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Abstract  

Chemical engineering systems are increasingly characterized by nonlinear behaviour, strong 

interactions among variables, and growing volumes of experimental, simulated, and literature-

derived data. At the same time, many engineering problems involve competing technical 

objectives and require not only accurate prediction, but also systematic support for analysis, 

design, and decision-making. In this context, this thesis investigates data-driven frameworks for a 

range of chemical engineering applications, with emphasis on building predictive models that can 

be integrated into broader workflows for process analysis, optimization, and engineering decision 

support. 

The thesis is organized around two main groups of studies. The first group focuses on process-

level applications, using the styrene reactor as a representative case study. In this group, multiple 

supervised machine learning (ML) models are developed to predict ethylbenzene conversion and 

styrene yield, and the trained models are integrated with multi-objective optimization (MOO) and 

multi-criteria decision-making (MCDM) to identify favourable reactor operating conditions under 

competing objectives. This work demonstrates how model choice, data quality, and uncertainty 

influence the reliability of Pareto-optimal recommendations and introduces a consensus-based 

strategy to identify more robust operating conditions across different surrogate models and data 

scenarios. A related study addresses missing-data imputation in a styrene production dataset 

containing process variables using an autoassociative neural network (AANN). The results show 

that missing process variables can be reconstructed with acceptable accuracy, even when relatively 

small or noisy datasets are used, although the accuracy depends strongly on the correlation between 

the missing variable and the remaining process variables. Together, these studies demonstrate how 

data-driven methods can support both reactor optimization and data reconstruction, strengthening 

process understanding while improving the data foundation required for reliable downstream 

modelling and decision support. 

The second group focuses on catalytic and reaction-oriented systems. One set of studies 

examines the catalytic conversion of sulfur dioxide to sulfur trioxide, where predictive models are 

developed to support catalyst and process design using literature-derived experimental data. In this 

work, different preprocessing strategies and feature representations are evaluated to determine how 
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data preparation choices influence model accuracy, interpretability, and the reliability of 

engineering conclusions. The resulting models are integrated with optimization to jointly consider 

conversion, productivity, and cost, and the study demonstrates that combining information 

obtained from different preprocessing strategies after optimization can reduce dependence on a 

single data representation and lead to less biased engineering recommendations. Another study 

addresses chemoselectivity in hydrogenation reactions involving competing organic substrates. In 

this work, ML models are developed to predict conversion and yield across different substrate–

catalyst pairs and operating conditions, and the trained models are integrated with optimization to 

recommend catalysts and conditions that favour the desired transformation while limiting 

undesired conversion. This framework provides directional catalyst-recommendation maps and 

identifies favourable operating windows for selective hydrogenation. Across these studies, the 

emphasis is placed not only on predictive accuracy, but also on translating model outputs into 

practically useful guidance for catalyst selection, operating-condition screening, and reaction 

planning. 

Overall, this thesis demonstrates that data-driven approaches can contribute far beyond 

prediction alone. Across process modelling, data reconstruction, catalytic process design, and 

reaction planning, the work shows how predictive frameworks can be used to support more 

informed, efficient, and transparent engineering decisions. The thesis, therefore, presents a 

coherent perspective on the role of data-driven methods in chemical engineering, showing their 

value as tools for transforming diverse data sources into actionable knowledge for analysis, design, 

and decision support. 
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Résumé 

Les systèmes de génie chimique sont de plus en plus caractérisés par des comportements non 

linéaires, de fortes interactions entre les variables et des volumes croissants de données 

expérimentales, simulées et issues de la littérature. Parallèlement, de nombreux problèmes 

d’ingénierie impliquent des objectifs techniques concurrents et nécessitent non seulement des 

prédictions précises, mais aussi un soutien systématique à l’analyse, à la conception et à la prise 

de décision. Dans ce contexte, cette thèse étudie des cadres méthodologiques fondés sur les 

données pour diverses applications en génie chimique, en mettant l’accent sur le développement 

de modèles prédictifs pouvant être intégrés à des flux de travail plus larges pour l’analyse des 

procédés, l’optimisation et l’aide à la décision en ingénierie. 

La thèse est organisée autour de deux principaux groupes d’études. Le premier groupe porte 

sur des applications à l’échelle du procédé, en utilisant le réacteur de production du styrène comme 

étude de cas représentative. Dans ce groupe, plusieurs modèles d’apprentissage automatique 

supervisé sont développés afin de prédire la conversion de l’éthylbenzène et le rendement en 

styrène, puis les modèles entraînés sont intégrés à une optimisation multiobjectif et à une méthode 

d’aide multicritère à la décision afin d’identifier des conditions opératoires favorables du réacteur 

en présence d’objectifs concurrents. Ces travaux montrent comment le choix du modèle, la qualité 

des données et l’incertitude influencent la fiabilité des recommandations Pareto-optimales, et 

introduisent une stratégie fondée sur le consensus pour identifier des conditions opératoires plus 

robustes à travers différents modèles de substitution et scénarios de données. Une étude connexe 

porte sur l’imputation de données manquantes dans un jeu de données de production du styrène 

comprenant variables de procédé, à l’aide d’un réseau neuronal autoassociatif. Les résultats 

montrent que les variables de procédé manquantes peuvent être reconstruites avec une précision 

acceptable, même lorsque des jeux de données relativement petits ou bruités sont utilisés, bien que 

cette précision dépende fortement de la corrélation entre la variable manquante et les autres 

variables de procédé. Ensemble, ces études démontrent comment les méthodes fondées sur les 

données peuvent soutenir à la fois l’optimisation du réacteur et la reconstruction des données, 

renforçant ainsi la compréhension du procédé tout en améliorant la base de données nécessaire à 

une modélisation en aval et à une aide à la décision fiables. 
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Le second groupe porte sur des systèmes catalytiques et réactionnels. Un ensemble d’études 

examine la conversion catalytique du dioxyde de soufre en trioxyde de soufre, dans laquelle des 

modèles prédictifs sont développés pour soutenir la conception de catalyseurs et de procédés à 

partir de données expérimentales issues de la littérature. Dans ce travail, différentes stratégies de 

prétraitement et représentations des variables sont évaluées afin de déterminer comment les choix 

liés à la préparation des données influencent la précision des modèles, leur interprétabilité et la 

fiabilité des conclusions d’ingénierie. Les modèles obtenus sont intégrés à une procédure 

d’optimisation visant à considérer conjointement la conversion, la productivité et le coût, et l’étude 

montre que la combinaison des informations issues de différentes stratégies de prétraitement après 

l’optimisation peut réduire la dépendance à une seule représentation des données et conduire à des 

recommandations d’ingénierie moins biaisées. Une autre étude porte sur la chimiosélectivité dans 

des réactions d’hydrogénation impliquant des substrats organiques concurrents. Dans ce travail, 

des modèles d’apprentissage automatique sont développés afin de prédire la conversion et le 

rendement pour différents couples substrat–catalyseur et différentes conditions opératoires, puis 

les modèles entraînés sont intégrés à une procédure d’optimisation afin de recommander les 

catalyseurs et les conditions favorisant la transformation souhaitée tout en limitant la conversion 

indésirable. Ce cadre fournit des cartes directionnelles de recommandation de catalyseurs et 

identifie des fenêtres opératoires favorables pour l’hydrogénation sélective. Dans l’ensemble de 

ces études, l’accent est mis non seulement sur la précision prédictive, mais aussi sur la traduction 

des résultats des modèles en orientations pratiquement utiles pour la sélection des catalyseurs, 

l’exploration des conditions opératoires et la planification des réactions. 

Dans l’ensemble, cette thèse démontre que les approches fondées sur les données peuvent 

contribuer bien au-delà de la seule prédiction. À travers la modélisation des procédés, la 

reconstruction des données, la conception de procédés catalytiques et la planification des réactions, 

les travaux présentés montrent comment des cadres prédictifs peuvent être utilisés pour soutenir 

des décisions d’ingénierie plus éclairées, efficaces et transparentes. Cette thèse présente ainsi une 

perspective cohérente sur le rôle des méthodes fondées sur les données en génie chimique, en 

montrant leur valeur comme outils permettant de transformer diverses sources de données en 

connaissances exploitables pour l’analyse, la conception et l’aide à la décision.  
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Introduction 

 

1.1 Machine learning as a predictive framework in chemical engineering 

Chemical and process engineering has long relied on mathematical modelling to describe transport 

phenomena, reaction kinetics, thermodynamic behaviour, control interactions, and overall process 

performance. This tradition remains fundamental, as it underpins process design, scale-up, 

operation, and continuous improvement. However, the systems encountered by contemporary 

engineers are significantly more complex than those historically represented by compact analytical 

or semi-empirical models. Modern processes are highly nonlinear, strongly coupled, increasingly 

data-rich, and subject to economic, environmental, and operational constraints that must often be 

addressed simultaneously. In many cases, first-principles models remain indispensable, yet their 

routine application can be hindered by high computational cost, uncertain parameters, or 

incomplete knowledge of the underlying mechanisms. This disconnect between mechanistic rigor 

and practical tractability has created a growing need for complementary data-driven tools that can 

learn from experiments, simulations, and industrial operations while remaining aligned with 

engineering objectives [1–3]. 

Within this broader transition, artificial intelligence (AI) has emerged as an enabling 

paradigm, with machine learning (ML) becoming its most practically relevant branch for 

engineering applications. From an engineering perspective, the value of ML lies in its ability to 

extract relationships directly from data and to build predictive models for systems that are 

multivariable, noisy, nonlinear, and dynamic. Rather than requiring all relationships to be specified 

explicitly, ML methods infer patterns from historical observations and apply them to tasks such as 

prediction, classification, monitoring, or decision support. Reviews spanning process industries, 

biochemical systems, combustion applications, and intelligent manufacturing show that ML is now 

widely used for soft sensing, fault diagnosis, predictive maintenance, quality estimation, process 

monitoring, control support, and digital-twin-oriented analytics [3–6]. The current prominence of 

ML therefore reflects not only advances in algorithms, but also the convergence of large datasets, 

stronger computing infrastructure, open-source software ecosystems, and Industry 4.0 

environments that have made implementation far more feasible than in earlier decades [7,8]. 
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The chemical engineering literature reflects this shift particularly clearly. Early applications 

of AI in the field relied mainly on expert systems and symbolic reasoning, but these approaches 

proved difficult to scale because they required extensive manual encoding of domain expertise. 

Subsequent advances in neural networks broadened the range of potential applications by enabling 

empirical learning directly from process data; however, earlier generations were constrained by 

limited data availability, insufficient computing resources, and poor interpretability. More recent 

work has repositioned ML as a practical engineering tool rather than a speculative alternative. 

Contemporary surveys report successful applications in process monitoring, soft sensing, control-

oriented prediction, catalyst screening, synthesis planning, product design, and surrogate 

modelling of complex process systems  [1,4,6,7]. Importantly, these studies do not frame ML as a 

replacement for engineering knowledge; instead, they emphasize that ML is most effective when 

grounded in physically meaningful variables, high-quality curated data, and well-defined 

engineering performance objectives. 

A major factor driving this growing role is speed. Chemical and process systems generate vast 

quantities of information from sensors, laboratory studies, pilot plants, simulations, and historical 

operating records, yet these data yield value only when translated into actionable engineering 

knowledge. ML facilitates this translation by learning predictive mappings between process inputs 

and key outputs such as conversion, yield, selectivity, energy consumption, emissions, product 

quality, equipment state, or control performance. In many applications, these learned models can 

be evaluated far more rapidly than rigorous simulations or repeated experiments, making them 

especially attractive for screening, monitoring, and rapid analysis [6-10]. As a result, reviews in 

process systems engineering and sustainable process design increasingly frame ML as a means of 

improving responsiveness while reducing computational demands in data-rich engineering 

environments [4,8,9]. At the same time, the literature consistently emphasizes that predictive 

accuracy alone is insufficient: careful data preprocessing, model validation, awareness of 

extrapolation limits, and adherence to physical plausibility remain essential for learned models to 

be credible and useful in engineering practice [1,10,11]. 

ML has also become increasingly important in materials discovery and development, an area 

of particular relevance to chemical engineering because materials properties often determine 

process feasibility and performance. The search spaces associated with catalysts, polymers, 

solvents, adsorbents, battery materials, and other functional materials are far too large to be 
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explored exhaustively through experiments alone. As a result, ML is increasingly used for tasks 

such as property prediction, inverse design, descriptor generation, high-throughput screening, and 

the prioritization of promising candidates prior to laboratory validation [12,13]. Similar trends are 

visible in catalyst discovery, where ML has been used to identify structure–property relationships 

and to guide the targeted development of improved catalytic materials [14,15]. From the perspective 

of this thesis, this extension toward materials discovery is important because it shows that ML 

contributes not only to downstream process analysis but also to upstream design choices that 

fundamentally shape process behaviour. In this sense, ML assists engineers addressing two closely 

related questions: how a system is expected to behave, and which systems or materials are worth 

exploring in the first place. 

The main emphasis of this thesis is therefore on the application of ML in general, and more 

specifically on its use within chemical engineering and materials-related contexts. The central 

theme is the capability of ML to build predictive representations of complex engineering systems 

from available data, especially in situations where direct mechanistic evaluation is slow, uncertain, 

or impractical for repeated use. Such predictive models form the analytical core of many modern 

engineering workflows because they facilitate rapid response estimation, support sensitivity 

analysis, and enable efficient exploration of process or material design spaces. For this reason, ML 

is not treated here as a secondary computational convenience; it serves as the main methodological 

framework through which complex relationships become accessible for subsequent engineering 

analysis. 

1.2 From prediction to engineering improvement: The role of multi-

objective optimization and decision-making 

Once a predictive layer is established, optimization naturally becomes the next step. In 

engineering, models are developed not merely to describe systems, but to improve their 

performance. Chemical processes rarely involve a single objective; instead, engineers must 

typically balance multiple, often competing goals such as yield, selectivity, cost, energy efficiency, 

emissions, safety, or controllability. Multi-objective optimization (MOO) is therefore essential, as 

it represents these trade-offs explicitly and identifies non-dominated alternatives rather than 

collapsing complex design problems to a single oversimplified objective [16–18]. Within the context 

of this thesis, optimization should be viewed as operating on top of the predictive capability 
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provided by ML. The ML model provides a computationally efficient representation of the system, 

and optimization exploits this representation to search for favourable operating conditions or 

design regions. This layered structure is especially valuable when rigorous evaluations are 

computationally expensive, which explains why surrogate-based optimization has emerged as a 

key interface between ML methods and chemical engineering analysis [9–11]. 

Recent studies in chemical engineering illustrate this integration in a specific way. ML-

assisted frameworks have been applied to the MOO of systems such as thermal cracking, gas 

sweetening, pressure swing adsorption, and control-oriented process applications. In these cases, 

predictive surrogate models reduce computational demand while preserving the essential 

relationships between inputs (decision variables) and system responses [19–22]. Related reviews in 

biofuel systems and in engineering optimization more broadly reveal the same pattern: ML 

strengthens optimization by providing fast and informative estimates of system behaviour, while 

optimization provides a structured framework for identifying superior solutions [6,23]. For this 

reason, optimization remains an important component of the present work. Although it is not the 

primary analytical focus, it serves as the mechanism through which predictive ML models are 

translated into actionable engineering improvements. 

Decision making represents the final stage of this methodological chain. Even after MOO has 

generated a Pareto set of viable alternatives, engineering practice typically requires the selection 

of a single implementable solution. Multi-criteria decision-making (MCDM) methods are useful 

at this stage because they make the basis of selection more transparent. Methods such as TOPSIS, 

VIKOR, AHP, NFM, and related ranking approaches help structure trade-offs and support 

systematic, transparent selection among technically acceptable solutions [24–26]. In the present 

thesis, decision making is therefore not treated as a separate dominant topic, but as an important 

concluding layer that translates prediction and optimization results into a single preferred 

engineering option. Although its role is smaller than that of ML, it remains essential, since 

engineering work does not end with generating alternatives, but selecting one. 

Taken together, the literature points to a coherent methodological trajectory. ML has evolved 

from a promising auxiliary technique into a central analytical framework for chemical engineering 

and materials discovery. Its value extends beyond pattern recognition or improved prediction to 

its ability to convert large, diverse, and otherwise underutilized datasets into actionable 
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engineering knowledge. In chemical engineering, this supports faster and more adaptive 

representations of complex processes. In materials discovery, it accelerates screening, prediction, 

and inverse design within search spaces that are too large for exhaustive exploration. Optimization 

and decision making remain important components, but they are most effective when built upon a 

strong predictive foundation. For that reason, this thesis is positioned first and foremost within the 

growing use of ML in chemical engineering, while recognizing its full engineering impact emerges 

when this predictive core is coupled, more selectively but meaningfully, with optimization and 

final decision support. This framing preserves the fundamental logic of the field: accurate and 

physically meaningful learning comes first, followed by optimization and decision making as 

downstream instruments for turning learned knowledge into improved engineering choices. 

1.3 Scope, methodological positioning, and organization of the thesis 

The main objective of this thesis is to develop and evaluate data-driven frameworks that use ML 

as the central predictive layer for chemical engineering applications, while integrating 

optimization and decision-support methods where needed to translate model outputs into practical 

engineering guidance. More specifically, the thesis aims to: (i) develop supervised ML models 

capable of predicting key process and reaction outcomes such as conversion, yield, selectivity, 

productivity, and cost-related indicators; (ii) examine how data quality, missing values, noise, 

preprocessing strategies, feature representation, and model selection influence the reliability of 

predictive and optimization outcomes; (iii) integrate trained ML models with MOO techniques to 

identify favourable operating conditions under competing objectives; (iv) apply MCDM methods 

to support transparent selection among Pareto-optimal alternatives; and (v) demonstrate the 

usefulness of these integrated workflows across process-level, catalytic-process, and reaction-

planning case studies. The central research question guiding this thesis is therefore: How can ML-

based predictive models be systematically developed and integrated with optimization and 

decision-making tools to support reliable, interpretable, and practically useful decisions in 

chemical engineering systems? 

The preceding section established the conceptual foundation of this thesis by identifying ML 

as the central predictive framework for representing complex systems in chemical engineering and 

materials science, while recognizing MOO and MCDM as essential complementary stages for 

transforming predictive knowledge into practical engineering decisions. Building on this 
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foundation, the remainder of the thesis is organized to systematically develop and apply this 

integrated methodological perspective across a series of interconnected studies. The subsequent 

chapters progress from theoretical background to methodological development and, finally, to 

application-driven case studies, demonstrating how data-driven predictive modelling can be 

combined with optimization and decision-support tools to address increasingly complex chemical 

engineering problems. In this way, the thesis is structured as a coherent body of work in which 

ML provides the analytical core, MOO enables the exploration of trade-offs among conflicting 

objectives, and MCDM supports the selection of suitable solutions for implementation in 

engineering practice. 

Following this introductory chapter, Chapter 2 provides the theoretical and methodological 

background required for the studies presented in this thesis. It reviews the main ML models applied 

throughout the work, including artificial neural networks (ANNs), support vector regression 

(SVR), Gaussian process regression (GPR), k-nearest neighbours (KNN), decision trees (DT), 

bagging, random forests (RF), extremely randomized trees (Extra Trees or ET), and eXtreme 

Gradient Boosting (XGBoost). In addition, the chapter introduces the fundamentals of MOO and 

MCDM, with particular emphasis on the non-dominated sorting genetic algorithm II (NSGA-II) 

as the optimization solver used to identify Pareto-optimal solutions and the net flow method 

(NFM) as the MCDM technique adopted to rank and select preferred alternatives. This chapter, 

therefore, establishes the analytical basis upon which the later chapters are developed. 

Chapter 3 presents an integrated framework for informed decision-making in chemical 

engineering, using the styrene production reactor as a case study. In this chapter, several ML 

models are developed to predict key process responses, and their predictive performance is 

systematically evaluated and compared. The selected trained models are then coupled with MOO, 

with NSGA-II employed to generate Pareto-optimal operating solutions for competing process 

objectives. Subsequently, NFM is applied as a MCDM tool to rank these non-dominated 

alternatives and support the final selection. This chapter demonstrates how the integration of ML, 

MOO, and MCDM forms a structured and effective framework for process analysis, optimization, 

and engineering decision support. 

Chapter 4 addresses data quality challenges through the development of an autoassociative 

neural network (AANN) for missing-data imputation, again using the styrene production process 
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as a case study. The chapter investigates the ability of the proposed model to reconstruct missing 

process variables under different dataset sizes, noise levels, and missing-data scenarios. Since the 

reliability of any data-driven framework depends strongly on the quality and completeness of the 

underlying data, this chapter makes an important methodological contribution by strengthening 

the data-preprocessing foundation required for robust ML applications in chemical engineering. 

Chapter 5 focuses on the optimal design of the catalytic conversion of sulfur dioxide to sulfur 

trioxide through a data-driven framework that integrates ML, MOO, and MCDM. An ANN model 

is developed to represent the catalytic conversion process, after which NSGA-II is used to solve 

the MOO problem and identify Pareto-optimal operating conditions. The resulting non-dominated 

alternatives are then ranked using NFM, providing a transparent and systematic basis for selecting 

preferred solutions. By applying the framework to different catalyst systems, the chapter illustrates 

the benefits of combining predictive modelling, optimization, and ranking methods in catalytic 

process design. 

Chapter 6 extends the sulfur dioxide to sulfur trioxide case study by addressing the practical 

and methodological challenges associated with building ML models for catalytic processes using 

literature-derived data. In addition to model development, the chapter examines the effects of 

different preprocessing strategies, feature engineering choices, and data transformation techniques 

on predictive performance and optimization outcomes. NSGA-II is again used as the MOO solver, 

while NFM is employed to rank Pareto-optimal solutions. Beyond presenting technical results, this 

chapter offers broader insights into the challenges, limitations, and recommended practices for 

developing robust and reliable ML-based catalytic design frameworks for catalytic process design. 

Chapter 7 examines the application of ML for predicting reaction conversion and yield in 

organic substrate systems under different catalysts and operating conditions. In this chapter, 

predictive models are developed to estimate reaction outcomes and are subsequently integrated 

with a genetic algorithm (GA) to identify suitable catalysts for reactions in which one functional 

group is intended to react selectively while another must remain protected. In this context, catalyst 

selection is treated as a reaction-specific decision problem. To support interpretation of the 

modelling results, k-means clustering is employed to categorize operating-condition patterns and 

identify meaningful groupings among reaction conditions. In addition, a web-based application is 

developed to translate the proposed framework into a practical decision-support tool that assists 
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chemists in selecting suitable catalysts for specific reactions. Overall, this chapter illustrates how 

ML-based prediction, optimization, and data-driven categorization can be combined to support 

decision-making in catalytic reaction design. 

Finally, the thesis concludes with a general summary that synthesizes the principal findings 

and highlights the methodological and practical contributions of the research. Taken together, the 

chapters form a coherent progression from foundational theory to advanced applications, 

demonstrating how ML can function as the predictive core of modern chemical engineering 

analysis, while MOO and MCDM provide the tools needed to convert predictive capability into 

optimized and actionable engineering decisions. 
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Background 

 

2.1 Introduction 

This chapter presents the methodological background that underpins the research framework 

developed in this thesis. It first introduces several of the principal ML models considered in this 

work, with emphasis on their fundamental concepts, learning mechanisms, and predictive 

structures. In this section, several supervised ML algorithms used for regression are discussed. 

Although some of these algorithms are applicable to both classification and regression problems, 

the focus of this work is on regression tasks. These models are discussed as the main ML 

approaches forming the basis of the developed framework. While additional ML models are 

employed in later chapters, they are generally derived from, related to, or conceptually connected 

with the principal models introduced here. Accordingly, this chapter establishes the essential ML 

foundation required for the subsequent analyses. 

