Artificial intelligence in enzyme catalysis: Emerging trends and applications in biocatalyst engineering


Abstract
This study systematically explores the applications of artificial intelligence (AI) in enzyme research, emphasizing its role in enzyme design, catalytic function prediction, stability, discovery of novel enzymes, and process opti- mization. Using bibliometric review techniques, we quantified research sub- fields, mapped global scientific trends, and identified the machine learning (ML) approaches most frequently employed in enzymology. Our analysis reveals that algorithms such as random forests, support vector machines, decision trees, and K-nearest neighbours are predominantly applied to pre- dict protein solubility, enzyme stability after mutations, catalytic mecha- nisms, and drug-enzyme interactions. These findings demonstrate how AI enables more accurate predictions of enzymatic behaviour, accelerates drug discovery pipelines, and supports the identification of new metabolic path- ways for industrial biotechnology.
By consolidating state-of-the-art knowledge and identifying future directions, this study contributes to guiding research strategies in data-driven enzyme engineering and promotes the development of sustainable biotechno- logical solutions.
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INTRODUCTION

Artificial intelligence (AI) has recently achieved signifi- cant progress, and if properly harnessed, it offers a variety of promising applications in many fields. The recent advancements in AI have been driven by the increased availability of large datasets, facilitated by the digital transformation of information, and significant improve- ments in computational power. AI processes allow machines to solve complex problems much faster than the human brain. Applications such as machine learning (ML) and deep learning (DL) are widely highlighted. ML employs data and algorithms to replicate the process of human learning, enabling systems to improve their accu- racy continuously. DL, a subset of ML, uses deep neural networks (DNNs) to deal with complex problems in an even more advanced way. These two techniques have been gaining popularity in various research fields, such as natural language processing, image proces- sing, and speech recognition.
AI techniques can contribute to the study of enzymes in several areas. Examples include the directed evolution of enzymes, in which iterative rounds of mutagenesis and screening accumulate beneficial mutations with the desired function, a DL model for developing a Convolutional Neural Network (CNN)

model referencing a dataset of SARS-CoV proteinase enzymes used to pre- dict anti-SARS-CoV activity in unknown compounds, and even techniques to make predictions about charac- teristics and functions in which enzymes are the primary tool of experiment or are directly connected with the study.Concrete uses of AI techniques in this field include assessing and predicting enzymatic activit directed evolution of selective enzymes, classification of enzymes, and simultaneous modelling of enzyme production.
Also, based on the findings, this study includes a current review and an analysis of scientific research on the use of techniques that apply AI technologies and  their modulations to various problems and perspectives in studies involving enzymes. The review focuses on analyzing the research progress, evolution, and trends of methods for applying computational processing in this field. This review contributes to the description of the available technologies that demonstrate effective potential in the study using enzymatic processes, provid- ing the possibility to evaluate the various applications of AIs and explore innovative opportunities for using the tools in specific processes. Therefore, this study effec- tively proposes future research and develops knowledge about the new industrial directions of technological innovations in AI in subareas that involve studying enzymatic processes.
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FOUNDATIONAL TECHNOLOGIES
|	Enzymatic biophysical characterization processes
Enzyme engineering involves improving the efficiency of an already available enzyme or formulating advanced enzyme activity by altering its amino acid sequence. how a generic ML approach is applied to process an enzyme in the computational environment. It is observed that existing experimental and computational techniques may not be sufficient to sample the entire pro- tein sequence space and fully benefit from nature’s poten- tial for generating efficient enzymes. With advances in next-generation sequencing, high-throughput screening methods, the growth of protein databases, and AI, espe- cially ML, data-driven enzyme engineering is emerging as a promising solution to these challenges. Several ML algorithms have already been applied to enzyme engineering, such as random forests applied to predict the solubility of plant proteins, supporting vector machines and decision trees to predict changes in enzyme stability after mutations, K-nearest neighbour (KNN) classi- fiers were employed to predict the composition and mec- hanisms of the enzyme, while various scoring and clustering algorithms were used to enable the rapid and effi- cient annotation of functional sequences.
Enzyme prediction using machine learning

Recently, significant efforts have been dedicated to tech- niques and tools for predicting specific processes using enzymes. A critical field is a drug–enzyme interaction prediction, which is traditionally a time-consuming and expensive procedure. By conducting traditional biochemi- cal experiments separately, it is difficult to identify new target enzymes and new drug candidates. In addition, predicting enzyme active sites in proteins is highly rele- vant to protein sciences and various practical appli- cations, such as drug design. Because the mechanisms of enzymatic reaction are based on the local structures of the enzyme’s active sites, several model-based methods comparing local structures in proteins have been developed.

