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Abstract

	 Green fine-chemical synthesis plays a crucial role in producing pharmaceuticals, 
agrochemicals, and specialty materials with minimal environmental impact. Heterogeneous catalysis 
forms the backbone of these sustainable processes, offering reusability, selectivity, and efficiency. 
However, conventional catalyst design often relies on trial-and-error experimentation, which is 
time-consuming, resource-intensive, and limited in predictive capability. The advent of Artificial 
Intelligence (AI) and Machine Learning (ML) has revolutionized catalyst discovery by enabling data-
driven prediction, optimization, and mechanistic insight. Through advanced modelling techniques, AI 
accelerates the identification of active sites, optimizes reaction conditions, and enhances catalytic 
performance while reducing waste. This review highlights recent developments in AI-assisted 
heterogeneous catalyst design, discusses key computational methodologies and case studies, 
and explores the integration of AI with green chemistry principles. Future perspectives emphasize 
autonomous laboratories and explainable AI for sustainable, efficient fine-chemical production.

Keywords: Artificial Intelligence, Machine Learning, Heterogeneous Catalysis, 
Green Chemistry, Catalyst Design, Fine-Chemical Synthesis.

Introduction

Significance of Fine Chemical Synthesis in 
Pharmaceuticals, Agrochemicals, and Specialty 
Materials
	 Fine chemical synthesis encompasses the 

production of high-value, low volume compounds 
such as pharmaceuticals, agrochemicals, dyes, 
flavors, and specialty materials. These chemicals 
often require precise molecular architecture, 
stereochemical control, and high purity, making 
their synthesis both scientifically challenging and 
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industrially significant. In the pharmaceutical sector, 
fine chemicals serve as active pharmaceutical 
ingredients (APIs) and intermediates that dictate drug 
efficacy and safety1. In agrochemicals, they form the 
basis of herbicides, pesticides, and growth regulators 
essential for food security. Specialty materials like 
polymers, pigments, and electronic chemicals rely on 
fine-chemical synthesis for functional performance2. 
As environmental regulations tighten, the chemical 
industry faces mounting pressure to develop greener, 
more efficient processes3, 4. This shift underscores 
the necessity of innovative catalytic systems that 
minimize waste, reduce energy consumption, and 
improve atom economy objectives at the heart of 
green fine-chemical synthesis5.           

Role of Heterogeneous Catalysts in Green and 
Sustainable Chemistry
	 Heterogeneous catalysts solid materials 
that facilitate reactions in different phases from 
the reactants play a pivotal role in advancing 
sustainable chemical synthesis6. They enable high 
selectivity, recyclability, and simplified product 
separation, aligning perfectly with the principles of 
green chemistry. Common examples include metal 
nanoparticles, zeolites, metal oxides, and supported 
catalysts. These materials catalyze crucial reactions 
such as hydrogenation, oxidation, and C–C coupling 
with improved energy efficiency and reduced 
environmental burden. Unlike homogeneous 
systems, heterogeneous catalysts can be easily 
recovered and reused, minimizing solvent use and 
waste generation. Moreover, their structural tunability 
allows optimization of surface area, active sites, 
and electronic properties for specific reactions. 
Despite these advantages, designing highly active 
and stable heterogeneous catalysts remains a 
complex, multi-parameter challenge7. Achieving 
optimal performance requires an understanding 
of surface interactions, reaction pathways, and 
structure–property correlations areas where Artificial 
Intelligence (AI) offers transformative potential8.

Limitations of Traditional Catalyst Discovery 
Methods
	 Traditional catalyst development is highly 
reliant on trial-and-error experimentation that is 
intuitively directed and based on small datasets. 
Although this method has resulted in a number 
of breakthroughs, it is time-intensive, costly and 
insensitive in the exploration of the chemical space 

of potential catalyst compositions and reaction 
conditions is extensive. Several parameters 
including metal ratios, supports, temperature and 
solvent can require months or years to be screened 
experimentally. In addition, it is common that 
complexities in the catalytic systems result in low 
reproducibility and lack of mechanistic knowledge. 
Computer calculations such as the density functional 
theory (DFT) have been useful in modeling the 
mechanism of reactions but they also are limited 
by computational cost and scale9. The absence of 
integrated, data-driven frameworks also contributes 
to the fact that they do not allow predicting catalytic 
performance in various systems. The mentioned 
restrictions demand new methods that will enable 
faster screening, prediction, and optimization of 
catalysts with increased precision and less use of 
resources, and the combination of AI and machine 
learning is now being considered to fulfill this need10.

Introduction of AI and ML as Transformative 
Tools in Chemistry and Catalysis
	 Chemistry is being disrupted by Artificial 
Intelligence (AI) and Machine Learning (ML) so 
that it is now possible to discover, predict, and 
optimize chemistry with data11. Catalysis In catalysis, 
experimental and computational data are used with 
artificial intelligence to find correlations among 
catalyst properties and its activity, measure of 
selectivity and stability12. Only some of the types 
of machine learning algorithms include regression 
models and deep neural networks that can be 
applied to big datasets to uncover latent trends and 
suggest the optimal catalyst compositions or reaction 
conditions13. Unlike the traditional methods, AI 
models are continually being refined by the process 
of iterative learning and can also be used to create 
new catalyst structures through the assistance of 
generative algorithms8. In addition, AI also allows 
combining the multi-scale data not only at the atomic 
scale but also in terms of the industrial parameters 
of processes on the scale, which gives a complete 
picture of the catalytic systems14. Through the use 
of automation and robotics, AI allows self-driving 
laboratories with autonomous experimentation, 
acceleration of the development of catalysts in the 
green fine-chemical synthesis radically accelerated15.

