Figure 5. Quantification of codon-optimized reporter genes. ( A–D ) Histograms showing relative luciferase activity from Neuro-2a (neuroblasts) (A), 
AML12 (hepatocytes) (B), C2C12 (m y oblasts) (C), and differentiated C2C12 (dC2C12, m y otubes) (D) transfected with the wild-type FLuc construct, 
codon-optimized constructs obtained from DL models trained with brain, liver, and muscle genes, or optimized by the GenScript (GS) algorithm. Values 
represent normalized luciferase activities scaled to wild-type levels set to 100. ( E ) Representative epifluorescence microscopy images of transfected 
cells (scale bar: 10 μm). Neuro-2a (top row), AML12 (middle row), or C2C12 (bottom row) cells were transfected with the original Egfp construct, 
DL-based codon-optimized constructs, or optimized by the GenScript algorithm. ( F –H ) Cells were subjected to flow cytometry analyses and evaluated for 
MFI. Histograms showing the detection of EGFP fluorescence for Neuro2a (F), AML12 (G), and C2C12 (H). n = 3; > 10 0 0 0 e v ents counted. All 
histograms show mean values ± SD; * P < 0.05, ** P < 0.01, *** P < 0.001. 
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onstruct conferred the highest level of fluorescence in neu-
oblasts (Fig. 5 E and F). Similarly, the liver-optimized Egfp
onstruct showed the highest expression in AML12 hep-
tocytes (Fig. 5 E and G). In C2C12 cells, all versions of
he DL-optimized Egfp constructs performed comparably
o each other but were significantly higher than the origi-
al sequence or GenScript-optimized Egfp versions (Fig. 5 E
nd H). Flow cytometry analyses showed that in neurob-
asts, the fluorescence intensity from cells transfected with the
rain-optimized Egfp construct was > 3.5-fold greater than
ells transfected with the original Egfp sequence and 6-fold
reater than what was achieved by either of the GenScript-
ptimized sequences (Fig. 5 F). Similarly, the expression con-
ferred by the liver-optimized Egfp sequence in AML12s was
higher than the expression levels generated by the original
or GenScript-optimized sequences (Fig. 5 G). Quantification
from biological replicates revealed a 30% increase in expres-
sion by liver-optimized Egfp over that of the original Egfp
sequence (Fig. 5 G). In the case of C2C12 myoblasts, expres-
sion of the muscle-optimized Egfp construct was compara-
ble among all of the DL-optimized constructs but ∼ 2.5-fold
higher than the original or GenScript-optimized sequences
(Fig. 5 H). The overall percentage of GFP+ cells were not dras-
tically affected in any of the transfection groups, except in one
condition (brain-optimized and Supplementary Fig. S6 C), in-
dicating that the increases in fluorescence was largely due to

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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higher amounts of EGFP protein in the transfected cells and
not necessarily due to differences in transfection efficiencies
across test groups. A higher percentage of GFP+ cells in the
one outlier condition for C2C12 cells transfected with the
brain-opt EGFP did not translate to higher MFI values and
may be attributed to higher viability among those samples
( Supplementary Fig. S6 C). 

Model training using secretome genes 

One useful application of our methodology is the optimiza-
tion of genes encoding secreted proteins. Since secreted pro-
teins do not necessarily require cell-type specific targeting,
like blood clotting factors (factor VIII or factor IX), insulin,
and α-antitrypsin 1, many therapeutic approaches can enlist
organs or cell types that are easily transduced by gene therapy
vehicles [ 71–74 ]. We therefore aimed to determine whether
generating a DL-codon optimization model to specifically im-
prove codon usage for secreted protein products would yield
better expression. In order to achieve this goal, we trained
an algorithm using curated gene lists from The Human Pro-
tein Atlas [ 75–77 ], incorporating data from the human secre-
tome ( Supplementary File ). Orthologous mouse genes were
also identified, and their extracellular localization was con-
firmed using the Uniprot database [ 78 ]. A total of 1555 hu-
man and 1319 mouse genes were selected for DL model train-
ing and validation as described before. The gene lists were ran-
domly split into training, testing, and validation lists. Standard
loss and accuracy metrics for the training process were gener-
ated ( Supplementary Fig. S7 ). This evaluation showed that the
human and mouse secretome-defined models achieved an ac-
curacy of 0.5523 and 0.5464, respectively. The human model
achieved a training loss of 0.0803 (14.75% improvement,
TMA = 0.4813), while the mouse model reached a training
loss of 0.0893 (15.91% improvement, TMA = 0.4714), indi-
cating that the models are learning fine nuanced features dur-
ing training. 

