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The engineering of high-performance biological systems has been 
fundamentally transformed by the convergence of CRISPR/Cas-based 
genome editing and systems biology. This review examines the synergistic 
integration of precision genome editing technologies with computational 
modeling frameworks to enable predictive, iterative strain optimization. 
We trace the evolution of programmable nucleases from protein-guided 
ZFNs and TALENs to RNA-guided CRISPR/Cas9 and Cas12a 
systems, highlighting recent advances in double-strand break-free 
precision tools including base editors, prime editors, and recombinase-
assisted large-cargo integration platforms. The Design-Build-Test-Learn 
(DBTL) cycle serves as the central operational framework, wherein 
genome-scale metabolic models, machine learning algorithms, and 
artificial intelligence guide target identification, experimental design, 
and data-driven model refinement. We examine industrial chassis 
engineering across Escherichia coli, Saccharomyces cerevisiae, Yarrowia 
lipolytica, and Corynebacterium glutamicum, documenting 
quantitative production benchmarks including β-thymidine (25.4 g/L), 
S-adenosyl-L-methionine (13.96 g/L), and ergothioneine (385.70 
mg/L). Machine learning platforms such as OptiPrime and PRIDICT 
are discussed for their capacity to predict mismatch repair evasion and 
optimize prime editing guide RNA design. Critical bottlenecks including 
host DNA repair constraints, delivery vector payload limitations, and 
metabolic burden during scale-up are analyzed. Future directions 
emphasize MMR-evasive editing strategies, high-capacity adenoviral 
vectors, split-intein architectures, and biosensor-controlled dynamic 
regulation circuits that balance cellular maintenance with target 
product synthesis, establishing a predictive science of industrial strain 
optimization. 
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1. INTRODUCTION 
The engineering of biological systems for the scalable synthesis of high-value pharmaceuticals, platform 
chemicals, advanced biofuels, and nutraceuticals is central to modern industrial biotechnology. 
Historically, classical metabolic engineering relied on intuitive, low-throughput genetic manipulations 
such as episomal plasmid-driven gene overexpression, random chemical or ultraviolet mutagenesis, and 
single-gene knockouts (Yang & Lu, 2025). While these early efforts established proof-of-concept microbial 
production pathways, they were intrinsically constrained by genetic instability, metabolic burden, non-
specific physiological off-target effects, and an inability to systematically manipulate complex metabolic 
networks (Bourgade et al., 2025). 
The paradigm has shifted from isolated strain modification to systems metabolic engineering, driven by 
the integration of synthetic biology, functional multi-omics, computational modeling, and targetable 
genome editing. Central to this transformation is the Design-Build-Test-Learn (DBTL) cycle framework. 
The DBTL framework converts empirical biological engineering into a predictive, standardized, and 
iterative engineering discipline (Abbate et al., 2023). 
Within this framework, the Design phase relies on genome-scale metabolic models (GEMs) and machine 
learning algorithms to identify non-obvious gene targets, precursor bottlenecks, and optimal metabolic 
flux redistributions across thousands of interconnected biochemical reactions. The Build phase leverages 
precision genome editing technologies predominantly the Clustered Regularly Interspaced Short 
Palindromic Repeats (CRISPR) and CRISPR-associated protein (Cas) systems to physically reconfigure 
host genomes with nucleotide-level specificity (Chen & Ping, 2023). The Test phase utilizes high-
throughput screening (HTS), microfluidic assays, isotopic tracer metabolomics, and genetically encoded 
biosensors to dynamically assess single-cell states and pathway kinetics. Finally, the Learn phase employs 
advanced computational architectures, artificial intelligence, and Bayesian optimization to process multi-
omics datasets, re-train predictive algorithms, and inform subsequent engineering iterations (Li et al., 
2025). 
The synergistic convergence of CRISPR/Cas technologies and systems biology principles has redefined 
bio-manufacturing capacities across model prokaryotes (Escherichia coli, Corynebacterium glutamicum) 
and eukaryotes (Saccharomyces cerevisiae, Yarrowia lipolytica). By bridging the gap between 
computational phenotype prediction and physical execution, biological engineers can reprogram global 
transcriptional networks, optimize metabolic flux toward target molecules, and minimize carbon-divertive 
pathways, achieving high titers, yields, and productivities (Ojha et al., 2026). 
 