	 The objective of this review is to provide 
a general overview of the procedure of Artificial 
Intelligence and Machine Learning to the design, 
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optimization, and knowledge of heterogeneous 
catalysts to green fine-chemical synthesis. It 
identifies the key AI tools, i.e., predictive modeling, 
deep learning, and generative design, and explains 
their potential application in the field of catalysis. 
The latest trends in AI-based catalyst discovery are 
referenced in the review and discussed regarding 
the requirements of data, the interpretability of the 
model and the interaction between the model and 
the experimental processes. It also touches on 
the intersection of the concepts of AI and green 
chemistry and how information-based approaches 
can transform the world into an environmentally 
friendlier place, bridging the void in waste and 
energy consumption. Case studies are used 
to demonstrate the practical applicability of the 
successful applications of AI in catalytic processes. 
Finally, the review concludes the current issues of 
the deficiencies of data, model transparency, and 
the gaps in its validation and proposes the future 
research directions to independent and sustainable 
catalyst discovery platforms.

Fundamentals of Heterogeneous Catalysis
Classification of heterogeneous catalysts
	 The heterogeneous catalysts with all 
their varieties possess different physicochemical 
characteristics and mechanisms of activity that 
enables them to be utilized in various purposes 
such as hydrogenation, oxidation, CO2 conversion 
and biomass transformation16. The fundamental 
properties, roles of the reactions and special 
attention to representative examples on how the 
hybrid catalysts integrate different functionalities to 
achieve better activity, selectivity and recyclability in 
green chemistry as shown in Figure 1.

Mechanistic Aspects of Surface Catalysis
	 Surface catalysis Surface catalysis Surface 
catalysis is the reaction of the molecules in the 
reactant with the active sites of a solid catalyst 
present on the surface. The classical mechanism 
is referred to as Langmuir Hinshelwood and Eley 
Rideal models. In the Langmuir Hinshelwood 
reaction, both the reactants are adsorbed on the 
catalyst surface where they are reacted to produce 
the intermediates that desorb to release products17. 
Eley-Rideal mechanism It is whereby the reactant is 
adsorbed to the surface and the other reactant is in 
the gas or liquid state. Major processes in catalysis 
process include adsorption, surface diffusion 

reaction and desorption17. The adsorption strength 
is also much applicable as this is too weak and the 
reactants do not get attached and too strong and the 
products are not able to get off, and the poisoning 
of the catalyst occurs. The indicators of efficiency 
reactions are kinetic: catalytic turnover frequency 
(TOF), and activation energy18. The atomic level 
catalytic performance is determined by distribution 
and electronic structure of active sites including 
metal nanoparticles or oxygen vacancies19. These 
mechanisms are characterized by the aid of the 
more advanced tools of characterization (e.g., in situ 
spectroscopy, electron microscopy) and modelling. 
Knowledge of surface interaction is another indicator 
that can be used to construct AI-based predictor 
models to identify the relationship between structural 
and electronic properties and catalytic performance 
and selectivity in heterogeneous catalysis20.

Key Parameters Affecting Catalytic Performance 
	 The working efficiency of a heterogeneous 
catalyst is, therefore, a number of structural and 
physicochemical parameters. Surface area dictates 
the surface contact of the reactants with the 
catalyst, the bigger the surface area the greater 
the catalytic action, this is because the more 
contact the reactants had with the active sites the 
greater the catalytic activity21. Active sites may be 
of metal, oxygen vacancy or acidic/basic centers 
which define adsorption and transformation of the 
reactants22. The nature, density and accessibility of 
these locations is quite delicate in regard to choice 
of reactions. Diffusion, adsorption, energy barrier 
in the reactions are influenced by the morphology 
including size, shape and crystal facet23. An example 
in point, selectivity can be increased during an 
oxidation reaction or a hydrogenation reaction 
through the assistance of certain crystal planes. 
An amount of reaction kinetics, reaction turnover 
frequency (TOF), and activation energy, and diffusion 
constraints will be the efficiency of a catalyst. Other 
external conditions also play important roles like 
temperature, pressure and solvent environment. 
These parameters demand a world outlook of 
catalysts optimization. This is a continuously growing 
trend in AI and machine learning models in which 
said descriptors can predict the catalytic behaviour 
and offer a more reliable and faster means of 
predicting catalytic behaviour than the conventional 
screening experiment. Finally, the accurate control 
of these parameters also provides rational design of 
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Table 1: Representative Case Studies of AI-Designed Catalysts in Green Fine-Chemical Synthesis

S. 	R eaction / 	 Catalyst 	 AI / ML 	 Key Outcomes	R eferences
No.	 Application	 System	 Approach Used		

1	 Selective 	 Transition 	 Random Forest 	 ML predicted 	 89, 90
	 Oxidation of 	 metal oxides 	 Regression and 	 structure–	
	 alkanes and 	 (MnO₂, 	 Neural Network	 activity 	
	 alcohols	 Co₃O₄, 	  Models	 correlations and 	
		  CeO₂)		  optimized 	
				    calcination 	
				    temperature; 	
				    enhanced 	
				    selectivity 	
				    toward partial 	
				    oxidation 	
				    products	
2	 Hydrogenation of	 Pd–Ni and Ru-	 Support Vector 	 AI optimized 	 91, 92
	  nitroarenes and 	 based 	 Regression 	 metal ratios and 	
	 olefins	 supported 	 (SVR) and 	 particle sizes; 	
		  nanoparticles	 Bayesian 	 25% higher yield 	
			   Optimization	 and 30% less 	
				    energy 	
				    consumption 	
				    compared to 	
				    traditional 	
				    tuning	
3	 CO₂ Utilization 	 Cu–ZnO–	 Graph Neural 	 Predicted 	 93-95
	 and Methanol 	 ZrO₂ and 	 Networks 	 catalyst 	
	 Synthesis	 perovskite 	 (GNNs) and 	 compositions 	
		  catalysts	 Deep 	 with improved 	
			   Reinforcement 	 CO₂ adsorption 	
			   Learning	 and conversion 	
				    efficiency; AI 	
				    suggested new 	
				    Cu–Ni–In oxide 	
				    composition	
4	 Biomass 	 Zeolite- and 	 Random Forest 	 Identified 	 96-98
	 Conversion and 	 MOF-based 	 + Feature 	 descriptors (acid 	
	 Bio-Refining	 bifunctional 	 Importance 	 strength, pore 	
		  catalysts	 Analysis	 volume) 	
				    governing 	
				    selectivity; 	
				    optimized 	
				    reaction for 	
				    furfural 	
				    hydrogenation 	
				    with minimal 	
				    waste	
5	 Fine Chemical 	 Pd/C, Ni-	 Bayesian 	 AI-guided 	 99-101
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	 Transformations 	 phosphine 	 Optimization 	 catalyst selection	
	 (amination, cross-	 complexes, 	 and Deep 	  reduced 	
	 coupling, 	 metal–organic 	 Learning	 screening time 	
	 esterification)	 hybrids		  by 70%; 	
				    achieved 	
				    superior 	
				    regioselectivity 	
				    and atom 	
				    economy	
6	 Comparative 	 Multiple 	 Comparative 	 AI-driven 	 102-104
	 Analysis: 	 heterogeneous 	 computational–	 methods reduced	
	 Traditional vs AI-	 catalyst 	 experimental 	  discovery time 	
	 Driven Discovery	 families	 approach	 by 60–80%, 	
				    identified novel 	
				    active sites, and 	
				    improved energy	
				     efficiency	

