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SI Figure 173

74

SI Figure 1: DHOase. A. Preliminary screening of DHOase-OP and NC-1 variants.75

Lanes 1–4 correspond to DHOase-OP-250, DHOase-OP-250+20, DHOase-NC-1-250,76



and DHOase-NC-1-250+20, respectively. B. Purity assessment of multiple DHOase77

variants (NC series and OP series). Lanes 1 – 7 show NC-2, NC-3, NC-4, NC-1,78

NC-NS2, NC-NS1, and OP-1, respectively. C. Batch-to-batch comparison of DHOase79

variants. Lanes 1 – 5 correspond to NC-1, NC-2, NC-3, NC-4, and OP-1 from an80

independent batch. NC-1 (0.20 mg/mL) shows the most intense band, whereas OP-181

(0.00 mg/mL) shows no detectable band, demonstrating good reproducibility. D.82

Validation of DHOase-NC-NS variants. Lanes 1 – 2 represent two independently83

prepared DHOase-NC-NS samples, with concentrations of 0.20 mg/mL and 0.2584

mg/mL, respectively.85

86



SI Figure 287

88

SI Figure 2: SMURF1HECT. A. Induced expression and solubility analysis of89

SMURF1HECT variants (OP and NC1). Expression levels of sequences optimized by90



conventional methods (OP) and the new strategy (NC1) are compared. Lane labels:91

UI (uninduced whole cells), I (induced whole cells), S (supernatant/soluble fraction),92

P (pellet/inclusion bodies), FT (flow-through), and 20 and 250 (elution fractions with93

20 mM and 250 mM imidazole, respectively). B-C. Parallel comparison of94

purification profiles for different NC variants (NC1–NC4) and the OP group. Results95

from two independent batches (B and C) are shown. The theoretical molecular weight96

of SMURF1HECT variants is ~46 kDa. D. Purification analysis of SMURF1HECT97

derived variants (NC-NS1 to NC-NS4). The purification yields of four98

non-synonymous variants are presented. E. Induced expression and fractionation99

analysis of the SMURF1HECT protein.100

101

102



SI Figure 3103

104

SI Figure 3: Luciferase. A. Preliminary screening of luciferase (Luci) variant105

expression. NC1, NC2, OP, and NC-NS variants are compared. B. Parallel106

comparison and semi-quantitative analysis of multiple Luci-NC variants. Lanes 1–8107

correspond to NC1 –NC7 and the OP variant. C. Batch validation of Luci variant108



purification. Purification performance of OP and the NC variants is shown.109

110



SI Figure 4111

112

SI Figure 4: GFP. A. Preliminary screening of GFP variant expression. Lanes 1 – 4113

correspond to NC1, NC2, NC3, and OP, respectively. B. Comparison of purified114

products from multiple GFP variants. Lanes 1–4 correspond to OP, NC2, NC3, and115

NC1, respectively. C. Direct comparison of production yield between NC1 and OP116

variants. Lane 1 corresponds to NC1, and lane 2 corresponds to OP.117



SI Figure 5118

119

SI Figure 5: Effects of different codon optimization strategies on the expression level,120

solubility, and purification efficiency of the HPPD protein (theoretical molecular121

weight: 44.7 kDa). UI (Uninduced): uninduced whole-cell sample; I (Induced):122

whole-cell sample after IPTG induction; S (Soluble): supernatant after cell lysis123

(soluble protein fraction); P (Pellet): precipitate after cell lysis (insoluble/inclusion124

body fraction); FT (Flow-Through): flow-through fraction from Ni-affinity125

chromatography; 20: fraction obtained from washing with 20 mM imidazole buffer;126

250: fraction eluted with 250 mM imidazole buffer containing the target protein.127

128

129

130
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SI Figure 6132

133

SI Figure 6: SDS-PAGE analysis of expression and purification of Cry1Ab variant134

proteins. UI (Uninduced): uninduced whole-cell sample; I (Induced): whole-cell135

sample after IPTG induction; S (Soluble): supernatant after cell lysis (soluble protein136

fraction); P (Pellet): precipitate after cell lysis (insoluble/inclusion body fraction); FT137

(Flow-Through): flow-through fraction from Ni-affinity chromatography; 20: fraction138

obtained from washing with 20 mM imidazole buffer; 250: fraction eluted with 250139

mM imidazole buffer containing the target protein.140

141
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1. NatCodon: model architecture and training details146

1.1. Data curation147

A non-redundant dataset of bacterial proteins was constructed by linking entries148

from the Protein Data Bank (PDB)1 and NCBI GenBank2. We first selected all149

bacterial proteins with structures determined by X-ray crystallography to a resolution150

of 3.0 Å or better, yielding an initial pool of 60,306 entries. For each structure, the151

corresponding coding sequence was retrieved from the NCBI database using the ‘1D152

Coordinate Server’ from RCSB PDB. A central hypothesis of this work is that the153

translational rhythm guiding CTF is encoded via structure-specific codon usage.154

Because secondary structures often form early during CTF, they provide the context in155

which to investigate this encoded signal3,4. Therefore, to test this hypothesis, we156

annotated each residue in our dataset with its structural context. Secondary structure157

assignments (e.g., H for � -helix, E for � -sheet) were generated from the PDB158

coordinates using the DSSP algorithm (Version 4.4)5. This annotation is fundamental159

to our model, as it allows us to move beyond global codon statistics and probe the160

localized, structure-dependent codon preferences that nature may have evolved to161

ensure folding fidelity. Finally, a rigorous filtering pipeline was applied to ensure data162

integrity. Sequences were first clustered at a 90% identity threshold using MMseqs26163



to create a non-redundant set, preventing biases from over-represented protein164

families. Subsequently, we discarded any entry where the amino acid sequence165

translated from the CDS did not perfectly match the sequence reported in the PDB file.166