2. Molecular Architecture and Evolution of CRISPR/Cas Technologies 
2.1. Transition from Protein-Guided to RNA-Guided Endonucleases 
The evolution of targeted gene editing tools spans several distinct technological generations. The earliest 
programmable nucleases, zinc finger nucleases (ZFNs) and transcription activator-like effector nucleases 
(TALENs), relied on customizable protein-DNA binding domains fused to the catalytic cleavage domain 
of the FokI restriction endonuclease (Gaj et al., 2013). Zinc finger nucleases operate as tandem arrays of 
Cys2His2 zinc finger modules, where each finger recognizes a specific trinucleotide DNA sequence. 
Transcription activator-like effector nucleases utilize modular DNA-binding domains derived from 
Xanthomonas species, comprising repeat units of approximately 34 amino acids wherein hypervariable 
residues at positions 12 and 13 termed repeat variable diresidues (RVDs) dictate single-nucleotide 
recognition (Saugandhika & Jain, 2024). 
Despite their utility, both ZFNs and TALENs require complex, labor-intensive protein engineering for 
every targeted locus, presenting substantial operational barriers for multiplexed, genome-scale engineering 
campaigns (White, 2026). The operational architecture shifted with the discovery and adaptation of Class 
2 prokaryotic adaptive immune systems, specifically the Class 2 Type II (Cas9) and Type V (Cas12a/Cpf1) 
endonucleases. Unlike Class 1 systems that require multiprotein effector complexes comprising four to 
seven subunits, Class 2 systems execute sequence-specific cleavage via a single multi-domain protein 
guided by a short RNA molecule (Šviković , 2022). 
Target site selection by Cas9 is dictated by Watson-Crick base pairing between a synthetic single guide 
RNA (sgRNA) comprising a 20-nucleotide spacer region and the target genomic locus adjacent to a 5'-
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NGG-3' protospacer adjacent motif (PAM) (Yamagata, 2022). Upon PAM recognition and R-loop 
formation, the HNH and RuvC catalytic domains of Cas9 cleave the target and non-target DNA strands, 
respectively, generating a blunt-ended double-strand break (DSB). In contrast, Cas12a utilizes a T-rich 
PAM (5'-TTTN-3'), relies on a shorter single crRNA without requiring a tracrRNA, and employs a RuvC-
like catalytic domain, assisted by a Nuc domain to introduce staggered cleavage with four- or five-
nucleotide 5' overhangs distal to the PAM site. Staggered cleavage facilitates directionality during 
homology-directed insertion, making Cas12a a powerful complement to Cas9 in A/T-rich genomic 
environments (Manchanda & Suneja, 2018). 

 
Figure 1. Natural Operational Workflow of Integrated Type II CRISPR-Cas Systems Across 

Adaptation, Guide RNA Expression, and Interference Stages. 
 
Table 1. Comparative Architecture and Operational Specifications of Major Genome Editing 
Technologies 

Technology Recognition Effector 
PAM / 

target site 
Editing 

outcome 
Applications 

Meganucleases 
Structural 
protein–DNA 
interface 

Intrinsic 
endonuclease 
domain 

12–40-bp 
recognition 
sequence 

Double-strand 
break; often 
overhangs 

Gene targeting; 
low 
multiplexing 
capacity 

ZFNs 
Engineered 
zinc-finger 
arrays 

FokI cleavage-
domain dimer 

Triplet-repeat 
motifs 

Double-strand 
break; staggered 
ends 

Knockouts and 
insertions; 
design-
intensive 

TALENs 
Engineered 
TALE repeat 
modules 

FokI cleavage-
domain dimer 

T-base 
preference 

Double-strand 
break; staggered 
ends 

High-specificity 
targeting; large 
assemblies 

CRISPR-Cas9 
sgRNA–DNA 
base pairing 

HNH and 
RuvC domains 

5′-NGG-3′ 
PAM 

Double-strand 
break; blunt 
ends 

Knockouts, 
insertions, 
multiplex 
regulation 
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Technology Recognition Effector 
PAM / 

target site 
Editing 

outcome 
Applications 

CRISPR-Cas12a 
(Cpf1) 