efficient and sustainable heterogeneous catalysts in 
the synthesis of fined chemicals24.

Challenges in Correlating Catalyst Structure with 
Activity and Selectivity
	 One of the major problems of heterogeneous 
catalysis is to give direct and quantitative correlations 
between catalysts structure and catalytic activity25. 
Catalysts are intricate compounds, and can include a 
big number of active and inactive species, supports, 
dynamic surface states, and are changing under 
reaction conditions. The differences in the structural 
heterogeneity of particles regarding size, oxidation 
condition, and concentration of defects render it hard 
to establish real active locations. Moreover, rather 
many reactions are through transient intermediates, 
that are potentially difficult to observe experimentally. 
The in situ and operando characterization such as 
the X-ray absorption spectroscopy and transmission 
electron microscopy which have been developed has 
improved the understanding though they are more 
time and space restricted26. Simplification of catalyst 
environments is often simplified with development of 
computational tools, like Density Functional Theory 
(DFT), which can provide interesting results. Its 
model of composition, morphology, and electronic 
structure of a non-linear relationship adds further to 
its impossibility to adopt traditional ways of modeling. 
Here, AI and ML are a good solution, as a large 
amount of experimental and computational data is 
pooled to display the discovered patterns of hidden 

correlations of prediction. However it is difficult to 
assure the quality of data and their interpretability 
and generalizability of the models. To address 
these gaps, data-driven, explainable models and 
joint experimental-computational approaches may 
be used in the next-generation rational design 
of catalysts to assist sustainable fine-chemical 
synthesis27.

Artificial Intelligence in Chemical and Catalytic 
Science
	 There has been Artificial Intelligence (AI) 
revolution in the field of modern chemistry and 
catalysis. AI can be used to handle large volumes 
of data, to identify trends, to provide predictive data 
on the basis of computational modelling, machine 
learning (ML) and data analytics to design molecules, 
optimize reactions and design catalysts28. Unlike the 
more traditional experimental or theoretical methods 
(intuitive and relying on limited information), AI 
has the ability to easily make a discovery through 
automatic learning and prediction of models. In 
catalysis, AI-based approaches have been useful 
in elucidating complex correlations among catalyst 
composition, reaction environment and its activity 
consequently reducing the cost of experiment and 
enhancing sustainability29. The following subsections 
explain the underlying concepts of AI, AI workflow, 
key algorithms and how AI can be used to analysis  
of big data and cheminformatics in catalytic 
discovery30, 31.
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Table 2: Major Challenges and Limitations in AI-Driven Catalyst Design and Their Mitigation Strategies

S. 	 Challenge / 	 Description and 	P ossible Mitigation 	R ef.
No.	L imitation	 Implications	 Strategies	

1	 Data Scarcity and 	 Experimental and 	 Develop open-access, 	 105-107
	 Inconsistency	 computational data are 	 curated catalyst databases; 	
		  often limited, 	 standardize data formats; 	
		  unstandardized, or 		
		  non-reproducible, reducing 	 use data augmentation and 	
		  AI model accuracy.	 transfer learning.	
2	 Model 	 Deep learning models act as 	 Employ explainable AI 	 108-110
	 Interpretability 	 “black boxes,” making it 	 (XAI), feature importance 	
	 and Trust Issues	 difficult to rationalize 	 analysis, and integration 	
		  chemical predictions.	 with physical chemistry 	
			   principles.	
3	 Experimental 	 Many AI-predicted catalysts	 Integrate AI with automated 	 108, 111
	 Validation Gaps	  lack experimental 	 high-throughput 	
		  confirmation, creating 	 experimentation and 	
		  disconnects between theory 	 feedback loops; prioritize 	
		  and practice.	 lab validation.	
4	 Transferability of 	 Models trained on specific 	 Use meta-learning and 	 104, 112
	 AI Models	 catalyst families or 	 cross-domain training; 	
		  reactions often fail to 	 incorporate diverse catalyst 	
		  generalize to new systems.	 datasets; develop adaptive 	
			   models.	
5	 Ethical and 	 High-performance 	 Adopt energy-efficient 	 113, 114
	 Sustainability 	 computing demands 	 algorithms; use renewable-	
	 Aspects of 	 significant energy and 	 powered computing 	
	 Computational 	 hardware resources, 	 facilities; promote “Green 	
	 Resources	 contributing to carbon 	 AI” initiatives.	
		  emissions.		

Overview of AI, ML, and Deep Learning 
Techniques Relevant to Chemistry
	 Artificial intelligence (AI) can be described 
as the concept of computational systems able 
to learn and make a decision without the explicit 
programming. Machine Learning (ML) in AI deals 
with the learning of results or optimization of 
operations using algorithms using data, and Deep 
Learning (DL), a sub-branch of ML, deals with the 
discovery of non-linear complex relationships in large 
data sets with the assistance of multi-layered neural 
networks. These devices prove to be highly beneficial 
in chemistry in the prediction of the characteristics 
of molecules, reaction mechanism, and catalyst 
behavior. Experimental and computational data 
are studied with the help of ML models and identify 
the structure-property relationships, optimization 

of reaction parameters, and accelerate material 
discovery. Convolutional Neural Networks (CNNs) 
and Graph Neural Networks (GNNs) are deep 
learning networks that can be used to fold the 
structure of molecules and to predict chemical 
reactivity using molecules as molecular graphs. NLP 
AI tools too can produce knowledge on published 
literature, and can be useful in curation of large 
chemical datasets. All in all, AI, ML and DL can 
enable the establishment of a bridging point between 
knowledge discovery and data generation and can 
pave the way to autonomous catalyst design and 
sustainable production of fine-chemicals32-34.