This stringent curation process yielded a final high-quality dataset of 45,126167

protein-structure-gene triplets for model training and evaluation.168

169

1.2. Model architecture170

NatCodon is a Transformer-based 7 generative model that learns the171

structure-codon grammar of CTF. A core innovation is its input, which consists of172

paired amino acid and secondary structure sequences. These paired tokens are first173

mapped into a shared high-dimensional embedding space via learned embedding174

layers. To encode positional information and enable effective modeling of long-range175

dependencies, we employ rotary positional embeddings (RoPE), which are applied176

directly within the self-attention mechanism to provide relative positional awareness177

without introducing additional positional parameters. The resulting sequence of178

embeddings is processed using a decoder-only Transformer architecture, following the179

design principles of LLaMA-style language models. Specifically, the model consists180

of a stack of four LLaMA decoders, each comprising multi-head self-attention and181



feed forward SwiGLU layers. Through self-attention, the model captures complex182

dependencies across amino acid sequence, structural context, and positional183

information, allowing it to learn a conditional distribution over synonymous codons184

given both sequence and structure. To generate biologically valid and tunable codon185

sequences, the architecture incorporates three crucial components: a custom loss186

function, a "Codon Gate" and a focus-controlled sampling strategy.187

1.3. Training setup188

The model was trained for 100 epochs, with convergence typically achieved after189

approximately 20 epochs, as assessed by stabilization of the training loss. All190

experiments were conducted on an NVIDIA A100-SXM4-80GB GPU using CUDA191

12.4.192

1.4. Loss function193

To adapt to the specific task of codon design, we have designed a custom Label194

Smooth Loss. The loss function consists of negative log-likelihood loss ( LNLL ),195

codon loss(Lcodon), and smoothing loss(Lsmooth):196

������ �����h = LNLL +������ +������h. (1)

Specifically, let the batch size be denoted as B, the total number of codon categories197

be denoted as C, and the length of the sample be denoted as L.198



LNLL：The negative log-likelihood (NLL) loss quantifies the discrepancy between the199

predicted codon distribution and the ground-truth codon sequence. It is given by200

LNLL = b=1
B

l=1
L log P(yb,l|xb.l)��
Nentry

, (2)

where ��,� ∈ �, represents the target label, ��,� ∈ � represents the model output,201

Nentryrepresents the total number of unmasked elements.202

������: A cross-entropy loss that introduces a frequency-based weighting scheme to203

correct codon imbalance, reduces bias toward overrepresented codons and promoting204

balanced learning across synonymous codon classes. It is given by205

������ = b=1
B

c=1
C log P(Codonc|xb) ∙ wcodon��

B ∙ 64 , (3)

where log P(Codonc|xb) represents the output of xb , the predicted probability of206

the c-th codon class wcodon can be calculated by wcodon =
yonehot

c=1
C yonehot�

, which can207

dynamically adjust according to the distribution of the labels, helping to avoid208

overrepresentation of certain codon classes.209

������h：An entropy-inspired smoothing loss designed to encourage a smoother210

output distribution over codon classes, reducing overconfidence and improving211

generalization. It is given by212

������h = b=1
B

l=1
L log P( ∙ |xb.l)��
������h

, (4)

where P(∙|xb.l) represents the predicted probability of each possible class given the213



model output ��,�, and ������h refers to the sequence length before padding.214

Label smooth loss can be adjusted based on the frequency or importance of different215

codons, and effectively controls the noise impact during model training through216

������h , preventing overfitting and improving the model's generalization ability.217

This loss function, through weight adjustment and noise control, optimizes the quality218

and efficiency of protein codon design, making it especially suitable for cross-species219

expression optimization tasks.220

1.5. Codon Gate221

Despite the vast training data and the model's predictive power, the probabilistic222

nature of a standard Transformer output means that the generated codons could, on223

occasion, fail to translate to the correct amino acid. To eliminate this possibility and224

enforce absolute biological accuracy, we introduced the Codon Gate—a dynamic225

gating mechanism that ensures all generated sequences are valid. Positioned between226

the final Transformer layer and the output softmax function, the gate acts as a227

context-specific filter on the model's raw predictions. For each amino acid position in228

the input sequence, the Codon Gate first identifies the set of all valid, synonymous229

codons for that specific residue. It then constructs a dynamic mask that selectively230

"opens the gate" for the logits corresponding to these valid codons, while decisively231



"closing the gate" for all remaining non-synonymous codons by setting their logit232

values to negative infinity. This operation effectively prunes the solution space in233

real-time, forcing the subsequent softmax function to distribute probability mass only234

among the biologically permissible options. This gating mechanism is critical: it235

guarantees that the final generated sequence is always a perfect, in-frame translation236

of the target protein, completely eliminating the possibility of non-synonymous errors237

or "hallucinations"8. By doing so, it decouples the model's complex task of learning238

contextual codon preferences from the simple, absolute requirement of biological239

accuracy, leading to a more stable and reliable design process.240

1.6. Focus-controlled sampling strategy241

Standard decoding via argmax deterministically selects the codon with the highest242

logit value. However, in cases where multiple synonymous codons have very similar243

high-ranking logits, this approach can be sensitive to minor model fluctuations and244

may discard near-optimal, potentially beneficial alternatives9,10. To address this and245

provide tunable control over sequence diversity, we developed a Focus-Controlled246