crRNA–DNA 
base pairing 

RuvC nuclease 
domain 

5′-TTTN-3′ 
PAM 

Double-strand 
break; staggered 
5′ overhangs 

AT-rich 
targeting; 
multiplex 
crRNA arrays 

Base editors 
(CBE/ABE) 

sgRNA-guided 
nCas9 

Deaminase 
plus nCas9 

PAM-
dependent; 
variants 
available 

Single-base 
transitions; no 
double-strand 
break 

Precise 
nucleotide 
conversion 

Prime editors 
(PE2/PE3/PEmax) 

pegRNA-
guided nCas9 

Reverse 
transcriptase 
plus nCas9 

Flexible; 
PAM-
dependent 

Small 
substitutions, 
insertions, and 
deletions 

Search-and-
replace editing 

Recombinase-assisted 
PE 
(PASSIGE/PASTE) 

pegRNA-
installed 
landing pad 

Prime editor 
plus serine 
recombinase 

attB/attP 
landing sites 

Precise large-
cargo 
integration 

Multi-kilobase 
pathway 
insertion 

 
2.2. Expanding the Double-Strand Break (DSB)-Free Precision Toolkit 
While classical Cas9 and Cas12a nucleases remain effective for generating target gene knockouts via error-
prone Non-Homologous End Joining (NHEJ), the reliance on double-strand breaks introduces significant 
cellular toxicity, large genomic deletions, chromosome loss, and unpredictable insertion-deletion (indel) 
profiles (Tou & Kleinstiver, 2023). In industrial strain engineering where metabolic pathway optimization 
requires fine-tuning gene expression, altering single catalytic residues, or inserting multi-gene cassettes 
DSB generation often severely reduces cell viability, imposing severe selection bottlenecks during high-
throughput screening. To overcome these operational constraints, synthetic biologists developed catalytic 
null or nickase derivatives of Cas enzymes that decouple target DNA recognition from DSB induction 
(Qi et al., 2013). 
 
2.2.1. Transcriptional Regulation via dCas9 and dCas12a (CRISPRi and CRISPRa) 
Mutations within the catalytic domains of Cas9 (D10A in RuvC and H840A in HNH) yield dead Cas9 
(dCas9), which retains gRNA-guided target DNA-binding affinity without inducing strand cleavage. 
When dCas9 targets the promoter region or coding strand of a gene, it sterically blocks the binding or 
elongation of RNA polymerase, causing targeted gene silencing known as CRISPR interference 
(CRISPRi) (McCarty et al., 2020). Conversely, fusing dCas9 or dCas12a to transcriptional activation 
domains such as VP64, VPR, or p65 in eukaryotic systems; bacterial CRISPRa instead uses activators such 
as SoxS or the RNA polymerase omega subunit yields CRISPR activation (CRISPRa) platforms capable 
of upregulating specific endogenous metabolic enzymes. Combined CRISPRi and CRISPRa multiplexing 
enables dynamic, non-lethal rewiring of carbon flux by systematically turning down competing metabolic 
pathways while simultaneously boosting rate-limiting enzymatic steps (Bendixen et al., 2023). 
 