Typical AI Workflow
	 The process of AI-assisted catalyst 
discovery takes a well-organized workflow, which 
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includes data gathering, feature derivation, model 
training, and forecasting/optimization. This pipeline 
guarantees systematized learning on chemical data 
in order to come up with credible predictions.

Data Collection
	 Any AI model is based on data. Catalysis 
Experimental Experimental studies, computational 
simulations (including DFT) and high-throughput 
screening are all possible sources of catalysis data35. 
Literature mining Literature mining may also serve 
as a source of catalysis data. The acquired data 
are typically compositions of catalysts, reaction 
conditions, surface characteristics and performance 
indicators (e.g. yield, selectivity, turnover frequency)36. 
The model accuracy demands that there be quality 
and standardized and reproducible information. 
The recent progress in the automated laboratories 
and electronic laboratory notebooks (ELNs) has 
improved data curation, and open databases (e.g., 
Materials Project, Catalysis-Hub) present materials 
that can be used to train AI models. The necessity to 
address the problems such as incomplete data and 
or different experimental conditions is high in order 
to build strong datasets that are actually reflective 
of catalytic behaviour37.

Feature Extraction
	 The extraction of features from raw chemical 
data involves converting these raw chemical data into 

useful numerical form (descriptors) that can be used 
to reflect structural, electronic and physicochemical 
properties of catalysts38. The most clear ones are the 
composition of atoms, coordination, bond lengths, 
surface area, pore volume and adsorption energy. It 
is a feature extraction with deep learning that makes 
the physical interpretability (aka needed by feature 
engineering) and minimal manual bias possible and 
reduces manual bias. An example of the connectivity 
of atoms in catalysts in graph representation is 
needed to support structure-activity relationships 
of models. The number of inputs is also reduced by 
the technique of features selection (e.g. principal 
component analysis, recursive elimination) which 
further simplifies the model and makes it more 
dimensional. Engineered features Proper structure-
activity relations (SARS) of heterogeneous catalysis 
are founded on the properly engineered features39.

Model Training
	 Model training training is training using 
based on the input (features) and output (e.g. 
catalytic activity, selectivity) goals. In order to avoid 
overfitting, the data is usually divided into training 
and validation sets. In normal cases, a model is 
trained through the process of supervised learning, 
whereby labelled data is fed to the model, and 
unsupervised learning, which identifies the pattern 
without additional labels put in place in advance to 
direct the learning process. The hyperparameters 

Fig. 1: Classification and Types of Heterogeneous Catalysts Used in Green Fine-Chemical Synthesis
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such as learning rate, depth of the decision tree 
or the number of layers in the neural network are 
optimized during the training process to improve 
the accuracy. Cross-validation ensures that one 
can make predictions on previously unknown data. 
Prediction of performance metrics, catalyst discovery 
or proposal of new catalyst candidates are modeled 
by catalysis. The effective model training transforms 
the complex chemical knowledge into predictive tools 
which can guide the experiment design to the best 
level of accuracy40. 

Prediction/Optimization
	 Forecasting the catalytic activity, selectivity 
or stability of new materials or optimization, to 
determine the best conditions of a reaction or catalyst 
structure is achieved with AI models once trained8. 
Bayesian optimization and reinforcement learning, 
are methods that are used to optimize predictions 
using feedback in experiments / simulations. The 
multi-objective optimization is especially useful 
in case of the trade-off between conversion rate, 
selectivity and eco-friendliness. The ability of 
predictive models to search thousands of material 
combinations in minutes means that experiments 
need not work as hard in a heterogeneous catalysis 
system, which has been enabled by models. This 
solution that is based on information will enable 
the shift of reactive discovery to proactive catalyst 
design which is consistent with the concept of green 
chemistry41, 42.

Common Algorithms
Regression (Linear, Random Forest, Support 
Vector Regression)
	 Various continuous results are catalytic 
yield or reaction rate that are predicted via regression 
models. Linear regression is more than appropriate 
in the simplest of systems as it is used to directly 
draw connections between input attributes and 
outputs13. The tree based ensemble, random forest 
regression, explains non-linear relations with the 
help of averaging a group of trees that results 
in a stronger regression43. The Support Vector 
Regression (SVR) is a non-parametric algorithm 
that can employ high dimensional data with the 
assistance of the kernel functions. The models have 
been credited to forecast the catalyst performance in 
terms of structural and operational factors. Catalysis 
Regression algorithms have been used to estimate 
adsorption energy and optimise nanoparticles size 

as well as predict turnover frequencies to a high level 
of precision44, 45.

Classification and Clustering 
	 The catalysts may be grouped either based 
on the degree of activity (i.e. active/inactive) or the 
reaction. The data of the thresholds of features 
are hierarchically separated into decision trees 
and are easy to understand and useful in filtering 
catalysts. Such clustering as k-means uses a 
cluster-based approach to gather together similar 
catalysts or reactions without pre-labeling them, 
and to find hidden patterns of chemical similarities 
or activity. These methods can assist in finding the 
structure-activity relationships in various data sets, 
and provide a description of catalyst families that 
have acted similar in the gibberish. Such forms of 
unsupervised analysis allow chemists to know of 
possibly useful areas of chemical space in which to 
search46.

Neural Networks and Deep Learning
	 Neural networks (NNs) are linked nodes 
(neurons) organized into layers and they execute not 
linear relationships between non-linear inputs and 
outputs, which are highly complex. Deep learning is 
an extension of this concept, and it relies on a large 
number of layers of hidden representations that allow 
the model to learn hierarchical representations47. 
Catalysis neural networks (GNNs and CNNs) are 
convolutional neural networks and graph neural 
networks that are direct atom-atom and atom-surface 
structure models that are trained on raw data or 
images48. It has been demonstrated that these 
models are quite precise in predicting adsorption 
energies, reaction barriers and optimum catalyst 
geometry. The processing of high-dimensional data 
in spectroscopy, microscopy and computational 
chemistry have certain benefits to deep learning, 
where one can have a complete picture of the 
catalytic processes49.