Sampling strategy. This strategy enables a dynamic balance between exploiting the247

model's highest-confidence predictions and exploring a constrained set of248

high-probability alternatives. Unlike global temperature scaling, this method operates249



on a position-specific, relative-confidence basis. First, for each position, the algorithm250

identifies the single most likely codon and its corresponding probability ���� . A251

dynamic probability threshold is then calculated by scaling this maximum probability252

by a user-defined focus parameter, � (ranging from 0 to 1). Subsequently, the253

candidate pool is pruned by setting the probability of any codon with a probability254

below this threshold ( � * ���� ) to zero. A final codon is then drawn via255

multinomial sampling 11 from this refined, high-confidence distribution. A focus256

parameter of � = 1.0 results in deterministic, greedy selection of the top codon,257

while values closer to 0 allow for controlled, localized exploration of high-probability258

alternatives without venturing into low-confidence, high-risk codon choices.259



2. Structure–codon coupling analysis260

To systematically quantify the extent to which codon usage is modulated by protein261

structural context, we formulated codon selection as a conditional probabilistic262

process dependent on local structural states, and evaluated the statistical dependency263

between codon identity and structural annotation.264

Let � denote the synonymous codon identity at a given residue position and S265

denote the corresponding structural state derived from protein structure annotation.266

Each codon sequence was thus represented as a sequence of paired observations267

{(��, ��)}�=1� , where � is the protein length. The objective is to determine whether268

the distribution �(�|�) deviates significantly from the marginal distribution �(�),269

indicating that codon choice is conditioned on structural context rather than being270

independently sampled. To eliminate confounding effects from amino acid271

composition, each codon observation was associated with its corresponding amino272

acid identity � , and downstream analyses were performed either within amino273

acid–specific subsets or by explicitly conditioning on �.274

2.1. Mutual information275

We quantified the dependency between codon identity and structural state using276

mutual information (MI), defined as:277



I(C;S) =
c∈C,s∈S

p(c, s)log
p(c, s)
p(c)p(s)� . (5)

Empirical joint and marginal distributions were estimated via frequency counts over278

all valid residue positions.279

For each dataset, we generated 1,000 permuted samples and recomputed �(�;�) to280

obtain a null distribution. Statistical significance was assessed by computing281

empirical p-values as:282

p =
(MIperm ≥ MIreal) + 1

Nperm +1
, (6)

where ������ is the observed mutual information and ������ are values from283

permuted datasets, ����� is the number of permuted samples. This conservative284

formulation avoids zero p−values and ensures robustness.285

2.2. χ2 tests for single-residue286

To quantify the coupling between protein structure and synonymous codon usage at287

residue-level, we performed the χ2 test to each amino acid-specific synonymous288

codons to test the null hypothesis that codon usage is independent of protein structure.289

For each amino acid A , we constructed a contingency table summarizing the joint290

distribution of codon identity and structural state, where rows correspond to structural291

categories and columns correspond to synonymous codons. Each entry in the table292



represents the observed count of a codon occurring within a specific structural293

context.294

We then applied the �2 test to each amino acid–specific contingency table to assess295

whether the observed joint distribution deviates from that expected under296

independence. The test statistic is defined as:297

�2 =
�,�

(��� −���)2

���
� , (7)

where ��� and ��� denote the observed and expected counts for structure � and298

codon � , respectively, and expected counts are computed assuming independence299

between � and � given �.300

To ensure the validity of the asymptotic approximation, we quantified the fraction of301

cells with expected counts below 5 for each contingency table and report this as a302

diagnostic measure. Amino acids with fewer than two synonymous codons were303

excluded from statistical testing.304

Because the �2 statistic is sensitive to sample size, we further quantified the305

strength of association using Cramér’s V, defined as:306

� =
�2

�(� − 1),
(8)

where � is the total number of observations for a given amino acid and � is the307

smaller dimension of the contingency table. This normalized metric provides an effect308



size that is comparable across amino acids with different sample sizes and codon309

degeneracies. Together, these analyses enable the detection (via �2 ) and310

quantification (via Cramér’s V) of structure-dependent biases in codon usage at311

single-residue resolution.312

2.3. Structure-specific codon enrichment analysis313

To further characterize the nature of structure-dependent codon usage, we computed314

enrichment scores for each codon–structure pair using log-odds ratios:315

���
�(�|�)
�(�) . (9)

Positive values indicate codon enrichment in a given structural state, whereas negative316

values indicate depletion. These values were visualized as heatmaps to reveal317

systematic patterns of codon preference across structural categories.318

2.4. tRNA abundance319

To quantify the contribution of tRNA availability to codon usage bias, we estimated320

the relative adaptiveness of each codon using a modified tRNA adaptation index (tAI)321

framework. Anticodon copy numbers were obtained from the Genomic tRNA322

Database (https://gtrnadb.ucsc.edu) for E. coli. These copy numbers serve as a proxy323

for intracellular tRNA abundance, under the assumption that gene copy number324

correlates with tRNA concentration.325



Each sense codon c was associated with one or more cognate or wobble-recognizing326

anticodons. Codon–anticodon pairing rules were defined based on canonical327

Watson–Crick pairing and wobble base pairing constraints. For each codon–anticodon328

pair, a selective constraint coefficient ��� was assigned to reflect the relative329

efficiency of decoding, where perfect Watson–Crick pairing was assigned higher330

weights and wobble interactions were downweighted.331

For each codon c, the absolute adaptiveness �� was calculated as:332

�� =
�
���� ∙ ��, (10)

where �� denotes the gene copy number of anticodon j , and ��� represents the333

pairing efficiency between codon iii and anticodon j. This formulation integrates both334

tRNA abundance and decoding efficiency into a single measure of codon translational335

adaptiveness.336

To normalize codon adaptiveness within each amino acid family and remove biases337

due to amino acid composition, we computed the relative adaptiveness �� as:338

�� =
��

�'∈��
�����'

