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Abstract: Enzyme engineering has traditionally relied on directed evolution, rational design, and semi-rational mutagenesis to improve 

catalytic activity, stability, selectivity, and substrate specificity. Although these approaches have produced important biocatalysts, they 

remain constrained by the enormous size of protein sequence space and the experimental cost of screening variants. Recent advances in 

artificial intelligence have introduced protein language models (PLMs), generative models, and machine-learning-assisted optimization 

as new approaches for navigating this sequence space. PLMs learn statistical representations of protein sequences from large 

evolutionary datasets and can be adapted for predicting protein properties and identifying potentially beneficial mutations. More recent 

approaches integrate evolutionary information with structural and biophysical knowledge, improving performance when experimental 

data are limited. This paper reviews the transition from conventional enzyme engineering toward AI-assisted protein engineering and 

proposes a data-efficient framework integrating PLMs, structure prediction, active learning, and experimental validation. The 

framework consists of sequence-space generation, computational filtering, structure- and function-aware ranking, targeted 

experimental validation, and iterative model updating. Particular attention is given to limited experimental data, epistasis, model 

interpretability, and the gap between predicted and experimentally observed enzyme performance. The paper argues that hybrid systems 

combining evolutionary information, protein structure, biophysical simulation, and experimental feedback are likely to be more reliable 

than any single model. Such systems could reduce laboratory screening requirements and accelerate enzyme discovery for sustainable 

chemical synthesis, pharmaceutical manufacturing, environmental biotechnology, and synthetic biology. 
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1. Introduction 

 

Enzymes are central to biotechnology because they catalyze 

biochemical reactions with high selectivity under 

comparatively mild operating conditions. Industrial 

biocatalysis uses enzymes in applications ranging from 

pharmaceutical synthesis and food processing to biofuels, 

materials, and environmental biotechnology. However, 

naturally occurring enzymes are not necessarily optimized 

for industrial environments. They may exhibit insufficient 

thermostability, poor solvent tolerance, low catalytic 

activity, undesirable substrate specificity, or limited 

operational lifetime. 

  

Conventional enzyme engineering addresses these 

limitations primarily through directed evolution and rational 

or semi-rational design. Directed evolution experimentally 

explores large populations of mutants and selects variants 

exhibiting improved properties [10]. Rational design uses 

structural and mechanistic information to identify residues 

that may influence enzyme function, while semi-rational 

approaches combine structural knowledge with focused 

mutagenesis libraries [11]. Although these approaches 

remain effective, their efficiency is constrained by the size 

of protein sequence space and the cost of experimentally 

characterizing variants [10], [11]. 

  

Artificial intelligence provides a potential solution by 

learning relationships between protein sequences, structures, 

evolutionary histories, and experimentally measured 

properties. Protein language models are particularly 

important because they can learn representations from very 

large sequence databases without requiring experimental 

measurements for every protein. Recent work describes an 

expanding ecosystem of language models, structure-aware 

models, and generative approaches for protein design [2], 

[7], [9]. 

  

This paper examines the emerging role of AI in enzyme 

engineering and proposes a practical framework for 

combining protein language models with structural 

information, active learning, and experimental validation. 

  

2. Review Methodology 
 

A narrative literature review was conducted using PubMed-

indexed articles, publisher-indexed scientific literature, and 

established protein-engineering resources, with searches 

focused on terms including enzyme engineering, directed 

evolution, rational protein design, protein language models, 

generative protein design, active learning, biophysical 

protein modeling, and automated biofoundries. The literature 

considered spans foundational work from 1998 through 

recent studies available in 2026, with emphasis on 

developments published from 2018 onward. Studies were 

selected for direct relevance to enzyme engineering, 

methodological significance, empirical validation, or their 

contribution to computational or experimental workflows; 

foundational papers were retained when necessary to 

establish the evolution of the field. 
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3. Evolution of Enzyme Engineering 
 

3.1 Directed Evolution 

  

Directed evolution mimics the basic principles of natural 

selection. A library of enzyme variants is generated through 

mutagenesis, the variants are screened or selected, and 

improved candidates are subjected to additional rounds of 

evolution. Its major advantage is that it does not require 

complete mechanistic knowledge of an enzyme. However, 

its effectiveness depends on library quality and screening 

capacity. 