2.2.2. Base Editing Architectures 
Base editors fuse a Cas9 nickase (nCas9-D10A) or a miniature Cas effector such as zmBE or Un1Cas12f1 
to single-stranded DNA deaminases. Cytosine Base Editors (CBEs) employ cytidine deaminases (such as 
APOBEC or rAPOBEC1) to catalyze the hydrolytic deamination of target cytosine to uracil, which is 
subsequently read as thymine during DNA replication, resulting in an overall Cytosine-Guanine to 
Thymine-Adenine transition. Adenine Base Editors (ABEs) incorporate continuously evolved E. coli 
TadA variants (such as ABE8e) to deaminate target adenine to inosine, leading to an Adenine-Thymine 
to Guanine-Cytosine transition (Komor et al., 2016; Gaudelli et al., 2017; Richter et al., 2020). Base editors 
operate efficiently within a narrow catalytic window of four to eight nucleotides within the protospacer 
without requiring donor DNA templates or double-strand break formation. This capability allows 
engineers to introduce precise stop codons, disrupt catalytic sites, or alter promoter elements with high 
editing efficiency and minimal cytotoxicity (Srinivasa & Escobar, 2025). 
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2.2.3. Prime Editing Mechanics 
Prime editing represents a search-and-replace genome editing technology capable of installing all twelve 
possible base-to-base transitions and transversions, precise single- or multi-nucleotide insertions, and 
target deletions without DSBs or donor DNA. A prime editor complex comprises a Cas9 nickase fused 
to an engineered Reverse Transcriptase (RT) enzyme and a specialized prime editing guide RNA 
(pegRNA) (Anzalone et al., 2019). The pegRNA is dual-functional: its 5' spacer directs the nCas9 complex 
to the target genomic locus, while its 3' extension contains a Primer Binding Site (PBS) and a Reverse 
Transcriptase Template (RTT). Upon target recognition, nCas9 nicks the PAM-containing DNA strand. 
The liberated 3' single-stranded genomic DNA hybridizes to the pegRNA Primer Binding Site, priming 
reverse transcription of the edit encoded within the Reverse Transcriptase Template domain (Anzalone 
et al., 2019). 
The evolution of prime editing systems has systematically resolved early efficiency bottlenecks: 
• PE2 Platforms: Incorporate an engineered Moloney Murine Leukemia Virus reverse transcriptase 

containing five-point mutations (D200N, T306K, W313F, T330P, L603W) that enhance thermal 
stability and processivity. 

• PE3 Platforms: Introduce an auxiliary standard guide RNA that directs nCas9 to nick the unedited 
non-target strand, biasing cellular DNA repair machinery to replace the unedited strand using the 
edited strand as a template, thereby elevating edit conversion rates (Anzalone et al., 2019). 

• PEmax Systems: Incorporate structural codon optimizations and catalytic alterations across both the 
nCas9 and RT domains, yielding higher editing rates in complex genomic architectures. 

• Engineered pegRNAs (epegRNAs): Feature structured RNA motifs, such as the evoPreQ1 stem-loop, 
at the 3' terminus to protect the extension from exonucleolytic degradation, stabilizing the guide 
complex inside the nucleoplasm (Rambabu et al., 2026). 

 
2.2.4. Large-Cargo Integration via Recombinase-Assisted Systems 
While prime editing excels at installing local modifications, its operational efficiency drops when cargo 
length exceeds 100 base pairs, limiting its ability to directly insert entire multi-gene metabolic operons. 
To overcome this payload ceiling, synthetic biologists integrated prime editing with site-specific large 
serine recombinases (LSRs) such as Bxb1 integrase (Yarnall et al., 2023; Pandey et al., 2025). In systems 
such as Prime Editing-Assisted Site-Specific Integrase Gene Editing (PASSIGE) and Programmable 
Addition via Site-Specific Targeting Elements (PASTE), dual pegRNAs or twinPE constructs install small, 
orthogonal attachment sites (attB or attP) into safe-harbor loci. Continuously evolved serine recombinases 
such as evoBxb1 or eeBxb1, engineered via phage-assisted continuous evolution then catalyze the 
directional integration of multi-kilobase donor plasmids exceeding 10 to 36 kilobases into the installed 
landing pads with integration efficiencies exceeding 30% (Pandey et al., 2025). 
 

 
Figure 2. Mechanistic Overview of CRISPR-Cas9 Mediated DNA Double-Strand Cleavage and 

Endogenous Cellular Repair Pathways (NHEJ vs. HDR). 
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2.3. Microbial Genome Editing and Host-Specific Implementation 
In Escherichia coli, Cas9 cleavage is frequently coupled to λ-Red recombineering: donor-mediated repair 
creates the desired allele while Cas9 counter-selects unedited cells. CRISPR interference using catalytically 

inactive Cas9 offers reversible repression without chromosome cleavage (Qi et al., 2013). Cas12a-based 

bacterial activation and repression expand multiplex regulation options (Schilling et al., 2020), while non-
model bacterial gene regulation has been reviewed by Call and Andrews (2022). Signal-responsive 

CRISPRi switches can support dynamic metabolic control in E. coli (Kim et al., 2025). Yeast editing often 

exploits efficient homologous recombination (DiCarlo et al., 2013). Base editing and CRISPR-associated 
transposase systems offer alternative routes to nucleotide substitution and DNA insertion, but their 

efficiency is host- and locus-dependent (Klompe et al., 2019; Strecker et al., 2019). Mammalian prime-
editing performance should not be assumed to transfer directly to industrial microorganisms. 