Reinforcement Learning for Catalyst Discovery
	 The approach that is based on machine 
learning and can be referred to as reinforcement 
learning (RL) is used to mimic the human pattern 
of the decision-making process because the former 
allows AI agencies to engage in an environment, 
receive feedback (reward or penalty), and improve 
their behaviors as they mature. Applied Catalyst 
design RL is able to learn autonomously to 
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discover material compositions, reaction conditions 
or synthesis pathways to optimize performance 
metrics. This self-learning capability can be applied 
in free labs where the AI would be in charge of the 
experiments and interpret the findings and suggest 
new experiments. RS forms the basis of future self-
optimizing chemical systems because it has already 
been shown to optimize complex reaction networks, 
discovery of new catalytic materials, and reduction 
of the energy consumption of a process50.

Role of Big Data and Cheminformatics
	 AI-chemistry is estimated on the intersection 
of big data and cheminformatics. Big data may be 
characterized by large, multi-source, data obtained 
because of experimentation, modeling, patents, 
and publications. This chemical information in 
chemoinformatics is manipulated, processed, 
and visualized with the help of the computational 
chemistry. To apply the chemoinformatics platforms 
in catalysis, it is feasible to generate molecular 
descriptors, store reaction data, and normalize 
reactions to be used in AI modeling. The combination 
of different types of data spectroscopy, structural 
and kinetic helps in the power of the models. Large-
scale, real-time analytics is now possible with the 
improvement of data curation, cloud computing and 
high-throughput experimentation. Cheminformatics 
can take raw chemical data and convert it into 
actionable form, by connecting the data generation 
with AI algorithms, and thus create catalysts in a 
more rational design, and facilitate the sustainable 
production of fine-chemicals51.

AI-Driven Catalyst Design and Discovery
	 The introduction of Artificial Intelligence 
(AI) into catalyst development is a transition toward 
data-driven finding, as compared to an empirical 
approach. One can describe the traditional methods 
as time-consuming synthesis and screening 
process, but AI enables identifying, optimizing, and 
interpreting catalysts in a short time due to learning 
more complex structure-property correlations. It is 
possible to predict catalytic activity, suggest novel 
materials, and optimize reaction conditions with a 
high level of accuracy with the help of advanced 
modeling, feature engineering, and generative 
algorithms using AI. Transferred to the case of 
green fine-chemical synthesis, AI helps to relieve 
waste and cost and achieve high-speed discovery of 
effective, selective, and sustainable heterogeneous 

catalysts. Here, the author gives a discussion of 
the key aspects of the AI-based catalyst design i.e. 
the source of data, predictive modeling, generative 
design, and real-time optimization of the process8, 

52.

Data Sources and Datasets
Experimental Databases, Literature Mining, and 
High-Throughput Screening Data
	 Data is the foundation of the AI-based 
catalysis. The predictive models need sound and 
diverse datasets to be built. Experimental databases 
of catalytic materials, surface structures, and 
reaction energetics have been curated in such 
databases as Catalysis-Hub, Materials Project 
and Open Catalyst Project53. Literature mining 
is an automated process that is applied to the 
published literature, patents and reports to extract 
the needed chemical information by use of Natural 
Language Processing (NLP) technique54. The text-
mining systems which are driven by AI identify the 
reaction parameters, the composition of catalysts 
and the performance outcomes which would 
otherwise be spread over thousands of papers30. 
On the same note, high-throughput screening (HTS) 
experimental and computational generates large 
data sets on catalytic reactions by screening large 
numbers of combinations and condition of materials 
simultaneously55. Together, all of these sources of 
data will enable multi-scale learning and enable the 
creation of training datasets that would be robust 
and with the capacity to reproduce the behavior of 
catalysts in the field. 

Descriptor Development (Electronic, Geometric, 
and Surface Features)
	 Descriptors, in catalysis, are mathematical 
descriptions of those properties that are a correlation 
of catalytic activity, selectivity or stability. They are 
the major inputs of AI and ML models56. Electronic 
descriptors consist of such parameters as d-band 
center, electron affinity, and charge density, which 
characterize the interaction of catalysts with reactant 
molecules. The adsorption and diffusion depend 
on geometric values, including the arrangement 
of atoms, the curvature of the surfaces, and the 
size of a nanoparticle57. Accessibility and reactivity 
are characterized by surface features such as 
porosity, surface energy and density of active sites. 
Conventional methods of data description need 
both chemical intuition and computational modeling 
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(e.g., DFT) however more recent methods based 
on AI feature selection methods may autonomously 
identify the most suitable variables58. By using a 
combination of different types of descriptors, it is 
possible to perform multi-dimensional learning, with 
models having the ability to learn more complicated 
correlations that determine catalyst activity. Finally, 
descriptor engineering fills the gap between machine 
learning and physical chemistry, which enables 
making accurate predictions and designing catalysts 
rationally59.

Predictive Modelling of Catalyst Performance
AI Models Predicting Activity, Selectivity, and 
Stability
	 The key role in catalyst design based on AI 
is placed on predictive modeling. As long as high-
quality descriptors and datasets are used, AI models 
may be capable of forecasting the catalytic activity, 
the selectivity of the reaction, and its structure 
stability at an extremely high degree. The guided 
learning models such as random forest, gradient 
boosting and neural network are modelled using 
correlations between predictors of the catalysts and 
the performance variables. Based on the conditions 
of the provided reactions as an illustration, the ML 
models would be able to estimate turnover frequency 
(TOF) or conversion efficiency. Still more developed 
machines may use atomic structures as input, 
to learn local bonding and surface interactions, 
e.g. graph neural networks (GNNs). In addition 
to predicting activities, AI models establish the 
stability of catalysts under reaction conditions, 
the mechanisms of degradation or vulnerability to 
sintering. Through such lessons, the chemists are 
able to focus on materials that are highly reactive and 
powerful. Since predictions are optimized through 
repeated experimentation, AI will turn the catalyst 
discovery process into an iterative, self-targeting, 
and lowering the cost and speed of experimenting 
and speeding up the process of innovation60.