 

For an enzyme with n mutable positions and m alternative 

substitutions per position, the theoretical number of variants 

can increase exponentially: 

N = (m + 1)^n 

  

where N is the theoretical library size. This exponential 

growth creates a fundamental experimental bottleneck. 

  

3.2 Rational and Semi-Rational Design 

  

Rational enzyme engineering uses structural and 

biochemical information to select residues likely to 

influence enzyme performance. Molecular docking, 

molecular dynamics, conservation analysis, and energetic 

calculations can identify candidate positions. Semi-rational 

approaches reduce the search space by restricting 

mutagenesis to selected residues or regions. 

  

3.3 AI-Assisted Engineering. 

  

Machine learning changes the problem from indiscriminate 

exploration to predictive exploration. Instead of 

experimentally testing thousands of variants, a model can 

learn from existing sequence–function measurements and 

rank a smaller number of candidates [8], [13]. The 

conceptual transition is therefore from random search, to 

knowledge-guided search, to data-driven and generative 

search [2], [3]. 

  

4. Protein Language Models 

  

Protein language models treat amino-acid sequences as 

information-rich sequences from which statistical 

relationships can be learned. During training, a model 

processes large collections of protein sequences and learns 

context-dependent representations associated with 

evolutionary constraints, structure, and function. 

  

A protein sequence can be represented as: 

S = (a₁, a₂, …, aₙ) 

  

where S is a protein sequence and aᵢ represents the amino 

acid at position i. A PLM transforms this sequence into a 

learned representation: 

  

Z = fθ(S) 

  

where fθ is the pretrained model and Z is a latent 

representation containing information extracted from the 

sequence. 

These representations can subsequently be used for protein-

function prediction, variant-effect prediction, stability 

estimation, or sequence generation. Large-scale protein 

language modeling has demonstrated that biological 

structure and function can emerge from unsupervised 

learning over massive sequence collections [4], [7]. 

Generative protein language models have further shown that 

models can produce functional sequences across diverse 

protein families [5]. Learned protein embeddings have also 

provided a practical interface between unsupervised 

sequence representation and downstream machine-learning 

tasks [9]. 

  

However, sequence-only models do not explicitly encode all 

physical determinants of protein behavior. This motivates 

the integration of biophysical simulation, structural 

information, and experimental measurements. 

  

5. AI for Enzyme Engineering 

  

5.1 Mutation-Effect Prediction. 

  

One important application is prediction of the effects of 

amino-acid substitutions. For a protein sequence S and 

mutation m, a predictive model can estimate: 

  

ŷ = g(S, m) 

  

where ŷ may represent activity, stability, binding, 

expression, or another phenotype. This allows potentially 

beneficial mutations to be prioritized before laboratory 

testing [6], [8], [13]. 

  

5.2 Generative Protein Design 

  

Generative models approach the problem differently. Rather 

than ranking mutations in an existing enzyme, they can 

generate sequences conditioned on desired properties or 

structural constraints. A conceptual objective is: 

  

S* = arg maxₛ P(S | F, C) 

  

where F represents the desired function and C represents 

structural or biochemical constraints. Recent work 

emphasizes context-conditioned generation and integration 

of structural information in protein design [2]. 

  

5.3 Biophysics-Aware Models 

  

A key recent development is Mutational Effect Transfer 

Learning (METL), which pretrains transformer models on 

molecular-simulation-derived biophysical data before fine-

tuning on experimental sequence–function data. METL was 

reported to predict properties including thermostability, 

catalytic activity, and fluorescence, and to design functional 

GFP variants using only 64 experimental examples [1]. This 

provides an example of how synthetic biophysical data can 

complement limited laboratory measurements. 

  

6. Proposed Data-Efficient Framework 

  

This paper proposes a five-stage framework for AI-assisted 

enzyme engineering. 
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6.1 Stage I: Sequence-Space Generation 

  

A target enzyme is selected according to the desired 

biochemical application. Homologous sequences are 

collected from protein databases and processed using a 

protein language model. Instead of generating an 

unrestricted mutation library, the model identifies regions 

and variants that are plausible according to learned 

evolutionary patterns. 