, (11)

where �� denotes the set of synonymous codons encoding amino acid � . This339

normalization constrains �� to the range [0,1], where 1 corresponds to the most340

adapted codon for a given amino acid.341

342



3. In silico experimental validation343

3.1. Similarty344

To quantify the similarity between generated codon sequences and their345

corresponding natural counterparts, we computed a codon-level sequence identity346

metric. For each protein, the CDSs from the natural reference and model-generated347

codon sequences were first segmented into non-overlapping codons of length three.348

Let �(���) = (�1
(���), �2

(���), . . . , ��
(���)) and �(���) =349

(�1
(���), �2

(���), . . . , ��
(���)) denote the natural and generated codon sequences,350

respectively. Codon-level similarity was then defined as the proportion of positions351

with identical codons:352

���������� =
1
� �=1

1(��
(���) = ��

(���)) × 100� , (12)

where 1( ∙ ) is the indicator function, which equals 1 if the codons at position i are353

identical and 0 otherwise. The resulting similarity score ranges from 0 to 100,354

representing the percentage of codon positions that are exactly conserved.355

3.2. Jaccard Index356

To quantify the overlap in codon usage between model-generated sequences and357

natural coding sequences, we employed a set-based similarity metric using the Jaccard358

index. For each coding sequence, the nucleotide sequence was first segmented into359



non-overlapping codons of length three. Let �(���) = (�1
(���), �2

(���), . . . ) and360

�(���) = (�1
(���), �2

(���), . . . ) denote the sets of unique codons observed in the361

natural and generated sequences, respectively.362

The Jaccard similarity between the two codon sets was defined as:363

� =
|�(���) ∩�(���)|
|�(���) ∪�(���)|

, (13)

where | ∙ | denotes set cardinality. This metric ranges from 0 to 1, with higher values364

indicating greater overlap in the repertoire of codons used. Unlike position-wise365

identity metrics, the Jaccard index evaluates codon diversity overlap independent of366

positional alignment, capturing whether a model recapitulates the set of codons367

utilized in natural sequences rather than their exact ordering or frequency.368

For each protein, Jaccard similarity was computed between the natural coding369

sequence and sequences generated by different codon optimization methods,370

including CodonTransformer, ICOR, and NatCodon.371

3.3. CAI calculation372

The Codon Adaptation Index (CAI) measures the overall preference of a codon373

sequence for optimal synonymous codons, defined as the geometric mean of374

normalized codon adaptiveness values:375



��� = (
�=1

�
��� )1/�, �� =

���
����∈���(���)

, (14)

where � is the number of codons, ��� denotes the frequency (or adaptiveness) of376

codon ��, and ��� is the set of synonymous codons encoding the same amino acid.377

3.4. GC content378

To assess nucleotide composition bias in coding sequences, we computed the GC379

content for each DNA sequence as the proportion of guanine (G) and cytosine (C)380

nucleotides. For a given codon sequence of length L, the GC content was defined as:381

�� =
�� +��

� × 100, (15)

where �� and �� denote the number of guanine and cytosine nucleotides in the382

sequence, respectively. The resulting value is expressed as a percentage ranging from383

0 to 100. All input sequences were converted to uppercase prior to computation to384

ensure consistent counting of nucleotide characters.385

3.5. tAI calculation386

To account for translational efficiency, we incorporated the tAI, which reflects387

codon–tRNA compatibility. For each codon ��, a weight ��
��� is assigned based on388

precomputed tRNA adaptiveness values.389

The sequence-level tAI is computed as the geometric mean:390



tAI = exp(
1
L i=1

L
log witAI� ). (16)

3.6. %MinMax391

To characterize local variations in codon optimality along codon sequences, we392

employed a sliding-window %MinMax metric, which quantifies the relative deviation393

of observed codon usage from expected synonymous codon distributions. For each394

codon c, four reference values were defined within its synonymous codon family. The395

definitions and descriptions of all reference values are provided in Supplementary396

Table 1.397

Definition Description

fact(c) The observed codon frequency (adaptiveness).

����(�) The minimum frequency among synonymous codons..

����(�) The maximum frequency among synonymous codons.

����(�) The expected frequency under uniform usage.

Supplementary Methods Table 2 Description of reference values for %MinMax calculation.398

����(�) is biven by:399

����(�) =
1
|��|

, (17)

where CA denotes the set of synonymous codons encoding amino acid �. For each400

coding sequence, the nucleotide sequence was segmented into codons and analyzed401



using a sliding window of fixed size � = 18 codons. For each window � , the402

average values were computed, noted as �� ������� , �� ������� , �� ������� , �� ������� , respectively.403

The %MinMax value for each window was computed as a normalized deviation from404

the average codon usage baseline. If �� ������� > �� ������� (codon usage biased toward405

optimal codons):406

%��� =
�� ������� −�� �������
�� ������� −�� �������

× 100. (18)

If �� ������� ≤ �� �������(codon usage biased toward non-optimal codons):407

%��� =
�� ������� −�� �������
�� ������� −�� �������

× 100. (19)

The %MinMax profile provides a position-resolved measure of codon optimality408

along a codon sequence. Positive regions indicate translation acceleration zones,409

enriched in optimal codon. Negative regions indicate translation deceleration zones,410

enriched in rare codons.411

3.7. Kinetic distances412

To quantify the similarity between model-generated and natural translation dynamics,413

we compared their corresponding %MinMax profiles using a position-wise distance414

metric. The discrepancy between model-generated and natural profiles was quantified415

using the mean absolute deviation:416



� =
1
� �=1

�
|��
(���) −��

(���)|� , (20) %��� =
����� − �����

����� − �����
× 100.

