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Abstract

Recombinant protein expression is a fundamental tool in modern
molecular biology. By expressing engineered or non-native
proteins in host cells (such as yeast or bacteria), scientists can
transform the cells into biofactories capable of manufacturing
therapeutics, industrial chemicals, and more. However, to do
so, genes coding for these proteins must be carefully designed
to ensure they can be robustly expressed in the host cells. One
barrier includes species-specific codon biases, wherein one
synonymous codon will be favored over another. Suboptimal
codon usage can greatly diminish protein expression and
undermine the viability of protein production.

Many tools for codon optimization follow a rules-based
approach, such that individual codons are optimized in isolation.
While useful, this approach ignores the higher-order effects that
are produced by codon combinations. It is therefore likely that
rules-based codon optimization fails to meet the full potential
output for any given gene. Here, we set out to test whether an
LLM-driven codon optimization approach—one that can account
for combinatorial codon effects—is capable of outperforming
legacy rules-based and machine learning approaches across a
panel of 32 antibody constructs.

Introduction

Recombinant protein expression is a fundamental process in
molecular biology, one with far-reaching effects on society.

By expressing non-native proteins—either derived from other
species or through protein engineering—in favorable host cells,
scientists gain the ability to manufacture therapeutic antibodies,
enzymes, and myriad proteins on an industrial scale."* However,
the value of this process is predicated on the assumption that
desired proteins will be reliably expressed in host cells.

Many factors affect protein expression, including the way

amino acids are coded in DNA.® Synonymous codons have
divergent, species-specific effects on protein expression; such
that the same protein in different species may require a different
combination of codons to achieve robust expression.®” & For this
reason, optimizing codons to match the host’s preferences can
improve protein expression. Many optimization algorithms are
designed to follow a rules-based approach, specifically using

a codon adaptation index (CAI) framework.%'© Such methods
typically follow a set of rules to remove rare codons, balance GC
content, and eliminate undesirable sequence motifs across the
encoding sequence.

While rules-based approaches can improve expression, they
implicitly treat codon optimization as a local, per-codon problem.
Doing so ignores higher-order features that operate across
multiple codons simultaneously. For example, some organisms
use patterns of rare codons with relatively few corresponding
tRNA binders. This can slow translational dynamics, conferring
a net positive effect on protein folding and expression.”.8 "4
Additionally, codon pair bias, local RNA secondary structure,
and the nucleotide composition of the 5’ coding region can

all strongly influence translation efficiency, protein folding,

and overall protein yield.®' As such, CAl-driven methods can
overlook higher-order features and miss essential optimizations,
falling short of offering consistent, reliable yield gains.

Traditional machine learning (ML) models improve on these
limitations by recognizing sequence-expression patterns that
may span multiple attributes. Where CAl-driven methods focus
on optimizing for the most commonly used and GC-balanced
codons, ML is capable of optimizing across multiple user-defined
features, such as GC content, mRNA structure, and codon

pair biases. While an improvement over CAl, traditional ML
approaches have similar drawbacks, such as a reliance on pre-
defined features, relatively narrow training objectives, and a bias
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for specific feature sets. This limits their ability to capture the
complex, context-dependent interactions that govern protein
expression, including translation efficiency and protein
folding.

Large language models (LLMs) are an emergent technology
with the potential to greatly improve protein expression
relative to legacy approaches.® These models, trained

on vast genomic and transcriptomic datasets, can learn
statistical representations of natural protein coding
sequences, enabling the design of expression-optimized
sequences based on species-specific codon preferences as
well as higher-order, long-range interactions.

At Twist, we have developed an LLM-driven codon
optimization tool, with the goal of improving upon our
previous rules-based methods. To assess whether

this algorithm offers theoretical advantages to protein
expression, we conducted a benchmark study comparing
six codon optimization strategies across a panel of antibody
challenge sequences, collectively representing high,
medium, and low expression proteins. The study integrates
experimental expression measurements from CHO cell
systems with sequence-level analysis across hundreds of
optimized coding sequences.