  

6.2 Stage II: Computational Filtering. 

  

Candidate variants are filtered using multiple criteria, 

including predicted structural integrity, evolutionary 

plausibility, stability, active-site compatibility, and 

substrate-binding compatibility. Structure-prediction 

systems such as AlphaFold provide an additional 

computational layer for evaluating structural plausibility 

when experimental structures are unavailable [12]. A multi-

objective score can be represented as: 

  

Score = Σ wᵢPᵢ 

  

where Pᵢ represents a predicted property and wᵢ represents its 

application-specific weight. 

  

6.3 Stage III: Structure- and Function-Aware Ranking. 

  

The highest-ranked sequences should not be selected solely 

according to PLM probability. Structural prediction and 

biochemical constraints should also be incorporated [12]. A 

mutation that improves predicted stability but disrupts an 

active-site residue should receive a low overall score. A 

conceptual composite score is: 

  

Scorefinal = w₁EPLM + w₂Estructure + w₃Estability + 

w₄Efunction 

  

where each E represents a normalized evidence score. 

  

6.4 Stage IV: Targeted Experimental Validation. 

  

Only a limited number of candidates are experimentally 

synthesized and tested. This creates a closed-loop Design–

Build–Test–Learn system. The experimental measurements 

are then returned to the model as new training data. 

  

6.5 Stage V: Active Learning. 

  

Active learning allows the model to select experiments 

expected to provide high information value. Instead of 

selecting only variants with the highest predicted 

performance, the algorithm can balance exploitation and 

exploration, consistent with active-learning strategies used 

to reduce experimental burden in biological design [13]: 

  

Utility = α(Predicted Performance) + β(Uncertainty) 

  

High-performing candidates exploit the current model, while 

uncertain candidates provide information that can improve 

the model. 

  

7. Applications in Biotechnology 

  

7.1 Sustainable Chemical Manufacturing 

  

Engineered enzymes can catalyze reactions under 

comparatively mild conditions. AI-assisted enzyme 

engineering could expand the range of reactions accessible 

to industrial biocatalysis and improve catalytic performance 

for pharmaceutical intermediates, specialty chemicals, and 

renewable materials. 

  

7.2 Pharmaceutical Biotechnology 

  

Enzyme engineering can improve the synthesis of chiral 

pharmaceutical intermediates by enhancing regioselectivity 

and stereoselectivity. AI-guided design may enable the 

discovery of catalysts optimized for substrates that are 

poorly accepted by natural enzymes, building on the broader 

role of engineered biocatalysts in pharmaceutical synthesis 

[15]. 

  

7.3 Environmental Biotechnology 

  

Enzymes capable of degrading persistent contaminants are 

another potential application. AI-guided design could 

optimize stability and activity under environmental 

conditions where naturally occurring enzymes perform 

poorly. 

  

7.4 Synthetic Biology 

  

AI-designed enzymes can be incorporated into engineered 

metabolic pathways. Instead of modifying complete 

pathways through trial and error, computational methods can 

help prioritize individual enzymes before experimental 

integration. 

  

7.5 Commercialization and Venture Evaluation 

  

From a commercialization perspective, AI-designed 

biocatalysts are increasingly evaluated not only by single-

enzyme performance but also by the ability of a platform to 

generate proprietary experimental data and repeatable 

optimization workflows. The integration of targeted 

experimental validation (Stage IV) and active learning 

(Stage V) can strengthen such platforms by turning each 

experimental cycle into additional sequence–function data. 

This creates a potential operational advantage in how rapidly 

candidate biocatalysts can be evaluated and optimized for 

industrial applications. Translating computational 

predictions into viable products therefore depends on both 

the scientific performance of engineered enzymes and the 

scalability, reproducibility, and economics of the underlying 

design–build–test–learn workflow. 

  

8. Challenges and Limitations 

  

8.1 Limited Experimental Data 

  

High-quality enzyme datasets containing standardized 

measurements of catalytic activity, stability, and selectivity 

remain scarce relative to the number of available protein 

sequences. Data-efficient approaches have demonstrated that 
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useful sequence–function models can be trained from 

comparatively small experimental sets, but careful assay 

design and validation remain critical [1], [8]. A model 

trained mainly on sequence data may therefore have 

extensive evolutionary knowledge but limited direct 

knowledge of a desired phenotype. 

