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ABSTRACT: Microbial cell factories, akin to “chips” in biomanufacturing, concentrate the most intricate scientific challenges, 
technical bottlenecks, and densest intellectual property. However, despite extensive efforts in rational engineering, the inherent 
complexity of biological systems and the limited knowledge of their underlying mechanisms still incur substantial trial-and-error 
costs. This Perspective seeks to explore the potential of a prior-knowledge-independent approach for optimizing microbial cell 
factory phenotypes. We discuss the feasibility of stepwise genotypic navigation in genome engineering and emphasize its ability to 
generate high-quality genotype–phenotype association data, thereby advancing AI-assisted genome modeling and further enabling 
precision-guided optimization. 
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Synthetic biology has revolutionized industrial biotechnology by enabling the rational design of microbial cell 
factories for specific applications. However, optimizing complex industrially relevant phenotypes—such as enhanced 
substrate utilization, productivity, and robustness—remains a significant challenge due to the limited understanding of 
cellular regulatory and metabolic networks. This knowledge gap constrains our ability to modulate these systems to 
achieve desired outcomes precisely. 

1. Advances and Limitations of Global Mutagenesis in Phenotypic Optimization 

Recent developments in in vivo global mutagenesis technologies have significantly enhanced the capacity for 
genome-wide diversification, driving the rapid evolution of microbial strains with improved phenotypes [1,2]. However, 
such global strategies are inherently limited in their ability to resolve genotype–phenotype relationships. Despite the 
integration of advanced multi-omics technologies [3], the prevalence of non-contributory mutations significantly 
complicates the process, rendering the functional validation of candidate mutations labor-intensive and reliant on 
extensive trial-and-error experimentation to determine their relevance to target traits. Consequently, global mutagenesis 
approaches are highly inefficient in exploring the vast genome sequence space, generating sparse datasets with minimal 
actionable insights. These limitations severely constrain their ability to guide the further optimization of microbial cell factory 
phenotypes, underscoring the need for more targeted and precise methods to navigate genotype–phenotype landscapes. 

2. Inspiration from Protein Evolution: Sequence Space Compression 

The concept of sequence space compression [4] in protein engineering provides a valuable framework for 
addressing the complexity of genome-scale evolutionary engineering. Protein evolution is inherently constrained by the 
vast, high-dimensional fitness landscape, which remains computationally and experimentally intractable for exhaustive 
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exploration [5]. For instance, a small protein with 100 amino acids presents an astronomical sequence space of 20100 
(~10130) at the amino acid level, which expands to 4300 (~10181) at the nucleotide level. Current directed evolution 
methods are capable of identifying isolated high-fitness sequences; however, they probe only a minute fraction of this 
complex landscape, leaving its structural principles and functional relationships largely unexplored. To address this 
challenge, an evolutionary scanning method, EvoScan, has recently been developed by replacing the global mutagenesis 
tool MP6 in phage-assisted evolution with the targeted and segmented mutagenesis system, EvolvR. This innovation 
allows for systematic segmentation and exhaustive scanning of the protein sequence space, enabling the identification 
of high-fitness sequence anchors. By integrating deep learning and large language models, EvoScan further facilitates 
the exploration of genotype–phenotype relationships within high-dimensional mutational combinations. These 
advancements significantly enhance the capacity for rational protein function design, bridging the gap between directed 
evolution and computational predictive models. 

Applying sequence space compression to the genome extends the principles of protein evolution to address an even 
larger and more complex sequence landscape. For instance, a bacterial genome of 3000 genes theoretically presents a 
combinatorial space of ~101431 if each gene is modeled in three functional states (unchanged, upregulated, or 
downregulated). Most genetic changes, however, have negligible effects on target phenotypes. Thus, by identifying key 
functional genes strongly associated with phenotypes of interest (POIs)—referred to as gene-level anchors—and 
excluding genes with lower associations, the dimensionality of the genotype space can be significantly reduced (Figure 
1). This facilitates computational prediction of optimal combinatorial modifications, which can subsequently be refined 
through in situ mutagenesis to identify base-level anchors at single-nucleotide resolution. 

 

Figure 1. Schematic representation of navigable genome engineering. This concept involves identifying gene-level anchors through 
functional genomics screens, exemplified in the figure by genome-scale CRISPR screening, and base-level anchors through in situ 
mutagenesis, illustrated with the MutaT7 technology. These anchors provide highly relevant mutation data for AI-assisted genome 
modeling, enabling precision-guided optimization of microbial cell factory phenotypes. 