where � denotes the sequence length, ��
(���) ��� ��

(���)represent the %MinMax417

values at position i for the generated and natural sequences, respectively. This metric418

measures the average absolute difference between the two profiles at each aligned419

position, with lower values indicating higher similarity in local translation dynamics.420

3.8. Principal component analysis421

To compare codon usage–derived positional profiles across species and models, we422

performed principal component analysis (PCA) on %MinMax sequences. For each423

sequence, the original position-dependent profile was first normalized to a fixed424

length of 100 using linear interpolation. Specifically, profiles of varying lengths were425

mapped onto a uniform grid in the interval [0,1], and interpolated to 100 evenly426

spaced points to ensure comparability across sequences of different lengths. All427

resulting profiles were then assembled into a feature matrix, where each row428

corresponds to a sequence and each column represents a normalized positional429

coordinate. To eliminate scale differences across positions, the feature matrix was430

standardized using z-score normalization (mean-centered and variance-scaled) prior to431

dimensionality reduction.432

PCA was subsequently applied to the standardized matrix, and the first two principal433



components (PC1 and PC2) were retained for downstream visualization and analysis.434

These components capture the dominant modes of variation in codon usage profiles435

across different species and design strategies. For visualization, each point in the PCA436

space represents a single sequence profile, colored according to its origin (e.g., native437

E. coli, native human, or model-generated sequences). This allows for direct438

comparison of global distribution patterns and clustering behavior between natural439

and designed sequences.440

3.9. Structure-conditioned codon divergence441

To quantify how well designed sequences recapitulate native codon usage under442

structural constraints, we defined a structure-conditioned codon divergence metric443

based on Jensen – Shannon (JS) divergence. For a sequence set, codon usage was444

computed conditional on secondary structure states. Specifically, for each discrete445

structure token � ∈ � and amino acid � ∈ �, we calculated the normalized codon446

distribution:447

�(�|�, �) =
�(�, �)

�'∈�(�)�(�', �)� , (21)

where �(�,�) is the count of codon c observed in structural state s, �(�) denotes448

the set of synonymous codons encoding amino acid a. Codons that were inconsistent449

with the translated amino acid sequence were discarded to ensure correctness of450



codon–amino acid mapping.451

For each amino acid a and structure state s , we computed the Jensen–Shannon452

divergence between the model-generated distribution P and the native reference453

distributionQ:454

��(��,�||��,�) =
1
2���(��,�||�) +

1
2���(��,�||�), (22)

where ��,� is codon distribution in the candidate sequence, ��,� is reference455

codon distribution from native data, �= 1
2 (��,� +��,�) . ��� denotes the456

Kullback–Leibler divergence.457

To account for the fact that codon bias varies unevenly across structural contexts, we458

introduced a structure-dependent weighting scheme. For each amino acid a , weights459

over structure states were defined as the variance of native codon usage:460

��,� =
���(��,�)

�'���(��,�')� . (23)

This emphasizes structural contexts where native codon usage exhibits stronger bias.461

The amino acid–level divergence is then:462

��� =
�∈�

��,� ∙ ���,�� , (24)

Finally, we aggregate across amino acids using weights proportional to codon463

degeneracy:464

���� =
�∈�

�� ∙ ���� , (25)

where �� = (|�(�)| − 1) reflects the number of synonymous alternatives available465



for amino acid a, assigning higher weight to amino acids with richer codon choice.466

3.10. NatCodon Idex467

The NatCodon Index (NCI) is a predictive metric for protein expression derived from468

structure-aware extensions of the Codon Adaptation Index (CAI), the tRNA469

Adaptation Index (tAI), and a single-sequence formulation of structure-conditioned470

codon divergence (SCCD). Below, we provide a detailed description of the471

formulations of structure-aware CAI, single-chain SCCD, and the final expression of472

NCI.473

3.10.1.Structure-aware CAI474

To quantify how well a coding sequence aligns with structure-dependent codon usage475

patterns, we first defined a position-specific weight based on the empirical frequency476

of codons under structural constraints. Let a codon sequence of length L (in codons)477

be denoted as C = {c1, c2, . . . , cL} and the corresponding structural annotation478

sequence as S = {s1, s2, . . . , sL}. We constructed a reference distribution Pnat(c|s),479

representing the normalized frequency of codon c under structural state s , estimated480

from a curated dataset of native proteins. For each position i, a structure-aware weight481

is assigned as wistruct = Pnat(ci|si).The overall structure-aware codon score is then482

defined as the geometric mean:483



CAIstruct = (
i=1

L
wistruct� )1/L. (26)

3.10.2.Single-chain SCCD484

To further capture higher-order agreement between the candidate sequence and native485

codon usage patterns, we computed a Jensen–Shannon (JS) similarity score over486

codon distributions conditioned on both amino acid identity and structural state. For487

each amino acid a and structural state s, we compute the Jensen–Shannon divergence488

described in Equation (22). We convert divergence into similarity:489

����,� = 1 − ��(��,�||��,�).
(27)

To reflect the importance of each amino acid–structure pair, we introduce two490

weighting factors ��,�
���� and ��,�

��� , refer to frequency of occurrence in the491

sequence and variance of the native codon distribution, respectively. The overall492

JS-based score is computed as:493

������� =
�,�
��,�
������,�

�������,�� , (28)

3.10.3.Final NCI formulation494

The final NatCodon Index integrates structure-aware optimality, translational495

efficiency, and distributional similarity into a unified score:496

��� = (��������� ⋅ ��� ⋅ �������)1/3,
(29)