Case Studies of Successful Catalyst Prediction 
Using ML 
	 Machine learning has already proved 
itself to be effective in predicting and optimization 
of catalysts in various reactions. ML models trained 
on DFT data sets have been projected to have 
higher CO selectivity and lower overpotential in CO2 
reduction on projected metal alloy compositions (e.g. 
Cu-Zn, Ag-Pd). Other algorithms like random forest, 

support vector regression have been applied in the 
instance of hydrogenation reactions to scale the 
size of metal nanoparticles and electronic structure 
to reaction yield to identify the optimal Pd and Ni 
based catalysts. The oxidation processes have 
enabled AI to screen transition metal oxides to 
active and thermal stability and other experiments 
to efficient catalysts including MnO2 and Fe2O3. 
These case studies show that AI is able to search 
large chemical spaces that would be impractical to 
search experimentally. It is important to note that 
non-intuitive correlations within AI model can also 
encompass the effect of electronic density or defect 
states that can be utilized to provide mechanistic 
information that can complement human knowledge 
and computational chemistry61.

Generative and Inverse Design Approaches
Use of Deep Generative Models (GANs, VAEs) 
for Catalyst Design
	 The future of autonomous catalyst discovery 
is generative AI models (Variational Autoencoders 
(VAEs) and Generative Adversarial Networks 
(GANs). Unlike predictive models that consider 
the already existing materials, generative models 
generate new catalyst structures, through statistical 
distribution of known materials. In GANs, two neural 
networks are used: one neural network generates 
new materials and the other neural network gives 
them a realistic score as opposed to VAEs that are 
set to explore compact mathematical descriptions 
of compound space in latent space that generate 
the plausible new compounds. In the process of 
catalysis, models can be used to develop new metal-
support interactions or ligand structures or active-site 
structures that are optimized to particular reactions. 
Indicatively, bimetallic surfaces proposed by GANs 
are novel during the process of transforming CO2 
and porous structures with adjustable selective 
porous structures. It is the counterintuitive method 
of design, with the advantage that chemists can 
define their requirements (i.e. low-energy barrier, 
high-selectivity) and then AI reverse-computes the 
most promising catalysts62.

AI for Reaction Pathway Optimization
	 The use of AI tools also takes place in 
terms of optimization of the reaction pathways that 
can establish the optimal pathways to assemble a 
product. Potential energy surfaces (PES) of complex 
potential energy systems with reinforcement learning 
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and deep neural networks can be mapped and 
transition states or intermediates predicted. The 
techniques outshinear the traditional DFT based 
techniques in the sense that they can screen the 
alternative pathways in a relative short period of 
time rendering them to be cheaper to calculate. 
Independent methods Heterogeneous catalysis 
methodology can use the AI to predict the favored 
adsorption geometry, rate-limiting steps and co-
catalysts to improve the reaction kinetics. In order 
to provide an example, the assessment of the paths 
controlled by AI has improved the process of learning 
to produce CO2 hydrogenation and ammonia. The 
final vision is to combine AI with kinetic modelling 
and automated experimentation, which would allow 
optimising a pathway in real-time, and mechanistic 
understanding of catalyst enhancement63, 64.

AI-Assisted Process Optimization
Reaction Condition Optimization
	 AI is also good at maximizing parameters 
of reactions which can play a large role on catalytic 
behavior. Classical optimization is based on the 
one-variable-at-a-time method of experimentation 
but AI algorithms particularly Bayesian optimization 
and genetic algorithms search the multidimensional 
parameter space effectively65. These processes have 
the ability to simultaneously moderate temperature, 
solvent, pressure, catalyst content and reactant 
ratios in order to maximize yield or selectivity. As an 
example, Bayesian models learn each time based 
on the outcomes of an experiment to suggest new 
reaction conditions with the most likely success. In 
fine-chemical synthesis, AI-directed optimization 
eliminates experimental trials and resource usage 
and provides almost ideal process parameters. 
Furthermore, the hybrid methods using AI and 
mechanistic models are more interpretable and have 
valuable chemical insights as well as accuracy of 
prediction66.

Real-Time Adaptive Control and Self-Optimizing 
Reactors
	 Making AI interact with automation has 
resulted in self-optimizing reactors that are able to 
adjust reaction conditions in real time after receiving 
real time feedback on data. These systems contain 
sensors and machine learning software to keep track 
of the variables of the temperature, conversion and 
selectivity. It is a self-regulating type of reactor that 
utilizes the most out of reinforcement learning or 

the Bayesian control in altering the reactor settings. 
The methodology decreases the human factor and 
enhances the reproducibility and can adjust it to 
dynamic conditions. Exothermic reactions, or multi-
step reactions which are hard to control manually, 
are some examples of reactions that are particularly 
convenient to use in real-time optimization. The 
reactors with artificial intelligence also permit the 
closed-loop experimentation: experimentally tested 
and retrained model predictions are also possible. 
The shift towards autonomy in the manufacture of 
fine-chemicals through catalysts is a step giant size 
in the direction of liquidity, safety and sustainability 
in the manufacture of catalysts67.

Integration of AI with Green Chemistry Principles
	 With the integration of Artificial Intelligence 
(AI) and Green Chemistry, it will be a revolutionary 
leap towards being environmentally responsible and 
economically viable in terms of chemical processes30, 

68. The key principles of green chemistry are to 
minimize waste, to reduce hazardous materials, 
and to maximize the use of the available resources 
whereas AI offers the computational intelligence that 
is required to model, predict, and optimize these 
targets69. Through the inclusion of AI-based design, 
predictive analytics, and sustainability modeling 
categories, researchers will be able to create 
catalytic processes with high performance, as well 
as sustainable principles70. This linkage hastens 
the switch between the empirical design of green 
processes and data-based sustainability, in which all 
the catalytic steps of reducing feedstock to isolating 
the product are designed with the lowest impact on 
the environment71.