3. Navigating Gene-Level Anchors 

Mapping POIs from whole-genome sequences to gene-level anchors aligns with the core objective of functional 
genomics screens [6]—identifying genes that contribute to a phenotype. However, to effectively compress and 
reconstruct the genome sequence space for POI optimization, it is imperative to go beyond individual gene associations 
and emphasize gene-gene interactions (epistasis). The key challenge is understanding how simultaneous perturbations across 
multiple genes influence a phenotype, a critical requirement for capturing the functional complexity of the genome. 

Traditional approaches such as knockout collections, overexpression libraries, RNA interference (RNAi), and 
transposon sequencing (Tn-seq) have provided significant insights into gene function. However, these methods are not 
inherently designed for systematic multi-gene combination analysis. 

 RNAi: Often suffers from off-target effects, reducing precision. 
 Overexpression libraries: Limited by vector capacity, hindering scalability. 
 Knockout/Tn-seq: Primarily focus on single-gene disruptions, failing to capture combinatorial effects. 

Recent advances in CRISPR-mediated genome perturbation have significantly expanded the scope and precision 
of genetic screens [7,8]. CRISPR tools now enable: 
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 Gene KO screens (CRISPR-Cas) 
 Gene activation and interference screens (CRISPRa/i) 
 Prematurely terminated ORF screens (Base editor) [9] 
 Gene overexpression screens (CRISPR-associated transposons) [10] 

These CRISPR-based methods are particularly well-suited for integration with high-throughput sequencing, as the 
single guide RNA (sgRNA) serves a dual role—targeting specific genes while also acting as a DNA barcode. This 
functionality is critical for simplifying and enabling multi-gene perturbation studies using combinatorial sgRNA libraries. 

Currently, most genome-wide CRISPR screens rely on single-sgRNA libraries, which have been successfully used 
to study industrially relevant phenotypes such as chemical tolerance, phage resistance, and metabolite or protein 
overproduction [11]. Notably, many loci identified through these screens have shown substantial effects on production 
outcomes, rivaling pathway-specific genes. This underscores the importance of systematically identifying gene-level 
anchors as key genomic loci influencing phenotype performance. Emerging multi-sgRNA approaches [12,13] offer 
theoretical potential to advance this framework by enabling the randomized combination of top-performing sgRNAs 
identified in single-sgRNA pooled screens. This strategy facilitates multi-gene perturbation and generates 
comprehensive combinatorial datasets, which are essential for training AI-assisted models to reconstruct the high-
dimensional genome sequence space under specific POIs. 

4. Navigating Base-Level Anchors 

Identifying base-level anchors involves in situ mutagenesis to refine gene-level findings and uncover critical 
nucleotide changes influencing POIs (Figure 2). This approach resembles early multiplex automated genome 
engineering (MAGE) [14], which introduced targeted mutations into pathway-specific genes to optimize traits such as 
lycopene biosynthesis. However, unlike traditional methods focused solely on genes within known pathways, the 
strategy proposed here identifies mutational targets from genome-wide gene-level anchors associated with POIs.  

Despite its utility, MAGE suffers from low ssDNA incorporation efficiency and operational challenges associated 
with continuous mutagenesis, leading to sparse datasets for base-level mutations.  

 

Figure 2. Schematic diagram of representative discontinuous and continuous in situ mutagenesis techniques. Abbreviations include: 
SSB (single-stranded binding protein), ss-oligos (single-stranded oligos), ssDNA (single-stranded DNA). 
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Recent advancements have introduced alternative systems to overcome these limitations: 

 CREATE [15] (CRISPR-enabled trackable genome engineering): CREATE integrates CRISPR-directed DNA cleavage 
with mutation-bearing donor recombination, offering a more efficient and trackable approach to genome engineering.  

 Retron-based ssDNA recombineering [16]: Retron systems facilitate the endogenous synthesis of ssDNA, 
addressing the low efficiency of traditional MAGE. This approach enables the simultaneous editing of up to four 
loci in E. coli, providing a scalable and efficient platform for multi-site genome editing [17].  