Process optimization
Process optimization in enzyme engineering and related biotechnological applications requires precise adjustment of process variables to maximize performance. Tradi- tional optimization approaches, such as one-factor-at-a- time experiments, are often time-consuming, prone to inaccuracies, and may produce pseudo-optimal predic- tions because they fail to account for interactions between multiple variables affecting the outcome. AI tools, particularly ML, are increasingly employed to address these limitations in practical engineering prob- lems. By analyzing extensive experimental or simulated data, ML algorithms can achieve high predictive accuracy and effectively handle nonlinear relationships, surpassing traditional analytical methods. Based on extensive
data analysis, ML algorithms have the advantage of highly accurate prediction and the ability to solve nonlinear issues compared to traditional analytical methods. AI data-driven models can generate predictions without requiring prior knowledge of the underlying biochemical mechanisms; however, this very characteristic has sparked debate in the field and stimulated the development of hybrid approaches that integrate mechanistic understand- ing with data-driven learning.
Once an appropriate algorithm is selected to model structure–function relationships, it is trained to adjust parameters for improved predictive performance and rigorously evaluated. Model-based optimization can then identify the sequence or combination of conditions that maximizes the desired enzymatic function. Subse- quently, model-based optimization can proceed to select the sequence or sequences that optimize the function. Meta- heuristic approaches, such as genetic algorithms (GA), are widely used in this context. Inspired by natural selection, GA simulates evolutionary processes to explore constrained solution spaces, providing a flexible and robust method for solving complex optimization problems in enzyme engi- neering and other bioprocesses. It is often used as a random algorithm to solve optimization problems with con- strained conditions.

Discovery of new enzymes
The discovery of new enzymes is needed to expand the pathways that can be accessed by metabolic engineering for the biosynthesis of functional compounds. Consequently, several ML models have been developed to predict enzymatic reactions. Enzyme discovery relies heavily on a well-established knowledge base of enzyme functions, making protein function prediction crucial to expanding the range of applicable enzymes. While ML has recently received much hype, it is not a miracle tool. One notable disadvantage is that ML techniques require much information. Even the most sophisticated ML models are only as good as the quantity and quality of the underlying training data. Increasing model complexity requires substantial amounts of data. Overfitting, a challenge familiar to many ML approaches, including DL, occurs when models perform well on training data but fail to generalize effectively to new datasets or prediction tasks. While DL has demonstrated success in generalizing across studies and datasets in many applications, the risk of overfitting high- lights the importance of high-quality training data.

MAIN APPLICATIONS (AI)

This section explores the main applications of AI in enzyme research, highlighting the significant advances that have benefited areas such as enzyme design, enzyme reactions, the pharmaceutical industry, drug design, and catalysis.
Enzyme design
AI has recently made solutions available for structural modelling, observing critical points of change, and guid- ing mutations to address specific needs, which holds sig- nificant promise for enzyme engineering. AI-based tools have shown significant advantages in reducing
computational time, allowing greater prediction accu- racy, and providing trainable models suitable for broad uses. One of the most fundamental challenges in AI protein design is representing the protein in machine-readable formats.[ While a deep neural network can automatically extract complex patterns from large-scale data without prior knowledge, a well-chosen representa- tion can make ML more effective.