Evaluation of codon optimization indices generated
by human and mouse secretome DL models 

We evaluated the human and mouse secretome DL models
on a set of benchmark genes ( Supplementary File ), compar-
ing wild-type sequences and those optimized by URC, BFC,
and GenScript. Both models significantly improved CAI val-
ues (17% and 19%, respectively) compared to wild-type.
Other models, including GenScript’s, showed no improvement
or loss in CAI (Fig. 6 A). Similarly, CFD values were signif-
icantly reduced in sequences obtained from our DL models,
while others showed no reduction or increase (Fig. 6 B). Our
models slightly increased %GC content (Fig. 6 C). Notably,
CpG dinucleotide frequencies significantly decreased in DL-
optimized sequences. In contrast, the URC and BFC model,
yielded sequences with increased CpG content, and the Gen-
Script model yielded no significant change in mean values (Fig.
6 D). These outcomes reflect our models’ ability to mimic nat-
ural transcripts by limiting CpG content. Other metrics also
confirmed superior optimization by the DL models. DCBS
values were enhanced and E W 

scores reduced, indicating im-
proved codon usage patterns (Fig. 6 E and F). The MCB and
FOP metrics were significantly higher for DL models, demon-
strating better codon adaptation (Fig. 6 G and H). ENcp values
for DL models indicated greater codon pair specificity, while
GenScript and URC sequences showed less optimal codon pair
usage (Fig. 6 I). These results highlight the superior perfor- 
mance of our DL models in optimizing codon usage for human 

and mouse secretome genes. 
The DL-optimized sequences also formed a separate cluster 

away from the wild-type and GenScript-optimized sequences 
by t-SNE plots (Fig. 6 J). This result indicated that DL opti- 
mization effectively captured codon usage patterns that were 
unique from those generated by the GenScript tool and those 
found in the wild-type sequences. 

Genes encoding secreted proteins from the human and 

mouse also displayed a bias toward G / C-ending codons 
( Supplementary Fig. S8 A and B). Resulting sequences ob- 
tained from the DL models showed an even stronger bias,
while those obtained from the GenScript tool showed a drop 

in G / C-ending codon bias, as indicated by the increase in P - 
values ( Supplementary Fig. S8 C and D). We also observed an 

overall increase in mean frequencies of G / C-ending codons 
for the human and mouse DL models. The overall number 
of codons used in human and mouse DL model-predicted se- 
quences decreased to 45 and 44, respectively, while the wild- 
type and GenScript-generated sequences continued to utilize 
all 61 codons ( Supplementary Fig. S8 C and D). 

Model evaluation using a secreted reporter gene 

In order to test the functionality of our secretome DL mod- 
els, we selected to use the secreted reporter Gaussia luciferase 
( GLuc ). We generated wild-type and codon-optimized se- 
quences for GLuc using our human and mouse secretome 
DL models. Codon-optimized sequences generated from Gen- 
Script’s tool were again used for comparative evaluation. To 

test the secretome-optimized GLuc sequences, we first com- 
pared the similarities between the original sequences with 

the optimized versions ( Supplementary Figs S9 A and S10 ).
The DL models produced GLuc sequences with 87%–89% 

similarity to the wild-type sequence, while the GenScript- 
optimized version showed ∼80% similarity. The CAI val- 
ues for the DL-optimized GLuc sequences were higher than 

those of the original and GenScript-optimized sequences 
( Supplementary Fig. S9 B). The GC contents of the DL- 
optimized sequences were also higher, but they exhibited a 
significant reduction in CpG dinucleotides compared to the 
wild-type sequence ( Supplementary Fig. S9 B). In contrast, the 
GenScript-optimized GLuc sequence showed an ∼2-fold in- 
crease in CpG dinucleotide content ( Supplementary Fig. S9 B).

We next performed a codon preference analysis on the 
GLuc sequences ( Supplementary Fig. S9 C). The DL-optimized 

sequences showed strong biases for specific codons, whereas 
the GenScript-optimized sequences displayed a more general- 
ized usage of synonymous codons. We also observed that the 
two secretory DL models (human versus mouse) displayed dis- 
tinct codon usage for certain amino acids such as glutamic 
acid (Glu) and isoleucine (Ile). This result shows that the DL- 
based models were able to learn differences from the mRNA 

sequences encoding orthologous genes from two divergent 
species. 