The chapter then focuses on MOO, with particular attention to the NSGA-II, which constitutes 

the primary optimization algorithm used in this thesis. The main principles of MOO are reviewed, 

followed by a discussion of the structure and operation of NSGA-II and its suitability for solving 

problems involving competing objectives. In the final part of the chapter, the NFM is presented as 

the MCDM technique adopted in this research. Its role in evaluating, ranking, and selecting 

preferred alternatives from the set of optimal solutions is explained in the context of the overall 

framework. Collectively, the topics covered in this chapter provide the theoretical and 

methodological basis for the modelling, optimization, and decision-making procedures applied in 

the following chapters. 

2.2 Machine learning models 

2.2.1 Artificial neural networks 

Artificial neural networks (ANN) are computational models inspired by the structural and 

functional principles of the human brain [1]. They consist of multiple interconnected processing 

elements, or neurons, arranged into layers that communicate through weighted connections. Each 

neuron aggregates its inputs via a weighted sum, transforms the result through a nonlinear 

activation function, and passes the output forward through the network [2]. A typical ANN 
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architecture comprises an input layer that receives data, one or more hidden layers for intermediate 

processing, and an output layer that generates the final result (Figure 2.1), whether it is used for a 

prediction, classification, or other outcome [3]. Among the various ANN configurations, 

feedforward neural networks stand out for their straightforward, unidirectional data flow and 

structural simplicity. These characteristics make them highly suitable for approximating complex, 

continuous functions—a property known as universal approximation [2,4]. Other widely-used 

architectures include convolutional neural networks and recurrent neural networks, which are 

especially prevalent in domains such as computer vision, natural language processing, and time-

series analysis [5]. 

 

Figure 2.1.  A simple representation of a typical ANN structure. 

The optimization of ANNs has been extensively investigated across multiple dimensions, which 

can be broadly categorized into two principal domains: network design and network training. 

Network design involves several foundational considerations, including the architectural 

configuration, weight initialization strategies, selection of learning algorithms and activation 
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functions, input layer specification, and the tuning of hyperparameters such as learning rate and 

momentum [6]. On the other hand, network training focuses on minimizing a cost function that 

quantifies the error between predicted and actual outputs, typically using gradient-based 

optimization algorithms. Among these, backpropagation [7] remains the most widely used method, 

using gradient descent to iteratively update weights. However, it is prone to challenges such as 

vanishing gradients and convergence to local minima. To address these issues, more advanced 

optimization techniques have been used, including Quasi-Newton methods [8], the Levenberg-

Marquardt algorithm [9], and adaptive moment estimation (Adam) [10], which are particularly 

effective in large-scale, high-dimensional contexts. Furthermore, nature-inspired metaheuristic 

algorithms like genetic algorithms, differential evolution, simulated annealing, artificial bee 

colony, and particle swarm optimization have been proposed as robust alternatives to traditional 

training methods [6,11]. These approaches enhance convergence behaviour, improve learning 

efficiency, and enable ANNs to model complex nonlinear relationships with greater fidelity.  

2.2.2 Support vector regression 

Support vector regression (SVR) is a supervised learning algorithm tailored for regression tasks, 

evolving from the foundational principles of support vector machines (SVMs), which were initially 

developed for binary classification problems. The origins of SVM can be traced back to the 1960s 

[12,13], with its theoretical framework significantly refined in the 1990s by Vapnik and his 

colleagues [14,15]. SVMs gained prominence for their effectiveness in handling high-dimensional 

datasets by constructing optimal hyperplanes that maximize the margin between distinct classes. 

This approach was later extended to accommodate continuous output predictions, leading to the 

development of SVR, formally introduced as the ε-SVR model [15]. 

While SVM classification seeks to identify the hyperplane that best separates distinct classes 

with maximum margin, SVR repurposes this concept for regression by estimating a function that 

approximates the relationship between input features and a continuous target variable. The core 

idea behind SVR is to find a function that deviates from the actual observed outputs by no more 

than a predefined margin, denoted as ε, for the majority of data points. This tolerance creates a 

margin of indifference, known as the ε-insensitive tube, within which prediction errors are not 

penalized [16,17]. SVR frames this regression task as a convex optimization problem, seeking the 

flattest possible function—effectively the narrowest tube around the regression curve—while 
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ensuring that most of the training data falls within this tube. Model complexity is controlled by 

minimizing the norm of the weight vector (‖w‖), which governs the flatness of the regression 

function. Training instances that lie outside this ε-margin contribute to the loss and are referred to 

as support vectors. These points play a critical role in shaping the final regression model. The 

optimization process thus strikes a balance between simplicity and prediction accuracy, resulting 

in a sparse solution where only a select subset of data, the support vectors, defines the model [18].  

Figure 2.2 presents a simple linear representation of an SVR model. 

A major advantage of SVR is its kernel-based framework, which allows effective modelling 

of both linear and nonlinear regression relationships. Through the use of kernel functions, such as 

radial basis functions and polynomial kernels, SVR can project input data into a higher-

dimensional feature space. Within this transformed space, complex relationships among variables 

can become linearly separable, without the need to compute the transformation explicitly. This 

property makes SVR particularly effective for capturing nonlinear patterns in high-dimensional 

datasets [19].  

 

Figure 2.2.  Visualization of a simple linear SVR model. 

The parameter ε plays a crucial role in SVR by setting the width of the insensitive tube. A smaller 

ε results in tighter error bounds, often increasing the number of support vectors and leading to a 

more complex model. Conversely, a larger ε widens the tube, potentially reducing the model 
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complexity but at the expense of accuracy. Beyond ε, SVR introduces other important 

hyperparameters. The regularization parameter (C) controls the trade-off between model flatness 

and the allowance for deviations exceeding ε, effectively balancing complexity and error tolerance. 

Additionally, the choice of kernel function and its associated parameters determines how input 

data is mapped into higher-dimensional space, enabling SVR to capture both linear and nonlinear 

relationships [16,18]. In summary, SVR extends the margin-maximization philosophy of SVM to 

regression tasks by constructing a function that approximates the data within a flexible margin of 

error. It retains the core strength of SVM, namely good generalization, sparsity, and robustness in 

high-dimensional spaces, while being tailored for continuous output prediction. Utilizing convex 

optimization and kernel methods, SVR offers a robust and versatile framework for regression 

modelling. 

2.2.3 Gaussian process regression 

Gaussian process regression (GPR) is a nonparametric, Bayesian approach for supervised learning 

that not only generates predictions but also principled quantification of uncertainty. Unlike 

traditional regression methods that fit a predetermined functional form to data, GPR models a 

distribution over possible functions and updates this distribution as new observations are 

introduced [20,21]. This probabilistic nature makes GPR particularly well-suited for tasks involving 

limited data, noisy measurements, or situations where uncertainty estimation is essential [22]. 

A Gaussian process (GP) is formally defined as a collection of random variables, where any 

finite subset follows a joint multivariate Gaussian distribution [23,24]. In the context of regression, 

this means that the outputs corresponding to different input points are assumed to be jointly 

Gaussian distributed. This assumption allows us to treat function values as random variables and 

define a prior distribution over functions before observing any data. This prior distribution 

represents the initial beliefs about the function’s shape or behaviour, typically informed by general 

assumptions such as smoothness, continuity, or stationarity. These assumptions are encoded 

through the covariance function, or kernel, which quantifies the similarity between outputs based 

on their input locations [25]. 

The prior distribution in GP is defined by two key components: the mean function, which 

specifies the expected value of the function at any input (often set to zero for simplicity), and the 

kernel function, which determines the degree of correlation between function values at different 
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input points. A widely used kernel is the radial basis function, which assumes that inputs located 

closer together in the input space yield more similar outputs. The kernel consists of several 

hyperparameters, including the length-scale, signal variance, and noise variance, which control the 

smoothness and variability of the modelled function. These hyperparameters are typically 

estimated by maximizing the marginal likelihood of the observed data, striking a balance between 

accurately fitting the data and avoiding excessive model complexity [25,26]. 

As new data are observed, the prior distribution over functions in GPR is updated to form a 

posterior distribution. This posterior distribution reflects the refined beliefs about the underlying 

function, incorporating the evidence provided by the observed data [27]. Importantly, the posterior 

mean represents the predicted value at a given input, while the posterior variance provides a 

measure of confidence in that prediction. Thanks to its Bayesian framework, GPR explicitly 

models uncertainty, reducing it in regions where data are available and maintaining higher 

uncertainty in areas with sparse or no observations [28]. 

This prior–posterior framework enables GPR to interpolate between known data points in a 

smooth and statistically consistent manner, without assuming a predefined form for the target 

function. It also allows predictions to degrade gracefully in regions of uncertainty, making the 

method particularly valuable for scientific applications where reliability and interpretability are as 

important as accuracy [25]. 

Despite its strengths, GPR faces practical limitations, most notably its computational cost. 

Training requires inverting a covariance matrix whose size grows with the number of data points, 

resulting in a time complexity of O(n3), where n is the number of data points. As a result, GPR 

becomes inefficient for large-scale datasets. To address this limitation, researchers have developed 

various sparse and approximate methods that significantly reduce the computational burden [29]. 

Figure 2.3 presents a comparison between the prior and posterior distributions of a GPR 

model. In the left panel, 20 sample functions are drawn from the GP prior distribution, which 

assumes a zero-mean function and encodes prior uncertainty solely through the kernel function, 

since no data has been observed at this stage. By contrast, the right panel displays the posterior 

distribution after conditioning on five observed data points, shown as black markers. As expected, 

the posterior mean (dashed black line) aligns more closely with the observed data, while predictive 

uncertainty (gray shaded region) is significantly reduced in regions surrounding those 



20 

 

observations. The red triangle denotes a reference input point consistently highlighted in both 

panels. 

 

Figure 2.3. Comparison of the GP prior and posterior distributions. The left panel shows random 

function samples from the prior with zero mean. The right panel illustrates the posterior 

distribution after conditioning on five observations, showing reduced uncertainty and updated 

function samples. 

2.2.4 K-nearest neighbours 

K-nearest neighbours (KNN) is a well-established method in supervised ML. It is a non-

parametric, instance-based learning algorithm commonly used for both classification and 

regression tasks [30]. Unlike model-based approaches that build an explicit function during training, 

KNN is categorized as a lazy learning algorithm, meaning it performs minimal computation during 

training and defers most processing to the prediction phase. KNN operates on the intuitive 

principle of similarity, assuming that data points with similar features tend to exist near each other 

in the feature space. In the context of regression, KNN predicts a continuous outcome for a new 

data point by averaging the outcomes of its k nearest neighbours in the training data [31]. 

The prediction process begins by quantifying the similarity, or "closeness", between data 

points using a chosen distance metric. Euclidean distance is most commonly employed, although 

alternatives like Manhattan or Minkowski distances may also be used. Once distances are 

computed, the algorithm identifies the k closest training instances to the new input. The final 

prediction is then obtained by averaging the target values of these neighbours (Figure 2.4). In some 
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cases, a distance-weighted average is applied, giving greater influence to neighbours that are closer 

to the input and less to those farther away [31,32]. 

A key hyperparameter in KNN regression is k, which determines the number of neighbours 

considered when making predictions. This parameter plays a critical role in model performance: a 

smaller k can capture finer local structures in the data but may lead to overfitting, especially in 

noisy datasets. In contrast, a larger k yields smoother, more generalized predictions and enhances 

robustness to noise, though it may lead to underfitting by oversimplifying complex patterns. One 

of the major strengths of KNN regression lies in its flexibility. As a non-parametric method, it 

makes no assumptions about the underlying data distribution or functional form of the relationship 

between inputs and outputs. This enables KNN to effectively model complex, nonlinear 

relationships, making it a valuable tool in scenarios where the data structure is intricate or poorly 

understood [33]. 

 

Figure 2.4. A simple representation of KNN. 

2.2.5 Decision tree 

Decision tree regression (DT) is a widely used non-parametric method for predicting continuous 

variables. Rooted in ML theory and formalized through the CART (Classification and Regression 
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Trees) framework by [34], DT models a hierarchical, tree-like structure to partition the input space 

into distinct regions based on feature values. 

The model begins at the root node, which contains the entire dataset. The model then 

recursively splits it into branches using binary decisions. At each step, the algorithm selects the 

feature and split point that results in the greatest reduction in prediction error, typically measured 

by minimizing the sum of squared deviations from the mean within each resulting subset. This 

top-down, greedy approach continues until a predefined stopping criterion is met, such as a 

minimum number of samples per node or a specified tree depth. Each terminal node, or leaf, 

represents a region in the feature space and holds a constant prediction value, which is usually the 

average of the target variable within that node. This piecewise approach enables DT to model 

complex and nonlinear relationships without requiring prior assumptions about the data 

distribution [35–37]. 

Figure 2.5 illustrates the manner in which a DT partitions a feature space and maps this 

partitioning through a hierarchical tree structure. In the left panel, the 2D feature space is 

recursively divided into five rectangular regions (Y₁ to Y₅) using axis-aligned splits based on the 

input variables X₁ and X₂. Each region groups data points with similar target values. On the right, 

this special partitioning is represented as a binary tree. Each internal node performs a decision 

based on a threshold (e.g., X₁ ≤ a), while each leaf node predicts a constant output value (Y₁ to 

Y₅). The tree structure reflects the step-by-step decision process used to assign a prediction to any 

new data point by following the appropriate path from the root to the appropriate leaf. 

One of the key strengths of DTs is their interpretability [38]. Their hierarchical structure closely 

mimics human decision-making, enabling users to follow the prediction path from root to leaf. 

This transparency makes DTs intuitive and easy to understand. Additionally, a DT performs 

implicit feature selection during the splitting process by prioritizing the most informative variables 

and ignoring those with little predictive value. This not only enhances interpretability but also 

reduces dimensionality and mitigates the "curse of dimensionality," improving computational 

efficiency [39]. However, DTs are prone to overfitting when allowed to grow too deep, as they may 

capture noise in the training data rather than the underlying patterns. To address potential 

overfitting, pruning is applied after the full tree is built [40]. Pruning involves removing branches 
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that do not significantly improve performance, using a validation set and a cost-complexity 

measure to balance model accuracy with simplicity. 

DT models require minimal data preprocessing—no feature scaling or normalization is 

needed—and they are robust to a wide range of data types [41]. In summary, a DT offers a flexible, 

interpretable, and efficient approach for modelling complex relationships in data. Its ability to 

manage nonlinear relationships, select relevant features, and deliver clear, interpretable decision 

logic makes it an invaluable asset for various regression tasks. 

 

Figure 2.5. Partitioning of the input space by a DT (left) and its corresponding hierarchical 

decision structure (right), where each split is based on feature thresholds and each leaf predicts a 

constant output. 

2.2.6 Bagging  

Bagging regressor (Bagging), short for bootstrap aggregating regressor, is an ensemble learning 

method introduced to improve the predictive performance of machine learning models by reducing 

variance and enhancing stability [42]. This technique is particularly effective for algorithms that are 

highly sensitive to fluctuations in the training data, such as DTs. The fundamental principle of 

Bagging lies in generating multiple versions of a predictive model by training each one on a 

different subset of the original data. These subsets are created through bootstrap sampling, a 

method in which data points are randomly drawn with replacement, resulting in diverse training 

sets that may include repeated instances while omitting others [43]. 
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Each base learner, typically a fully-grown decision tree, is independently trained on its 

respective bootstrapped dataset of the original dataset. These trees are left unpruned, allowing 

them to capture complex patterns within the data, albeit at the cost of increased variance. To 

mitigate this, the predictions from all models are aggregated—most commonly through averaging 

in regression tasks—which helps smooth out individual fluctuations and results in a more stable 

and generalizable final model [44]. This aggregation step is grounded in the statistical principle that 

the variance of the mean of multiple estimators is lower than that of any individual estimator, 

provided the estimators are not perfectly correlated. Figure 2.6 presents the architecture of 

Bagging, in which multiple DTs are trained in parallel on different bootstrapped samples drawn 

with replacement from the original dataset. Each tree generates its own prediction based on the 

subset it was trained on, and these individual outputs are subsequently aggregated, most often 

through averaging, to yield a final prediction. 

 

Figure 2.6. Schematic representation of the Bagging regressor. The model generates multiple 

bootstrapped training datasets from the original data and trains a separate decision tree on each 

subset. The individual predictions are then averaged to produce a final, robust, and low-variance 

regression output. 
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Bagging is founded on the principle that the randomness introduced via bootstrapped sampling 

leads to a diverse set of models, each capturing different aspects of the data. When these models 

are combined, typically through averaging, their individual errors tend to offset one another, 

especially when the underlying base learners are uncorrelated or weakly correlated. This ensemble 

method not only reduces overfitting compared to a single high-variance model but also increases 

predictive accuracy without increasing bias [45]. In practice, the performance of Bagging depends 

on several factors, including the number of base estimators and the nature of the base model itself. 

Typically, DTs are employed due to their sensitivity to data variations, making them ideal 

candidates for variance reduction through bagging. The approach also allows for out-of-bag (OOB) 

estimation, where approximately 37% of the data not included in a particular bootstrap sample is 

used to evaluate model performance without requiring a separate validation set [46]. In conclusion, 

Bagging offers a scientifically robust approach to ensemble learning by leveraging the power of 

statistical resampling and model averaging. Through its capacity to reduce variance while 

maintaining model complexity, it serves as an effective strategy for enhancing the accuracy and 

reliability of regression models, particularly when applied to inherently unstable learners. 

2.2.7 Random forest  

The random forest (RF) regressor is a powerful ensemble learning method that builds upon the 

principles of DTs and the Bagging method. Like Bagging, RF constructs multiple DTs using 

bootstrapped samples of the original dataset and combines their outputs through averaging to 

produce a robust and low-variance prediction. However, RF introduces an additional layer of 

randomness that sets it apart: instead of considering all predictor variables at each decision node, 

it selects a random subset of features to determine the optimal split. This added randomness 

reduces the decorrelation among individual trees in the ensemble, thereby minimizing overfitting 

and enhancing the model’s ability to generalize to unseen data [48,49]. 

The key innovation of the RF approach lies in this dual-randomization strategy (both in data 

sampling and in predictor selection), making it especially effective for handling high-dimensional 

and noisy datasets. Each tree in the forest is grown to its full depth without pruning, enabling the 

model to capture intricate patterns and interactions within the data. While fully grown trees tend 

to exhibit high variance, their ensemble average balances this variance, resulting in a model with 

both low bias and low generalization error [46,50]. Additionally, the algorithm measures the 
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importance of each feature by evaluating the decrease in prediction accuracy when the values of 

that feature are permuted. This capability makes RF particularly valuable in complex, high-

dimensional problems where interpretability and variable selection are essential [48]. 

Although RF is considered a “gray box” model, less transparent than individual DTs, it retains 

a meaningful level of interpretability through its variable importance metrics. It avoids the extreme 

complexity of ANNs while still delivering strong predictive power [51]. Moreover, the method 

relies on relatively few hyperparameters—primarily the number of trees in the forest and the 

number of features considered at each split—making it both user-friendly and computationally 

efficient [52]. As a result, RF has become one of the most widely used and reliable tools in modern 

predictive modelling, especially in domains where both accuracy and robustness are critical. 

Figure 2.6, which illustrates the architecture of Bagging, also effectively represents the overall 

procedure of RF. Both models share the same ensemble framework based on training multiple DTs 

on bootstrapped samples and aggregating their outputs. However, it should be noted that the figure 

does not explicitly capture RF’s additional mechanism of random feature selection at each split, 

which plays a crucial role in reducing the correlation among trees and enhancing the generalization 

performance.  

2.2.8 Extremely randomized trees 

The extremely randomized trees regressor (Extra Trees or ET) is a powerful ensemble learning 

technique that extends the RF algorithm by injecting even greater randomness into the tree-

building process. Like Bagging and RF, the ET algorithm builds an ensemble of DTs and 

aggregates their predictions to produce a stable and robust final output. Figure 2.6, which illustrates 

the overall procedure of the Bagging and RF regressors, also effectively captures the structural 

framework of the ET regressor. All three methods share a common strategy: training multiple trees 

in parallel and combining their outputs to reduce model variance. However, ET introduces distinct 

methodological changes that set it apart in terms of both design and predictive performance [54,55]. 

In ET, each DT is trained not on the full original training dataset but on a bootstrapped subset, 

as in Bagging and RF. This strategy reduces the bias introduced by resampling and ensures that all 

trees have access to the complete set of training examples [56]. More critically, ET introduces 

maximal randomness during the split selection process. While RF selects the best split from a 

randomly chosen subset of features based on criteria such as information gain or variance 
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reduction, ET takes this process a step further by also selecting the split threshold at random for 

each candidate feature. Among these randomly generated thresholds, the best is chosen to split the 

node. This results in greater diversity among the trees, which reduces correlation and variance 

across the ensemble, though potentially at the cost of a slight increase in bias [53,57,58]. 

Even with their increased randomness, ET models effectively capture intricate nonlinear 

relationships within the data. Like RF and Bagging, they support OOB evaluation when bootstrap 

sampling is enabled. Additionally, they provide feature importance metrics that highlight the most 

influential variables in the prediction process. Although their accuracy may not always rival that 

of highly specialized or finely tuned models for certain applications, ETs are valued for their nearly 

parameter-free, fast to compute, and capable of handling high-dimensional, noisy data with 

minimal preprocessing [57]. 

In conclusion, the ET stands as a highly randomized and computationally efficient alternative 

within the family of tree-based ensemble methods. By combining the structural ensemble approach 

illustrated in Figure 2.6 with full-dataset training and randomized split selection, ET achieves a 

favourable balance between accuracy, speed, and robustness—making it a valuable off-the-shelf 

method for a wide range of regression problems. 

2.2.9 eXtreme gradient boosting 

The eXtreme gradient boosting (XGBoost) regressor is an advanced ensemble learning algorithm 

that builds upon the foundational principles of DTs while introducing a highly optimized gradient 

boosting framework. In contrast to Bagging and RF, which train multiple decision trees in parallel 

and aggregate their outputs to reduce the variance, XGBoost adopts a sequential learning approach 

where trees are added one at a time [60]. Each successive tree is trained to correct the residual errors 

of the ensemble formed by the previous trees. This additive model refinement enables XGBoost 

to produce highly accurate predictions and makes it particularly effective for complex, nonlinear 

regression tasks [61]. 

At its core, XGBoost constructs an ensemble of regression trees, where each tree contributes 

a weighted prediction that cumulatively improves the model's overall accuracy. Unlike RF, which 

selects splits based on local criteria and randomness, XGBoost formulates tree construction as a 

numerical optimization problem. It utilizes both the first and second derivatives of a differentiable 

loss function, such as MSE, via a second-order Taylor expansion, allowing for precise control of 
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model updates. This formulation enables the algorithm to choose optimal tree structures and leaf 

weights at each stage, maximizing the reduction in prediction errors [59]. 

One key feature that distinguishes XGBoost is the inclusion of a regularization term in its 

objective function. This term penalizes model complexity by limiting the number of leaves and 

constraining the magnitude of leaf weights, effectively reducing overfitting and enhancing 

generalization. As a result, XGBoost remains highly robust, even when applied to high-

dimensional spaces and when handling noisy or sparse data [59,62]. 

Beyond its boosting strategy and regularization framework, XGBoost incorporates a range of 

hyperparameters that significantly impact model performance. Among the most critical are the 

number of trees, the maximum depth of each tree, the learning rate (which determines the 

contribution of each tree), and subsampling ratios for both rows and features. These parameters 

provide substantial flexibility, enabling practitioners to fine-tune the model to balance bias, 

variance, and computational efficiency [63,64]. 

Figure 2.7 illustrates the underlying architecture of the XGBoost, which differs from 

traditional ensemble methods by adopting a sequential, additive learning process. In this 

framework, multiple regression trees are constructed in succession, with each new tree trained to 

minimize the residual errors left by the preceding trees. As illustrated, each tree contributes a 

prediction (Y₁, Y₂, ..., Yₙ), and the final output is obtained by summing these individual 

predictions. This iterative boosting strategy allows the model to continuously refine its 

performance by focusing on the errors of previous learners.  