3. Systems Biology Integration into the Design-Build-Test-Learn (DBTL) Framework 
The ultimate utility of precision CRISPR editing depends on selecting appropriate genomic targets. 
Systems biology provides the analytical tools and computational models required to map global metabolic 
landscapes, enabling targeted genetic interventions through the iterative Design-Build-Test-Learn 
framework (Jeon et al., 2025). 
 
3.1. Design Phase: In Silico Predictive Modeling and Machine Learning 
In the Design phase, computational biologists construct digital representations of the cellular host using 
Genome-Scale Metabolic Models (GEMs). Utilizing constraint-based reconstruction and analysis 
(COBRA) techniques, such as Flux Balance Analysis (FBA), GEMs simulate the complete biochemical 
reaction network of an organism under specific nutrient conditions. Algorithms such as OptKnock, 
OptForce, and RobustKnock evaluate thousands of simultaneous gene knockouts or overexpressions in 
silico to identify non-obvious target combinations that couple cell growth directly to target product 
formation (Ferreira, 2018). 
Machine-learning models such as PRIDICT2.0 and OptiPrime predict prime-editing outcomes from 
pegRNA design and target-context features (Mathis et al., 2024; Hsu et al., 2026). PRIDICT2.0 predicts 
outcomes across diverse edit types and chromatin contexts, while OptiPrime models mechanistic 
determinants, including mismatch-repair effects (Mathis et al., 2024; Hsu et al., 2026). The mismatch-
repair machinery, including MutSα (MSH2–MSH6) and MutSβ (MSH2–MSH3), recognizes mismatches 
in prime-editing heteroduplex intermediates and can reduce editing outcomes (Iyer et al., 2006; Ferreira 
da Silva et al., 2022). Strategy-specific silent or benign changes encoded in the pegRNA reverse-
transcription template have been reported to reduce mismatch-repair susceptibility and improve editing 
in tested contexts (Chen et al., 2021; Hsu et al., 2026). 
 
3.2. Build Phase: High-Throughput Assemblies and Multiplex Genome Reconstruction 
In the Build phase, computational designs are converted into physical genetic edits. Automated 
biofoundries utilize liquid handling platforms and acoustic droplet ejection systems to construct complex 
guide RNA libraries and donor DNA assemblies. Technologies such as Multiplex Automated Genome 
Engineering (MAGE) and multiplexed CRISPR systems (CRISPRm) enable simultaneous targeting of 
dozens of genomic loci in a single transformation step (Bao et al., 2016). 
Using arrays of sgRNAs expressed from polycistronic tRNA-gRNA or Csy4-cleavable transcripts, 
engineered strains can undergo parallel transcript silencing via CRISPRi, gene activation via CRISPRa, 
and single-nucleotide conversions via base editors. This multiplex capacity enables metabolic engineers to 
reconfigure entire metabolic networks, bypassing the sequential, single-gene modifications that previously 
bottlenecked strain development (Ma et al., 2024). 
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3.3. Test Phase: High-Throughput Phenotyping and Metabolite Analysis 
The Test phase measures whether engineered strains exhibit the predicted phenotype (Abbate et al., 
2023). Screening can combine microplate cultivation, fluorescence or metabolite-responsive biosensors, 

flow cytometry, and microfluidic droplet assays to evaluate large strain libraries (Zhang et al., 2023; 

O’Connor et al., 2024). Promising variants require confirmation by quantitative chromatography or mass 

spectrometry, followed by shake-flask and bioreactor measurements (O’Connor et al., 2024; Antoniewicz, 
2021). Product titer (g/L), yield (g product/g substrate), volumetric productivity (g/L/h), growth rate, 

substrate uptake, and genetic stability should be recorded together (Abbate et al., 2023; Antoniewicz, 
2021). Isotope-tracing experiments and metabolomics can reveal pathway bottlenecks and support 
refinement of the next Design phase (Antoniewicz, 2021). Measurements must be linked to strain 
genotype, culture medium, cultivation time, and scale so that results are comparable across DBTL cycles 

(Abbate et al., 2023). 