Despite these advancements, recombineering-based approaches remain inherently constrained by their reliance on 
pre-generated mutant donors (e.g., synthetic ssDNA or dsDNA templates), leading to a fundamentally discontinuous 
process. Even with the implementation of automated transformation systems, these methods demonstrate low efficiency 
in generating high-dimensional mutational datasets spanning gene-level anchors.  

Base editor screens [18] encounter analogous limitations. Although their mutagenesis mechanisms are 
fundamentally distinct from recombineering, the mutational range of base editors is intrinsically restricted by the narrow 
window specified by sgRNA sequences. Practically, this imposes a form of discontinuous evolution, which severely 
limits scalability and impedes the systematic exploration of complex mutational landscapes. 

Emerging continuous evolution tools such as EvolvR [19], MutaT7 [20], CoMuTER [21], HACE [22] provide 
promising alternatives, enabling localized but continuous mutagenesis across multiple loci: 

 EvolvR: Utilizes a fusion of nicking Cas9 (nCas9) with an error-prone DNA polymerase to introduce mutations 
within a defined window of approximately 56 nucleotides near the targeted site. 

 MutaT7: Employs a fusion of T7 RNA polymerase with a deaminase to induce mutations in regions downstream 
of T7 promoters. 

 CoMuTER: Leverages a fusion of Cas3 helicase/nuclease with a deaminase to unwind DNA and introduce 
mutations over extensive regions, up to 55 kilobases. 

 HACE: Utilizes nCas9 to recruit a helicase-deaminase fusion enzyme, enabling locus-specific mutagenesis across 
regions exceeding 1000 base pairs. 

The processive mutagenic capability serves as the core feature enabling continuous evolution in these tools. 
However, significant challenges remain, including the limited mutation window of tools like EvolvR, which restricts 
comprehensive coverage of gene loci; the narrow mutational spectrum inherent to deaminase-based mechanisms, which 
primarily induce base transitions; and the difficulty of scaling these systems for genome-wide applications, particularly 
in achieving precise and efficient multi-locus targeting. An ideal mutagenesis system would address these limitations 
by balancing an expanded mutation window, enhanced efficiency, increased mutational diversity, and robust 
multiplexing capabilities, thereby enabling the generation of high-dimensional mutation datasets essential for the 
compression and reconstruction of a genome sequence space. 

5. AI-Assisted Sequence Space Reconstruction 

Machine learning models have been widely applied in metabolic engineering to optimize pathway configurations, 
linking combinatorial modifications (e.g., promoter and ribosome binding site tuning) to production outcomes [23]. 
Applying this principle to genome-wide optimization, AI-assisted reconstruction can predict the combinatorial effects 
of gene-level anchors on POIs. Furthermore, multiplexed continuous evolution of top-scoring gene combinations has 
the potential to generate high-dimensional base-level mutational datasets, which can be leveraged to reconstruct the 
sequence space and guide navigation toward improved POIs. Compared to datasets generated through random 
mutagenesis, the high-correlation datasets derived from stepwise navigation of gene- and base-level anchors provide a 
more robust and structured foundation for predictive modeling and phenotype optimization. 

It is critical to distinguish that protein sequence space compression operates at the amino acid level, linking 
“mutation combinations” to “functional changes” within a single protein. In contrast, POI-driven genome sequence 
space compression functions at the DNA level, correlating “mutation combinations” across multiple gene-level anchors 
to “changes in POIs”. AI models have already demonstrated success in capturing complex patterns in viral and bacterial 
genomes with single-nucleotide resolution [24,25], underscoring their potential to navigate and optimize high-
dimensional genomic landscapes. 
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6. Conclusions and Outlook 

The proposed concept of stepwise genotypic navigation integrates sequence space compression via multiplexed 
genome perturbation and mutagenesis with AI-assisted modeling. By navigating complex cell factory phenotypes to 
key functional genes and mutations, and exploring their interactions with the aid of AI, this approach holds promise for 
providing rapid guidance in the construction and optimization of cell factories. While current limitations in genome-
wide multiplexing and high-dimensional data acquisition pose significant challenges, existing technologies offer a 
pathway for incremental progress. By leveraging sparse but high-correlation datasets, this approach establishes a 
foundation for the rational engineering of microbial strains tailored for industrial applications. Future advances in 
continuous evolution tools and machine learning will further enhance the precision and scalability of this strategy, 
transforming the landscape of cell factory engineering. 
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