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The development of novel computational framework that integrates structure-aware genetic algorithms with state-of-the-art protein language models for rational antigen
optimization. Our approach leverages ProteinMPNN's conditional probability modeling to guide evolutionarily-inspired mutations while preserving critical structural and
functional constraints. The integration of three-dimensional structural information into genetic algorithm operations represents a paradigm shift in computational
protein design, offering a scalable and biologically-grounded approach to vaccine development.

INTRODUCTION

This work introduces structure-aware genetic algorithms that
Incorporate three-dimensional protein structural information into
evolutionary operators for computational vaccine antigen design.
Unlike traditional methods that treat sequences as linear strings,
our approach uses PCA, K-means, and DBSCAN clustering to
partition residues into functionally meaningful groups, ensuring
crossover operations preserve critical structural relationships.
Comprehensive evaluation on SARS-CoV-2 spike protein
optimization demonstrates our best variant achieves 18% higher
mean fithess scores and 25% faster convergence compared to
traditional genetic algorithms. These results establish that
Incorporating structural knowledge Iinto evolutionary search

represents a significant advancement for rational vaccine design.
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Figure 1. Overview Workflow

STUDY SCOPE

1. Structure-Aware Genetic Operators: Development of crossover and
mutation operations that explicitly consider three-dimensional protein
structure and preserve functional domains.

2. Binding-Context Optimization: Explicit consideration of antibody-
antigen interactions during optimization, ensuring that designed antigens
maintain immunologically relevant binding properties.
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METHODOLOGY
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Figure 2. Template- Guided Sequence of SAR-COV2 Figure 3. Sequence Alignment Approach
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Figure 4. Parent-Template Analysis

Table 1. Performance Analysis
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RESULTS

Sequence P osition

Average distance for 5 Nearest Neighbors =4.78 Angstrom
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Regular GA -2.704 -2.034 £ 0.345

PCA GA -2.681 -2.054 £ 0.354
KMEANS GA -2.703 -2.458 £ 0.398
DBSCAN GA -2.690 -2.191+0.133

Prepared by LLNL under Contract DE-AC52-07NA27344.
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Figure 5. Convergence performance Figure 6. Pairwise distance correlation

DBSCAN GA achieves remarkable convergence efficiency, stabilizing at optimal performance within 5.0
generations compared to Regular GA's requirement of 22.4 generations a dramatic 78 % reduction in
convergence time. This rapid convergence reflects DBSCAN's ability to quickly identify and exploit optimal
structural partitions that facilitate productive crossover operations.
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Figure 7. Shannon entropy of KMEANS GA

Polarity evolution analysis provides additional insights into the biochemical dimensions of diversity
maintenance. KMEANS GA preserves exploration across different physicochemical property classes
throughout evolution, maintaining representation of hydrophobic, polar, charged, and aromatic residues.
This pattern suggests that structure-aware crossover operations respect the biochemical constraints of
different structural environments rather than converging to a single amino.

CONCLUSIONS

By moving beyond the traditional view of proteins as linear strings and instead respecting their three-
dimensional organization, we have developed genetic algorithms that achieve substantially better
optimization performance while maintaining the population-based advantages that make evolutionary
approaches attractive for complex design problems.

Our results demonstrate meaningful advances: the best-performing structure-aware variants achieve 6-
7 % better fitness scores than traditional genetic algorithms, with the PCA-based method delivering
exceptional computational efficiency through 87% runtime reduction, and the DBSCAN variant maintaining

significantly higher population diversity throughout the optimization process
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