This formulation ensures that the three components contribute equally on a497

logarithmic scale, balancing local structure-dependent codon preferences, global498



translational efficiency, and higher-order distributional agreement.499

The resulting NCI score is a single value representing the overall500

structural-translational harmony of a gene. The score theoretically ranges from 0 to a501

maximum determined by the number of synonymous codons. A lower NCI score502

indicates that the target sequence's codon usage more closely mirrors the native503

structure-specific patterns of the host, which we found to be strongly correlated with504

higher functional protein expression 12.505



4. Statistical analysis506

4.1. Cliff’s δ507

To quantify the effect size between two distributions without assuming normality, we508

used Cliff’s δ . Given two samples X = {xi}i=1m and Y = {yj}j=1n , Cliff ’ s δ is509

defined as:510

δ =
1
mn i=1

m

j=1

n
sgn(xi − yj)�� , (30)

where:511

sgn(xi − yj) =
+1, xi > yj
0, xi = yj
−1, xi < yj

, (31)

Cliff’s δ ranges from -1 to 1, where values close to 1 indicate that samples in X tend512

to be larger than those in Y, values near -1 indicate the opposite, and values near 0513

indicate substantial overlap between the two distributions.514

4.2. Wasserstein distance.515

To compare full distributions beyond summary statistics, we used the first-order516

Wasserstein distance. For one-dimensional distributions P and Q, it is defined as:517

�1(�,�) = −∞

∞
|��(�) −��(�)|��� , (31)

where ��(�) and ��(�) are the cumulative distribution functions of P and Q ,518

respectively. Intuitively, the Wasserstein distance measures the minimal cost of519

transforming one distribution into another, where cost is defined as probability mass520



times transport distance. In the discrete case, this corresponds to the optimal transport521

cost between empirical distributions.522

4.3. Spearman rank correlation523

To assess monotonic relationships between variables without assuming linearity, we524

used Spearman’s rank correlation coefficient. Given paired observations525

{(��, ��)}�=1� , the values are first converted to ranks �(��) and �(��) , and the526

coefficient is computed as:527

� = 1 −
6 �=1

� ��2�
�(�2 − 1)

, (32)

where �� = �(��) − �(��) Spearman’s � ranges from -1 to 1, with values close to528

1 indicating strong monotonic agreement, and values close to -1 indicating inverse529

monotonic relationships.530

531



5. In vitro experimental validation532

5.1. Selection of Experimental Subjects533

We selected a diverse panel of proteins spanning a wide range of intrinsic expression534

levels and folding complexities, including:535

1. SMURF1HECT536

We selected the SMURF1HECT (PDB: 1ZVD, UniProt: Q9HAU4) as a representative537

low-expression and difficult-to-express protein. This domain originates from a human538

HECT-type E3 ubiquitin ligase and thus reflects a typical eukaryotic protein expressed539

in a prokaryotic system. Due to the lack of appropriate folding machinery and540

post-translational modification pathways in E. coli, such proteins often exhibit541

reduced expression levels and poor solubility13. In addition, the HECT domain542

contains a catalytically active cysteine and requires precise conformational543

organization, making it highly sensitive to translation kinetics and folding conditions14.544

As a result, it is prone to misfolding and aggregation, frequently forming inclusion545

bodies during heterologous expression13. Furthermore, the codon usage of human546

genes differs substantially from that of E. coli, and the presence of rare codons can547

lead to ribosomal pausing, decreased translation efficiency, and impaired548

co-translational folding15. Therefore, the SMURF1HECT represents a stringent test case549



for codon optimization, particularly under low-expression and folding-limited regimes,550

where optimizing synonymous codon usage can play a critical role in improving551

protein yield and quality.552

2. DHOase553

We selected the Dihydroorotase (DHOase) as a representative metabolic enzyme with554

moderate expression difficulty. In this study, we specifically focus on the human form555

of DHOase, which is part of the multifunctional CAD protein complex involved in de556

novo pyrimidine biosynthesis. As a eukaryotic enzyme, its heterologous expression in557

Escherichia coli is inherently challenging due to differences in codon usage, the558

absence of eukaryotic folding assistance mechanisms, and the lack of appropriate559

cellular context for multi-domain protein organization16. Although DHOase adopts a560

relatively conserved and stable enzymatic fold, its proper folding and activity still561

depend on coordinated domain interactions within the native CAD complex, which562

are disrupted in isolated expression systems. This results in moderate expression563

levels and, in some cases, reduced solubility or partial misfolding.564

Compared to highly complex regulatory proteins such as E3 ligases, DHOase exhibits565

a more stable structural core and lower folding complexity, making it less prone to566

severe aggregation. However, its human origin still introduces codon bias and567



translation inefficiency in E. coli, which can significantly impact protein yield and568

folding quality17,18. Therefore, DHOase occupies an intermediate regime between569

easy-to-express reporter proteins and highly challenging eukaryotic targets.570

As such, it serves as an ideal baseline protein with moderate expression difficulty,571

enabling systematic comparison of codon optimization effects across different572

expression regimes. Improvements observed on DHOase can reflect the general573

effectiveness of optimization strategies beyond extreme low-expression or574

high-expression cases.575

3. Firefly luciferase576

We selected the Firefly luciferase as a canonical reporter protein and a benchmark for577

evaluating codon optimization strategies. Firefly luciferase is one of the most widely578

used reporter genes in molecular biology due to its high sensitivity, broad dynamic579

range, and straightforward quantification via bioluminescence assays. Its expression580

level can be directly and quantitatively measured, making it particularly suitable for581

assessing translational efficiency and protein yield.582

Importantly, luciferase expression is highly sensitive to multiple sequence-level583

determinants, including synonymous codon usage, mRNA secondary structure, and584

translation elongation kinetics. Previous studies have shown that even subtle changes585



in synonymous codons can lead to significant variations in luciferase expression,586

primarily by affecting ribosome progression, mRNA stability, and co-translational587

folding efficiency17,18. In particular, codon optimization has been demonstrated to588

substantially enhance luciferase expression in heterologous systems, making it a589

classical model for studying the effects of codon bias on protein production19.590