AI Strategies to Minimize Waste, Improve Atom 
Economy, and Enhance Catalyst Recyclability
	 Green chemistry, optimization of the 
reaction conditions, and even the design of catalysts 
can be supported with the help of AI in order to obtain 
the ideal number of atoms and the minimum number 
of waste72. The machine learning algorithms can be 
used to process the large amounts of experimental 
data, and the outcomes are high conversion rate and 
minimum by-products. Multi-objective optimization 
indicates that AI has guidelines to meet the efficiency 
and environmental compliance. The design of 
catalysts with higher turnover rates and life is done 
through predictive models to ensure the catalysts 
are not required to be changed frequently. Also, 
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molecular simulations that are based on AI will be 
able to assist in creating recyclable catalysts through 
predicting their structural stability through reaction 
cycles. Adaptive control and automated reaction 
monitoring also minimize the consumption of energy 
and solvent used which is in line with the concept of 
the cyclic economy73. Overall, AI is transforming the 
design of catalysts to a closed-loop process and is 
concerned with sustainability but does not diminish 
productivity.

Sustainable Feedstock Selection and Process 
Intensification Guided by AI
	 The AI plays a critical role in the identification 
of renewable and green feedstocks so as to 
produce chemicals. The results of the analysis of 
the databases of biomass-based materials, waste 
substrates, or CO2-based intermediates can be 
proposed using AI algorithms that will enable the 
selection of environmentally friendly raw materials 
that will simultaneously meet the performance and 
the sustainability targets. Process intensification also 
is achieved through the assistance of AI, processes 
are redesigned to be more efficient to have less use 
of energy and equipment footprint. Machine learning 
is used to model reaction networks and optimal 
reactor designs are suggested that can mitigate 
scale-up problems. One of them is AI technologies, 
which can be used to maximize biomass conversion 
routes or electrocatalytic CO2 utilization, replacing 
fossil-based routes. The combination of AI and 
the process model ensures the dynamism of the 
optimization of the energy flow, solvent selection, and 
reactor design and defines the environmental and 
economic benefits. Thus, it is possible to use AI as 
a strategic resource of green process development 
and sustainable utilization of feedstock74-76.

AI for Life-Cycle Assessment (LCA) and Eco-
Efficiency Evaluation of Catalytic Systems
	 In the evaluation of the environmental 
footprint of the catalytic systems between the 
extraction of raw material and disposal of products, 
Life-Cycle Assessment (LCA) is required. The AI 
streamlines the LCA with automating data collection 
process, massive datasets, and enhanced prediction 
of emissions, wastes, and energy consumption. 
Machine learning models, even with incomplete 
information on an experiment, can calculate eco-
efficiency measures such as carbon intensity, energy 
payback on investment and waste index77. With the 

sensitivity analysis offered by AI, the stages which 
have the greatest impact on the environment are 
revealed, and thus, a better process design might be 
achieved. The fact that LCA and AI-based predictive 
modelling allow seeing sustainability in real-time 
during catalyst development is a plus. The chemists 
can thus make good decisions at the early phases of 
the design to have processes that are highly efficient 
and eco-friendly78.

Case Studies Demonstrating Reduced Energy 
Consumption and Eco-Impact via AI Optimization
	 Some recent works give an illustration of how 
AI can be applied to reduce the environmental impact 
of catalytic processes79. An example is AI-optimized 
photocatalytic system to reduce CO2 which is 
reported to use as much as 40% of less energy than 
the conventional optimization processes80. Machine 
learning controlled hydrogenation has reduced the 
rate of solvents and prediction of yield, thereby 
minimising the generation of wastes. Elsewhere, AI-
managed reactors were able to automatically adjust 
the temperatures and flow rates of reactions in real-
time to guarantee the best conversion, which could 
save nearly 30 percent of energy. Additionally, AI-
aided catalytic selection of biomass valorization have 
discovered routes with the greatest carbon efficiency 
and minimum concentrations of greenhouse gases81. 
The aforementioned case studies indicate that AI 
does not only raise the grade of catalysis efficiency, 
but directly affects the indicators of sustainability, 
thereby becoming an indisputable tool of achieving 
the goals of green chemistry and low-carbon 
production.

Experimental–Computational Synergy
	 Integration of experimental chemistry with 
computational modelling and artificial intelligence 
(AI) is an interesting approach that can be 
adopted in accelerating catalysts and mechanistic 
understanding12. Traditionally, computational theories 
are confirmed by experimental observations and 
reaction energetics and active sites are elucidated 
using computational techniques including Density 
Functional Theory (DFT). With this development 
of AI and Machine Learning (ML), the synergy 
has now become a closed loop workflow with 
simulations, experimentation, and predictive models 
constantly informing and enhancing one another. 
The convergence enables quick hypothesis testing, 
better characterizing catalysts, as well as, low 



2067Mahammed et al., Orient. J. Chem., Vol. 42(5), 2055-2074 (2026)

research costs. Lastly, real-time, self-optimizing, and 
self-learning catalyst design systems are becoming 
experimentally computational82.

Combining Density Functional Theory (DFT) and 
AI/ML for Catalytic Mechanism Elucidation
	 Atomistic theories (density functional 
theory (DFT)) provide you with a picture of both the 
mechanism of the reaction itself and the energy 
barriers to reaction along with the properties of the 
active site, but is too costly to scale to large scale. 
This can be overcome by combining AI and ML with 
DFT and learning on the existing readily computed 
datasets to give predictions of new systems with 
high efficiency. Fraction of the computational time 
can also be projected by ML models with DFT-like 
accuracy and can be useful to investigate catalytic 
materials immediately. In a more precise sense, 
such important descriptors like adsorption energy 
or charge distribution which determine catalytic 
activity could be found with the help of AI algorithms. 
This kind of combination allows mapping reaction 
pathways and reaction transition states in detail, 
which improves mechanistic insight. This DFT-AI 
combination is consequently capable of data-guided 
catalyst discovery containing both theoretical 
precision and predictive extent that can essentially 
accelerate catalyst design of high-performance and 
sustainability83.