Enzymatic reactions
There are many challenges in using AI to understand enzymatic studies and their applications, such as predict-ing enzyme activity using ML models. They can predict how enzymes interact with various substrates, helping identify new catalytic activities. This is particularly useful for biocatalysis and industrial applications, where selecting the correct enzyme for a specific reaction is cru- cial. AI tools can assist in designing enzymes with optimized stability, activity, and selectivity by analyzing massive datasets from previous experiments For example, AI-driven models can predict the effects of amino acid substitutions on enzyme structure and func- tion, facilitating enzyme optimization for specific pur- poses. Kinetics models can be predicted by AI as well. AI models can also help construct predictive models for enzymatic reaction rates, providing insights into reaction dynamics under various conditions, which can be helpful for fundamental research and industrial processes. Moreover, molecular docking can help to understand the interactions between substrates and the enzyme.
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Drug design
In 2024, Tang et al. conducted a comprehensive survey on using generative models to create new molecules

and proteins for drug design. The study highlights the appli- cation of large-scale language models in generatinginnovative biological compounds, emphasizing the importance of large datasets and benchmarks to evaluate the performance of these models. In the same year, Hu et al. proposed MolRL-MGPT, a reinforcement learn- ing algorithm that uses multiple GPT agents to generate new molecules. The aim is to create molecules with specific properties while maintaining significant struc- tural diversity. The algorithm has shown promising results in established benchmarks and designing inhibi- tors for SARS-CoV-2 protein targets, indicating its poten- tial in drug discovery.

Catalysis
Wang et al. introduced CataLM, a large-scale lan- guage model adapted for the domain of electrocatalytic materials. The study demonstrates the potential of Cat- aLM to facilitate collaboration between humans and AI in the exploration and design of catalysts, representing a significant advance in the application of language models in materials science. In the same year, Lai et al. proposed an AI workflow that integrates large-scale lan- guage models, Bayesian optimization, and an active learning cycle to accelerate and improve catalyst optimi- zation. The methodology was applied to optimize the syn- thesis of catalysts to produce ammonia, demonstrating the efficiency of the workflow in speeding up the devel- opment of catalysts accurately and economically. These advances highlight the growing importance of AI in materials science, especially in the design and optimization of catalysts, offering faster, more precise, and cost-effective solutions. These approaches represent a promising evolution in the use of AI to accelerate inno- vations in the field of catalysis.

AI Training, Validation, and Performance
AI Training, Validation, and Performance Validation process allows obtaining a quantitative measure of the models’ efficiency. In this systematic review, several methodologies were used to train and validate in the machine and deep learning proposed by means of hold-out and k-fold cross-validation; The most utilized was the k-fold crossvalidation, each one with a different folding proposa. , trained and validated its algorithm utilizing two validations: 3- and 5-fold cross-validations. Several articles used a graphics processing unit (GPU) that was employed to accelerate the deep learning training and validation process. The most utilized AI algorithm in these articles was CNN, with a 33% occurrence, followed by DNN with 9%, both programmed with Python. The performance of the AI algorithms for protein design was evaluated using parameters such as sensitivity, specificity, true-positive rate, false-positive rate, accuracy, recall, precision, F1-score, area under the curve (AUC), receiver operating characteristic (ROC) curve, and Matthew’s correlation coefficient (MCC). For the case of the hold-out validation, a percentage of the data that is taken and that percentage is randomly removed from the dataset is selected. This methodology, in particular, is computationally very simple; however, it suffers from a high variance because it is not known that data will end up in the test set or in the training one and of the importance that these data might have. In hold-out validation, datasets, which for this review are the databases of proteins, genes, peptides, etc. are randomly divided into two partitions with different proportions which are mutually exclusive. The first part of the database is used to feed the input vectors of the methods and train the machine or deep learning algorithms, while the rest is used to .| Representation of the specific case for protein structure prediction in the supervised learning framework. Revealing the most common flow followed by the studies analyzed. From extraction, training data, feature extraction procedures and data continuity. Including the PDB database, the most common supervised algorithms, SVM, SVR, 3DCNN. Frontiers in Bioengineering and Biotechnology | www.frontiersin.org July 2022 | Volume 10 | Article 788300 46 Villalobos-Alva et al. The Science Behind Protein and AI evaluate and validate the results obtained with their proposed algorithms. In contrast, with this type of validation technique, hold-out takes a long time for computational processing, especially for large datasets, in particular case, the large protein databases. As a result of our meta-analysis, we found the use of the hold-out methodology to train and validate their AI proposals, as CNN, RNN, LSTM, and FFNN  in the prediction of