In vitro evaluation of DL-optimized secretory 

reporter gene 

Mouse and human cell lines were transfected to evaluate 
the performance of wild-type and various codon-optimized 

versions of the GLuc transgene. We also generated codon- 
optimized GLuc sequences using our tissue-dependent DL 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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Figure 6. Performance evaluation of wild-type and codon-optimized genes encoding secreted proteins. Gene sequences representing secretory proteins 
were specifically selected for evaluating model performance and are exclusive from the training dataset. ( A–J ) Scatter plots of wild-type sequences; 
codon-optimized sequences based on DL models trained on human (orange) and mouse (magenta) genes encoding secreted proteins; GenScript 
optimization (GS-opt, brown); URC; and BFC for the percentage improvement (+) or loss ( −) in CAI scores (A), scatter plots of rare CFD (B), %GC 

content for wild-type and codon-optimized sequences (C) , the number of CpG dinucleotides (D), DCBSs (E), weighted sum of relative entropy ( E W 

) (F), 
MCB scores (G), FOP (H), and ENcp (I). Mean values ± SD are also shown. * P < 0.05, ** P < 0.01, *** P < 0.001. (J) t-SNE visualization of sequences 
from different optimization strategies: DL models trained on human and mouse secretome genes (DL) and GenScript optimized (GS). W ild-t ype 
sequences (WT) are also included. Axes labeled as “Dimension 1” and “Dimension 2” represent the two principal components resulting from the 
dimensionality reduction of high-dimensional codon usage data. These dimensions do not correspond to specific biological variables but are instead 
derived from the algorithm to best separate the data points in two dimensions. 



16 Ravi et al. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

models to determine whether codon optimization based on
the secretome versus tissue enrichment yields differences in
protein expression. Dual-luciferase assays across multiple
cell lines show that sequences generated by both general
and secretome-specific DL models were able to achieve sig-
nificant improvement in GLuc expression as compared to
the wild-type construct ( Supplementary Fig. S9 D). Interest-
ingly, we also observed improvements from constructs encod-
ing GLuc sequences optimized by GenScript in HeLa cells.
However, the performance of human and mouse secretome-
optimized, and brain- and liver-optimized GLuc versions im-
proved across several cell lines ( Supplementary Fig. S9 D). In
fact, mouse secretome- and liver-optimized GLuc showed a
30- and 40-fold increase in GLuc expression in HeLa cells
as compared to their wild-type counterpart. All optimized
GLuc sequences obtained by DL models, with the excep-
tion of the muscle-optimized model showed expression levels
that were higher than those of the GenScript-optimized se-
quence, which again demonstrates that DL-based algorithms
trained on mRNA expression data alone are capable of gen-
erating codon-optimized transgenes with increased protein
expression. 

Discussion 

Deciphering codon usage patterns holds immense value. Pre-
cisely modulating codon usage facilitates improved protein
translation rates, minimizes the occurrence of translation er-
rors, and maximizes the expression of therapeutic genes. In
this study, DL models were formulated to examine transcripts
that are highly expressed in different tissues. The strategy was
specifically chosen based on the hypothesis that the highest
expressing transcripts are evolutionarily optimized for protein
translation, and thus, would select the most optimal codons.
The aim was to decipher complex sequential patterns hidden
in highly expressed transcripts across three tissue types: brain,
liver, and muscle. Unlike traditional algorithms that explicitly
utilize known parameters, DL can acquire knowledge implic-
itly through the analysis of sequence patterns within a training
dataset to harness hidden biological phenomena. This proof-
of-concept evaluation encompassed sufficient data and an ef-
fective architecture of neural layers. It is worth noting that
other research groups have employed neural networks to un-
derstand and forecast codon usage in relation to distributions
of ribosome density or protein expression [ 37 , 79 ]. However,
the availability for this type of data is scant for diverse tissue
types, whereas whole transcriptome data are widely available.