  

8.2 Epistasis. 

  

The effect of one mutation can depend strongly on other 

mutations. Therefore: 

  

Effect(A + B) ≠ Effect(A) + Effect(B) 

  

This non-additivity makes it difficult to extrapolate from 

single mutations to combinations of mutations. 

  

8.3 Model Interpretability 

  

A model may identify a promising sequence without 

providing a biologically meaningful explanation for why the 

sequence should work. This is important when engineering 

enzymes for industrial use. 

  

8.4 Prediction–Experiment Gap. 

 

A computationally promising protein may fail 

experimentally because of expression problems, incorrect 

folding, aggregation, cofactor requirements or 

incompatibilities, cellular context, or assay-specific effects. 

Computational prediction should therefore be treated as a 

prioritization mechanism rather than a substitute for 

laboratory validation. 

  

8.5 Data Standardization 

 

Differences in assay conditions can make measurements 

difficult to compare. Temperature, pH, substrate 

concentration, buffer composition, enzyme concentration, 

and measurement protocols can all influence observed 

activity. Standardized experimental metadata are therefore 

essential for reliable predictive models. 

  

9. Future Directions 

  

The next stage of AI-assisted enzyme engineering is likely 

to involve multimodal models rather than sequence-only 

systems. Such models could integrate DNA, RNA, protein 

sequence, protein structure, molecular simulation, enzyme 

kinetics, and cellular phenotype. 

  

The integration of these levels could enable models to 

reason about enzyme performance across multiple biological 

scales. Another important development is the integration of 

AI with automated laboratories and closed-loop 

biofoundries. Such systems connect computational design 

with high-throughput construction, testing, and iterative 

model updating, reducing the manual burden of successive 

design cycles [14]. 

  

A future autonomous enzyme-engineering platform could 

therefore operate as: 

  

Target definition → AI design → Automated synthesis → 

High-throughput assay → Data acquisition → Model 

updating → New design 

  

Such systems could transform enzyme engineering from a 

predominantly manual optimization process into an 

adaptive, rapidly scaling computational–experimental 

enterprise. 

  

10. Experimental Outlook and Validation 

Strategies 

  

Based on the literature reviewed, an essential future 

validation strategy involves benchmarking hybrid enzyme-

engineering frameworks against conventional practices. The 

proposed five-stage pipeline must be empirically tested by 

comparing four approaches: random mutagenesis; rational 

structure-guided mutagenesis; protein-language-model-

guided mutation selection; and hybrid PLM plus structure 

plus active-learning optimization. 

 

Performance should be evaluated using the number of 

experimentally tested variants required to achieve predefined 

improvements in catalytic activity, stability, or selectivity. 

This standardized comparison would directly validate 

whether multimodal AI improves practical enzyme-

engineering efficiency rather than merely improving isolated 

computational prediction metrics [13], [14]. 

  

11. Conclusion 

  

Artificial intelligence is changing enzyme engineering from 

an experimentally dominated search problem toward a 

computationally guided optimization problem. Protein 

language models provide a mechanism for extracting 

information from evolutionary sequence space, while 

generative models offer the possibility of designing proteins 

beyond naturally observed sequences. However, sequence-

based prediction alone is insufficient because enzyme 

activity is determined by complex interactions between 

sequence, structure, dynamics, substrate, and experimental 

environment. 

  

The most promising direction is therefore a hybrid 

framework combining protein language models with 

structural prediction, biophysical modeling, active learning, 

and automated experimentation. Such a framework can 

narrow the experimental search space while retaining 

experimental feedback as the ultimate source of biological 

validation. 

  

The proposed approach represents a transition from 

designing enzymes by searching what nature has already 

produced toward using AI to intelligently explore sequence 

space that nature may not have sampled. If challenges 

surrounding data quality, epistasis, interpretability, and 

experimental validation can be addressed, AI-assisted 

enzyme engineering could become an important platform 

technology for sustainable manufacturing, pharmaceutical 

biotechnology, environmental remediation, and synthetic 

biology. 
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