expressions, interactions, and subcellular localization of proteins and also in the prediction of the peptide binding. Another technique for evaluating the performance of AI methods, particularly for large databases such as protein design, is cross-validation. Cross-validation is a technique used to (generally) obtain the ability of a model to fit an unknown dataset given a collected dataset. In this context, the k-fold cross validation is an iterative process that consists of dividing the dataset randomly into k groups of approximately the same size. In this sense, although not all possible combinations of sets are examined, an estimate of the average accuracy more than acceptable can be obtained by training the model only k-fold. The first set is used to train the AI models and the other is used to test and validate them, doing this process k times using a different group for validation in the iteration. Although cross-validation is computationally an intensive method of training and validation, its advantages are the reduction of computational time because the process is repeated k times, where all the data are tested once and used for training, maintaining a reduced variance and bias.

FUTURE PERSPECTIVES

From a future-oriented standpoint, the challenges delin- eate clear directions for advancing ML–assisted enzyme engineering.  Progress in this field will increasingly depend on the convergence of standardized, high-quality datasets, interpretable modelling strategies, and scalable computational infrastructures. The development of benchmark-driven evaluation protocols and physics- informed or hybrid learning models is expected to improve generalization and mechanistic understanding, bridging the gap between prediction and rational enzyme design. Moreover, democratizing access to advanced ML tools through efficient algorithms and shared computing platforms will be essential to ensure broad adoption across academic and industrial settings. Collectively, these advances position ML as a central pillar in the future of enzyme engineering, enabling faster, more reli- able, and mechanistically grounded development of bio-catalysts and enzymatic processes.
To illustrate the fundamental differences between tra- ditional enzyme engineering strategies and AI-driven approaches,  provides a conceptual comparison of catalyst development workflows. While conventional methods rely on iterative experimental screening and localized mechanistic assumptions, AI-based strategies enable global exploration of sequence–structure–function landscapes, intelligent mutation prioritization, and accel- erated optimization cycles. This comparison highlights  how AI shifts enzyme catalyst development from a pre- dominantly empirical process to a predictive, data-driven paradigm.
Traditional enzyme and catalyst development has his- torically relied on empirical experimentation, rational design based on limited structural insight, and iterative trial-and-error optimization. Approaches such as directed evolution, site-directed mutagenesis, and kinetic screen- ing, although powerful, are inherently time-consuming and resource-intensive, as only a small fraction of the vast sequence and conformational space can be explored experimentally. In non-AI workflows, the selection of mutations or reaction conditions is often guided by local mechanistic hypotheses or random diversification, result- ing in low hit rates and long development cycles.
CONCLUSION

This analysis and review have provided a comprehensive picture, including graphical visualizations, of the research area of enzyme studies using AI and its tools based on ML and DL. ML tools have focused more on enzymatic prediction processes, whether in possible reac- tions, molecular modelling, or interactions. The most sig- nificant difficulties in using AIs are related to the high number of methodologies from different areas included under the same approach, where biochemists, molecular biologists, mathematicians, and computer scientists need to reach a consensus to clarify objectives, perform rigor- ous evaluations and training, and prevent joint problems, misuse of techniques, and incorrect interpretations. It is essential to learn at least basic AI concepts for harmoni- ous development, and this is an initial step toward resolv- ing these impasses. When building a tool that involves interdisciplinary concepts, it is essential to have a link between areas of knowledge.

. This is an encouraging fact for studying enzymes, especially concerning the production of medi- cines. The field of enzyme engineering, which encom- passes all of the studies cited here, will benefit significantly from applying these new technologies and their expected future improvements. AI, especially ML prediction tools, has the potential to revolutionize this field by bringing solutions to problems such as manual screening costs, long analysis times, representation of complex analyses, and dif- ficulty in obtaining information about molecules. AI tools still have issues, mainly related to the amount of data and its processing. Nevertheless, the evolution in the number of publications over the years shows that prospects are highly encouraging. It is concluded that this work repre- sents a significant step toward understanding the interests, risks, and opportunities that will be ever more present in this branch of science.
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