Study Design
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Sequence Optimization

Six commonly used codon optimization platforms were
compared in this study (Table 1). Each was challenged to
optimize the coding sequences (specifically the variable
region) of 27 IgG and 5 VHH-Fc constructs for expression in
Chinese Hamster Ovary (CHO) cells, representing an equal
spread of high, medium, and low expression sequences. For
the 32 antibodies, CHO expression data that had previously
been generated on an internal CAl-based platform was used
as a control. Together, this resulted in 224 codon optimized
sequences for CHO-expression analysis.

To determine whether each platform improved protein
expression, performance (protein yield) was normalized to the
control, enabling each platform to be compared against the
same baseline reference point.

Each challenge sequence used the same Kozak and leader
sequences, neither of which was subject to optimization.
Additionally, all IgG constant regions were excluded from
optimization.

PPLATFORM METHOD | AVAILABILITY
Control CAl N/A
Platform GS ML Commercial
Platform TF ML Commercial
Platform DC CAl Open-source
Platform GP CAl Open-source
Platform TR LLM Open-source
g‘:)vtliigﬂz: LLM Open-source

Table 1: Optimization Platforms Compared

Protein Synthesis & Purification

NGS-verified Clonal DNA encoding each codon optimized
sequence was produced at microprep scale using the Twist
Clonal Gene Synthesis workflow. All samples were transfected
in triplicate at the 1mL scale in CHO cells. Following incubation,
secreted protein was purified via Protein-A chromatography
resin with a 50mM pH 3 Citrate elution into 1M HEPES pH 8 for
neutralization. Purified protein was quantified via absorbance at
280nm.
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Expression Quantification

Expression values obtained from CHO assays were normalized
relative to the control expression data. For each codon optimized
sequence, expression measurements from biological replicates
were averaged to obtain a single representative value. By
analyzing relative expression levels, the effect size of each
optimization platform could be assessed across sequences with
heterogeneous baseline expression levels.

To evaluate whether individual codon optimization methods
significantly improved expression relative to the control, one-
sided paired Wilcoxon signed-rank tests were performed. This
test was selected because it allowed each optimization method
to be evaluated on the same codon optimized sequence without
imposing the assumption of a normal distribution of expression
differences.

All Antibody Samples (N=32)
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Figure 1. Mean CHO expression by optimization method. Figure shows
mean antibody expression levels—as measured by protein yield (ug/uL)—
with 95% confidence intervals across the 32 test antibody sequences.

Results

LLM-Driven Approaches Outperform ML
& Rules-Based Methods

Both commercial ML and LLM methods provided meaningful
gains over the control (Table 2), but the LLM-driven methods
define the top performance tier.

Among the six optimization platforms, Twist Codon Optimization
proved most effective, followed by Platform TR (Figure 1). Median
gain in normalized protein yield was 27.0% and 14.7% for Twist
Codon Optimization and Platform TR, respectively.

Notably, 87.5% of the 32 antibodies showed improved

protein yield over the control baseline following Twist Codon
Optimization, with the platform outperforming all other methods
for 16 sequences (Figures 2 and 3). These results suggest

that the gain in protein yield is not driven by rare outliers, but
rather reflects the robust capability of this platform to deliver
expression gains across a diverse set of test sequences. This
is reinforced by statistical analyses in which the overall positive
effect of Twist’'s Codon Optimization Platform on protein yield
proved highly significant, demonstrating a paired Wilcoxon
signed-rank test p-value of 2.66 x 10,

It is noteworthy too that the Twist Codon Optimization platform
was able to rescue protein expression for low-expression
sequences (Figure 4), demonstrating the platform’s ability to
effect change for particularly challenging antibody sequences.

PLATFORM | METHOD  MEDIAN | UCTiolriol | IpRoveD | WINS | CONTROL
DC CAl 1.096 9.6% 50.0% 1 0.196
GP CAl 1.058 5.8% 53.1% 4 0.1
GS ML 1109 11.0% 71.9% 1 0.024
TF ML 1.044 4.4% 65.6% 1 0.002
TR LLM 1147 14.7% 81.2% 7 3.06 x 10%
Zﬁiiﬁgﬂﬂﬂ LLM 1.270 27.0% 87.5% 16 2.66x 10