In summary, the XGBoost represents a powerful and efficient evolution of tree-based 

ensemble learning. Its sequential boosting process, gradient-driven optimization, and embedded 

regularization enable it to consistently deliver state-of-the-art performance across a wide range of 

supervised learning tasks. Widely adopted in both academic research and competitive ML, 

XGBoost is now regarded as one of the most effective tools for developing high-accuracy 

regression models, especially in settings that demand both precision and scalability [61]. 
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Figure 2.7. Sequential tree-building process in XGBoost where each tree corrects the errors of the 

previous ones, and the final prediction is obtained by summing all outputs. 

Table 2.1 presents a comprehensive overview of the nine supervised ML regression models 

examined in this study. For each model, the table presents a brief description of its underlying 

methodology, along with its primary strengths and potential limitations. This comparative 

summary clarifies the distinguishing features of each approach and supports informed model 

selection tailored to specific application requirements and data characteristics. 

Table 2.1.  Brief description, advantages, and disadvantages of each model used in this work. 

Model Description Advantages Disadvantages 

ANN 

Computational models 

inspired by the brain, 

composed of layers of 

interconnected 

neurons that 

approximate nonlinear 

functions 

Universal function 

approximator, good for 

nonlinear relationships, 

flexible architectures, strong 

performance in many tasks, 

generally suitable for 

deterministic optimization 

because of its smooth 

nonlinear mapping 

Requires tuning, prone to 

overfitting, slow training, less 

interpretable, sensitive to initial 

weights, nonconvex structure may 

lead to local optima in 

deterministic optimization 



30 

 

SVR 

Regression method 

based on the support 

vector machine 

concept, using an ε-

insensitive loss to fit a 

function within a 

margin 

Effective in high-

dimensional spaces, good 

generalization, kernel trick 

enables nonlinear 

regression, often suitable for 

deterministic optimization 

when smooth kernels are 

used 

Sensitive to hyperparameters (C, 

ε, kernel), slow with large 

datasets, limited interpretability, 

kernel complexity may complicate 

deterministic optimization 

GPR 

Bayesian non-

parametric method 

modelling a 

distribution over 

functions, providing 

prediction mean and 

uncertainty estimates 

Provides uncertainty 

estimation, strong in 

small/noisy datasets, 

flexible kernel choice for 

modelling structure, smooth 

predictions are well-suited 

to deterministic 

optimization 

High computational cost (O(n3)), 

less suitable for large datasets, 

kernel/hyperparameter selection 

crucial, repeated evaluations may 

become expensive in optimization 

KNN 

Instance-based 

method that predicts 

output by averaging 

the k nearest 

neighbours based on a 

distance metric 

Simple to implement, no 

training phase, flexible for 

complex patterns, no 

distribution assumptions 

Sensitive to noise/outliers, 

computationally expensive for 

large datasets, lacks 

interpretability, non-smooth local 

prediction structure is not well 

suited to deterministic 

optimization 

DT 

Tree-based model that 

splits the feature space 

based on threshold 

rules to minimize 

prediction error 

Interpretable, no feature 

scaling required, handles 

mixed data types, performs 

implicit feature selection 

Prone to overfitting without 

pruning, instability to small data 

changes, biased toward dominant 

features, piecewise-constant 

prediction structure limits 

suitability for deterministic 

optimization 

Bagging 

Ensemble of models 

trained on 

bootstrapped samples, 

Reduces variance, increases 

stability, supports OOB 

evaluation, well-suited for 

Increased training time, model 

complexity, less interpretable than 

single trees, ensemble tree 
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reducing variance 

through averaging 

predictions 

high-variance models like 

DTs 

structure remains non-smooth for 

deterministic optimization 

RF 

Improved bagging 

method using random 

feature subsets at each 

split to enhance 

generalization and 

reduce overfitting 

High accuracy, robust to 

overfitting, ranks feature 

importance, performs well 

on many real-world 

problems 

Less interpretable, may not 

perform well with extrapolation, 

requires tuning number of trees 

and features, discontinuous tree-

based predictions reduce 

suitability for deterministic 

optimization 

ET 

Variant of RF using 

full data (not 

bootstrapped) and 

random thresholds for 

splits, increasing 

diversity among trees 

Fast, highly randomized, 

robust to noise and high-

dimensional data, minimal 

tuning needed 

Slightly more biased than RF, 

randomness may hurt accuracy in 

some settings, non-smooth 

prediction surface is less 

convenient for deterministic 

optimization 

XGBoost 

Gradient boosting 

framework that 

sequentially builds 

trees to minimize loss 

using first and second 

derivatives 

High accuracy, fast and 

scalable, regularization to 

prevent overfitting, widely 

adopted in competitions, can 

still be usable in 

optimization because of its 

strong predictive capability 

Complex tuning, less interpretable, 

sensitive to noisy data if not 

regularized properly, tree-based 

piecewise structure is less 

straightforward for deterministic 

optimization than smooth 

surrogate models 

 

2.3 Multi-objective optimization  

MOO problems, which typically have multiple optimum solutions, are optimization problems that 

must satisfy multiple objectives [28]. The solution is defined as a vector of decision variables 𝑋 =

 {𝑥1,  𝑥2,  𝑥3, … , 𝑥𝑛} (variable decision space) that optimizes the vector of objective functions 

𝐹(𝑋) =  {𝑓1(𝑋),  𝑓2(𝑋),  𝑓3(𝑋), … , 𝑓𝑚(𝑋),… , 𝑓𝑀(𝑋)} (objective function space) within a feasible 

region of solutions which is subjected to equality ℎ𝑔(𝑋) or inequality 𝑔ℎ(𝑋) constraints. The 

decision variables have also lower limits (𝑥𝑖
𝐿𝐿) and upper limits (𝑥𝑖

𝑈𝐿), which constrain the search 

space for each variable [65–67]. This process can mathematically be formulated in Equation (2.1). 
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Min 𝐹(𝑋) =  {𝑓1(𝑋),  𝑓2(𝑋),  𝑓3(𝑋),… , 𝑓𝑚(𝑋),… , 𝑓𝑀(𝑋)} ,   

𝑚 = 1, 2, 3, … ,𝑀 

Subject to : 

 ℎ𝑘(𝑋) = 0 ,    𝑔 = 1, 2, 3, … , 𝐺 

 𝑔ℎ(𝑋) ≤ 0 ,     ℎ = 1, 2, 3, … , 𝐻  

𝑥𝑖
𝐿𝐿  ≤ 𝑥𝑖  ≤  𝑥𝑖

𝑈𝐿  ,    𝑖 = 1, 2, 3, … , 𝑛 

(2.1) 

 

where M is the number of objectives. Each of the objective functions 𝑓𝑚(𝑋), also referred to as 

criteria, payoff functions, cost functions, or value functions, can be either minimised or maximised 

[68]. However, we can transform a maximisation problem into a minimization problem using the 

duality principle by multiplying -1 to the objective function [69]. When objectives in Equation (2.1) 

conflict with one another, the results can be quite different. For example, improving one objective 

may worsen the other objectives. Therefore, the concept of Pareto optimality can address this issue 

[69,70]. The approach that is most frequently used to evaluate solutions is the Pareto dominance 

relationship, which generates a set of optimal solutions between the objectives rather than 

presenting a single optimal solution. These solutions are also known as non-dominated or Pareto-

optimal solutions, and it is up to the problem's decision maker to select the best one based on 

his/her preferences [65]. As an example, two objectives are shown schematically in Figure 2.8a, 

along with an accompanying Pareto front. Point D, which is a Pareto solution and one of the best 

solutions, is located on the border known as the Pareto front. Point C is another solution, but it is 

not considered as optimal as we can find another solution that is better for the two criteria. Point 

B is an impossible and unreachable point, whereas Point A is the utopia. Figure 2.8b illustrates the 

mapping between the decision space (three variables) and objective space (two objectives). 

The overall goal of a MOO technique can be summarized as finding a set of solutions that lie 

in the optimal Pareto front and assembling a set of solutions that are sufficiently varied to reflect 

the Pareto front correctly. Algorithms for an evolutionary MOO attempt to achieve both of the 

aforementioned subjects. Figure 2.9 illustrates how various separate parametric single-objective 

algorithms may generate numerous Pareto-optimal solutions. The Pareto-optimal front correlates 

to the overall optimal solutions for several scalarized objectives. Several challenges, such as 

infeasible regions, local optimum solutions, and smooth regions of the objective function, must be 

surmounted by algorithms during an optimization process in order to converge to the global 
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solution. Furthermore, an optimization process must also be performed at a sensible computational 

cost due to real restrictions. In order to address the aforementioned challenges consistently and 

swiftly, an algorithm must find a reasonable equilibrium between the extent of these processes 

[72,73]. 

 

Figure 2.8.  Diagram illustrating Pareto optimal solutions. a) Feasible, infeasible, and optimal 

solutions [68], b) decision and objective spaces [71].  

 

Figure 2.9.  Zones of a design problem [72]. 

There are plenty of methods that can be used to solve MOO problems. The global criterion 

technique converts the complexity of plural problem optimization into a single problem 
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optimization by reducing the distance between various reference locations and feasible destination 

regions [70,74]. A weighted vector is used in the weighted-sum technique to combine all problems 

into a single problem [75,76]. Typically, the weights are normalized such that their sum is equal to 

one. 

Although the weighted-sum technique is straightforward and simple to apply, it is plagued by 

two main issues. First, selecting weights for problems of varying magnitudes is challenging. As a 

result, the process of coming up with a trade-off solution will be biased. Second, this method 

cannot be used if the optimized multiple problem is non-convex [77]. The ɛ-constraint technique is 

applied to solve challenges in plural non-convex problems. While the other problems are converted 

into limits, the ɛ-constraint technique only optimizes one problem [77–79]. In the lexicographic 

approach, decision-makers are requested to control objective functions by relying solely on their 

absolute interests. Each objective is optimized separately in accordance with its relative 

significance. If only one solution is returned after optimizing the first objective—the most 

important one—then the solution is the optimal one. On the other hand, optimization will proceed 

on the second objective while imposing new constraints on the first objective's solution. This 

pattern continues until the last objective is achieved [77,80]. Another method is goal programming, 

in which the decision-maker selects the desired degree of the objective function. The purpose is to 

maximise the objective function while maintaining the desired level [81]. One of the popular 

methods is the multi-objective evolutionary algorithm (MOEA), which is a stochastic technique. 

MOEAs are utilised to find the optimal Pareto solutions for particular problems, much like other 

optimization methods. The majority of MOEAs in existence employ the idea of dominance. With 

the exception of the use of dominance relationships, the MOEA's optimization process is very 

comparable to that of Evolutionary algorithms (EAs). To choose a better solution for the generation 

of the hereditary population, the objective value is specifically computed for each individual at 

each iteration and used to establish the relationship of dominance in the population. To create the 

population for the following generation, this population may be merged with parent groups. 

Additionally, the presence of the objective space might allow MOEAs the freedom to use some 

traditional support techniques, such as niching [82]. In comparison to more traditional techniques, 

MOEAs have several discernible benefits. They are effective at finding a global optimum, are not 

susceptible to the non-smoothness of the objective functions and have a built-in resilience to noise. 

MOEAs, same as other approaches, have limitations. One significant drawback is that a large 
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number of solutions are taken into account, which may result in redundancy. This also implies that 

the method for resolving MOO problems is a time-consuming technique [83].  

NSGA-II is one of the widely used MOEA methods, which seeks to solve a MOO problem 

and find Pareto-optimal solutions. This method uses an elitist principle, an explicit diversity 

mechanism, and emphasises non-dominated solutions. The parent population (Pt) and the standard 

genetic operators (crossover, mutation, etc.) are first used to produce the offspring population (Qt) 

at any generation t. The two populations are then merged to create a new population (Rt) with a 

capacity of 2N individuals. The population Rt is subsequently divided into various non-dominance 

groups. The new population is then filled, one at a time, by points of various non-domination 

fronts. The first non-domination front is filled first, followed by the points of the second non-

domination front, and so forth. Not all fronts can fit in the N spaces accessible for the new 

population because the total population of Rt is 2N. All fronts that cannot fit will be removed. 

There may be more points in the front than open spaces in the new population when the last 

permitted front is taken into account. Figure 2.10a provides an illustration of this procedure. The 

points that increase the most the variety of the selected points are chosen rather than randomly 

eliminating some members from the previous front. The last front's points that could not be 

completely accommodated are crowded-sorted in ascending order of their crowding distance 

values, and the points at the top of the ordered list are selected. Figure 2.10b illustrates the 

calculation of crowding distance [69]. The objective area surrounding point i that is unoccupied by 

any additional solutions in the population is measured by the crowding distance di of point i.  

 

Figure 2.10. a) Procedure of NSGA-II, b) Crowding distance [69]. 
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2.4 Multi-criteria decision-making 

Once the Pareto front has been identified using dominance-based criteria, the next critical step is 

to rank the non-dominated solutions to support final decision-making. This step incorporates the 

preferences of the decision-maker and applies a systematic evaluation framework to differentiate 

between competing optimal solutions. In this work, the NFM—a hybrid approach that combines 

elements of the ELECTRE and PROMETHEE MCDM schemes—is employed to rank the Pareto-

optimal set. NFM leverages the strengths of both parent methodologies: it adopts ELECTRE’s use 

of concordance and discordance indices for outranking while incorporating PROMETHEE’s net 

flow scoring logic for solution ranking. Through this integration, NFM enables a more balanced 

and discriminating evaluation of optimal solutions [84,85].  

NFM integrates subjective preferences through four essential parameters that must be defined 

for each objective function. First, relative weights (Wm) are allocated to each objective, reflecting 

their importance in the overall evaluation. These weights must collectively sum to one, ensuring 

proportional contribution across objectives. Second, the indifference threshold (Qm) is specified, 

which denotes a range of differences between two solutions' objective values where no strong 

preference can be asserted. Third, the preference threshold (Pm) indicates the minimum difference 

in objective values required to favour one solution over another. Finally, the veto threshold (Vm) 

serves as a cut-off point; if the gap between two solutions for one objective exceeds (Vm), the 

inferior solution is excluded, regardless of its performance on other criteria. The three thresholds 

are established individually for each criterion to satisfy Equation (2.2): 

0 ≤ 𝑄𝑚 ≤ 𝑃𝑚 ≤ 𝑉𝑚 (2.2) 

These thresholds play a crucial role in generating pairwise comparison metrics. Using Equations 

(2.3) to (2.6), the difference ∆𝑚[𝑖, 𝑗] between the objective of solutions i and j is first computed. 

Based on this difference, the individual concordance index 𝑐𝑚[𝑖, 𝑗] is derived: it takes the value of 

1 if the difference between values is less than the indifference threshold for a given criterion, 

decreases linearly between Qm and Pm, and becomes 0 when the difference exceeds Pm. The global 

concordance index 𝐶[𝑖, 𝑗] is then aggregated across all objectives. 

Similarly, the discordance index 𝐷𝑚[𝑖, 𝑗] is calculated for each criterion. It takes a value of 0 

when the difference falls within the Pm, increases linearly between Pm and Vm, and reaches 1 once 
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the difference surpasses Vm. These concordance and discordance measures allow for nuanced and 

discriminating comparisons between pairs of solutions. 

∆𝑚[𝑖, 𝑗] = 𝐹𝑚(𝑗) − 𝐹𝑚(𝑖)          { 

𝑖   ∈     [1, 𝑁]
𝑗   ∈     [1, 𝑁]
𝑚   ∈     [1, 𝑀]

 (2.3) 

𝑐𝑚[𝑖, 𝑗] =

{
 

 

 

1                 𝑖𝑓∆𝑚[𝑖, 𝑗] ≤  𝑄𝑚
𝑃𝑚 − ∆𝑚[𝑖, 𝑗]

𝑃𝑚 − 𝑄𝑚
       𝑖𝑓 𝑄𝑚 < ∆𝑚[𝑖, 𝑗] ≤ 𝑃𝑚 

0                  𝑖𝑓  ∆𝑚[𝑖, 𝑗] > 𝑃𝑚

 (2.4) 

𝐶[𝑖, 𝑗] = ∑ 𝑊𝑚𝑐𝑚[𝑖, 𝑗]

𝑀

𝑚=1

        {
𝑖   ∈     [1, 𝑁]
𝑗   ∈     [1, 𝑁]

 (2.5) 

𝐷𝑚[𝑖, 𝑗] =

{
 

 

 

0                 𝑖𝑓∆𝑚[𝑖, 𝑗] ≤  𝑃𝑚
∆𝑚[𝑖, 𝑗] − 𝑃𝑚
𝑉𝑚 − 𝑃𝑚

       𝑖𝑓 𝑃𝑚 < ∆𝑚[𝑖, 𝑗] ≤ 𝑉𝑚 

1                  𝑖𝑓  ∆𝑚[𝑖, 𝑗] > 𝑉𝑚

 (2.6) 

Once both indices are known, the outranking matrix 𝜎[𝑖, 𝑗] is formed using Equation (2.7). This 

matrix encapsulates the extent to which one solution is judged to outperform another, offering a 

complete pairwise dominance landscape across the Pareto set. 

𝜎[𝑖, 𝑗] = 𝐶[𝑖, 𝑗](∏[1 −

𝑀

𝑚=1

(𝐷𝑚[𝑖, 𝑗])
3]        {

𝑖   ∈     [1, 𝑁]
𝑗   ∈     [1, 𝑁]

  (2.7) 

To finalize the ranking, the overall score for each solution i is calculated using Equation (2.8).  

𝜎𝑖 =∑𝜎[𝑖, 𝑗] −∑𝜎[𝑗, 𝑖]

𝑀

𝑗=1

𝑀

𝑗=1

 (2.8) 

This score includes two components: the degree to which solution i dominates all others, and the 

degree to which other solutions dominate solution i. The net difference of these two terms yields 

a comprehensive performance score. Sorting the solutions in descending order based on these 

scores provides a prioritized ranking, with the top-ranked solution representing the most preferred 

option within the Pareto domain. 
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3.1 Abstract 

Machine learning (ML) has become a powerful asset in chemical engineering, offering accurate, 

data-driven approaches for modelling and process optimization. While ML enhances the prediction 

of complex system behaviours beyond traditional empirical models, its integration with 

optimization frameworks is essential to identify operating conditions that align with multiple 

industrial goals. This study presents an integrated approach that combines various supervised ML 

models with multi-objective optimization (MOO) and multi-criteria decision-making (MCDM) 

techniques, applied to a simulated styrene production reactor. The goal is to train various ML 

models and use them to simultaneously optimize ethylbenzene conversion and styrene yield, using 

datasets of varying size and quality. Model performance is evaluated under three data conditions: 

a complete dataset, a reduced clean dataset, and a noisy dataset. While individual ML models 

generate different Pareto fronts and optimal solutions, this work demonstrates that a novel 

consensus-based strategy that leverages recurring patterns across the full ensemble of ML models 

can better predict outcomes and produce more robust and reliable recommendations for process 

conditions than relying on any single model. By aggregating agreement predictions across diverse 

learners, the consensus approach reduces model-specific bias and sensitivity to data imperfections, 

yielding recommendations that are more stable across data quality scenarios and more defensible 

for decision-making. 
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By highlighting both the predictive power and optimization potential of ML models across data 

environments, this research provides a practical framework for integrating ML with MOO/MCDM 

in chemical process design. The findings emphasize the importance of robustness and 

interpretability in model-driven decision-making and contribute to the advancement of sustainable 

and adaptive strategies in chemical engineering practice. 

Keywords: Machine learning, multi-criteria optimization, multi-criteria decision-making, 

styrene production 

3.2 Graphical abstract 
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3.3 Introduction 

The rapid advancement of technology continues to transform the modern world, with one of the 

most notable developments in the past decade being the widespread integration of artificial 

intelligence (AI) into daily life. Many real-world challenges are characterized by uncertainty and 

complex probabilistic data, which are often difficult for humans to interpret and process 

effectively. In this context, machine learning (ML) serves as an essential tool for converting raw 

data into actionable insights, facilitating a broad spectrum of applications [1,2]. AI and ML have 

emerged as highly effective and economical approaches, often surpassing the performance of 

traditional methods [3]. In the field of engineering, AI has found broad applications, including 

engineering design [4], manufacturing [5], geotechnical engineering [6], civil engineering [7], 

materials engineering [8], and many other engineering fields. In the field of chemical engineering, 

ML has demonstrated significant potential across a range of applications [9,10], including fault 

detection [11], process monitoring [12], process control [13], catalyst discovery [14,15], soft-sensing [16], 

operational optimization [17], and batch process monitoring [18]. Trained ML models can serve as 

surrogate objective functions for optimization tasks [19], particularly in chemical engineering, 

where problems are often highly nonlinear, high-dimensional, and computationally expensive to 

solve using traditional mechanistic models [20,21]. 

Optimization is essential in chemical processes due to evolving economic pressures, 

environmental regulations, and rising energy costs [22]. It supports key stages such as process 

modelling, design, operation, and retrofitting across industries like chemical, petrochemical, 

pharmaceutical, and energy [23,24]. Engineers use optimization to enhance performance, reduce 

costs, and ensure safety and reliability. However, chemical systems are often complex, nonlinear, 

and constrained, making optimization challenging. Additionally, objectives often conflict, 

requiring multi-objective optimization (MOO) to generate Pareto-optimal solutions that offer 

balanced trade-offs for informed decision-making [25,26].  

While MOO provides a set of Pareto-optimal solutions that represent trade-offs among 

conflicting objectives, practical implementation ultimately requires the selection of a single, most 

appropriate solution. This critical step—identifying one final option from a range of non-

dominated alternatives—is where multi-criteria decision-making (MCDM) becomes essential [27]. 

MCDM provides a systematic framework for evaluating and ranking solutions based on multiple, 
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often conflicting, criteria. By quantifying the performance of each solution against a set of defined 

objectives, MCDM facilitates informed decision-making in complex scenarios [28]. 

In the context of chemical and process engineering, although MOO has gained considerable 

attention, the integration of MCDM for selecting a particular solution among Pareto-optimal 

solutions remains relatively underexplored [29]. Nevertheless, MCDM plays a crucial role in 

translating optimization outcomes into actionable decisions, particularly in high-stakes 

applications where economic, environmental, operational, and safety considerations must be 

balanced [30]. These mathematical approaches typically involve several analytical steps to rank 

solutions, from which the highest-ranked option can be selected for implementation. In this way, 

MCDM serves as a valuable complement to MOO, bridging the gap between optimization and 

practical decision-making. 

To assess the research trends in the combined application of ML, MOO, and MCDM 

techniques, a comprehensive bibliometric analysis was conducted across all fields, with a specific 

focus on chemical engineering. Relevant publications were retrieved from Scopus and Web of 

Science using predefined search keywords (listed in Appendix A, Table A.1). Both databases were 

searched to improve coverage and reduce the risk of missing relevant studies, as Scopus and Web 

of Science differ in journal inclusion and indexing breadth. The results from both databases were 

merged and processed using the Covidence tool (Covidence) to eliminate duplicates and ensure a 

systematic review. The initial search retrieved 460 records from Scopus and 212 records from Web 

of Science, giving 672 records before deduplication. After import into Covidence, 96 duplicate 

records were removed, leaving 576 unique records for manual title-and-abstract screening. During 

this manual screening step, 532 records were excluded because they did not sufficiently match the 

combined methodological focus on ML, MOO, and, where applicable, MCDM. The remaining 44 

representative studies were retained for detailed classification in Table A.2. 

Figure 3.1 presents the annual number of publications involving ML, MOO, and MCDM 

together across all fields (Figure 3.1a) and within chemical engineering (Figure 3.1b). While the 

overall volume of publications is considerably higher in the broader scientific literature, a 

noticeable rise in chemical engineering publications in recent years confirms growing interest in 

applying this integrated approach within the discipline. Despite this growth, the combined 

application of ML, MOO, and MCDM remains relatively new in chemical engineering and 

https://www.covidence.org/
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warrants further attention and exploration. Additional bibliometric visualizations, including the 

keyword co-occurrence network, annual keyword trends, and word cloud are provided in the 

support information file (Figure A.1 to Figure A.3). The keyword co-occurrence revealed 

interdisciplinary clusters linking ML, optimization, and engineering applications. The word cloud 

highlights core themes like decision-making, modelling, and data-driven optimization. 