3.4. Learn Phase: Artificial Intelligence and Data-Driven Optimization 
In the Learn phase, computational models process quantitative phenotyping datasets generated in the 
Test phase to re-train operational algorithms. Machine learning methods including Random Forests, 
Convolutional Neural Networks (CNNs), and Gaussian Process Regression identify non-linear 
relationships between genetic modifications and observed titers (Jebreili & Goli, 2024). 
When empirical phenotypic performance deviates from GEM-based predictions, the Learn phase uses 
constraint-based flux analysis to update flux constraints and intervention targets; enzyme kinetic 
parameters (Vmax, Km) require separate kinetic models, while enzyme-constrained models may 
incorporate kcat values. The updated models generate optimized genetic design parameters for the next 
DBTL iteration. This closed-loop operational architecture systematically narrows the search space, 
transforming industrial strain optimization into a predictive science (Anis Lahoud et al., 2025). 
 
4. Industrial Chassis Engineering and Quantitative Bio-Manufacturing Benchmarks 
Systems metabolic engineering coupled with advanced CRISPR/Cas editing has driven substantial 
enhancements in production metrics across industrial microbial hosts. The following sub-sections 
examine specific engineering strategies executed across major host platforms (Saranya, 2026). 
 
4.1. Escherichia coli: Terpenoid, Nucleoside, and Organic Acid Biofoundries 
Escherichia coli remains a primary bacterial host due to its rapid doubling time, well-characterized 
physiology, and extensive genetic toolkit (Singh, 2021). 
 
4.1.1. De Novo β-Thymidine Biosynthesis 
β-Thymidine is a primary nucleoside precursor for critical antiviral therapeutics. In a study by Fan et al., 
an industrial strain was developed through comprehensive systems engineering starting from an orotate-
accumulating base strain (Ora14-4). Engineers integrated the pyrFE gene cluster from Bacillus subtilis to 
direct pyrimidine flux toward de novo deoxyuridine monophosphate (dUMP) synthesis. To eliminate 
precursor loss, genes involved in β-thymidine catabolism and competing branch points were knocked out 
using CRISPR/Cas9. The intracellular supply of one-carbon donors was enhanced by upregulating the 
endogenous folate cycle and the glycine cleavage system. To meet the high demand for reduction 
equivalents, the Entner-Doudoroff (ED) pathway from Zymomonas mobilis was introduced, augmenting 
intracellular NADPH pools (Fan et al., 2026). Finally, thymidylate kinase (tmk) expression was placed 
under the control of a growth-adaptive promoter to minimize metabolic drift during stationary growth. 
In a fed-batch bioreactor, the engineered strain achieved a final β-thymidine titer of 25.4 g/L and a glucose 
conversion rate of 0.079 g/g (Fan et al., 2026). 
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4.2. Saccharomyces cerevisiae and Non-Conventional Yeasts: Complex Molecule 
Biosynthesis 

The budding yeast Saccharomyces cerevisiae and non-conventional oleaginous yeasts such as Yarrowia 
lipolytica serve as industrial eukaryotic chassis due to their robust tolerance to low pH, high osmotic 
pressure, and complex eukaryotic membrane-bound enzyme systems (Lacerda et al., 2020). 
 
4.2.1. S-Adenosyl-L-Methionine (SAM) Hyper-Production 
The resulting strain (AU18) achieved a SAM titer of 2.46 g/L in shake flasks and 13.96 g/L in a 5-L 
fermenter under continuous L-methionine feeding (Lv et al., 2024). 
 
4.2.2. Specialized Metabolites and Terpenoids 
Metabolic pathways supplying precursor amino acids (histidine, methionine, and cysteine) were rationally 
engineered, yielding an ergothioneine concentration of 385.70 mg/L (Tetali, 2019). 
 
