
    

   

    

   

    

   

    

   

    

   

                               

 
 
 
 
  

 
 

          

                    

In the rapidly advancing field of antibody discovery - driven by AI and machine learning - achieving high and consistent protein expression remains a critical challenge. Traditional codon optimization 

methods rely on static metrics such as codon adaptation index (CAI), GC content, and minimum free energy (MFE), which fail to capture the complex, non-linear relationship between sequence 

design and expression outcomes. To address this, we developed an AI-driven codon optimization platform that combines a proven heuristic framework with deep learning trained on large-scale 

genomic and proprietary high-expression datasets. This approach captures real expression biology by learning non-linear sequence–expression relationships and identifying sequence patterns 

associated with high protein output. Our platform outperforms conventional codon optimization methods, delivering higher antibody yields and more consistent expression across diverse constructs, 

as demonstrated by wet-lab validation.
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Abstract

Results 

Figure 2. H igher-express ion trai ni ng  data  im proves model performance  on held-out test s equences

Models trai ned on higher -express ion datas ets s how ed im proved performance  on held-out test s equences. Each bar 

repres ents express ion-predi ct ion acc urac y after t rai ni ng w ith a dif ferent Preference-level datas et, w here higher  

preference indic ates higher  protein express ion in the trai ni ng  data. Test acc urac y inc reas ed from Preference 0 to 2, 

s how ing that  the model learned meaningful s equence features linked to im proved express ion and c ould apply them  

to unseen s equences.

Figure 3.  AI/ ML model performance  im proves over t rai ni ng w hi le maintaining generaliz at ion

Trai ni ng  and test-s et acc urac y w ere monitored during model trai ni ng  process . Acc urac y inc reas ed rapidly during early 

iterations and then plateaued, w ith trai ni ng  and test-s et performance  remaining c losely aligned. This pattern indic ates 

that  the model learned predi ct ive s equence-express ion features w hi le maintaining generaliz at ion to held-out test data, 

rather than relying only on mem oriz ation of the trai ni ng  s et.

Materials & Methods

Conclusions
•Reliable, consistent optimization across genes and constructs -  built to generalize beyond training data and deliver dependable codon 

optimization for diverse sequence designs.

•Higher protein and antibody expression: GENEWIZ AI/ML-powered optimization benchmarked against comparable tools to help improve 

expression and maximize protein yield.

•Built directly into our Gene Synthesis ordering form: customers can design, optimize, and order constructs in one streamlined workflow. 

Scan  QR Cod e for 

more detailed 

in formation

The GENEWIZ AI/ML-powered codon optimization model was developed using large-scale genomic 

sequence data from proprietary in-house expression datasets, and public ly available high-expression 

sequence datasets. The model was trained to capture non-linear sequence features assoc iated with 

protein expression and further verified using experimentally validated high-expression constructs. For 

benchmarking, a panel of antibody sequences (wild-type variable regions) was selected and 

independently optimized using the GENEWIZ AI-based approach alongside multiple commercially 

available codon optimization tools. Each optimized sequence was synthesized, cloned into standardized 

expression vectors, and expressed under consistent conditions to enable direct comparison.

Recombinant antibodies were produced via trans ient expression in HEK293 or CHO systems across 

multiple scales (1 mL, 3 mL, and 10 mL for screening). Expression performance was evaluated based 

on yield and consistency across constructs, corresponding to the datasets presented in the figures. 

Purified antibodies were obtained using affinity chromatography (e.g., Protein A), with additional 

polishing steps applied as needed. Product quality was assessed by A280 quantification, SDS -PAGE 

(reduced and non-reduced), and SEC-HPLC for  aggregation analysis. Endotoxin levels were measured 

using LAL assay (<1 EU/mg), and overall purity exceeded 95% across samples.
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Figure 5. H igher protein express ion w ith G ENEWI Z c odon opti mization tool. 

Protein express ion levels  w ere quantif ied and normalized to the c orresponding w ild-type (WT) express ion for each protein. 

D ata are presented as log₂-trans formed fold c hange relati ve to WT. Codon opti mization w as performed usi ng  our tool s and 

four  c om petitor methods . For each protein–tool c om bination, express ion w as meas ured usi ng  three biolog ical replicates, each 

w ith three technical replicates. 

Figure 4. G ENEWI Z c odon opti mization im proves average anti body express ion c om pared w ith other c om mercial tool s

A panel of anti body variable-regi on s equences w as opti mized usi ng  the G ENEWI Z AI-powered c odon opti mization 

model and two c om merciall y available c odon opti mization tool s. Opt imi zed s equences w ere s ynthesi zed, c loned, and 

express ed under  c om parable c ondit ions. The G ENEWI Z AI-powered approac h s how ed higher  average  relati ve 

express ion c om pared w ith Competitor  A and Competitor  B. Error bars repres ent  variability acros s tested c ons truc ts.

Figure 1. Anti body QC  usi ng  G ENEWI Z s erv ices. (A) SD S-PAGE  ( reduci ng  

and non-reduc ing) s how ing high purity and c orrect  ass embly. (B) SEC-H PLC 

c onf irming low aggregation. Target purity >95%; example  s how n ~99%.
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