 

Figure 3.1.  Annual number of publications involving the combined use of ML, MOO, and 

MCDM: (a) across all fields and (b) specifically within chemical engineering, based on Scopus 

and Web of Science data. 

Drawing from the findings from the bibliometric analyses, the relevant and representative papers 

that integrate ML, MOO, and MCDM within chemical engineering were selected for in-depth 

review. For each paper, key information was extracted and organized into a structured table, 

including the case study, data origin, input and output variables, ML models used, hyperparameter 

tuning method, final selected ML model, optimization algorithm, and MCDM technique, if 

applied. The papers were further categorized by their year of publication, providing a 

chronological perspective on the development of this integrated approach. To better capture the 

breadth of applications, each paper was grouped into one of the following application domains: 

(1) energy systems, (2) heat transfer and thermal management, (3) process simulation and 

optimization, and (4) materials and construction. This structured categorization enables a cross-

disciplinary comparative analysis of emerging trends and methodological approaches, 

emphasizing the evolving integration of ML, MOO, and MCDM in addressing domain-specific 

challenges. A detailed summary of this classification is presented in Table A.2. 
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This analysis highlights that while the integration of these methodologies is gaining traction, 

there is still a lack of comprehensive, structured studies demonstrating how to systematically apply 

this combined approach within chemical processes. To bridge this gap, the present study introduces 

a comprehensive, step-by-step methodology encompassing data collection, preprocessing, variable 

selection, ML model development, MOO formulation, and MCDM-based decision-making. A key 

novelty of this work is the introduction of a consensus-based modelling layer that synthesizes 

information across all trained ML models to yield more reliable outcome predictions and 

optimization recommendations. Rather than relying on a single “best” model (which may be 

sensitive to data quality, noise, or model-specific bias), the proposed consensus approach exploits 

recurring patterns and agreement signals across diverse learners to identify stable, defensible 

process-condition recommendations, improving robustness and reducing the risk of overfitting-

driven decisions, especially when Pareto fronts differ across models. 

The styrene production process is selected as the case study, with the objective of optimizing 

continuous performance indicators through supervised regression models. Nine widely adopted 

ML algorithms are implemented and compared—namely artificial neural networks (ANN), 

bagging regressors (Bagging), decision trees (DT), extra trees (ET), eXtreme gradient boosting 

(XGBoost), Gaussian process regression (GPR), k-nearest neighbours (KNN), random forest (RF), 

and support vector regression (SVR). Comprehensive details are provided on the model training 

procedures, hyperparameter tuning strategies, and performance evaluation. Following the 

identification of the best-performing models, their outputs are used to define objective functions 

within a MOO framework, resulting in a Pareto front that captures optimal trade-offs. In parallel, 

the consensus strategy is used to consolidate model outputs into a robust set of recommendations 

that remains consistent across modelling assumptions and data environments, strengthening the 

reliability of the final operating-condition selection. These solutions are then ranked using an 

MCDM technique. While an exhaustive comparison of MOO and MCDM algorithms falls outside 

the scope of this work, NSGA-II [31] was selected as a widely used optimization method, and the 

net flow method (NFM) [32] was adopted as a suitable outranking-based MCDM technique for 

ranking Pareto-optimal solutions in the present study. This study serves both as a practical 

demonstration of chemical process optimization using advanced data-driven tools and as a user 

guide for researchers seeking to apply ML, MOO, and MCDM in an integrated manner. 
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3.4 Methodology 

The proposed methodology (Figure 3.2) presents an integrated workflow combining simulation-

based data generation, ML model development, MOO, and MCDM. It begins with problem 

definition and data generation using a pseudo-homogeneous adiabatic reactor model of the styrene 

production process. Key input variables include ethylbenzene flow rate, steam flow rate, inlet 

temperature, and inlet pressure, while ethylbenzene conversion and styrene yield are selected as 

outputs. Nine supervised regression models (ANN, Bagging, DT, ET, XGBoost, GPR, KNN, RF, 

and SVR) are trained, normalized, and tuned to evaluate their predictive performance and identify 

the most accurate models. The best-performing models are then used to formulate a two-objective 

optimization problem that maximizes both conversion and yield, solved using NSGA-II to generate 

a Pareto optimal front. These solutions are further evaluated using MCDM through the NFM 

technique to rank the alternatives and identify the most preferred operating point. Overall, this 

framework demonstrates a cohesive integration of ML, MOO, and decision-making methods for 

analyzing and optimizing the styrene production reactor. 

3.4.1 Styrene production process and dataset generation 

Styrene (C6H5CHCH2) is a key aromatic monomer extensively used in the production of polymer-

based materials, including polystyrene, acrylonitrile-butadiene-styrene, styrene-acrylonitrile, 

styrene-butadiene rubber, latexes, and unsaturated polyester resins [33–36]. Its industrial significance 

is reflected in its broad range of applications across the packaging, construction, electronics, and 

automotive sectors. The global styrene market is projected to grow significantly, rising from USD 

63.7 billion in 2025 to over USD 108 billion by 2034 [37]. 

Over 90% of styrene is produced via the catalytic dehydrogenation of ethylbenzene 

(C6H5CH2CH3), carried out in the presence of superheated steam over an iron oxide-based catalyst. 

This reaction is both endothermic and reversible, with thermodynamic conditions favouring 

styrene formation at high temperatures and low pressures. Superheated steam plays a critical role 

in this reaction by supplying the required thermal energy for the endothermic reaction, inhibiting 

coke formation, and lowering the partial pressures of the reaction products, thereby enhancing the 

equilibrium conversion toward styrene [35,38]. The primary reaction involves the conversion of 

ethylbenzene into styrene and hydrogen (Equation (3.1)). However, this process is accompanied 
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by several side reactions (Equations (3.2)-(3.6)) that negatively impact product selectivity and 

overall efficiency [33]. 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 ⇌ 𝐶6𝐻5𝐶𝐻𝐶𝐻2 + 𝐻2 (3.1) 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 → 𝐶6𝐻6 + 𝐶2𝐻4 (3.2) 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 + 𝐻2 → 𝐶6𝐻5𝐶𝐻3 + 𝐶𝐻4 (3.3) 

2𝐻2𝑂 + 𝐶2𝐻4  → 2𝐶𝑂 + 4𝐻2 (3.4) 

𝐻2𝑂 +  𝐶𝐻4  → 𝐶𝑂 + 3𝐻2 (3.5) 

𝐻2𝑂 +  𝐶𝑂 → 𝐶𝑂2 + 𝐻2 (3.6) 
 

These reactions occur over a promoted iron oxide catalyst, such as Shell 105®, which 

comprises 62% Fe₂O₃, 36% K₂CO₃, and 2% Cr₂O₃ [38]. Under optimal operating conditions, the 

conversion of ethylbenzene can reach up to 80%. However, this high conversion must be balanced 

against catalyst degradation due to thermal cracking and the formation of by-products, including 

benzene (C6H6), toluene (C6H5CH3), methane (CH4), and carbon oxides (CO, CO2). The process 

typically operates at temperatures exceeding 857 K, with an inlet steam-to-ethylbenzene molar 

ratio ranging from 7 to 20 [33,39]. 

In this study, the styrene production process is used as a case study to demonstrate the 

integration of ML, MOO, and MCDM methodologies in the context of chemical process 

engineering. A comprehensive dataset was generated by simulating an adiabatic plug flow reactor 

using the pseudo-homogeneous kinetic model developed by Sheel and Crowe [38]. This model, 

based on industrial reactor data, assumes ideal plug flow behaviour and incorporates 

experimentally derived rate expressions that account for heat and mass transfer limitations within 

catalyst pellets. The steady state simulation used the finite difference method, implemented in 

Fortran, to solve material and energy balances along a fixed reactor length and diameter while 

randomly varying four industrial operating parameters: reactor inlet temperature, inlet pressure, 

ethylbenzene flow rate, and steam flow rate [33]. Each run generated detailed reactor outputs, 

including outlet flow rates of ten chemical species, as well as outlet temperature and pressure, from 

which ethylbenzene conversion and styrene yield were calculated. Conversion was determined 

from the change in ethylbenzene flow rate (Equation (3.7)), and yield from the ratio of styrene 

produced to ethylbenzene converted (Equation (3.8)). This dataset provided the basis for 

developing ML models capable of capturing the reactor’s nonlinear behaviour, with conversion 

and yield selected as the two-performance metrics for the optimization framework. 
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Figure 3.2. Workflow of the proposed framework integrating ML, NSGA-II, and NFM for 

optimizing styrene production based on simulation data. 
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𝑋𝐸𝐵 = 
𝐹𝐸𝐵,𝑖𝑛 − 𝐹𝐸𝐵,𝑜𝑢𝑡

𝐹𝐸𝐵,𝑖𝑛
 (3.7) 

𝑌𝑆𝑇 = 
𝐹𝑆𝑇

𝐹𝐸𝐵,𝑖𝑛 − 𝐹𝐸𝐵,𝑜𝑢𝑡
 

(3.8) 

where 𝐹𝐸𝐵,𝑖𝑛 and 𝐹𝐸𝐵,𝑜𝑢𝑡 are the inlet and outlet ethylbenzene flow rates, respectively, and 𝐹𝑆𝑇,𝑜𝑢𝑡 

is the outlet styrene flow rate, all expressed in mol/s. 𝑋𝐸𝐵 and 𝑌𝑆𝑇 denote ethylbenzene conversion 

and styrene yield, respectively, and are dimensionless fractions. 

A set of key operating parameters was selected as inputs for ML modelling, including 

ethylbenzene flow rate, steam flow rate, reactor inlet temperature, and reactor inlet pressure, 

because these variables directly govern the thermal and reaction environment within the reactor 

and strongly influence conversion, selectivity, and by-product formation. Ethylbenzene conversion 

and styrene yield were selected as the outputs because they are key reactor-level performance 

indicators that reflect both reactant utilization and formation of the desired product. Although 

economic indicators such as styrene production rate, operating cost, or profit are highly relevant 

for full process optimization, the present study was intentionally limited to reactor-level technical 

objectives in order to establish and compare the integrated ML–MOO–MCDM workflow using 

core performance indicators. Extending the framework to include economic objectives would be a 

valuable direction for future work, particularly in a broader process-level setting.  

The simulation generated about 35,000 steady-state samples covering a wide range of 

operating conditions. The simulation dataset was generated in Fortran by pseudo-random sampling 

within predefined operating bounds rather than through a formal design of experiments technique. 

Specifically, the steam-to-ethylbenzene molar ratio was sampled between 8 and 12, the inlet 

temperature between 750 and 950 K, the inlet pressure between 150 and 300 kPa, and the 

ethylbenzene inlet flowrate between 50 and 80 mol/s; the corresponding steam flowrate was then 

calculated from the sampled steam-to-ethylbenzene ratio and ethylbenzene flowrate. This was 

done to obtain broad coverage of the feasible operating domain for subsequent ML model 

development. From this, three datasets were prepared: the complete dataset, a 1000-record clean 

dataset selected from the full set using random sampling with stratified retention of boundary 

values, and a 1000-record noisy dataset created by adding Gaussian noise with mean zero and 

standard deviation of 0.03 to the output variables to represent sensor variability. The 1000-record 

subset was chosen intentionally to create a substantially reduced-data scenario while still 
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preserving coverage of the full operating domain. A stratified sampling procedure ensured that 

both smaller datasets retained boundary values across all input variables, preserving the full 

operating range. The noisy dataset was generated from the same 1000-record subset to support a 

consistent comparison, whereas larger reduced datasets would have remained closer to the 

complete dataset and provided a less stringent test of model robustness to limited and noisy data. 

The Gaussian noise was added to the raw output variables before normalization using an additive 

noise model (Equation (3.9)): 

𝑦𝑖
noisy

= 𝑦𝑖 + 𝜀𝑖,          𝜀𝑖 ∼ 𝒩(0, 0.03
2) (3.9) 

where 𝑦𝑖 denotes either ethylbenzene conversion or styrene yield expressed in fractional form. 

Any noise-affected output values outside the physically valid range of 0 to 1 were clipped before 

normalization and subsequent model preprocessing. The same absolute noise level was applied to 

both outputs in their original scale. The value of 0.03 was selected to represent a moderate level 

of output uncertainty consistent with plausible sensor or measurement variability, while still 

preserving meaningful structure in the data for model training and comparison. No additional 

output clipping or bound-enforcing treatment was applied during model training or optimization. 

This choice was made intentionally to assess whether the trained surrogate models and the 

optimization framework could maintain physically reasonable predictions without explicit output 

constraints. 

Table 3.1 summarizes the selected input and output variables along with their respective 

minimum and maximum values across the complete dataset. These ranges define the domain of 

the simulated operating conditions and model outputs. Additionally, Figure A.4 to Figure A.6 

provide visual insights into the distribution of variables across all three datasets, and Figure A.7 

presents the characteristics of the noise applied to the outputs. 

3.4.2 Preprocessing and model development 

Developing a reliable and robust ML model begins with an essential phase of data preprocessing, 

vital in managing complex datasets and ensuring the quality and consistency of inputs used for 

training. Standard preprocessing typically involves five key tasks: data integration, data cleaning, 

normalization, handling missing values, and noise identification [40,41]. In this study, four input 

variables and two output variables, derived from the simulation of the styrene production reactor, 

were predefined as model features. Given that the dataset was generated synthetically, it was 
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inherently complete and free of missing values or outliers. Moreover, due to the relatively low 

dimensionality of the input space, dimensionality reduction techniques were deemed unnecessary. 

Consequently, normalization was the sole preprocessing step applied. All features were scaled to 

the range [0, 1], ensuring uniformity across input variables and preventing any single feature from 

disproportionately influencing the learning process.  

Table 3.1.  Summary of selected input and output variables used in the ML models, including their 

minimum and maximum values as observed in the complete dataset. 

Variables Mean Std Dev Min Max 

Inlet flow of ethylbenzene (mol/s) 64.75 8.63 50 80 

Inlet flow of steam (mol/s) 645.70 113.35 401 957 

Inlet temperature (K) 848.99 57.67 750 950 

Inlet pressure (kPa) 225.86 42.69 150 300 

Conversion (fraction) 0.38 0.14 0.12 0.68 

Yield (fraction) 0.81 0.15 0.16 0.99 
 

For each dataset, the samples were randomly partitioned to evaluate model generalization. For an 

ANN, an additional validation set is required during training to monitor learning progress and 

prevent overfitting. To maintain consistency across all models and ensure fair comparisons, a total 

of 20% of the data was reserved for testing and validation combined. Specifically, 80% of the data 

was allocated for training across all models. For models other than the ANN, the remaining 20% 

served exclusively as the test set. For the ANN model, this 20% was evenly divided: 10% for 

validation and 10% for testing. This strategy ensured that all models were trained on an identical 

number of samples, enabling a fair and unbiased comparison of model performance. 

Since the modelling task involves supervised regression, performance metrics were selected 

to evaluate and compare predictive accuracy. In regression problems, model performance is 

commonly assessed by comparing predicted values against actual observations in the test set. A 

variety of error-based metrics are available for this purpose, including the root mean squared error 

(RMSE), the mean absolute error (MAE), the mean squared error (MSE), the Pearson correlation 

coefficient, and the coefficient of determination (R²), each capturing different aspects of prediction 

quality [42]. In this work, MSE and R² were chosen as the primary evaluation metrics. Together, 

they provide a complementary perspective on both the magnitude of prediction errors and the 

proportion of variance explained by the models. Because the input and output variables were 
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normalized to the range [0,1] prior to model development, the reported MSE values were 

calculated on the normalized output scale. 

All model development was implemented in Python. The ANN models were developed in 

TensorFlow, while SVR, GPR, KNN, DT, Bagging, RF, and ET were implemented using scikit-

learn, and XGBoost was implemented using the XGBoost Python package. 

3.4.3 Machine learning models 

3.4.3.1 Artificial neural networks 

Artificial neural networks (ANN) are computational models made of interconnected neurons that 

process information through weighted sums and nonlinear activation functions, allowing them to 

approximate complex relationships [43]. A typical ANN includes input, hidden, and output layers, 

with feedforward networks being the most widely used due to their simple structure and strong 

approximation capability [44]. ANN development involves designing the network architecture and 

training it to minimize prediction error, usually through backpropagation or more advanced 

optimizers such as Levenberg-Marquardt [45] and Adam [46].  

3.4.3.2 Support vector regression 

Support vector regression (SVR) extents the principles of support vector machines to predict 

continuous outcomes while maintaining strong generalization in high-dimensional feature spaces. 

It estimates a function constrained within an epsilon-wide margin around the true values, known 

as the epsilon-insensitive tube, where small errors are ignored [47,48]. Data points that fall outside 

this tube become support vectors, resulting in a sparse model trained through convex optimization 

that balances flatness of the function with prediction accuracy [49]. Through kernel functions such 

as radial basis and polynomial kernels, SVR can capture complex nonlinear relationships by 

implicitly mapping inputs into richer feature spaces [50]. Collectively, these characteristics make 

SVR a practical and robust tool for modelling nonlinear patterns in small or moderately sized 

datasets. 

3.4.3.3 Gaussian process regression 

Gaussian process regression (GPR) is a nonparametric Bayesian method that models a distribution 

over possible functions rather than fitting a single fixed equation. This framework enables both 

predictive outputs and principled uncertainty estimates [51,52]. In a Gaussian process, function 

values at different inputs are assumed to be jointly Gaussian distributed, with smoothness and 
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similarity encoded through kernels such as the radial basis function [53]. The model is defined by a 

mean function and a covariance function, whose hyperparameters are typically optimized by 

maximizing the marginal likelihood. As new observations are incorporated, the prior distribution 

is updated to a posterior that yields both a predicted mean and a variance reflecting confidence in 

the prediction [54]. This makes GPR especially useful for small or noisy datasets and for 

applications where uncertainty quantification is important. Its main limitation is the high 

computational cost, which scales cubically with the number of data points [55]. 

3.4.3.4 K-nearest neighbours 

K-nearest neighbours (KNN) is a nonparametric, instance-based regression method that predicts 

the output of a new data point by averaging the values of its k most similar training samples, 

typically determined using Euclidean distance [56]. Because it builds no explicit model and instead 

relies directly on the structure of the data, KNN can capture complex, nonlinear relationships 

without assuming a predefined functional form. The choice of k is critical: small values risk 

overfitting, while larger values yield smoother but less detailed predictions. Accuracy can be 

further improved through distance-weighted variants, which assign greater influence to closer 

neighbours [57]. This simplicity and flexibility make KNN well-suited for regression problems 

where the data distribution is unknown or highly variable [58]. 

3.4.3.5 Decision tree 

Decision tree (DT) regression is a nonparametric method for predicting continuous outcomes by 

recursively partitioning the data into subsets that minimize prediction error [59]. At each step, the 

algorithm selects the feature and threshold that most effectively reduce the sum of squared 

deviations, continuing until a stopping criterion is reached. The terminal leaf nodes provide 

constant predictions based on the average target value within each region, allowing DTs to capture 

complex, nonlinear relationships without assuming a specific data distribution [60–62]. Their 

hierarchical structure makes DTs highly interpretable, resembling human decision-making, while 

also performing implicit feature selection by prioritizing the most informative variables [63]. 

Although prone to overfitting when grown too deep, pruning techniques can enhance 

generalization [64]. Overall, DTs offer a simple, interpretable, and flexible approach that requires 

minimal preprocessing. 
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3.4.3.6 Bagging 

Bagging regressor (Bagging) is an ensemble learning method designed to improve prediction 

stability by training multiple base models on different bootstrapped samples drawn with 

replacement from the original dataset [65]. Each base learner, typically an unpruned decision tree, 

is trained independently, and their predictions are averaged to reduce variance and improve 

generalization [66]. By combining several weakly correlated models, Bagging effectively lowers 

variance without increasing bias, making it particularly well-suited for high-variance learners such 

as decision trees [67]. The method also supports out-of-bag error estimation, which leverages data 

excluded from each bootstrap sample to evaluate performance without requiring a separate 

validation set [68]. Overall, Bagging provides a simple yet powerful approach for improving 

accuracy and robustness in regression tasks. 

3.4.3.7 Random forest  

Random forest (RF) regression extends Bagging by training multiple decision trees on 

bootstrapped samples while also selecting a random subset of features at each split. This strategy 

reduces correlation among trees and improves generalization [69,70]. Each tree is grown to full depth 

to capture complex patterns, and their averaged predictions lower variance and reduce overfitting, 

resulting in a model with strong accuracy and stability [68,71]. RF performs well on high-

dimensional and noisy datasets and provides useful feature importance measures that enhance 

interpretability, even though it is less transparent than a single decision tree. With only a few key 

hyperparameters, RF remains a widely used and reliable regression method when both robustness 

and predictive performance are required [72]. 

3.4.3.8 Extremely randomized trees 

Extremely randomized trees (ET) is an ensemble regression method that builds multiple decision 

trees with stronger randomness than RF, leading to more diverse models and lower variance [73,74]. 

Unlike RFs, which train each tree on bootstrapped samples, ET uses the entire dataset and 

randomly selects both the feature and the split threshold before choosing the best among them. 

This approach yields models that are fast to train, easy to tune, and well-suited for high-

dimensional or noisy data, while still capturing nonlinear relationships and providing feature 

importance measures [75–77]. 
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3.4.3.9 eXtreme gradient boosting 

The eXtreme gradient boosting (XGBoost) regressor is a high-performance ensemble method that 

builds trees sequentially, with each new tree correcting the residual errors of its predecessors. This 

iterative process enables strong accuracy on complex regression tasks (Chen and Guestrin, 2016). 

Tree construction is optimized using first- and second-order derivatives of the loss function, 

allowing precise and efficient updates that improve the model at each stage. XGBoost also 

incorporates regularization to control tree complexity and mitigate overfitting, making it robust 

when handling high-dimensional, noisy, or sparse datasets [79]. Key hyperparameters, such as 

maximum tree depth, learning rate, and subsampling ratios, provide flexibility to balance bias, 

variance, and computational cost [80,81]. Collectively, these features have made XGBoost one of 

the most widely adopted and highly accurate regression techniques. 

3.4.4 Hyperparameter tuning  

Hyperparameters are external settings that shape the behaviour, complexity, and performance of 

ML models. Unlike internal parameters, which are learned directly from data, hyperparameters 

must be specified before training [82]. Careful selection is critical, and this selection process, known 

as hyperparameter optimization, aims to identify the combination that yields the best validation 

performance. Hyperparameter optimization is typically treated as a black box optimization 

problem [44,82,83]. Numerous hyperparameter optimization methods exist, including grid search, 

random search, evolutionary algorithms, Bayesian optimization, Hyperband, and racing strategies. 

Random search is often preferred for its simplicity and efficiency, particularly when paired with 

cross-validation [84]. In this study, random search with 5-fold cross validation was used to tune nine 

ML models across three datasets, leading to 27 total tuned models. Each model was evaluated with 

50 hyperparameter configurations to ensure fair and optimized performance. The resulting search 

spaces and selected optimal hyperparameters are reported in Table A.3 to Table A.11 for 

transparency and reproducibility. 

3.4.5 Optimization 

ML is often integrated with optimization in engineering applications to fine-tune process 

parameters, especially for MOO, where several competing goals must be balanced simultaneously 

[24,33,85]. These problems rely on evaluating decision variables through multiple objective functions 

within a constrained search space, and conflicts between objectives are handled through Pareto 
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optimality, which returns a set of non-dominated trade-off solutions rather than a single aggregated 

answer [86]. Evolutionary algorithms are well-suited for exploring such complex landscapes, with 

the NSGA-II being one of the most influential methods because it uses non-dominance ranking, 

elitism, and crowding distance to produce a diverse and high-quality Pareto front [87]. In NSGA-II, 

parent and offspring populations are merged, sorted into dominance-based fronts, and the next 

generation is formed by selecting the best individuals while preserving diversity.  