Multi-Scale Modelling: From Atomistic Simulation 
to Process Level
	 Catalysis is done at very great scales 
and very small scales in space and in time at 
the level of interaction of atoms and at the level 
of process reactor. The combination of these 
scales, i.e. a quantum mechanical modelling (e.g. 
DFT) with mesoscale modelling and continuum 
modelling is known as multi-scale modelling. Along 
with this mechanism, AI complements the data 
by extrapolating levels and creating consistency 
and prediction accuracy. One such instance is 
that atomistic simulations formulate the behaviour 
of active sites and AI-based kinetic models can 
extrapolate this observation to reaction networks and 
performance on a process level. At the industrial level, 
ML would be aware of the efficiency of the reactor 
that can be coupled with the selectivity of the product 
and the most appropriate process parameters 
due to the catalyst microstructure. It is a top-down 
approach, which provides the extrapolation of 

molecular knowledge into optimization of processes 
that lead to the generation of fine-chemicals in the 
sustainable manner that is scaled up. What comes 
out is a combined, factual model which entails basic 
chemistry and practical application of engineering84.

Active Learning Loops Integrating Experimental 
Data into AI Models
	 Active learning provides an implementation 
of a fall back loop between AI prediction and 
experiment validation. In the first case, AI models are 
trained on small datasets and are used to propose 
new catalysts or conditions of the reactions. The 
predictions that have been experimentally tested are 
then re-selected back into the model and every time 
the new results are entered into the model, the model 
will be retrained to increase the quality and reduction 
of the uncertainty. It is a closed-loop plan that enables 
to effectively discover large chemical space with few 
experimental resources. Catalysis, it is also possible 
to find the most optimal compositions/reaction-paths 
through active learning and the predictive power 
of the model is continuously enhanced. It can be 
applied to complement automated synthesis and 
high-throughput experimentation in order to be 
able to produce self-improving catalyst discovery 
systems that dynamically learn through real-world 
observations. This kind of synergy will reduce the 
trial and error work and will help to produce smart 
and adaptive research processes85.

Example Workflows Coupling Computational 
Chemistry, ML, Automated Experimentation
	 The most common kind of workflow involving 
computational chemistry, ML, and automation is an 
initial step of DFT simulations providing an initial 
result, in terms of catalytic reactions, including 
adsorption energy, and activation barriers. This 
information is then utilized to train the ML models 
that are utilized to predict new catalysts with the 
required characteristics. The predictions are used to 
guide automated platforms of experimentation which 
synthesize and screen catalysts under controlled 
conditions. That forms the self-optimization of the 
discovery loop where the information of experiments 
becomes automatically processed and used to 
update the ML model as though it were a rate and 
selectivity of the reaction. One such example here 
is the fact that in the scenario of CO2 reduction 
research, the approach has been used to determine 
the best metal alloy catalysts in a fraction of the 
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research time as compared to the traditional 
research. The experiments on autonomous catalysis 
are moving towards these combined plans in future 
and computation, data analytics and robotics are 
struggling in the same path in order to speed up the 
innovation and guarantee reproducible and long-
lasting consequences86.

Case Studies: AI-Designed Catalysts in Green 
Fine-Chemical Synthesis
	 Artificial Intelligence (AI) has transformed 
catalysis to no longer rely on theoretical prediction, 
but now through industrial application, data-driven 
design, predictive modelling, and automated 
experimentation has become possible, making 
catalyst discovery faster and more efficient. An 
example of the use of AI models in predicting 
optimum catalytic systems involves learning complex 
structure-performance relationships, improving 
atom economy, energy efficiency, and selectivity in 
processes like selective oxidation, hydrogenation, 
CO2 utilization, biomass conversion and fine-
chemical synthesis87, 88. Such developments are in 
line with the principle of green chemistry besides 
minimizing the time of discovery. Important examples 
of the application of AI-based techniques such 
as ML, DL, and optimal control to the design and 
optimization of heterogeneous catalysts as shown 
in Table 1.

Current Challenges and Limitations in AI-Driven 
Catalyst Design
	 Despite the potential of transformation, 
several challenges that have enveloped the use of 
Artificial Intelligence (AI) in catalyst design have 
challenged its exploitation and commercialization 
by the industrial world. The great success of AI 
models is determined by the quality, diversity and 
consistency of data, and the experimental data 
in catalysis is often fragmented or incomplete. In 
addition, the fact that most deep learning models 
have black-box properties is problematic when it 
comes to the interpretability and scientific plausibility. 
Lack of computational predictions which have 
been experimentally confirmed and the difficulty of 
extrapolating models to other groups of catalysts 
hinder generalizations. The sustainability of the 
use of computational resources is also becoming a 
pertinent aspect to the sustainable research practice 
because of the environmental and ethical impacts 
of their use. The problems, their implications, and 

possible methods of making AI valid and applicable 
in the area of heterogeneous catalysis as shown in 
Table 2.

Conclusion 

	 The development of Artificial Intelligence 
(AI) in the field of heterogeneous catalysis has 
completely transformed the manner in which 
catalysts are developed and optimised and 
their utilisation in the generation of green fine-
chemicals. Machine learning, deep learning, and 
predictive modelling, experimental chemistry, and 
computational chemistry can all be applied to screen 
catalyst materials, predict performance parameters 
and optimize the reaction conditions with the aid of 
AI. It is a knowledge-driven method and rejects the 
old method of trial and error that is experimentation 
based on smart, automated workflows, which is more 
forthcoming, discriminating, and environmentally 
friendly. High-throughput experimentation and 
molecular simulations combined with automated 
data analysis have provided a significant catalyst to 
innovation in both catalyst discovery and process 
intensification by using AI.

	 The future implementation of AI-assisted 
catalysis as autonomous robotic laboratories, 
explainable AI (XAI) systems and open databases 
ought to be developed in a collaborative manner, 
which would enhance clarity and reproducibility. 
The AI research will focus on the objectives of green 
chemistry due to the multi-objective optimization of 
the catalytic efficiency, the environmental impact, 
and the energy consumption. Since the tools 
of computation will keep improving, AI-enabled 
platforms will be able to learn independently, and 
will create catalysts, which would allow developing 
sustainable technologies in a significantly shorter 
time. To sum it up, AI is among the most powerful 
catalysis aids that will revolutionize the chemical 
industry by turning it into a smarter, faster and 
greener one.
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