Furthermore, luciferase is prone to misfolding and loss of activity under suboptimal591

translation conditions, which further amplifies its sensitivity to sequence design.592

Therefore, firefly luciferase serves as a highly sensitive and well-established593

benchmark protein for codon optimization. Improvements observed in luciferase594

expression provide strong evidence for the effectiveness of sequence optimization595

strategies, especially in capturing subtle effects related to translation dynamics and596

mRNA structure.597

4. Green fluorescent protein598

We selected the Green fluorescent protein (GFP) as a representative highly expressed599

and structurally stable protein to serve as an upper-bound control for expression600

efficiency. GFP is widely recognized for its exceptional folding robustness and601

intrinsic stability, as it can efficiently form its native β-barrel structure and mature into602

a fluorescent state without requiring cofactors or complex post-translational603



modifications. These properties enable GFP to achieve high expression levels and604

solubility across a variety of heterologous systems, including Escherichia coli, making605

it one of the most extensively used reporter proteins for evaluating gene expression606

and protein production.607

Due to its strong tolerance to variations in translation conditions, GFP is generally608

less prone to aggregation or misfolding compared to more complex or unstable609

proteins. However, previous studies have demonstrated that its expression level can610

still be modulated by synonymous codon usage and mRNA sequence features,611

indicating that even highly optimized proteins remain sensitive to translational612

regulation at a finer scale17,20. This makes GFP particularly useful for assessing613

whether codon optimization methods can provide additional improvements even in614

already favorable expression contexts.615

Therefore, GFP serves as a high-expression benchmark and upper-bound reference,616

enabling evaluation of whether optimization strategies yield consistent gains across617

the full spectrum of expression difficulty, including cases where baseline expression is618

already high.619

5. 4-Hydroxyphenylpyruvate dioxygenase620

We selected the 4-Hydroxyphenylpyruvate dioxygenase (HPPD) as a representative621



enzyme with moderate-to-low expression levels and strong relevance to industrial622

biotechnology applications. HPPD is a key enzyme in tyrosine catabolism, catalyzing623

the conversion of 4-hydroxyphenylpyruvate to homogentisate, and is widely studied624

in the context of metabolic engineering, herbicide development, and bioproduction625

pathways. Due to its catalytic role and dependence on proper active-site configuration,626

its functional expression requires accurate folding and coordination of metal cofactors,627

which can be sensitive to the heterologous expression environment.628

In recombinant systems such as Escherichia coli, HPPD often exhibits variable629

expression levels and inconsistent solubility, depending on the host strain, expression630

conditions, and coding sequence design. Such variability is partly attributed to631

differences in codon usage, translation kinetics, and folding efficiency, which can632

significantly affect enzyme yield and activity17,18. Compared to highly stable reporter633

proteins, HPPD is more sensitive to sequence-level optimization, yet it is generally634

less structurally complex than large multi-domain eukaryotic proteins, placing it in an635

intermediate-to-challenging expression regime.636

Therefore, HPPD serves as a representative industrial enzyme with practical637

expression constraints, reflecting realistic scenarios where improving protein yield638

and stability is essential for downstream applications. Its inclusion enables evaluation639



of codon optimization methods in contexts that are directly relevant to biotechnology640

and enzyme engineering, where even moderate improvements in expression can have641

significant practical impact.642

6. Cry1Ab toxin643

We selected the Cry1Ab toxin as a representative extremely difficult-to-express644

protein. Cry1Ab is derived from Bacillus thuringiensis (Bt), a well-known insecticidal645

bacterium, and belongs to the family of crystal (Cry) toxins that exhibit high646

specificity against certain insect larvae. Despite its biological importance in647

agricultural biotechnology, Cry proteins are notoriously challenging to express in648

heterologous systems such as Escherichia coli.649

In E. coli, Cry1Ab frequently exhibits very low soluble expression and tends to form650

inclusion bodies, primarily due to its large size, complex folding requirements, and651

incompatibility with the bacterial protein-folding environment. In addition, the gene652

exhibits substantial differences in GC content and codon usage bias compared to the E.653

coli host, which can lead to inefficient translation, ribosomal stalling, and improper654

co-translational folding. These factors collectively result in severely reduced655

functional protein yield unless extensive optimization strategies are applied, including656

codon optimization, fusion tags, or refolding protocols21.657



Therefore, Cry1Ab represents an extreme low-expression and high-difficulty658

benchmark protein, providing a stringent test case for evaluating whether codon659

optimization methods remain effective under severe expression bottlenecks. Its660

inclusion allows assessment of model robustness in scenarios where native sequence661

design is highly suboptimal for heterologous expression.662

5.2. Gene synthesis and cloning663

Codon sequences for target proteins (GeneOptimizer22 optimized, and NatCodon664

designed) were synthesized and cloned into a pET-28a(+) expression vector using the665

NdeI and XhoI restriction sites, resulting in constructs with an N-terminal His6-tag23.666

Plasmids were transformed into chemically competent E. coli BL21(DE3) cells.667

5.3. Protein expression and solubility analysis668

To mitigate potential expression variability arising from clonal differences, overnight669

starter cultures were prepared by pooling 10 individual colonies into 5 mL of LB670

medium (50 µg/mL kanamycin) and incubating at 37°C. This starter culture was used671

to inoculate 250 mL of LB medium, which was grown at 37°C to an OD600 of 0.6-0.8.672