Although deterministic approaches such as the ε-constraint method can be effective for two-

objective problems, their suitability depends strongly on the smoothness of the surrogate model. 

In the present framework, smoother models such as ANN, GPR, and SVR are more compatible 

with deterministic optimization, whereas tree-based and instance-based models such as DT, RF, 

ET, Bagging, and KNN have non-smooth or piecewise prediction structures that make them less 

straightforward for classical deterministic solvers. 

The NSGA-II optimization was implemented in Python using the Pymoo package. For each 

case, the trained ML model was embedded directly as a surrogate evaluator within the optimization 

loop, so that candidate operating conditions generated by NSGA-II were automatically passed to 

the corresponding model to predict ethylbenzene conversion and styrene yield. 

3.4.6 Multi-criteria decision-making 

The NFM is used to rank the Pareto optimal solutions by comparing them pairwise through a 

structured MCDM process that blends the concordance–discordance logic of ELECTRE with the 

net flow scoring approach of PROMETHEE [88,89]. NFM incorporates decision-maker preferences 

through four parameters for each objective: relative weights, an indifference threshold that treats 

small differences as equivalent, a preference threshold that indicates when one solution is 

favoured, and a veto threshold that can exclude a solution if it performs unacceptably on any 

objective. Using these thresholds, NFM calculates concordance indices that measure agreement in 

favour of a solution and discordance indices that capture strong disagreements. These are 

combined to build an outranking matrix that quantifies how much each solution dominates others. 

The final ranking is obtained by computing the net flow score, which represents the difference 

between how strongly a solution outranks others and how strongly it is outranked by others.  
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3.5 Results and discussion 

3.5.1 Model development 

As outlined in Section 2.3, nine supervised regression models using the described ML methods 

were developed for each of the three datasets: the complete dataset, the 1000-record clean dataset, 

and the 1000-record noisy dataset. These models aimed to predict two key outputs of the styrene 

production process: ethylbenzene conversion and styrene yield. All models were trained following 

appropriate data normalization and extensive hyperparameter tuning, as previously detailed. 

Model performance was assessed using R² and MSE, for both training and test sets. A summary 

of these results is presented in Table 3.2.  

Across all datasets, GPR and SVR delivered the strongest and most consistent predictive 

performance, achieving near-perfect R² and very low MSE. ANNs also performed well, though 

their accuracy declined slightly on noisy data. Ensemble methods such as Bagging, RF, and ET 

remained stable and resilient under data reduction and noise, whereas DT showed clear sensitivity 

to data quality, with reduced accuracy in the noisy dataset. XGBoost achieved excellent 

generalization with high test R² and low MSE across all datasets, making it well-suited for real-

world conditions. In contrast, KNN displayed signs of overfitting, with perfect training accuracy 

but weaker test performance, especially in reduced and noisy datasets. Despite these differences, 

all nine models were carried forward to the MOO stage to enable a comprehensive comparison of 

both predictive capability and effectiveness in approximating Pareto optimal trade offs between 

conversion and yield. 

3.5.2 Optimization 

3.5.2.1 NSGA-II Pareto domains and NFM ranking for each model and dataset 

Following the development and validation of the nine ML models for each of the three datasets, 

the subsequent step was to formulate the optimization problem within a MOO framework using 

the NSGA-II algorithm. This process required several preparatory stages. First, the two objective 

functions, namely ethylbenzene conversion and styrene yield, were defined using the trained and 

saved ML models. To ensure consistency across all optimization scenarios, the process input 

variables were constrained to their respective minimum and maximum bounds as observed in the 

original datasets. As previously noted, identical boundary values were applied across all three 

datasets to facilitate an unbiased comparative analysis. Beyond these bounds, two constraints were 
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incorporated to more accurately reflect the underlying process characteristics and to prevent 

extrapolation beyond the scope of the training data. The first constraint concerned the ratio of 

steam flow rate to ethylbenzene flow rate, which was restricted to the range of 8–12 in the original 

simulation data to align with real-world operating conditions. Accordingly, the optimization search 

space was constrained to ensure this ratio remained within that range. The second constraint 

addressed the issue of the outlet pressure, which was not included as an input variable during ML 

model training but was available in the simulation data. To ensure physically realistic solutions, a 

separate ANN with a single hidden layer was trained using the same four input variables employed 

in the main ML models (steam and ethylbenzene flow rates, inlet temperature, and inlet pressure) 

to predict the pressure drop and thus estimate the outlet pressure. This auxiliary model predicted 

the pressure drop with high accuracy (MSE of 5.53×10-5 and R2 of 0.998 for the test data). The 

predicted pressure drop was then used to calculate the outlet pressure as the difference between 

the inlet pressure and the predicted pressure drop, with the constraint that the outlet pressure must 

remain at or above 100 kPa. A simple ANN was selected for this auxiliary task because it offered 

an accurate and computationally efficient nonlinear surrogate for repeated pressure-drop 

evaluations within the optimization loop. Since the pressure-drop model served only as a 

constraint-enforcement tool and not as part of the main model-comparison framework, a compact 

ANN architecture was adopted.  Together, these two constraints confined the optimization search 

to a physically valid and data-supported operational space, thereby improving the reliability and 

robustness of the MOO results. Therefore, in the present framework, physical consistency was 

primarily supported through explicit process constraints on the optimization search space, while 

the surrogate outputs were left unconstrained to assess their behaviour under different data-quality 

conditions. 

The NSGA-II algorithm was configured with a population size of 1,000 and 10,000 

generations, providing sufficient search depth to capture a well-defined Pareto front. Although 

repeated independent runs could further characterize stochastic variability, the large population 

size and number of generations were selected to promote stable convergence and consistent front 

approximation across all cases. To further examine the effect of random seed on the NSGA-II 

results, the optimization was repeated 10 times for the ANN model trained on the 1000-record 

clean dataset. The overlaid Pareto fronts shown in Figure A.14 are nearly indistinguishable, 

demonstrating that seed-related variability is negligible under the adopted optimization settings. 
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This supports the robustness of the selected NSGA-II configuration and indicates that the observed 

Pareto fronts are stable for this representative model–dataset combination. Algorithm parameters 

were further tuned to balance convergence accuracy with solution diversity, thereby enabling 

efficient and robust identification of non-dominated solutions. 

Table 3.2. Model performance comparison for all models on the complete and 1000-record 

datasets with and without noise on both training and test data. 

  Conversion Yield 

  Training Test Training Test 

  R2 MSE R2 MSE R2 MSE R2 MSE 

Complete 

dataset 

ANN 0.999 4.10×10-5 0.999 4.00×10-5 0.999 1.73×10-5 1.000 1.55×10-5 

GPR 1.000 1.65×10-6 1.000 2.10×10-6 1.000 1.11×10-6 1.000 1.51×10-6 

KNN 1.000 0 0.998 9.64×10-5 1.000 0 0.997 8.09×10-5 

SVR 1.000 1.89×10-6 1.000 1.89×10-6 1.000 1.69×10-6 1.000 1.71×10-6 

DT 1.000 2.94×10-5 0.998 1.29×10-4 0.998 7.20×10-5 0.990 3.16×10-4 

ET 1.000 1.63×10-5 0.990 4.02×10-5 0.999 3.08×10-5 0.998 7.45×10-5 

Bagging 1.000 8.77×10-6 0.999 3.61×10-5 0.999 1.82×10-5 0.998 7.43×10-5 

RF 1.000 5.27×10-6 0.999 3.99×10-5 1.000 1.11×10-5 0.997 8.50×10-5 

XGBoost 0.999 4.09×10-5 0.999 4.83×10-5 0.998 4.83×10-5 0.998 7.26×10-5 

1000-

record 

clean 

dataset 

ANN 1.000 3.07×10-5 1.000 2.77×10-5 1.000 1.58×10-5 0.999 1.45×10-5 

GPR 1.000 1.33×10-6 1.000 3.16×10-6 1.000 9.01×10-7 1.000 3.72×10-6 

KNN 1.000 0 0.984 9.33×10-4 1.000 0 0.976 5.72×10-4 

SVR 1.000 2.84×10-6 1.000 3.89×10-6 1.000 6.19×10-6 1.000 5.98×10-6 

DT 0.997 2.27×10-4 0.988 6.71×10-4 0.986 4.37×10-4 0.914 2.06×10-3 

ET 0.993 4.62×10-4 0.991 5.22×10-4 0.989 3.53×10-4 0.981 4.51×10-4 

Bagging 0.999 6.12×10-5 0.994 3.66×10-4 0.996 1.28×10-4 0.975 5.89×10-4 

RF 0.995 3.63×10-4 0.990 5.83×10-4 0.996 1.18×10-4 0.970 7.05×10-4 

XGBoost 0.997 2.03×10-4 0.993 3.86×10-4 0.992 2.66×10-4 0.982 4.26×10-4 

1000-

record 

noisy 

dataset 

ANN 0.961 2.45×10-3 0.963 2.18×10-3 0.962 9.09×10-4 0.934 1.41×10-3 

GPR 0.960 2.59×10-3 0.964 2.08×10-3 0.965 1.08×10-3 0.943 1.31×10-3 

KNN 1.000 0 0.947 3.00×10-3 1.000 0 0.926 1.69×10-3 

SVR 0.960 2.59×10-3 0.964 2.08×10-3 0.961 1.22×10-3 0.942 1.34×10-3 

DT 0.951 3.16×10-3 0.954 2.64×10-3 0.974 7.97×10-4 0.875 2.86×10-3 

ET 0.957 2.79×10-3 0.956 2.53×10-3 0.970 9.22×10-4 0.927 1.67×10-3 

Bagging 0.988 7.96×10-4 0.950 2.87×10-3 0.983 5.22×10-4 0.928 1.66×10-3 

RF 0.968 2.07×10-3 0.953 2.69×10-3 0.991 2.90×10-4 0.922 1.79×10-3 

XGBoost 0.966 2.21×10-3 0.958 2.73×10-3 0.971 9.01×10-4 0.931 1.57×10-3 
 

Once the Pareto-optimal solution set was identified, the solutions were ranked using the NFM. The 

parameters applied in the NFM ranking procedure are summarized in Table 3.3. The NFM 

parameters were selected to provide a practical level of discrimination among Pareto-optimal 
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solutions while remaining consistent with the numerical spread of conversion and yield values 

observed along the Pareto fronts. Equal weights were assigned to both objectives because the study 

aimed to maximize ethylbenzene conversion and styrene yield simultaneously without prioritizing 

one over the other. The thresholds 𝑄𝑚, 𝑃𝑚, and 𝑉𝑚 were chosen so that small differences between 

solutions were treated as negligible, intermediate differences reflected a clear preference, and only 

sufficiently large deteriorations triggered a veto. Larger threshold values were assigned to 

conversion than to yield because conversion exhibited a broader variation range across the Pareto 

fronts. These parameters also reflect expert decision preference within the MCDM framework and 

can therefore be adjusted depending on the priorities and judgment of the decision-makers. 

Before applying the NFM ranking procedure, the ML-predicted ethylbenzene conversion and 

styrene yield values were de-normalized from the normalized output scale and expressed as 

percentages. Therefore, the NFM parameters reported in Table 3 were defined and applied on the 

percentage scale of conversion and yield, and the following optimization results are presented as 

percentages from this point onward. 

Table 3.3. NFM parameters for ethylbenzene conversion and styrene yield. 

Parameters Conversion Yield 

Wm (relative weight) 0.5 0.5 

Qm (indifference threshold) 5 3 

Pm (preference threshold) 15 7 

Vm (veto threshold) 25 12 
 

Figure 3.3 to Figure 3.5 present the results of MOO using the NSGA-II algorithm, followed by 

solution ranking with the NFM, for the nine supervised ML models trained on the three datasets 

of varying size and quality: the complete dataset, the 1000-record clean dataset, and the 1000-

record noisy dataset. The evaluated models include ANN, GPR, KNN, SVR, DT, bagging, RF, 

ET, and XGBoost. Each subplot displays the Pareto front corresponding to a specific model. 

Solution points are colour-coded according to their NFM rank, with the highest-ranked 

(“champion”) solution highlighted by a red triangle. 

Across the complete dataset, all nine models generated smooth, continuous, and closely 

comparable Pareto fronts. The distribution of ranked solutions along each front shows minimal 

structural differences between models, with both champion and top-tier solutions consistently 
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clustered within the same high-performance region in the conversion–yield space. This strong 

similarity suggests that, for the complete dataset, all models effectively captured the underlying 

process relationships with sufficient accuracy. As a result, the optimization outcomes were nearly 

identical, indicating a high degree of consistency in both predictive accuracy and generalization 

capability. 

In the 1000-record clean dataset, although the number of training points was substantially 

reduced, most of the top-performing models preserved the overall structure of their Pareto fronts, 

indicating good robustness to data reduction. ANN and GPR maintained high-quality trade-off 

surfaces with dense clusters of high-ranking solutions, reinforcing their strong generalization 

capability under reduced-data conditions. SVR, XGBoost, and RF also continued to perform 

effectively, although a slight reduction in solution diversity was observed. In contrast, DT, ET, 

and particularly KNN showed greater sensitivity to the smaller sample size, leading to more 

fragmented Pareto fronts and fewer viable solutions identified by the NFM. 

For the 1000-record noisy dataset, the Pareto fronts and NFM rankings exhibited the greatest 

variability and performance degradation among the three datasets. ANN and GPR maintained 

smooth, well-defined fronts with champion solutions still located in the high-performance region, 

though their curvature was less continuous than in the complete and clean dataset. SVR maintained 

a reasonable front shape but exhibited reduced density of high-ranking solutions. In contrast, KNN 

and DT suffered substantial performance deterioration: KNN’s front became highly fragmented 

with large gaps and widely dispersed points, while DT produced only a small set of scattered elite 

solutions, failing to approximate a continuous trade-off surface. Bagging, RF, ET, and XGBoost 

also displayed reduced uniformity and density, with irregularities and shorter high-quality 

segments than those of the clean dataset. Compared to the complete dataset, where all models 

produced similarly smooth and dense Pareto fronts, and the clean 1000-record dataset, where only 

moderate differences emerged, the noisy dataset results demonstrate that noise in a reduced sample 

size disproportionately impacts algorithms that are particularly sensitive to training data quality, 

leading to weaker generalization and diminished coverage of the optimal conversion–yield trade-

off space. These findings underscore the importance of considering both model performance and 

optimization outcomes to ensure a more comprehensive evaluation. For models with comparable 

predictive accuracy, selection should not rely solely on training metrics but must also account for 
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their effectiveness during the MOO phase. It is also noteworthy that, because no explicit output 

bounds were imposed during surrogate training or optimization, slight yield predictions above 

100% were observed only for GPR, SVR, and XGBoost in the 1000-record noisy dataset, 

indicating that physically inconsistent predictions were limited to the most degraded data scenario. 

Beyond the individual champion solution, the distribution of the top 10% ranked solutions 

also reveals the effect of ML model choice on optimization performance. In the complete dataset, 

the top-ranked solutions from most models were densely concentrated in the same high-

performance region, indicating strong agreement across models. In the 1000-record clean dataset, 

ANN and GPR maintained relatively coherent top-ranked regions, while DT, ET, and especially 

KNN showed greater fragmentation and fewer highly ranked solutions. This effect became more 

pronounced in the 1000-record noisy dataset, where ANN and GPR remained comparatively 

stable, whereas the weaker models exhibited more scattered and less reliable elite solution sets. 

These results confirm that model choice influences not only the champion point but also the overall 

robustness and continuity of the high-performing region of the Pareto front. 

These findings underscore the importance of considering both predictive performance and 

optimization behaviour when evaluating surrogate models for reactor optimization. Although each 

ML model produced distinct optimization outcomes under different data conditions, these 

differences were not limited to the simple presence of noise. In the complete dataset, the 

optimization outcomes were highly consistent across models, with smooth Pareto fronts, dense 

clusters of high-ranked solutions, and similar champion regions. This indicates that the large 

sample size provided sufficient coverage of the feasible operating domain for most models to learn 

the underlying response surface reliably. In the 1000-record clean dataset, the main change was 

not a loss of physical consistency but a reduction in front continuity, solution density, and ranking 

stability for the more data-sensitive models, indicating that the smaller sample size reduced the 

ability of some surrogates to represent the trade-off surface with the same fidelity as in the 

complete dataset. In the 1000-record noisy dataset, the degradation became more pronounced, as 

limited sample coverage and output perturbation acted together to produce fragmented fronts, more 

scattered elite solutions, and, in a few cases, slight physically inconsistent predictions. 

These results show that the relationship between predictive accuracy and MOO effectiveness 

is not strictly one-to-one. Although poorer predictive performance often corresponds to weaker 
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Pareto fronts, especially under reduced-data and noisy-data conditions, models with similar MSE 

and R2 can still produce markedly different optimization outcomes. This occurs because MOO 

depends not only on global test-set accuracy, but also on how well a surrogate preserves the local 

smoothness, continuity, ranking fidelity, and realistic trade-off structure of the response surface in 

the high-performing region explored by the optimizer. In this study, the distinct optimization 

outcomes were reflected in differences in Pareto-front smoothness, continuity, density of top-

ranked solutions, stability of champion regions, contribution to the overall non-dominated front, 

and robustness under degraded data conditions. More robust models, such as ANN and GPR, 

preserved smoother and more coherent Pareto structures when sample size was reduced, or noise 

was introduced, whereas models such as DT and KNN were more strongly affected by reduced 

sample coverage and noise sensitivity. 

Accordingly, model effectiveness for MOO should not be judged solely by global predictive 

metrics, but also by optimization-oriented indicators such as Pareto-front continuity, density of 

top-ranked solutions, contribution to the overall non-dominated front, agreement of champion 

solutions with the original simulator, and computational efficiency. More importantly, such 

differences may be anticipated before performing full MOO by complementing predictive metrics 

with local validation in the near-optimal region, uncertainty or stability analysis, and inspection of 

surrogate-surface behaviour. These additional checks can help identify whether a model is likely 

to provide a reliable and well-structured optimization landscape, rather than only a good overall 

statistical fit. Nevertheless, no model is excluded from the overall framework. Rather than 

discarding models based solely on predictive or MOO performance, the following sections present 

an integrated approach that leverages the strengths of all trained models to enhance decision-

making under uncertainty. 

The 2D decision space plots are presented in Figure A.8 to Figure A.13, showing the optimal 

values of ethylbenzene and steam flow rates, inlet temperature, and inlet pressure corresponding 

to each model’s Pareto front across all three datasets. These plots reflect the constrained 

optimization framework described earlier, ensuring that all solutions satisfy the steam-to-

ethylbenzene ratio and outlet pressure requirements. In the case of the steam-to-ethylbenzene flow 

rate ratio (Figure A.8 to  Figure A.10), most models (particularly ANN, GPR, SVR, and XGBoost) 

consistently selected the upper bound of 12. Although some models explored intermediate ratios 
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within the allowed range of 8–12, the majority of solutions were clustered at the upper limit. This 

indicates that the models have learned implicitly that increasing the steam ratio reduces the partial 

pressure of ethylbenzene, promotes the forward dehydrogenation reaction, enhances heat transfer, 

and suppresses coke formation on the catalyst surface, all of which contribute to enhanced 

conversion and yield. 

 

Figure 3.3. Pareto fronts and NFM rankings for models trained on the complete dataset. Each plot 

corresponds respectively to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) Bagging, (g) RF, 

(h) ET, and (i) XGBoost. 
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Figure 3.4. Pareto fronts and NFM rankings for models trained on the 1000-record clean dataset. 

Each plot corresponds respectively to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) Bagging, 

(g) RF, (h) ET, and (i) XGBoost. 
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Figure 3.5. Pareto fronts and NFM rankings for models trained on the 1000-record noisy dataset. 

Each plot corresponds respectively to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) Bagging, 

(g) RF, (h) ET, and (i) XGBoost. 

Figure A.11 to Figure A.13 depict the optimal inlet pressure and temperature values across all 

models and datasets. Optimal pressures consistently converged at the lowest allowable limits, 

satisfying the second constraint and aligning with thermodynamic principles. Since styrene 

production results in a net increase in the number of moles, lower pressures shift the equilibrium 
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toward products (Le Chatelier’s law) while reducing secondary hydrogenation and cracking 

pathways. Temperature values showed a broader distribution. Higher temperatures were generally 

selected in solutions aiming to maximize conversion, consistent with the endothermic nature of 

ethylbenzene dehydrogenation. Conversely, for high-yield solutions with reduced by-product 

formation, lower temperatures were selected to limit undesirable secondary reactions. These 

decision space patterns highlight how, under realistic physical constraints, the models tend to 

converge toward similar optimal operating strategies while still exhibiting subtle differences in 

how they explore the feasible operating conditions. 

Although each ML model produced distinct optimization outcomes under different data 

conditions, it is important to note that no model is excluded from the overall framework. Rather 

than discarding models based solely on predictive or MOO performance, the following sections of 

this paper present an integrated approach that leverages the strengths of all trained models to 

enhance decision-making under uncertainty. This approach ensures that every model, regardless 

of its individual ranking, can contribute meaningfully to robust and comprehensive optimization 

outcomes. 

3.5.2.2 Comparison of dominancy of models 

To facilitate direct comparison across models, Figure 3.6 presents the non-dominated set of the 

combined Pareto-optimal solutions generated by the nine ML models across three distinct training 

scenarios: (a) complete dataset, (b) 1000-record clean dataset, and (c) 1000-record noisy dataset. 

Each plot contains only the overall non-dominated solutions, enabling the direct comparison of 

model contributions under varying data conditions. 

Figure 3.6a (complete dataset) shows that the ANN dominates the Pareto front, forming a 

smooth arc that spans the entire conversion–yield range. XGBoost follows closely, occupying a 

substantial mid-to-high conversion region, while SVR contributes mainly in the high-conversion 

region. The remaining models provide only isolated points, exerting minimal impact on the overall 

front. Figure 3.6b (clean reduced dataset) reveals a shift in dominance with GPR emerging as the 

leading contributor. It generates a dense cluster of points concentrated in the mid-to-high 

conversion region. ANN remains competitive, forming a shorter yet continuous arc. XGBoost and 

KNN also contribute noticeably, particularly in high-yield areas of the Pareto front. SVR’s 

contribution is reduced to a few scattered points. In Figure 3.6c (noisy reduced dataset), SVR 
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emerges as the dominant model, leading the high-conversion/high-yield segment of the Pareto 

front. However, the yield values predicted by SVR exceed 100%, and the conversion values 

surpass the equilibrium limit, both physically unrealistic outcomes resulting from the noise 

introduced into the reduced dataset. ANN retains coverage of the mid-conversion region, 

maintaining a smooth front despite the noise. All the other models, including GPR, which was 

dominant in the clean dataset, are absent from the non-dominated set.  

 

Figure 3.6. Non-dominated Pareto-optimal solutions for nine ML models across three training 

scenarios: (a) complete dataset, (b) 1000-record clean dataset, and (c) 1000-record noisy dataset.   

Figure A.15 in the supporting information presents the full overlay of each model-specific Pareto 

front with the corresponding global Pareto front, allowing a more direct visual assessment of how 

closely each model follows the overall best trade-off surface. The comparison shows that the fronts 



76 

 

remain highly consistent for the complete dataset, whereas deviations become more visible in the 

reduced clean dataset and are most pronounced in the noisy dataset. 

Overall, ANN, GPR, and SVR each demonstrate dominance under specific conditions, though 

their robustness differs. ANN excels with large or noisy data sets, GPR thrives with smaller clean 

datasets, and SVR exhibits the greatest resilience to noise. Data reduction generally narrows and 

shifts the Pareto fronts, while the introduction of noise further fragments them. These observations 

highlight the importance of selecting models capable of maintaining optimality under realistic, 

imperfect data conditions. 

3.5.2.3 Computation time  

Beyond dominance performance, the computational cost and efficiency of each ML model were 

assessed in terms of training time, optimization time, and the number of non-dominated solutions 

when all Pareto fronts are compared, as shown in Figure 3.7 to Figure 3.9. All modelling and 

optimization processes were conducted on the Cedar cluster, a national high-performance 

computing system operated by the Digital Research Alliance of Canada. Cedar provides scalable 

access to large CPU and GPU resources (Cedar), supporting parallel computing tasks commonly 

used in data-driven scientific research and optimization. 