Table 2. Expression benchmark summary. Median normalized protein yield reported. Best-in-sequence wins = number of sequences for which the
platform was the top-performer in protein yield gain relative to control. Wilcoxon p vs control = a paired Wilcoxon signed-rank test p-value comparing the
median IgG yield of each optimization method against its matched control yield across all 32 antibody samples.
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Fraction of Antibodies Improved Relative to The Baseline

Figure 2. Fraction of test sequences improved relative
to the control baseline. The Twist Codon Optimization
approach improves 87.5% of the panel and Platform TR
improves 81.2%, indicating that the LLM-driven methods
are not just stronger on average but also more reliable
across diverse optimization tasks.
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All Antibody Samples (N=32)

Figure 3. Per-sequence expression changes. Violin

plot showing the distribution of average protein yield

per platform. Twist Codon Optimization delivered

superior improvements to protein expression for 16 of 32
sequences. Platform TR proved second most capable,
leading for 7 sequences. Expression for two sequences
were not improved by any of the six optimization methods.
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Antibody Samples With Low Yield in Control (N=12)

Figure 4. Changes in protein yield (g/L) for
low-expression antibodies. Twist’s Codon
Optimization Platform outperformed all
competitors with greater average gains in yield
for these low-expression protein sequences.

Codon Optimization Method
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Sequence-Level Analysis
CAl is Weakly Associated With Expression Level

We aimed to understand whether LLM-driven codon
optimization methods could outperform traditional methods.
Our results suggest that LLMs consistently outperform both
CAl-and traditional ML approaches. This is likely due to the
multifactorial nature of protein expression. Unlike traditional
methods, LLMs treat each codon as a token that interacts, both
locally and distally, with other tokens in the protein sequence.
Doing so enables LLMs to look beyond the influence of any
individual factor (such as GC content). In contrast, CAl-based
and traditional ML methods tend to be biased towards specific
features, thus limiting their ability to predict higher-order codon-
interactions.

This is evidenced by the weak relationship (Spearman correlation
of approximately p = 0.01) observed between sequence CAl
score and protein expression (Figure 5). A simple proxy based on
known sensitivities of early gene coding regions (first 30 codons)
to GC content showed a stronger—albeit still weak—positive
association with expression, with Spearman p = 0.22. This
suggests that codon optimization platforms that focus heavily

on individual parameters, be it CAl or GC content, are likely to
have marginal effects on protein yield. In light of these results we
recommend users utilize LLM-based optimization algorithms over
CAl-based algorithms for codon optimization when looking to
increase protein expression.

Discussion

In this study, we set out to determine if LLM-driven codon
optimization could outperform rules-based and traditional ML
methods by eliciting higher protein expression for 32 antibody
challenge sequences.

Our results show that LLM-driven approaches are better suited
to codon optimization. Among the six tested platforms, the
Twist Codon Optimization platform produced greater protein
expression on average and improved yield for the greatest
number of sequences. Collectively, this indicates the platform is
capable of driving a strong and robust improvement in protein
yield.

That both LLM-driven approaches (Platform TR and Twist Codon
Optimization) outperformed the rules-based and ML methods
suggests that codon optimization should be treated as a global
sequence design problem, rather than a local codon substitution
problem. This is evidenced in the weak relationship between
CAl and protein expression. Such findings are exactly what one
would expect if expression depends on higher-order sequence
context rather than codon frequency alone.
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Figure 5. (A) CAl versus expression relationship and (B) 5’ coding-region

GC versus expression. Each point represents an optimized sequence.

LLM-driven approaches likely have superior performance
because they capture higher-order dependencies between
codons across the full coding sequence. This allows them to
preserve biologically realistic codon-pair patterns while still
optimizing local sequence context and host compatibility.
Between the two LLM platforms, Twist’s Codon Optimization
Platform proved most effective at improving overall protein
yield, likely reflecting differences in LLM neuronal network
architectures.

From an industrial perspective, for scientists aiming to
maximize protein expression, these findings argue for treating
codon optimization as a global sequence-design task. Rather
than asking which codons are most frequent in a host, the

more useful question is which full synonymous sequence

best balances context, structure, manufacturability, and
expression outcome. As such, LLM algorithms may be expected
to outperform both ML and CAl-based algorithms for the
optimization of protein expression.
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