The sequences optimized using DL models displayed sig-
nificant differences from sequences produced by GenScript’s
codon optimization algorithm, which served as a proxy for
commercially available codon optimization tools. There are
several that are available, some of which produce multiple se-
quences when prompted to optimize the same sequence. We
observed that the codon distributions were more dispersed
with the GenScript algorithm, which may partially explain the
variety in sequence outputs that are generated from a single
gene. Nevertheless, the substantial enhancements in CAI val-
ues suggest at the effectiveness of our approach. By surpass-
ing the performance of a commercially available algorithm,
our study highlights the potential of DL models to enhance
gene expression and optimize codon usage; thus, contribut-
ing to the advancement of gene design and synthetic biology
applications. 
There are other DL methodologies that have resulted in 

models that can encapsulate the intricate sequential arrange- 
ments found within DNA sequences. Nevertheless, the distin- 
guishing characteristic of our DL methodology implemented 

here lies in its unsupervised framework. These models do not 
rely on prior encoding of sequences into codon boxes or spec- 
ifying a particular range for pattern observations [ 79–81 ]. In- 
stead, it gains implicit understanding from sequence patterns 
spread across entire gene lists, which can be performed on 

genes that are expressed in specified tissues. 
In this study, we explicitly restricted our study to train- 

ing our DL models on highly expressed genes of Mus mus- 
culus . However, the DL methodology employed here can be 
extended to other species, organs, tissues, and cell types. One 
of our goals was to determine whether training a DL model 
on different tissues or cell types could reveal codon usage rules 
that were optimized for corresponding tissues. However, we 
observed that the liver-optimized FLuc sequence turned out 
to be the most robust, even in neuronal and muscle cells (Fig.
5 A–D). The robustness of the liver-optimized model could be 
attributed to certain genes. In the case of Egfp , the optimiza- 
tions did not result in consistently high expression across all 
cell types. Nevertheless, our findings hint at a methodology 
for developing superior codon-optimized genes that are far 
superior to conventional tools. Furthermore, the study hints 
at tissue differences in synonymous codon biases. Still, this 
work did not support our hypothesis that the DL models could 

design codon-optimized sequences that are tissue-dependent.
The reason for these results is unclear. One possible explana- 
tion is that there is a potential overlap in codon-usage rules for 
proteins expressed in the different tissues. The differences and 

overlaps in training gene sets (Fig. 1 A) and their gene ontolo- 
gies ( Supplementary Fig. S1 A) may also confer overlapping 
tissue-independent expression in nonrepresentative cell lines.
Further investigation of these features is warranted in order 
to explain differences in tissue-specific codon usage rules. Ex- 
ploration into additional tissue types may reveal further dis- 
tinctions and unknowns in mechanisms that underpin efficient 
protein translation. 

Some limitations to our work are related to the relatively 
few genes used for training. The training algorithm is likely 
to be influenced by the cutoff thresholds applied to the gene 
lists during training. In addition, this investigation only used a 
single-split method (random selection of genes used for train- 
ing, evaluation, and testing at a relative 85:10:5 split) [ 37 , 38 ].
Given the low number of training genes used, this approach 

will undoubtedly lead to inherent biases that are defined by the 
selection of the random genes. We did not perform multiple 
independent training runs with different random splits. Incor- 
porating K-fold cross-validation and hyperparameter tuning 
would also lead to improved robustness and confidence of the 
approach. Nevertheless, each resulting model trained on three 
different datasets defined by brain, liver, and muscle tran- 
scripts yielded better expression than the original sequences 
and those generated by publicly available codon-optimization 

tools. This achievement gives us confidence that our approach 

can be repeated with improved outcomes. 
An unintended, but important, finding was that our DL 

models were able to improve CAI values, while reducing CpG 

dinucleotides. This finding is significant because unmethylated 

CpG dinucleotides can trigger innate immune responses in 

the host cell. This is a critical consideration in DNA-based 

gene therapy platforms. The ability to reduce immunogenic- 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf233#supplementary-data
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ty, while maintaining optimal codon usage demonstrates the
uperior performance of the DL models compared to commer-
ial tools. Therefore, our study provides an invaluable tool for
esearchers in the gene therapy field, offering essential guid-
nce for the design and development of optimized gene deliv-
ry systems and therapeutic interventions. 

Our methodology can also be potentially applied to im-
roving transgene cassettes with specific cellular functions. We
ave shown that DL models trained on a smaller subset of
ranscripts that encode secreted proteins were able to iden-
ify subtle and nuanced patterns in their cDNAs. Our analysis
lso revealed differences in orthologous genes between human
nd mouse, supporting the notion of species-specific codon us-
ge preferences. These findings highlight the potential for us-
ng DL approaches to help design optimal transgene cassettes
or explicit cellular functions and can potentially offer in-
ights into the basic biology of protein translation and mRNA
tability. 
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