For the complete dataset, ANN demonstrated the highest optimization performance, 

producing 649 non-dominated solutions with a training time of 31.1 h and an optimization time of 

0.8 h. XGBoost ranked second, generating 450 non-dominated points with minimal computational 

demand (0.06 h for training and 0.8 h for optimization). SVR yielded 72 non-dominated solutions, 

requiring 25.9 h of training and 0.9 h of optimization. GPR produced only 32 non-dominated 

solutions while incurring a significantly higher optimization time (93.2 h); its training time (35.8 

h) reflects a single trial, constrained by the model’s computational limitations when applied to 

large datasets. The reported 93.2 h corresponds to the NSGA-II optimization stage using the 

trained GPR surrogate, not to the initial training stage. During NSGA-II, each candidate solution 

generated across the population and generations must be evaluated by the trained surrogate model 

to predict conversion and yield. Therefore, optimization time depends not only on the NSGA-II 

settings, such as population size and number of generations, but also on the computational cost of 

each surrogate-model prediction. For GPR, prediction requires kernel-based calculations involving 

the training data, so the cost of repeated evaluations during NSGA-II increases substantially when 

https://docs.alliancecan.ca/wiki/Cedar
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the surrogate is trained on the complete dataset. This explains why the GPR optimization time was 

much larger for the complete dataset than for the 1000-record clean dataset, whereas models with 

faster prediction routines, such as ANN, XGBoost, and tree-based ensembles, showed much lower 

optimization times.  When trained on the 1000-record clean dataset, computation times decreased 

markedly. GPR emerged as the top performer, producing 527 non-dominated solutions with 

exceptionally low computational requirements (0.02 h for training, 0.9 h for optimization). ANN 

remained competitive, achieving 201 non-dominated solutions with a training time of 1.0 h and an 

optimization time of 0.5. SVR generated 66 non-dominated solutions, though with a substantially 

higher training time (17.5 h). XGBoost and KNN achieved comparable numbers of non-dominated 

points to SVR, but with significantly lower computation times. Under the 1000-record noisy 

dataset scenario, SVR and ANN dominated, producing 529 and 446 non-dominated solutions, 

respectively. ANN sustained strong performance with modest computation time, whereas SVR 

required 25.3 h of training to achieve its results. 

Overall, these findings indicate that ANN consistently offers the most favourable balance 

between optimization quality and computational efficiency across diverse data conditions. While 

GPR and SVR can perform competitively with smaller datasets, their sensitivity to data scale is 

more pronounced. These findings highlight the importance of jointly considering solution quality, 

runtime, and model robustness when selecting ML models for MOO in engineering applications. 

These differences in performance are consistent with the underlying properties of the ML 

models and their sensitivity to dataset size and quality. ANN maintained strong performance across 

all cases because its flexible nonlinear approximation capability allowed it to preserve good 

surrogate quality while remaining computationally efficient during optimization. GPR performed 

particularly well for the 1000-record clean dataset because its kernel-based formulation is highly 

effective for modelling smooth nonlinear relationships when the dataset is relatively small and 

clean; however, its computational burden increased sharply for the complete dataset, making it 

less practical at larger scale. SVR also remained competitive because of its strong generalization 

ability in nonlinear spaces, although its training time remained comparatively high. Ensemble and 

boosting methods such as RF, Bagging, ET, and XGBoost showed moderate robustness because 

averaging and regularization help stabilize predictions under degraded data conditions. In contrast, 

models such as KNN and DT were more sensitive to reduced sample coverage and noise, which 
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limited their ability to preserve smooth and reliable Pareto structures under more challenging data 

scenarios. 

 

Figure 3.7. Comparison of hyperparameter tuning and training time plotted on a logarithmic 

scale. 

  

Figure 3.8. Comparison of optimization time plotted on a logarithmic scale. 
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Figure 3.9. Number of Pareto-optimal (non-dominated) solutions generated by each model across 

the three datasets. Results were obtained using the NSGA-II algorithm with a population size of 

1000. 

3.5.2.4 Consensus approach to use the information from all the trained models 

As outlined earlier, following the validation of the nine ML models, the NSGA-II algorithm was 

applied with conversion and yield as objectives. Decision variables were constrained within the 

bounds of the original data, supplemented by feasibility restrictions to ensure realistic operation. 

Specifically, the steam-to-ethylbenzene ratio was limited to the practical range observed in the 

simulations, and a minimum outlet pressure was enforced to prevent unrealistic conditions. These 

measures ensured that all optimized solutions remained physically meaningful and consistent with 

actual process behaviour. 

The champion solutions for each model-dataset combination were obtained using the NFM 

ranking procedure. To further assess these champions, the corresponding input variable values 

from the optimal decision space were reapplied in the original simulation program to compute 

conversion and yield, enabling direct comparison with the model predictions. The outcomes of 

these simulations, together with the ethylbenzene and steam flow rates, inlet temperature and 

pressure, and the predicted conversion and yield for each model (champions), are presented in 

Figure 3.10 to Figure 3.12. The full set of champion solutions associated with these figures is also 

presented in Table A.12 of Appendix A. It is noteworthy that some models identified noticeably 
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different operating conditions while still achieving very similar conversion and yield values. This 

behaviour is not solely due to surrogate-model differences, since the champion points were re-

evaluated in the original reactor simulation and remained in close agreement with the ML 

predictions. Rather, it indicates that the constrained styrene reactor system admits multiple feasible 

operating strategies that lie on near-equivalent trade-off regions in the objective space. In this 

context, the different ML models tend to explore and prioritize different parts of this admissible 

decision space while still converging to comparable reactor performance. While these figures 

summarize the top-ranked solution for each model, selecting a trial point from a single model may 

introduce bias toward that model’s predictive tendencies.  

To mitigate model-specific bias and ensure robust, generalizable recommendations, a 

consensus-based approach was applied to the champion solutions illustrated in Figure 3.10 to 

Figure 3.12. For each dataset, models were classified into majority and minority groups according 

to the similarity of their champion decision variables. The majority group comprised models whose 

champions clustered closely across all four decision variables, representing the dominant trend, 

while the minority group reflected an alternative but less frequent set of champions. Within each 

group, the final value of each decision variable was determined either by selecting the most 

frequently occurring value or, in the absence of clear repetition, by averaging the values. This 

method ensured that the resulting consensus points represented genuine cross-model agreement 

rather than isolated optima from individual champions. 

The outcomes of this consensus process are presented in Table 3.4. For the complete dataset, 

the majority group, comprising GPR, KNN, SVR, DT, Bagging, RF, ET, and XGBoost, converged 

on the following operating conditions: 57.06 mol/s ethylbenzene, 682.96 mol/s steam, 887.97 K, 

and 154.07 kPa, achieving 50.44% conversion and 90.68% yield. Validation through simulation 

under identical input variables produced 50.60% conversion and 90.60% yield, demonstrating 

excellent agreement with the ML model predictions. In contrast, the minority group, represented 

solely by ANN, selected 79.75 mol/s ethylbenzene, 957.00 mol/s steam, 910.56 K, and 175.47 

kPa, achieving a slightly higher 55.82% conversion and 89.14% yield. A corresponding validation 

simulation under identical operating conditions resulted in 54.30% conversion and 88.10% yield, 

showing close agreement with the ANN model predictions. 
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Figure 3.10. Champion points identified by the NFM for each model across both the objective and 

decision spaces using the complete dataset. Subplots (a) and (c) depict the optimal decision spaces, 

while (b) and (d) present the corresponding optimal objective values, which have been further 

validated through simulation. 

For the 1000-record clean dataset, the majority group comprising ANN, KNN, DT, Bagging, RF, 

ET, XGBoost, converged on operating conditions of 72.81 mol/s ethylbenzene, 864.75 mol/s 

steam, 894.03 K, and 168.87 kPa, resulting in 50.51% conversion and 89.99% yield. Validation 

through simulation under identical input variables produced 50.30% conversion and 90.10% yield, 

further confirming the consistency of the ML predictions. The minority (GPR, SVR) selected 

operating conditions of 52.61 mol/s ethylbenzene, 631.24 mol/s steam, 899.31 K, and 150.00 kPa, 

achieving 54.83% conversion and 89.36% yield. A corresponding simulation led to a 54.50% 

conversion and 89.20% yield, reinforcing the reliability of these model predictions. 
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Figure 3.11. Champion points identified by the NFM for each model across both the objective and 

decision spaces using the 1000-record clean dataset. Subplots (a) and (c) depict the optimal 

decision spaces, while (b) and (d) present the corresponding optimal objective values, which have 

been further validated through simulation. 

For the 1000-record noisy dataset, the majority (ANN, GPR, SVR, DT, Bagging, RF, ET, 

XGBoost) converged on operating conditions of 79.07 mol/s ethylbenzene, 948.78 mol/s steam, 

895.74 K, and 176.30 kPa, yielding 50.98% conversion and 92.07% yield. A corresponding 

simulation with the same input conditions led to a 50.20% conversion and 89.80% yield, showing 

close agreement for conversion but a yield deviation of more than 2%, likely reflecting the 

sensitivity of yield predictions under noisy data conditions. The minority group, represented by 

KNN, identified operating conditions of 61.28 mol/s ethylbenzene, 719.91 mol/s steam, 930.98 K, 

and 167.07 kPa, achieving 62.09% conversion and 90.39% yield. A validation simulation under 
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the same operating conditions resulted in 62.00% conversion and 83.40% yield, indicating strong 

agreement for conversion but a yield deviation of about 7%, suggesting potential limitations in 

yield prediction accuracy in the case where noise is present. These larger discrepancies, 

particularly for yield in the 1000-record noisy dataset, are consistent with reduced local prediction 

fidelity under degraded data conditions, even when the surrogate retains reasonable overall 

predictive performance. 

 

Figure 3.12. Champion points identified by the NFM for each model across both the objective and 

decision spaces using the 1000-record noisy dataset. Subplots (a) and (c) depict the optimal 

decision spaces, while (b) and (d) present the corresponding optimal objective values, which have 

been further validated through simulation. 
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An evaluation of the six consensus points across the datasets (Table 3.4) revealed a recurring 

pattern centred on two distinct operational strategies: (i) a high-flow, high-steam configuration and 

(ii) a low-flow, low-pressure configuration. In the complete dataset, the majority of models 

favoured the latter strategy, while in both the 1000-record clean and noisy datasets, the majority 

supported the former strategy. With the exception of the KNN minority case in the noisy dataset, 

both strategies across all datasets produced predictions that were closely aligned with simulation 

results, thereby providing reliable candidates for subsequent experimental testing. Although 

conversion and yield values are comparable under both strategies, their industrial implications 

differ: the high-flow, high-steam configuration is advantageous for reducing coke deposition and 

improving catalyst stability, whereas the low-flow, low-pressure approach can lower energy 

demand and operating costs. Nonetheless, in real industrial applications where only a single dataset 

is available and simulation cannot be used for validation, it is more rational to rely on the strategy 

recommended by the majority of models. Accordingly, the three majority-selected points from the 

different datasets are proposed as the next experimental conditions to investigate. 

Table 3.4. Majority and minority consensus operating points for each dataset, derived from the 

champion solutions using the consensus-based selection approach under the imposed process 

constraints. 

Dataset Group 

Ethylbenzene 

flow rate 

(mol/s) 

Steam 

flow rate 

(mol/s) 

Inlet 

temperature 

(K) 

Inlet 

pressure 

(kPa) 

Conversion 

(%) (ML 

model) 

Conversion 

(%) 

(simulation) 

Yield 

(%) (ML 

model) 

Yield (%) 

(simulation) 

Complete 

dataset 

Majority 57.06 682.96 887.97 154.07 50.44 50.60 90.68 90.60 

Minority 79.75 957.00 910.56 175.47 55.82 54.30 89.14 88.10 

1000-

record 

clean 

dataset 

Majority 72.81 864.75 894.03 168.87 50.51 50.30 89.99 90.10 

Minority 52.61 631.24 899.31 150.00 54.83 54.50 89.36 89.20 

1000-

record 

noisy 

dataset 

Majority 79.07 948.78 895.74 176.30 50.98 50.20 92.07 89.80 

Minority 61.28 719.91 930.98 167.07 62.09 62.00 90.39 83.40 

 

To further assess the robustness of the surrogate-based optimization results, a local inter-model 

uncertainty analysis was performed around the majority and minority consensus points identified 

in Table 3.4. Here, “local inter-model uncertainty” refers to the variability between different ML 

models in the neighbourhood of a selected consensus point, rather than to a full probabilistic 
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uncertainty estimate. For each consensus point and dataset, the nearest Pareto-optimal solution 

from each ML model was identified in normalized objective space using conversion and yield, and 

the dispersion across models was quantified. The full results are provided in Appendix A (Table 

A.13). Overall, the complete dataset showed the tightest agreement across models, particularly 

around the majority point, indicating a stable and well-supported operating strategy. The 1000-

record clean dataset exhibited a moderately larger spread, while the 1000-record noisy dataset 

showed the greatest inter-model variability, confirming that uncertainty in the recommended 

operating conditions increases as data quality deteriorates. In general, the majority points tended 

to be more consistently supported than the minority points, further reinforcing their robustness as 

preferred operating recommendations. To complement the local inter-model uncertainty summary, 

an additional predictive uncertainty analysis was conducted for the GPR-based Pareto fronts of the 

1000-record clean and 1000-record noisy datasets. The resulting confidence-band visualizations 

are presented in Figure A.16 of Appendix A. The figure shows that uncertainty remains relatively 

limited for the 1000-record clean dataset, whereas the 1000-record noisy dataset exhibits 

substantially wider confidence bands. In particular, the uncertainty associated with yield is 

generally larger than that of conversion, especially over the mid-to-high conversion region. This 

trend is consistent with the broader variability observed under degraded data quality and further 

supports the conclusion that noise reduces confidence in surrogate-based operating 

recommendations. 

A further extension of the present framework would be the use of hybrid or physics-informed 

surrogate models that combine mechanistic process knowledge with data-driven ML corrections. 

In this study, the dataset was generated from a mechanistic styrene reactor simulation, whereas the 

predictive stage relied on purely data-driven surrogate models to enable a broad comparative 

analysis across nine ML methods. Future work could integrate these two levels more directly by 

embedding known thermodynamic relationships, process constraints, or mechanistic residual 

corrections into the surrogate formulation. Such hybrid approaches could improve extrapolation 

robustness, preserve physical consistency, and reduce sensitivity to noisy data during optimization, 

thereby further strengthening the reliability of the recommended operating conditions. 

 

 



86 

 

3.6 Conclusion 

This study implemented a comprehensive MOO framework using NSGA-II algorithm, integrated 

with nine supervised ML models (ANN, GPR, SVR, KNN, DT, ET, Bagging, RF, and XGBoost) 

trained on datasets of varying size and quality. The objective was to optimize conversion and yield 

in an ethylbenzene dehydrogenation process under realistic conditions. These findings 

demonstrate that dataset quality and size exert significant influence on both the shape and density 

of Pareto fronts, as well as the robustness of resulting optimal solutions. Using the complete 

dataset, all models generated smooth and comparable Pareto fronts, indicative of strong 

generalization and consistent high-performance regions. In contrast, data reduction and noise 

introduced variability, fragmenting Pareto fronts and disproportionately affecting models more 

sensitive to data quality, such as KNN and DT. By comparison, models like ANN, GPR, and SVR 

exhibited greater resilience, each achieving superior performance under at least one scenario. 

These conclusions should be interpreted as specific to the styrene reactor case study considered 

here and should not be generalized directly to other chemical processes, datasets, or optimization 

settings without further validation. 

Dominance analysis revealed that ANN excelled with complete and noisy data, GPR thrived 

with clean reduced datasets, and SVR showed the strongest resistance to noise. In terms of 

computational performance, ANN provided the most favourable balance between optimization 

quality and efficiency. By comparison, GPR and SVR yielded competitive outcomes on smaller 

datasets, albeit at the expense of higher training costs. 

To reduce reliance on any single model and enhance the robustness of decision-making, a 

consensus-based framework is proposed to integrate solutions across models and datasets. This 

analysis consistently revealed two dominant operational strategies: a high-flow, high-steam 

configuration and a low-flow, low-pressure configuration, both delivering comparable conversion 

and yield outcomes. Although their performance metrics are closely aligned, the strategies differ 

in industrial implications, with the former favouring catalyst stability and the latter offering 

potential energy savings. Consequently, adopting the majority-recommended points provides a 

rational and practical basis for guiding future experimental validation. 
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Overall, the findings underscore the importance of evaluating ML models not only on 

predictive metrics but also on their optimization behaviour under realistic, imperfect data 

conditions. By incorporating a consensus strategy, the proposed framework leverages the 

complementary strengths of multiple models, ensuring robust and comprehensive 

recommendations for process operation and control. 
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4.1 Abstract 

A neural network-based model is proposed to estimate missing values of incomplete datasets to 

augment their size. An autoassociative neural network (AANN), for which the output vector is 

identical to the input vector, was built for a styrene production process dataset. The proposed 

model was used to investigate the ability of an AANN to estimate one to three missing variables, 

evaluating the impact of the size of the datasets used and the level of correlation of the missing 

values with other process variables. Results show that the proposed AANN model can predict the 

process data even when the number of records used is relatively small. Moreover, the AANN 

method is suitable for estimating missing variables with an accuracy that depends on the 

correlation coefficient of the missing values with other process variables, keeping acceptable 

estimation for weakly-correlated variables. Moreover, the model was tested on noisy data, and it 

is shown that the model trained on noisy data can also predict missing values in an acceptable 

estimation range. 

Keywords: Missing value, Autoassociative neural network, Styrene production process, Process 

data, Data imputation, Noisy data 
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4.2 Introduction 

Missing data is referred to the absence of observations or values, a phenomenon that is common 

in a variety of fields [1]. Missing values are frequently ascribed to human mistakes while recording 

and handling data, machine error as a result of faulty machinery, combining unrelated data, etc. 

[1,2]. The challenge of missing data is pervasive in all spheres of human activities including 

chemical processes, traffic monitoring, speech recognition, surveys, medical research, business 

analysis, computer networks, data reconciliation, and industrial processes [3–10]. The prevalence of 

missing values across all data-related fields leads to a variety of challenges, including performance 

degradation, issues with data processing, and biased results brought on by disparities between 

missing and complete values [1].  

In chemical processes, ML algorithms are powerful and robust techniques for estimating 

underlying non-linear relationships between process variables and require a sufficiently large 

representative databank to achieve the desired performance. Unlike other domains such as finance, 

recognition, and speech, chemical engineering is not classified as a big data field [11]. Therefore, 

the size of any dataset for ML in chemical engineering is of great importance. However, process 

data may be missing due to several reasons such as sensor failure, power blackout, malfunction in 

the computer system of recording data, and incomplete data entry to name a few [3,12–14]. Moreover, 

when data are gathered from various literature sources and reported by individuals, not all needed 

process variables are necessarily available or complete in each of the sources. Therefore, when 

developing a model from reported data, a frequent significant challenge is to address the lack of 

uniformity in data obtained from different sources. Some variables and/or data must then be 

ignored to build a uniform usable dataset. Some of the ignored variables could have a significant 

importance on the output prediction, potentially leading to a loss of information. For example, 

Boucheikhchoukh et al.[14] used ML to propose catalyst formulations in order to improve the 

conversion of SO2 to SO3. Experimental data were collected from 106 articles/theses, but because 

of missing data, only 31 of them, published between 1929 and 2019, were used. As a result, 

considering the lack of complete data in some sources, techniques to estimate missing values could 

be considered to replace these missing values and therefore, augment the size of the databank.  

Various techniques for handling missing data have been investigated [15–19]. Removing data 

records containing missing values is a frequent default option in statistical methodologies. Indeed, 
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removing all variables with missing values is the easiest way of acquiring a complete, albeit 

reduced database, with an inevitable loss of information [20–22]. However, several imputation 

procedures to replace missing values with their best estimates have been proposed [23]. The global 

imputation approach, which is based on the missing attribute, fills in the missing values based on 

existing values. The statistical average, median, and mode are examples of central tendency 

measures used in this approach [24,25]. Additionally, procedures using regression [24] or association 

rule [26] are other global imputation strategies. Local imputation approaches are modifications of 

global imputation procedures, which impute missing values based on their classes, historical data, 

or finding the nearest neighbour. Multiple imputation procedures [27] were designed to provide a 

flexible alternative to similarity approaches (selection based on the distance or belonging to a 

specific class). Multiple imputation is a three-stage technique that attempts to decrease the 

uncertainty in imputed data. Although imputation approaches are simple to implement and help to 

keep the information, they add uncertainties to the imputed values. Some methods such as multiple 

imputation might be able to tackle the uncertainty, however, integrating the uncertainty of 

information is challenging. Another disadvantage of such techniques is that they are not suitable 

for all types of missingness [28,29]. Missing values also can be treated without the necessity for 

explicit imputation using direct manipulation of missing data approaches, for instance, using 

decision trees. Decision trees are able to implicitly handle missing data without the need for a 

separate imputation procedure or pre-defined model structure. They are nonparametric methods 

that do not make assumptions about data distribution. However, the performance of the algorithm 

and its ability to estimate missing values can be negatively affected by poor correlation among 

process variables [30]. Recently, data modelling entailed statistical, probabilistic, and learning 

approaches to create a model that can describe the data's features in a general way. In the 

imputation of appropriate values, such models can be employed as an inference process. The 

maximum likelihood, Bayesian, selection models, pattern-mixture, and neural networks fall in this 

category [31]. 

Recently, the application of neural networks in treating missing values due to their underlying 

flexible structure and generalization ability has been studied by many researchers [32–41]. A neural 

network with a nonlinear activation function can theoretically approximate complex non-linear 

relationships [32]. The neural network-based imputation approach can exploit complex underlying 

relationships within missing information in the data. The neural network imputation approach 
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typically utilizes all available records to train the network, then prefills partial records into the 

network and imputes missing values using the network's output [33]. Sharpe and Solly [34] built a 

multilayer perceptron (MLP) for each missingness pattern, which is utilized to fit the regression 

relationship between missing attributes and available attributes. Nonetheless, in the case of many 

missingness patterns, the number of generated models could become excessively large and 

complex to manage in addition of requiring more computation time. Ankaiah and Ravi [35] 

introduced an improved MLP imputation approach that constructs a single objective prediction 

network using each missing feature as output and the remaining variables as inputs. This approach 

generates the same number of models as the number of missing attributes and usually applies to a 

single missing value.  

The autoassociative neural network (AANN) is a type of neural network in which the input 

and output layers are identical and have an equal number of nodes. To impute incomplete data for 

all missingness patterns, only one model is then required [36]. Marwala et al. [37] presented and 

tested an imputation approach that combined AANN with a genetic algorithm (GA) on two real 

datasets [38,39]. When the network has been trained with the complete dataset, the cost function of 

AANN is used as the fitness function of the genetic algorithm to impute missing values. High 

accuracy was reported for one and two missing variables. Ravi and Krishna [42] proposed four 

improved imputation models based on AANN: general regression AANN, particle swarm 

optimization based on AANN, autoassociative wavelet neural network, and radial basis function 

AANN. Autoassociative extreme learning machine [43] and counter propagation AANN are two 

other imputation models based on AANN suggested by Gautam and Ravi [44]. The findings of the 

experiments suggest that combining local learning with global approximation can improve 

imputation outcomes. These studies have shown the potential of AANN for the accurate prediction 

of missing values in complex datasets, especially in chemical processes which typically deal with 

a large number of variables [3,45–47]. However, in chemical processes, the size of a complete dataset, 

the correlation between process variables, and the number of missing variables in each data point 

play a vital role in the treatment of missing process values. 