 
Table 2. Quantitative Bio-Manufacturing Performance Benchmarks in Systems-Engineered Microbial 
Platforms 

Host Product 
Engineering 

strategy 
Scale / mode Titer / yield Reference 

Escherichia coli β-Thymidine 

B. subtilis pyrFE 
insertion; 
folate/glycine 
upregulation; 
NADPH 
regeneration; 
dynamic tmk 
control 

Fed-batch 
fermenter 

25.4 g/L; 
0.079 g/g 
glucose 

Fan et al., 
2026 

Escherichia coli 
Hydroxytyrosol 
(HT) 

TPL, aadL, 
KAD, yahK, 
and GDH 
enzyme-cascade 
engineering 

5-L bioreactor; fed-
batch 
biotransformation 

55.3 mM 
(≈8.525 g/L) 

Xiong et 
al., 2025 

Escherichia coli 
Hydroxytyrosol 
(HT) 

EcHpaBC-
mediated 
hydroxylation of 
exogenous 
tyrosol 

Shake-flask 
conversion; 4 g/L 
tyrosol feed 

2.02 g/L 
Jiang et al., 
2026 

Escherichia coli 
3-
Hydroxypropionic 
Acid (3-HP) 

Heterologous 
pathway under a 
self-inducing 
dynamic 
promoter 

1-L bioreactor 
(Ethanol feed) 

3.47 g/L 
Wang et 
al., 2026 

Escherichia coli 
Ergothioneine 
(EGT) 

egtBDE 
expression; 
solubility tags; 
precursor 
balancing 

Optimized shake 
flask 

385.70 mg/L 
Tetali, 
2019 

Saccharomyces 
cerevisiae 

S-Adenosyl-L-
Methionine 
(SAM) 

hxk2, aat1, 
met17, sam2, 
and vgb 
engineering; L-
threonine-
pathway 
weakening 

5-L fermenter 
(Continuous L-
Met) 

13.96 g/L; 
2.46 g/L 
shake flask 

Lv et al., 
2024 
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Host Product 
Engineering 

strategy 
Scale / mode Titer / yield Reference 

Yarrowia 
lipolytica 

Squalene 

Mevalonate-
pathway 
deregulation; 
lipid-droplet 
expansion 

Bioreactor culture 
High-density 
accumulation 
reported 

Xu et al., 
2024 

Corynebacterium 
glutamicum 

L-Lysine / 
Specialty Amines 

Pentose-
phosphate flux 
enhancement; 
competing-
pathway 
knockouts 

Industrial 
fermenter 

Multi-gram 
platform 
metrics 

Liu et al., 
2022; 
Nguyen et 
al., 2015 

 
5. Computational Frontiers and Machine Learning in Genome and Pathway Design 
5.1. Algorithmic Optimization of Precision Editors 
 
The parameter space governing genome-editing tools, particularly multi-component platforms such as 
prime editors, presents significant optimization challenges. 
Mechanistic machine-learning models such as OptiPrime and PRIDICT2.0 address the challenge of 
predicting prime-editing outcomes. OptiPrime was developed using two high-throughput lentiviral 
libraries—Lib-MMR and Lib-CV—comprising 10,000 and 10,406 pegRNA–target pairs, respectively. It 
captures determinants of reverse-transcription priming, template hybridization, and DNA-repair 
interactions (Hsu et al., 2026). 
Mismatch-repair proteins, including MutSα (MSH2–MSH6) and MutSβ (MSH2–MSH3), recognize 
mismatches or small insertion–deletion loops in prime-editing heteroduplex intermediates; mismatch 
repair can suppress prime-editing efficiency in a context-dependent manner (Iyer et al., 2006; Ferreira da 
Silva et al., 2022). OptiPrime identifies MMR-related sequence determinants and can nominate MMR-
evasive silent edits encoded in the reverse-transcription template. Such edits have improved prime-editing 
efficiency in the reported experimental contexts (Chen et al., 2021; Hsu et al., 2026). 
 
6. Bottlenecks, Delivery Systems, and Future Directions 
6.1. Intracellular Repair Machinery and Mismatch Repair Constraints 
In most bacteria, canonical non-homologous end joining is absent or inefficient; Cas9-induced double-
strand breaks are often lethal and can be used for counter-selection with recombineering. In 
Saccharomyces cerevisiae, targeted double-strand breaks can enhance donor-mediated homologous 
recombination (DiCarlo et al., 2013). 
 