Protein expression was induced with 0.5 mM IPTG, and cultures were incubated at673

16°C for 16 h. Cells were harvested by centrifugation, and normalized cell pellets674

(based on OD600) were resuspended in lysis buffer (10 mM PBS, pH 7.4). Cells were675



lysed by sonication on ice. The lysate was clarified by centrifugation (12,000 x g, 40676

min, 4°C) to separate the soluble fraction (supernatant) from the insoluble fraction677

(pellet). The total soluble protein concentration was quantified by SDS-PAGE678

densitometry.679

Protein samples were mixed with SDS loading buffer and heated at 95°C for 5–10680

minutes to ensure complete denaturation and reduction of disulfide bonds. Equal681

volumes of samples were loaded for electrophoresis. Proteins were separated by682

SDS-PAGE using an appropriate acrylamide gel. Electrophoresis was performed at a683

constant voltage until the dye front reached the bottom of the gel. After684

electrophoresis, gels were stained using Coomassie Brilliant Blue to visualize protein685

bands, followed by destaining until clear background was obtained. Stained gels were686

imaged using a gel documentation system under standardized exposure conditions to687

ensure comparability across samples. Band intensities were quantified using ImageJ.688

The target protein band was selected, and background signal was subtracted using an689

adjacent blank region. A standard curve was generated using bovine serum albumin690

standards with known concentrations. The relationship between band intensity and691

protein amount was fitted (typically linear regression). The concentration of target692

proteins was then calculated by interpolating their band intensities on the standard693



curve.694

5.4. Protein purification695

For functional assays, His-tagged proteins from the soluble fraction were purified by696

immobilized metal affinity chromatography (IMAC) using Ni-NTA resin25.697

5.5. Mutagenesis experiments698

Site-directed mutagenesis was performed to introduce sequence modifications into the699

target genes. Mutagenic primers were synthesized by Tsingke (Beijing, China), and700

PCR amplification was carried out using a PCR-based site-directed mutagenesis701

approach. The PCR products were treated with DpnI to remove the template plasmid702

and then transformed into chemically competent Escherichia coli DH5 α cells.703

Positive clones were verified by DNA sequencing. Confirmed mutant plasmids were704

subsequently used for protein expression and functional analysis.705

Protein concentration was determined by A280 measurement. For luciferase variants,706

specific activity was determined by measuring total luminescence (Promega707

Luciferase Assay System) at a detection wavelength of 570 nm and normalizing it to708

the purified protein amount. For GFP variants, specific activity was determined by709

measuring fluorescence (Ex: 488 nm, Em: 509 nm) and normalizing to the protein710

amount.711



6. Model Explanation712

To interpret how NatCodon utilizes structural and sequence features to guide codon713

selection, we employed explainable AI (XAI) techniques, focusing on SHAP714

(SHapley Additive exPlanations) and Integrated Gradients (IG). These methods allow715

quantification of feature contributions to the model’s output, providing mechanistic716

insights into the learned structure-codon grammar.717

6.1. SHAP718

SHAP is a model-agnostic interpretability framework based on cooperative game719

theory. It quantifies the contribution of each input feature to the model’s prediction by720

calculating Shapley values, which represent the average marginal contribution of a721

feature across all possible subsets of features. Formally, for a model � with input722

features �1, �2, . . . , �� the Shapley value ϕ� for feature �� is computed as:723

ϕ� =
�⊆�\{�}

|�|! (� − |�| − 1)!
�! [�{� ∪ {�}} − �(�)]� , (33)

where N is the set of all features, S is a subset of features excluding xi , and F(S)724

denotes the model output when only features in S are present (all other features are725

marginalized or set to a baseline).726

6.2. IG attribution727

SHAP’s computational complexity grows exponentially with the number of features,728



making it infeasible for high-resolution per-token analysis in long codon sequences.729

To overcome this, we adopted Integrated Gradients (IG) as an efficient alternative that730

approximates SHAP values under the assumption of feature independence. IG731

calculates the contribution of each structural token by integrating the model’s732

gradients along a linear interpolation path from a baseline input to the actual input:733

��� = (�� −����������) × �=0

1 ∂�(��������� +�(� − ���������))
∂��

��� , (34)

where �� is the embedding of the �-th structural token, ���������� is the PAD token734

representing no structural information, and F denotes the predicted codon probability735

for that position. This formulation captures the additional contribution of structural736

information over a null baseline, quantifying whether a particular structural context737

promotes or suppresses the selection of specific codons.738

6.3. Positional profiles of tAI739

To characterize position-dependent translational efficiency along coding sequences,740

we computed positional profiles of the tRNA adaptation index (tAI). Each codon741

sequence was parsed into codons {�1, �2, . . . , ��} . A codon-specific weight �� ,742

reflecting tRNA adaptation, was assigned based on a precomputed reference table743

derived from tRNA abundance estimates. The tAI profile of a sequence was defined744

as ���(��) = ��� . Codons not present in the reference table were assigned a745



default value of � = 1.0 . To enable comparison across sequences of different746

lengths, tAI profiles were normalized to a common coordinate system. Specifically,747

each sequence was mapped onto the interval [0,1], and its tAI values were resampled748

to 100 evenly spaced bins using linear interpolation:749

����(�) = ������(���(��)), � ∈ [0,1], (35)

where ����(��) denotes the normalized positional tAI profile.750

For each method and species, normalized profiles were averaged across all sequences751

to obtain a representative positional trend:752

tA� ��� I(x) =
1
N k=1

N
tA�Ik(x)� , (36)

where N is the number of sequences.753
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