In this study, we propose a methodology using AANN with MLP along with the global 

imputation technique, to augment the size of a chemical process dataset with missing data. To test 

the ability of AANN for the imputation of missing values for a process with a large number of 
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variables, the production of styrene, with 22 process variables, is considered. Two major aspects 

are investigated: 1) the impact of the size of the dataset on the prediction ability of AANN models 

for missing values, and 2) the effect of one, two and three missing variables on their accurate 

estimation and their impact on the prediction of other non-missing variables that can be used for 

data reconciliation. In the end, the ability of AANN to predict missing values in a noisy dataset 

has been tested and compared with the AANN models obtained by clean and simulated data. 

4.3 Methodology 

4.3.1 Autoassociative neural network (AANN) 

AANNs have been used for many applications: nonlinear principal component analysis to reduce 

the problem dimensionality [48,49], data reconciliation [50], signal analysis [51] and fault diagnostic 

and reconstruction [46]. In this investigation, an AANN is used to estimate missing values in order 

to have a dataset that is as complete as possible. An AANN is a feedforward neural network with 

an input layer, a number of hidden layers, and an output layer [52]. Figure 4.1 presents the 

architecture of a simple AANN. The input and the output vectors of the AANN are identical, 

meaning that the AANN is attempting to reconstruct an exact copy, albeit filtered, of the input 

vector. During training, the interrelationships between the process variables are encapsulated in 

the neural network connection weights. An AANN typically uses at least three hidden layers: a 

mapping layer, a bottleneck layer and a de-mapping layer. For more complex processes, an AANN 

may contain additional hidden layers. The nodes of the mapping and de-mapping layers must have 

nonlinear transfer functions such as sigmoid functions. The bottleneck layer has the lowest 

dimensionality amongst all hidden layers and produces internal encoding and compression of the 

inputs, which serves to removing all the unnecessary existing data correlations. The transfer 

function of the nodes of the bottleneck layer can be linear or nonlinear without impacting the 

network's generality. When used for data imputation, the network is trained by considering only 

complete data records and then the AANN is used to predict the inputs of missing values of 

incomplete records.  
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Figure 4.1. Simple example of an AANN model. 

The number of neurons in the input and output layers is equal to the number of variables in the 

process being considered. The number of neurons in the hidden layers depends on the complexity 

of the problem and must be obtained by trial and error or hyperparameter tuning techniques. If the 

number of neurons is too low, the representational capacity of the network might be impaired 

whereas an excessive number of neurons may lead to overfitting. To reconstruct the input variable 

vector, the process information is encapsulated in the network architecture and the weights of the 

neuron connections. The training process adjusts the neural network weights such that the 

reconstructed measurement vector at the output layer represents the input as closely as possible in 

a least-squares sense. This ensures that the network's internal representation keeps as much 

information from the original dataset as possible for the given degree of dimensional compression 

indicated by the bottleneck layer [52,53]. This reconstruction process also serves to filter out some 

of the inherent noise associated to the process variables. 
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4.3.2 Styrene production and dataset generation 

To evaluate the performance of AANNs for the imputation of missing values, a styrene production 

process was considered. Styrene is manufactured by dehydrogenating ethylbenzene in the presence 

of steam over an iron oxide-based catalyst [54,55]. Superheated steam which is a substantial 

operational cost element [56] is utilized to provide heat for this endothermic reaction, to prevent 

coke formation, and to lower the partial pressure of the reaction mixture, thereby increasing the 

equilibrium conversion to favour reaction products [57]. Figure 4.2 depicts a flowsheet diagram of 

the styrene production process.  

 

Figure 4.2. Styrene production process diagram. 

In the styrene production process, there is one desired reaction (Equation (4.1)) and five secondary 

and undesired reactions (Equations (4.2)-( 4.6)) as follows [58,59]: 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 ⇌ 𝐶6𝐻5𝐶𝐻𝐶𝐻2 + 𝐻2 (4.1) 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 → 𝐶6𝐻6 + 𝐶2𝐻4 (4.2) 

𝐶6𝐻5𝐶𝐻2𝐶𝐻3 + 𝐻2 → 𝐶6𝐻5𝐶𝐻3 + 𝐶𝐻4 (4.3) 

2𝐻2𝑂 + 𝐶2𝐻4  → 2𝐶𝑂 + 4𝐻2 (4.4) 

𝐻2𝑂 +  𝐶𝐻4  → 𝐶𝑂 + 3𝐻2 (4.5) 

𝐻2𝑂 +  𝐶𝑂 → 𝐶𝑂2 + 𝐻2 (4.6) 

Under typical operating conditions, in which the principal reaction usually achieves equilibrium, 

the conversion of ethylbenzene can reach roughly 80%. Based on the Le Chatelier’s principle, low 

pressure and high temperature favour the forward dehydrogenation of ethylbenzene to styrene 
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(Equation (4.1)) because it is an endothermic reversible reaction that yields two moles of product 

from one mole of reactant. Ethylbenzene is also converted to benzene and toluene by the two main 

parallel reactions (Equations (4.2) and (4.3)). The operating conditions are then adjusted to favour 

the conversion of ethylbenzene to styrene and to limit the formation of by-products along with a 

selective catalyst [60,61]. 

To generate the dataset used in this investigation, the pseudo-homogeneous kinetic model 

proposed by Sheel and Crowe [62] was used. They obtained the reaction kinetics and heat of reaction 

for an industrial adiabatic styrene reactor with Shell 105 catalyst, a promoted iron-oxide catalyst 

(62% Fe2O3, 36% K2CO3, and 2% Cr2O3). This model was developed using industrial process data 

with the assumptions that the styrene packed bed behaves as an ideal plug flow reactor and that 

the kinetic rate expressions account for the heat and mass transfer limitations. 

To generate a dataset for the styrene production in an adiabatic reactor, six input variables 

were varied randomly within pre-defined ranges: the inlet reactor temperature, the inlet pressure, 

the inlet flow rate of ethylbenzene, the inlet flow rate of steam, and the diameter and the length of 

the reactor. The reactor model was solved at steady state by finite differences to obtain the flow 

rates of the ten chemical species in the outlet stream: styrene, ethylbenzene, benzene, toluene, 

methane, ethylene, hydrogen, steam, carbon monoxide and carbon dioxide, along with the outlet 

temperature and pressure. The ethylbenzene conversion, as well as the yield and the selectivity of 

styrene, were calculated knowing the inlet and outlet flow rates of all chemical species. Another 

variable is the steam to ethylbenzene molar ratio, known as the steam-to-reactant ratio (SOR). The 

range of SOR is determined based on preventing the formation of coke and minimizing the cost of 

energy. The obtained dataset therefore contains a total of 22 variables. A total of 30000 data 

records were generated for this investigation. The list of the 22 elements of each data record is 

presented in Table 4.1 along with their mean, standard deviation, and minimum and maximum 

values. 

Analyzing the correlation matrix between the above variables and their statistical significance 

is highly important and is the basis of the decision for predicting missing values. In this work, the 

Pearson coefficient between two variables above 0.5 or below -0.5 was labeled as “highly-

correlated” and the rest was considered as “weakly-correlated”. Figure 4.3 shows the Pearson 

correlation matrix between all of the variables. 
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Table 4.1. Description of the generated dataset. 

Variable Min Max Mean Standard Deviation 

Steam-to-reactant ratio (SOR*) 8.00 12.00 9.97 1.16 

E-Benzene inlet molar flow [mol/s] (FLOW-EB (in)) 50.00 80.00 64.78 8.64 

Water inlet molar flow [mol/s] (FLOW-H2O (in)) 400.00 960.00 645.96 113.90 

Inlet temperature [°C] (T (in)) 750.00 950.00 849.25 57.64 

Inlet pressure [kPa] (P (in)) 150.00 300.00 226.41 42.85 

Reactor length [m] (LENGTH) 3.00 9.00 5.80 1.72 

Reactor diameter [m] (DCOL) 4.00 10.00 7.07 1.70 

Styrene outlet molar flow [mol/s] (FLOW-STY) 0.63 41.89 17.68 6.94 

E-Benzene outlet molar flow [mol/s] (FLOW-EB 

(out)) 
6.79 76.00 41.35 11.48 

Benzene outlet molar flow [mol/s] (FLOW-BZ) 0.01 7.71 1.24 1.38 

Toluene outlet molar flow [mol/s] (FLOW-TL) 0.01 50.01 4.51 5.96 

Methane outlet molar flow [mol/s] (FLOW-ME) 0.01 3.20 0.86 0.59 

Ethylene outlet molar flow [mol/s] (FLOW-ET) 0.00 0.77 0.02 0.05 

H2 outlet molar flow [mol/s] (FLOW-H2) 2.62 181.67 35.03 24.20 

H2O outlet molar flow [mol/s] (FLOW-H2O (out)) 405.74 1000.10 653.21 113.40 

CO outlet molar flow [mol/s] (FLOW-CO) 0.00 0.28 0.04 0.03 

CO2 outlet molar flow [mol/s] (FLOW-CO2) 0.01 60.45 6.05 7.73 

Outlet temperature [°C] (T (out)) 713.76 872.74 784.81 35.09 

Outlet pressure [kPa] (P (out)) 99.98 296.92 199.37 48.56 

Conversion of E-Benzene (CONV) 0.04 0.87 0.36 0.15 

Yield of Styrene (YIELD) 0.01 0.99 0.80 0.18 

Selectivity of Styrene (SELEC) 0.01 91.14 8.11 8.95 

 

 
* Each variable is represented by a phrase in the parenthesis and used as their symbols in the graphs of the paper. 
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Figure 4.3. Pearson correlation matrix between all of the variables. 

4.3.3 Noisy dataset 

Real industrial measurements are rarely considered exempt from noise. Recorded data are subject 

to noise from different sources, such as sensor inherent variability [63,64]. In this regard, the 

applicability of AANN to predict missing values in a noisy dataset has also been investigated. In 

this investigation, Gaussian noise (N(0,σ2)) was added to the simulated noise-free datasets. 

Gaussian noise represents the typical measurement normal distribution [65,66].  

In this work, the standard deviation of each variable was separately calculated, and 10% of its 

value was used as the standard deviation of Gaussian noise added to each variable. Therefore, 
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random noise is generated, and noise is assigned to each variable. Table 4.2 represents the 

statistical features of the noisy dataset. 

Table 4.2.  Description of the noisy dataset. 

Variable Min Max Mean Standard Deviation 

Steam-to-reactant ratio (SOR) 7.66 12.36 9.97 1.16 

E-Benzene inlet molar flow [mol/s] (FLOW-EB (in)) 47.67 83.11 64.78 8.68 

Water inlet molar flow [mol/s] (FLOW-H2O (in)) 389.12 977.13 645.96 114.5 

Inlet temperature [°C] (T (in)) 734.76 965.56 849.25 57.87 

Inlet pressure [kPa] (P (in)) 139.02 314.75 226.41 43.04 

Reactor length [m] (LENGTH) 2.55 9.41 5.80 1.73 

Reactor diameter [m] (DCOL) 3.41 10.45 7.07 1.7 

Styrene outlet molar flow [mol/s] (FLOW-STY) 0.39 42.49 17.68 6.98 

E-Benzene outlet molar flow [mol/s] (FLOW-EB 

(out)) 
6.31 76.63 41.35 11.53 

Benzene outlet molar flow [mol/s] (FLOW-BZ) 0 7.71 1.24 1.38 

Toluene outlet molar flow [mol/s] (FLOW-TL) 0 50.2 4.51 5.95 

Methane outlet molar flow [mol/s] (FLOW-ME) 0 3.22 0.86 0.59 

Ethylene outlet molar flow [mol/s] (FLOW-ET) 0 0.77 0.02 0.05 

H2 outlet molar flow [mol/s] (FLOW-H2) 0.01 178.53 35.03 24.31 

H2O outlet molar flow [mol/s] (FLOW-H2O (out)) 381.83 992.24 653.21 113.93 

CO outlet molar flow [mol/s] (FLOW-CO) 0 0.29 0.04 0.03 

CO2 outlet molar flow [mol/s] (FLOW-CO2) 0 60.51 6.05 7.7 

Outlet temperature [°C] (T (out)) 708.58 874.05 784.81 35.26 

Outlet pressure [kPa] (P (out)) 88.55 305.42 199.37 48.78 

Conversion of E-Benzene (CONV) 0.02 0.85 0.36 0.15 

Yield of Styrene (YIELD) 0.01 1.04 0.80 0.19 

Selectivity of Styrene (SELEC) 0 91.43 8.11 8.96 

4.3.4 Data preprocessing 

The 22-variable dataset of the styrene manufacturing process is used to evaluate the ability of an 

AANN to estimate missing values for data imputation. Because the predictive ability of a model 

depends on the quality and amount of information used to train the AANN, various sizes of the 
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dataset were used to develop the AANN models, and then each model was used and tested for the 

imputation of missing values. From the entire dataset consisting of 30000 randomly-generated data 

records with each record being comprised of 22 process variables, the last 1000 records were 

extracted and set aside for evaluating the performance of the predictive model for the estimation 

of missing values. This selection does not add a bias to the results since the entire dataset was 

generated randomly. These 1000 records were not used in the training, validation, and testing of 

the neural models. Seven AANNs using 29000, 25000, 15000, 5000, 1000, 500, and 100 data 

records, respectively, were obtained and used to study the effect of the size of the dataset on the 

predictive quality of the model. Each dataset for the training of the seven neural networks was 

partitioned into training, validation, and testing datasets.  

As depicted in Table 4.1 and Table 4.2, the values and the ranges of process variables are 

drastically different. For developing an AANN in this investigation, the values of all variables 

were then normalized between 0 and 1. Normalization brings the different data features on a similar 

scale such that all process variables are treated as equally important. Normalization also helps the 

minimization algorithm to converge more rapidly. In order to be able to compare the effectiveness 

of the AANN models, the minimum of the mean square error (MSE) was used as a comparison 

criterion, which is calculated as follows (Equation (4.7)): 

𝑀𝑆𝐸 =∑(𝑦𝑖 − 𝑦𝑖̂)
2/𝑁

𝑁

𝑖

  
  

(4.7) 

 

where N is the number of samples, and 𝑦𝑖 and 𝑦𝑖̂ are the real and predicted outputs, respectively. 

The results were derived using the Google Colab platform alongside various libraries, including 

TensorFlow, Keras, and Scikit-learn. 

4.4 Results and discussion 

4.4.1 Final AANN architecture 

Regarding the development of the AANN, meticulous attention was paid to its structural design 

and parameter selection. Various models were assessed by adjusting the network parameters to 

minimize model error and enhance prediction accuracy. Determining the precise architecture of 

the AANN, including the number of layers and neurons within each layer, involved an iterative 

approach. The aim was to achieve optimal predictive performance while preventing overfitting 
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and structure complexity. To this end, AANN structures with three, five, and seven hidden layers, 

each with differing neuron numbers alongside various optimization algorithms, learning rates, 

batch sizes, and epoch numbers were examined. The selection of the optimal AANN structure was 

based on the performance of each model. The parameters utilized in constructing the AANN are 

detailed in Table 4.3. MSE served as the loss function, employing the Adam algorithm as the 

backpropagation optimizer with a learning rate set at 0.01. The learning process spanned 2000 

epochs, utilizing a batch size of 200 for each iteration. Subsequently, an AANN structure featuring 

five hidden layers was identified as the optimal model and was thus adopted for further 

investigation.  

Table 4.3.  Final neural network parameters. 

Number 

of layers 

Number of neurons in 

each layer 

Batch 

Size 

Learning 

rate 

Loss 

Function 
Optimizer Epochs 

7 

Input layer: 22 

1st hidden layer: 22 

2nd hidden layer: 14 

3rd hidden layer: 7 

4th hidden layer: 14 

5th hidden layer: 22 

Output layer: 22 

200 0.01 MSE Adam 2000 

 

The architecture of the AANN used in this investigation is presented in Figure 4.4. It consists of 

an input layer, two mapping layers, a bottleneck layer, two de-mapping layers and an output layer. 

The input and the output layers have 22 neurons, each neuron corresponding to one of the 22 

process variables. Indeed, the intrinsic characteristic of an AANN is for the output to replicate the 

input layer. The first mapping layer and the second de-mapping layer have 22 neurons, and the 

second mapping layer and the first de-mapping layer have 14 neurons each. The bottleneck layer, 

which is the smallest layer in the architecture of an AANN, has 7 neurons. The lower number of 

neurons in the bottleneck layer is used to obtain a representation of the input with reduced 

dimensionality to extract salient features and typically leads to faster training, while maintaining 

comparable classification performance [67].  
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Figure 4.4. AANN architecture used in this investigation. 

4.4.2 Performance of AANN models for the seven dataset sizes 

With the datasets of various sizes available and the neural network parameters selected, AANN 

models are developed by determining the values of the weights to minimize the MSE (Equation 

(4.7)). In order to simulate the existence of missing values in a dataset, the 1000-record evaluation 

dataset from the 30000-record dataset, set aside and never used for developing the models, was 

used to observe the prediction error when one, two or three variables are missing. In the building 

phase of the models, different subsets of the remaining 29000 record were used. Each dataset was 

split into three subsets: 70% of the data was used to train the models, 15% to validate the models 

during training, and the remaining 15% to test the models at the end of the learning process.  

The first series of tests were conducted to determine the impact of the size of the dataset on 

the ability of the neural network to reproduce the input vector of the process variables in the 

absence of missing data. The size varied from 29000 to 100 record datasets. The MSE of models 

with different sizes of clean datasets are presented in Figure 4.5. The MSE values reported in 

Figure 4.5 are the averages of the MSE of the 22 process variables in the dataset that were scaled 

between 0 and 1. Results of Figure 4.5 show that models predict the values of the 22 process 

variables with MSE around 0.01 and below (lower than 1%) for all sizes of the datasets. The MSE 
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of training for datasets containing 29000, 25000, and 15000 records were 0.000053, 0.000075, and 

0.000064, respectively (0.001% error for training, validation, and test). For the dataset of 5000 

records, it was 0.00015 (0.01% error for training, validation, and test). For the datasets of 1000, 

500, and 100 records, the MSE for training data was 0.00098, 0.0018, and 0.0022 (error between 

0.01% to 1% for training, validation, and test), respectively, showing an exponential increase when 

reducing the size of the dataset. Nevertheless, even with a dataset of 100 records, the average error 

hovers around 1% for the test dataset. It has been observed that decreasing the size to 1000 will 

have little effect on the performance of the model, however, reduces the runtime and storage 

capacity. Moreover, it can prevent the occurrence of overfitting in complex and biased datasets.  

 

Figure 4.5. MSE values for the training, validation, and test data for seven datasets. 

4.4.3 Estimation of one missing value for different sizes of the datasets 

After building the AANN models from noise-free dataset of various sizes, each AANN model was 

used for predicting missing values for the 1000-record evaluation dataset. In addition to the 
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estimation of the missing values, the impact of the missing variables on the prediction of other 

non-missing variables was also assessed. When one variable is missing, the values of one column 

of the 1000-record evaluation dataset were initially replaced by the mean value calculated from 

the complete dataset. Then, the whole dataset of 1000 records with the new column was imputed 

to the AANN to predict all input values, including the replaced missing values. Next, the estimated 

values of the missing variable are fed back into the input vector, and the estimated outputs are 

calculated once more in order to provide new estimates of the missing variables. This feedback 

process is repeated for 10 iterations. By performing this iteration procedure, even if the initial 

estimated missing input was set to zero instead of the mean value, the difference between the final 

output values of the missing variables and the real values was dramatically decreased and achieved 

a constant value.  

Two process variables were chosen from the clean dataset to illustrate the model performance 

in predicting missing values based on their correlation with other variables. The correlation 

between variables was examined by determining the correlation matrix (Figure 4.3) on the 

complete 30000-record dataset. It is intuitive to think that if a missing variable is strongly 

correlated with other variables, it is highly probable that the estimated missing value will be closer 

to the true value. Similarly, if a missing value has a weak correlation with other variables, the 

estimated value may not be as satisfactory. 

The first representative process variable, having a weak correlation with other variables, is the 

reactor length. Figure 4.6 shows the histogram of the errors of the estimated length value for the 

models obtained with the seven different sizes of the datasets. The standard deviation and the mean 

value of the errors are given for each model used. The average errors are centred close to zero, and 

the distributions are symmetric. In general, the standard deviation of the estimation errors is high 

and increases when the size of the dataset decreases. This was expected as the length of the packed 

bed reactor has a very weak correlation with most of the other variables, such that the AANN is 

not able to infer adequately this missing variable based on the other process variables.  

The second representative process variable is the styrene flow rate in the outlet stream of the 

reactor. This variable is highly correlated with many other variables based on the correlation 

matrix. Figure 4.7 illustrates the histogram of the estimation errors for the AANN obtained for the 

models obtained with the seven different sizes of the datasets. The average errors are centred close 
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to zero and the distribution is symmetric. The standard deviation of the estimation errors is low 

compared to the reactor length and increases when the size of the dataset decreases, going from 

0.005 to 0.064. Similar results were obtained for variables that had a strong correlation coefficient 

with other process variables. 

Figure 4.8 provides some insight into the iterative procedure used to predict missing values of 

the styrene flow rate from the evaluation dataset with 1000 records. The predictive capabilities of 

the two models, trained respectively with datasets comprised of 29000 and 100 records, are 

depicted in Figure 4.8A. Initially, the styrene flow rate column values are replaced by the mean of 

the entire dataset, represented by the yellow line at 0.41 in Figure 4.8A. Subsequently, employing 

the AANN models, the missing values are iteratively predicted, with each iteration utilizing the 

predicted values as inputs for the subsequent iteration. This iterative process is repeated 10 times. 

Figure 4.8A illustrates a randomly selected sample value from the styrene flow rate column in the 

1000-record evaluation dataset, which has an actual value of 0.75. The blue line portrays the 

predicted value for each iteration by the AANN model developed using the dataset with 29000 

records. Notably, the predicted value stabilizes at 0.78 after two iterations, indicating its closeness 

to the actual value. Conversely, the red line represents the predicted value derived from the AANN 

model trained on the 100-record dataset. Despite stabilizing after 3 iterations at 0.60, the predicted 

value deviates from the actual value, albeit closer than the mean value. Notably, rapid convergence 

towards actual values is observed for the styrene flow rate and the other highly correlated variables, 

contingent upon the dataset size utilized for AANN training. However, weakly correlated variables 

exhibited slower convergence rates and lower predictive accuracy, necessitating more iterations 

for convergence. Figure 4.8B complements this analysis by presenting the MSE values between 

the predicted and actual styrene flow rate values within the 1000-record evaluation dataset. 

Initially, the MSE reflects the disparity between the imputed mean value and actual values, 

yielding 0.028. Subsequent iterations of prediction with AANN models markedly reduce MSE for 

both AANN models built with the 29000-record (blue line) and 100-record (red line) datasets. The 

MSE for the 29000-record dataset stabilizes at 0.00046, while for the 100-record dataset, it 

stabilizes at 0.0045. This discrepancy in MSE underscores the superior performance of the AANN 

model trained with the larger dataset, indicating its enhanced predictive capabilities. 
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Figure 4.6. Histogram of the estimated errors of the reactor length as one missing process variable for the AANN models obtained with 

different sizes of the datasets. (A) 29000; (B) 25000; (C) 15000; (D) 5000; (E) 1000; (F) 500; (G) 100. 
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Figure 4.7. Histogram of the estimated errors of the outlet styrene flow rate as one missing process variable for the AANN models 

obtained with different sizes of the datasets. (A) 29000; (B) 25000; (C) 15000; (D) 5000; (E) 1000; (F) 500; (G) 100. 
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Figure 4.8. (A) Predicted values of a sample of the normalized styrene flow rate obtained from 

two models trained with 29000 and 100 records; (B) MSE of predicted styrene flow rates of the 

1000-record evaluation dataset for two models trained with 29000 and 100 records at each 

iteration. 
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The effect of the missing values on the prediction of the other non-missing variables was also 

investigated. There are two ways a databank can be used to build a representative model of a 

process. In the first option, the actual unfiltered process data, complemented when possible with 

the imputation of missing data, are used. The second option is to use the data predicted by the 

AANN, including the estimation of the missing data. The latter option has the advantage that some 

noise filtering and data reconciliation are performed via an AANN. When the second option is 

favoured and one process variable is missing, it is possible that the estimation procedure using the 

AANN may also affect the estimation of the other process variables. This is not the case for the 

first option.  