6.2. Delivery Vectors and Payload Capacity Challenges 
Delivering advanced genome editing machinery into industrial hosts presents significant biophysical 
hurdles. Prime editors, base editors, and recombinase-assisted platforms exceed the packaging capacity of 
standard viral vectors, such as Adeno-Associated Virus (AAV), which is limited to less than 4.7 kilobases 
(Huang et al., 2025). 
To overcome packaging bottlenecks, advanced delivery modalities are being implemented: 
• High-Capacity Adenoviral Vector Particles (AdVPs): Possess extensive packaging capacities up to 36 

kilobases, enabling the delivery of full-length prime editors, dual pegRNAs, and donor templates 
within a single vector. AdVPs efficiently transduce both cycling and post-mitotic cells without 
genomic integration, providing a robust delivery platform for large synthetic constructs (Aliciaslan et 
al., 2025). 

• Split-Intein Delivery Architectures: Dual-vector delivery platforms split large prime editor proteins into 
N-terminal and C-terminal fragments fused to fast-splicing split inteins, which reconstitute full-length 
functional enzymes upon co-entry into the target cell nucleoplasm. 
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• Non-Viral Nanoparticles: Lipid nanoparticles (LNPs) engineered with cell-targeting ligands facilitate 
transient, non-integrative delivery of Cas mRNA and pegRNA, minimizing off-target activity and 
cellular toxicity (Chen & Ping, 2023). 

 
6.3. Scale-Up Dynamics and Metabolic Burden Management 
Moving engineered strains from laboratory-scale shake flasks to multi-thousand-liter industrial fermenters 
exposes cells to stresses, including oxygen gradients, nutrient limitation, pH fluctuations, and osmotic 
pressure. Overexpression of large heterologous pathways can consume ATP, NAD(P)H, and amino acid 
pools, imposing a metabolic burden that may compromise genetic stability (Hollinshead et al., 2014). In 
engineered Escherichia coli, sustained production load has been shown to select for non-producing 
mutants during prolonged fermentation (Rugbjerg et al., 2018). 
Mitigating these effects requires integrating dynamic metabolic control networks. Biosensor-controlled 
CRISPRi circuits dynamically suppress non-essential pathways during high-stress growth phases, balancing 
cellular maintenance with target product synthesis. Furthermore, integrating growth-adaptive promoters 
ensures that target gene expression automatically scales with biomass accumulation, stabilizing high-titer 
production during long industrial fermentation runs (Wu et al., 2016). 
 
7. CONCLUSION 
The integration of CRISPR/Cas-based genome editing with systems biology has fundamentally redefined 
the capabilities of industrial biotechnology, transforming strain engineering from an empirical craft into 
a predictive, data-driven discipline. This review has demonstrated that the synergistic application of 
precision editing tools—spanning classical nucleases, DSB-free base and prime editors, and recombinase-
assisted large-cargo integration systems—with computational frameworks such as genome-scale metabolic 
models and machine learning algorithms enables unprecedented control over cellular metabolism. The 
Design-Build-Test-Learn cycle operationalizes this integration, allowing engineers to systematically identify 
non-obvious genetic targets, execute multiplexed genomic modifications with nucleotide-level precision, 
and iteratively refine predictive models through quantitative phenotyping. Quantitative benchmarks 
across diverse microbial chassis, including record titers of β-thymidine, S-adenosyl-L-methionine, and 
ergothioneine, validate the practical efficacy of this integrated approach. Nevertheless, significant 
challenges persist, including host mismatch repair constraints that limit editing efficiency, delivery vector 
payload restrictions for large multi-component editor complexes, and metabolic burden that triggers 
genetic instability during industrial scale-up. Addressing these bottlenecks will require continued 
innovation in MMR-evasive guide RNA design, high-capacity delivery modalities such as adenoviral 
vectors and split-intein architectures, and dynamic metabolic control circuits that couple target gene 
expression to biomass accumulation. As machine learning models become increasingly sophisticated in 
predicting editing outcomes and metabolic flux distributions, the field is poised to achieve fully 
autonomous, closed-loop strain optimization, accelerating the development of sustainable bio-
manufacturing platforms for pharmaceuticals, chemicals, biofuels, and nutraceuticals. 
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