The difference between the output values of the AANN models obtained for the complete 

1000-record evaluation dataset and the predicted outputs of the AANN models when a missing 

value has to be estimated was calculated. As there are 22 variables, a table with 22 rows and 22 

columns of the average difference or the standard deviation of the differences can be generated by 

considering that, in turn, each process variable was missing. Figure 4.9 provides the heat map of 

the standard deviation of the differences between the predictions with and without a missing value 

for the model that was developed with the 29000-record clean dataset. As the results of Figure 4.9 

show, the procedure for the estimation of one missing variable for most variables has a weak 

impact on the predictions of the other variables. However, for some process variables, which are 

weakly correlated with other variables, results show a greater variability in the standard deviations 

of the difference. For weakly-correlated variables, a greater impact was observed on themselves 

but also on some of the other process variables. For example, the absence of variables such as the 

length and the diameter of the reactor, the outlet temperature, and the outlet pressure resulted in 

an error above 5% for their own evaluation. The absence of the length and the diameter of the 

reactor has affected the prediction of the flow rates of some output chemical species, such as the 

flow rates of styrene, toluene, and CO2, as well as the yield of styrene.  

The same trends were observed with the model developed using the 100 clean data records, 

as shown in Figure 4.10. The effect of missing values on the other variables, especially for weakly-

correlated variables, is higher than for the highly-correlated variables. However, due to the weaker 

performance of the built AANN model for the 100-record dataset, some highly-correlated 
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variables, such as SOR and the inlet flow rate of ethylbenzene, were more impacted as expressed 

by their standard deviations of the differences.  

 

Figure 4.9. Heat map of the standard deviations of the effect of one missing variable on itself and 

on the other 21 variables for the model developed with the 29000-record dataset. 
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Figure 4.10. Heat map of the standard deviations of the effect of one missing variable on itself 

and on the other 21 variables for the model developed with the 100-record dataset. 

4.4.4 Performance of AANNs for two missing process variables 

In the previous section, the performance of AANNs for the estimation of one missing variable has 

been presented. In this section, the evaluation of the performance of AANNs for the imputation of 

two missing variables is examined. Since there are 22 variables in the vector of process variables, 

choosing randomly two variables among these 22 variables and reporting all the results is 

obviously impossible. Instead, ten pairs of variables were selected, based on the correlation matrix 

(Figure 4.3). In this analysis, five pairs were chosen with highly-correlated variables, and the other 
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five pairs were selected with weakly-correlated variables. The procedure for evaluating the 

performance of AANNs for the estimation of the two missing variables and their impact on the 

estimation of the other 20 variables is identical to the one described in the previous section. The 

two selected columns of missing values of the 1000-record evaluation clean dataset were initially 

replaced with their mean values and the estimations of the two missing values by the AANN 

models were fed back to the input vector for a total of 10 iterations. 

The average values of the mean and the standard deviation of the differences between the 

estimated outputs obtained for the 1000-record evaluation clean dataset using the AANN models 

developed using different sizes of datasets were calculated with and without the missing values for 

all selected pairs of two missing variables. The rationale for choosing highly-correlated variables 

is to assess the performance of the AANN when fewer variables, which could mutually assist in 

estimating the missing variables, are missing from the dataset. For instance, the inlet molar flow 

rate of ethylbenzene and the conversion of ethylbenzene are two process variables that are highly 

correlated with each other. For this pair of variables, Figure 4.11A presents the plots of the mean 

and the standard deviation of the differences, based on the 1000-record evaluation dataset for both 

variables and for all AANNs developed using different sizes of the datasets. Results show that the 

standard deviation increases when the size of datasets is reduced from 29000 to 100, from 0.008 

up to 0.072. The mean values are located close to zero with slightly lower means with AANNs 

associated with larger datasets. On the other hand, the trend is different for weakly-correlated 

variables. Figure 4.11B presents the mean and the standard deviation of a second set of two missing 

variables with a mutually weak correlation. These two variables are the length of the reactor and 

the outlet flow rate of water. For the length of the reactor, which is weakly correlated with most 

process variables, its mean value shows a greater variation from the expected nil value, and the 

standard deviations of the prediction differences are high. On the other hand, the output flow rate 

of water is weakly correlated with the length of the reactor but has a relatively good correlation 

with other process variables, and it was possible to recover the value of this missing variable more 

successfully. Indeed, the mean value and the standard deviation of the difference for the outlet 

flow rate of water is very low and becomes more important when a smaller dataset size is used to 

build the model. The performance is therefore not attributed to the correlation between the two 

missing variables, but to their individual degree of correlation with other non-missing variables. 
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Figure 4.11. Mean and standard deviation of the prediction errors from the 1000-record dataset 

for two missing variables as a function of the size of the dataset used to train AANNs. (A) outlet 

flow rate of ethylbenzene and conversion; (B) length of the reactor and outlet flow rate of water. 
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As described in the previous section on the effect of one missing variable, the impact of two 

missing variables on predicting other variables was analyzed. Figure 4.12A shows the heat map of 

the standard deviation of the differences between the predicted output of the complete dataset of 

1000-record evaluation clean dataset and the predicted output of this dataset with two missing 

variables using the AANN model developed with the dataset of 29000 records. The first five pairs 

correspond to missing process variables having high correlation coefficients, whereas the last five 

pairs have lower correlation coefficients. For the first five pairs of variables, the standard deviation 

of the differences is very low except for the case where both the inlet and outlet stream 

temperatures are missing. With the absence of these two temperatures, it is difficult for the AANN 

to recover these two temperatures with high precision, whereas the impact on the other process 

variables is relatively weak. For the last five pairs of weakly-correlated missing variables, the 

impact is more important. For example, the pair of missing variables comprised of the length and 

outlet flow rate of water leads to considerable standard deviations of the differences for several 

process variables, including the length, the flow rate of styrene, the flow rate of toluene, the flow 

rate of CO2, the outlet temperature, and the yield. The highest impact was seen in the length itself, 

in which the standard deviation is more than 5%. The second greatest impact was on the yield with 

a standard deviation of approximately 4.5%. 

A larger effect was observed in Figure 4.12B when the AANN model was developed with the 

100-record evaluation clean dataset. This was expected since the AANN reconstructed the input 

vector of the process variables with reduced accuracy and the impact of missing variables is much 

more important. It is important to restate that the standard deviations shown in Figure 4.12 are the 

standard deviations of the differences between the predictions without the missing values and the 

predictions with the missing values, such that they clearly measure only the impact of the missing 

variable on their own. In general, these results show that to recover a missing value, it is important 

to have more measurements that have a high degree of correlation with other process variables, 

with the AANN model performing some data reconciliation. This was the case for the chemical 

species flow rates, which are related through reaction stoichiometry. However, the estimation of 

some other process variables, not intimately linked with other variables, is not as easy even though 

it is still possible to obtain a descent replacement value. One example of the latter is the input and 

output pressures where a missing pressure value is harder to estimate, in addition to being more 

affected by other missing variables.  
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Figure 4.12. Heat map of the standard deviations of the differences between the estimations with 

and without the missing values, showing the effect of two missing variables on themselves and 

other variables. (A) 29000 record AANN; (B) 100 record AANN. 

4.4.5 Performance of AANNs for three missing process variables 

The performance of an AANN for recovering missing data is now explored for the case where 

three missing process variables in the styrene production clean dataset. As for previous sections, 

given the large number of combinations of three process variables selected from 22 variables, only 
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four sets of three variables were selected based on the correlation matrix (Figure 4.3) for 

illustration. Two sets of variables classified as highly correlated and two other sets of weakly-

correlated variables were selected. The prediction method and the iteration procedure were as 

described in the previous sections.  

For each case, the average values of the mean and the standard deviation of the differences 

between the estimated outputs with and without the missing values were calculated for all selected 

sets of three missing variables. Figure 4.13A presents the results for one set of three missing and 

highly-correlated variables for the 1000-record evaluation clean dataset. For instance, the SOR, 

the inlet flow rate of ethylbenzene and the inlet flow rate of water are highly correlated to each 

other. On average, the mean values for the estimation of the three variables are relatively small. 

On the other hand, the standard deviations of the differences between the estimated outputs with 

and without the missing values are more pronounced, especially for the SOR and the inlet flow 

rate of ethylbenzene. The standard deviations generally increase when the size of the dataset to 

train the AANN decreases. The standard deviation of the flow rate of water is significantly less, 

mainly because of its high correlation with the output water flow rate. Figure 4.13B presents 

average values of the means and the standard deviations of the differences between the estimated 

outputs with and without the missing values for one set of weakly-correlated variables, namely the 

length of the reactor, the outlet flow rate of water and the outlet flow rate of CO. As expected, the 

mean value and the standard deviation of the length of the reactor are relatively high since this 

process variable is weakly correlated with all the other process variables. On the other hand, the 

missing outlet water flow rate and the outlet flow rate of CO are very well estimated with very low 

values of the mean and the standard deviation. A small increase in the standard deviation is 

observed for the AANN obtained using smaller datasets.  

As in previous sections where the effect of one or two missing variables on the prediction of 

other variables was assessed, the impact of three missing variables was examined. Figure 4.14 

shows the heat map of the standard deviation of the differences between the predicted outputs of 

the completely separate clean evaluation dataset of 1000 records. Figure 4.14A and Figure 4.14B 

depict the variation of the standard deviation for four sets of three missing variables of highly-

correlated and weakly-correlated variables, respectively. 
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Figure 4.13. Mean and standard deviation of the prediction errors for three missing variables as a 

function of the size of the dataset used to train AANNs. (A) SOR, inlet flow rate of ethylbenzene, 

and inlet flow rate of water; (B) length of reactor, outlet flow rate of water, and outlet flow rate of 

CO. 
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Figure 4.14A shows that the combination of critical missing reactor inlet information (SOR, the 

inlet flow rate of ethylbenzene and the inlet flow rate of water) has significantly affected the 

prediction of SOR and the inlet flow rate of ethylbenzene. On the other hand, when the missing 

process variables were the conversion, yield and selectivity, the missing variables were estimated 

very well for the AANN model fitted with the 29000-record dataset. For the AANN obtained with 

the 100-record dataset (Figure 4.14B), the predictive performances are slightly deteriorated, but 

still quite acceptable, especially for process variables that have a good level of correlation in a way 

to constrain process variables closer to their measured values. Nevertheless, by comparing Figure 

4.12A and Figure 4.14A, it can be concluded that the presence of an additional missing variable, 

such as the outlet flow rate of CO to the combination of the reactor length and the outlet flow rate 

of water, not only increased the magnitude of the errors for other non-missing variables but also 

extend the number of variables affected by the number of missing values in the dataset. It is 

expected that an increase in the number of missing variables will lead to a poorer estimation of the 

missing variables, associated with a deterioration in the quality of the information in the dataset. 

 

Figure 4.14.  Heat map of the standard deviations of the differences between the estimations with 

and without the missing values showing the effect of three missing variables on themselves and 

other variables. (A) 29000 record AANN; (B) 100 record AANN. 
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4.4.6 Building AANN models on noisy data 

Results of Sections 3.1 to 3.4 were presented for the case of clean data, that is without the presence 

of noise. In this section, the same procedure is followed to build different AANN models with the 

same architecture, hyperparameters, training/validation/test splitting sizes, and performance 

criteria for all seven datasets. However, AANN models are built and trained on noisy data as 

explained in Section 2.4. The MSE for each AANN model of noisy data, as well as clean data 

(same as Figure 4.5), is presented in Table 4.4. The comparison between the performance of 

AANN models from clean and noisy data indicates the overall lower error of AANN model for 

each clean dataset. However, the AANN results for noisy data still show quite low errors which 

emphasize the fact that AANN is capable of capturing the necessary information even if the data 

is contaminated with noise.  

Table 4.4. MSE of AANN models for two cases: clean data and noisy data. 

 Clean Data Noisy Data 

Datasets Training Validation Test Training Validation Test 

29000 0.000053 0.00007 0.000073 0.00025 0.00025 0.00025 

25000 0.000075 0.000093 0.000093 0.00027 0.00028 0.00028 

15000 0.000064 0.000075 0.000077 0.00029 0.00030 0.00031 

5000 0.00015 0.00016 0.00017 0.00040 0.00047 0.00050 

1000 0.00098 0.0012 0.0013 0.0011 0.0012 0.0015 

500 0.0018 0.0027 0.0027 0.0037 0.0050 0.0046 

100 0.0022 0.0079 0.0104 0.0020 0.0052 0.0064 

 

To compare the ability of built AANN models on noisy data to predict missing values, the same 

evaluation dataset of 1000 records (including noise) has been considered, and the same procedure 

is repeated for the case of having one missing variable. Again, the values of a process variable 

were replaced by the mean value and the whole dataset of 1000 records was presented to the 

AANN model to predict the missing values. The new estimated outputs of the missing variable 

were again fed back to the AANN model to obtain new estimates of the missing variable. This 

process is repeated for 10 iterations. This process was carried out for all 22 process variables.  
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Table 4.5. MAE between denormalized observed data and predicted missing values of different 

AANN models of clean and noisy datasets. 

 Datasets 

 29000 100 Average of All Datasets 

Variables Clean Data Noisy Data Clean Data Noisy Data Clean Data Noisy Data 

SOR 0.13 0.15 1.10 0.80 0.42 0.35 

FLOW-EB (in) 0.37 0.90 6.06 4.63 1.76 1.98 

FLOW-H2O (in) 2.46 6.84 39.58 34.84 11.28 13.19 

T (in) 3.83 3.24 8.94 10.49 4.95 5.56 

P (in) 13.56 10.26 18.62 21.89 12.92 13.00 

LENGTH 0.66 0.89 1.68 1.59 1.13 1.06 

DCOL 0.48 0.32 1.85 1.45 0.77 0.71 

FLOW-STY 0.23 0.45 1.77 1.86 0.70 0.83 

FLOW-EB (out) 0.26 0.58 3.67 3.35 1.12 1.32 

FLOW-BZ 0.06 0.06 0.34 0.29 0.32 0.13 

FLOW-TL 0.10 0.24 1.46 1.09 0.46 0.48 

FLOW-ME 0.01 0.03 0.10 0.13 0.27 0.06 

FLOW-ET 0.00 0.00 0.02 0.02 0.01 0.01 

FLOW-H2 0.38 0.80 5.04 4.05 1.60 1.67 

FLOW-H2O (out) 2.54 7.01 41.78 33.66 11.13 13.62 

FLOW-CO 0.00 0.00 0.01 0.01 0.01 0.00 

FLOW-CO2 0.11 0.30 1.88 1.53 0.55 0.57 

T (out) 8.46 7.98 12.44 13.66 8.68 12.96 

P (out) 9.67 13.93 22.47 23.94 13.76 20.09 

CONV 0.01 0.01 0.03 0.03 0.01 0.01 

YIELD 0.00 0.01 0.05 0.04 0.02 0.02 

SELEC 0.36 0.67 2.38 2.23 1.11 1.17 
 

The predicted values of AANN models of clean and noisy data are denormalized to their original 

values and the mean absolute error (MAE) between the observed data and predicted values from 

AANN models of clean and noisy data was calculated, separately. The MAE between the observed 

data and the predicted missing data for both the clean dataset and the noisy dataset for 1000 records 

are presented in Table 4.5 for each process variable. The results are provided for two AANN 
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models (models with 29000-records and 100-records). Furthermore, the average of MAE for all 

AANN models of the observed data and the predicted missing data for both the clean dataset and 

the noisy dataset of 1000-records was calculated and presented in Table 4.5. From these results, it 

can be concluded that AANN models built using clean and noisy data are able to predict missing 

values quite satisfactorily and especially the AANN models trained with larger datasets. Even the 

AANN model fitted with the 100-records dataset was able to predict missing values within an 

acceptable range. Comparing the MAE of models with the clean and noisy data, it was observed 

that AANN is capable of predicting missing values and can also capture very well the non-linear 

relationships between the process variables. The success of AANN models for the estimation of 

missing variables, even built with noisy data, is due to the noise filtering ability of AANN and its 

ability to reproduce adequately the input process variables. 

4.5 Conclusion 

This work investigated the ability of AANN to predict the missing values of process variables in 

a chemical engineering process. The styrene production process was selected as the target process 

and a large steady-state dataset containing 30000 records was generated with 22 process variables. 

Of the main dataset with 30000 records, 1000 records were set aside as an evaluation dataset for 

investigating the prediction of missing values. The remaining dataset was divided into seven 

separate datasets, namely 29000, 25000, 15000, 5000, 1000, 500, and 100 record datasets, to 

develop AANN models to investigate the impact of the size of a dataset on their predictive ability. 

The AANN models developed with different sizes were able to reproduce the input variables with 

good performance. It was determined that the prediction error decreases with an increase in the 

size of the dataset used to develop the AANN with a maximum error of about 1% for the AANN 

model based on the dataset with 100 records. 

The 1000-record evaluation dataset was used to assess the ability of the seven AANNs, 

developed with datasets of different sizes, to investigate data imputation when one, two and three 

variables are missing. A set of variables was selected based on their correlation coefficients with 

other process variables to study various scenarios. Akin to the precision of the AANN with 

different sizes of the training dataset, results showed that the estimation error of missing values 

decreased with an increase in the size of the dataset used to develop the AANN. Results clearly 

show that the estimation error and the impact of missing variables on the prediction of non-missing 
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variables increased with an increase in the number of missing variables. In addition, the correlation 

coefficient between process variables played a significant role in the efficiency of AANN models 

to estimate the missing values. Indeed, the weakly-correlated variables exhibited the poorest 

estimation with higher standard deviations and yet providing in most cases acceptable values. This 

procedure was repeated on noisy data, and it was observed that AANN was able to predict missing 

values with high accuracy even though it was trained on noisy and corrupted data. This 

methodology can be adapted for various chemical engineering problems, especially when dealing 

with data obtained for different sources displaying inherent discrepancies in the categories of data 

reported. 
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5.1 Abstract 

This study explores the use of machine learning and multi-objective optimization to improve the 

catalytic conversion of sulfur dioxide (SO2) to sulfur trioxide (SO3), a key process in sulfuric acid 

production and environmental mitigation. A feedforward neural network model is employed to 

predict the SO2 conversion based on the catalyst composition and the prevailing operating 

conditions. Subsequently, multi-objective optimization methodologies are employed to identify 

optimal solutions that concurrently maximize conversion and productivity while minimizing the 

associated catalyst costs. Two case studies are conducted to determine the optimal 

catalyst/promoter composition and operating conditions for sulfuric acid production. The first 

candidate involves a combination of vanadium and potassium, while the second focuses on 

platinum. The study highlights the potential of these methodologies to enhance sulfuric acid 

production efficiency and address pollution, contributing to industrial productivity and 

environmental sustainability. 

Keywords: SO2 conversion, sulfuric acid, pollution mitigation, machine learning, multi-

objective optimization 

 

 



139 

 

5.2 Introduction 

In the realm of chemical engineering, the core of processes often resides in their reactions. Certain 

reactions have garnered heightened focus owing to their practicality, significance, and economic 

viability. Among these pivotal reactions within chemical processes lies the catalytic conversion of 

sulfur dioxide (SO2) to sulfur trioxide (SO3). The conversion of SO2 has two domains of 

applications: the mitigation of pollution and the production of sulfuric acid (H2SO4). This reaction 

is based on the following stoichiometric equilibrium expressed by Equation (5.1): 

𝑆𝑂2(𝑔) +
1

2
𝑂2(𝑔) ⇄ 𝑆𝑂3(𝑔) (5.1) 

For the first application, it is uncontested that urban population growth has sparked an industrial 

activity boom that has significantly increased the amount of air contaminants such as SO2 
[1–3]. To 

remove SO2 emanating from coal-fired power plants and mitigate pollution, industries use a variety 

of flue gas desulfurization (FGD) methods. FGD processes are essential for reducing air pollution 

caused by sulfur dioxide emissions. FGD processes can broadly be classified into two main 

categories: wet processes and dry processes [4–7]. Wet processes, the most used technologies, 

involve the utilization of limestone or slaked lime slurry as sorbents in spray towers, enabling 

chemical absorption to eliminate SO2. Wet processes can eliminate up to 99% of the pollutant, 

producing a significant amount of hazardous material. On the other hand, dry processes involve 

the physical or chemical sorption of SO2 on materials such as activated carbon or other sorbents, 

typically implemented in a fixed bed configuration [8–10]. Through the various technologies to 

remove SO2, some also rely on its oxidation [8,11,12].  

For the latter application, the SO2 oxidation is the most important step in manufacturing 

H2SO4, the most-produced chemical product worldwide [13–15]. It is used in several applications, 

such as the manufacturing of phosphate fertilizers and a variety of other chemicals. It plays a role 

in metal processing, it serves as an electrolyte in lead-acid car batteries, and it is employed in the 

petroleum refining industry to remove impurities from fuel as well as other refinery products [16–

18]. Using a catalyst bed, SO2 is oxidized to produce SO3 (Equation (5.1)). The oxidation of SO2 is 

an exothermic reversible reaction, influenced by temperature and pressure, and is typically 

performed industrially in an adiabatic packed bed reactor [19–21]. At temperatures exceeding 400°C, 

the reverse reaction becomes progressively favoured, leading to a decrease in the conversion of 
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SO2 as the temperature increases. However, it is worth noting that the minimum operating 

temperature of common SO2 oxidation catalysts, often referred to as the strike temperature, which 

is also around 400°C. Balancing these conflicting requirements is achieved through the 

implementation of multistage catalytic reactors and inter-stage cooling. In the following process 

step, slightly diluted H2SO4 (usually as 97-98% H2SO4 containing 2-3% water) and SO3 are reacted 

to produce more concentrated H2SO4, as given by Equation (5.2) [22,23]. 

𝑆𝑂3(𝑔) + 𝐻2𝑂(𝑙) → 𝐻2𝑆𝑂4(𝑙)  (5.2) 

The conversion of SO2 to SO3 relies heavily on the catalyst performance. While vanadium, 

platinum, and iron-based catalysts have been the primary focus of numerous studies, other metals 

have also been considered [24–27]. According to the available literature, catalysts such as sodium-

vanadium, platinum-palladium, platinum, and platinum-tin are widely recognized for their 

predominant use in FGD. These catalysts have demonstrated their effectiveness in facilitating the 

desired chemical reactions involved in the removal of SO2 from flue gases [1,28,29]. The rate of SO2 

conversion can be significantly influenced by the combination of different metals in varying 

quantities, particularly in promoted or bimetallic catalysts. For instance, research has demonstrated 

that SO2 oxidation promoters like alkali metals, namely potassium, sodium, and cesium, strengthen 

the structure and bonding of the catalyst. As a result, vanadium oxide-based catalysts with 

promoters exhibit improved conversion [30–32]. Therefore, in the context of H2SO4 production, 

commonly employed catalysts include potassium-vanadium, cesium-vanadium, platinum, and 

mixtures containing vanadium combined with other compounds and/or promoters such as calcium, 

copper, iron, barium, manganese, and magnesium [33–35]. Ongoing research and development 

efforts aim to explore new catalyst formulations and modifications, enhancing their efficiency and 

durability in both applications.  

The selection and optimization of catalysts play a critical role in ensuring effective SO2 

oxidation for sulfur removal and H2SO4 production [30]. However, due to a large number of 

parameters in any catalytic reaction, including catalyst properties and operating variables, 

establishing analytical correlations between all these variables and the resultant steady-state 

conversion is challenging. Furthermore, the proliferation of diverse catalyst types encompassing a 

wide array of compositions exacerbates the difficulty in identifying the optimal catalyst type and 

composition. In addressing this challenge, the integration of machine learning (ML) models is 
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promising in elucidating the underlying nonlinear relationships between variables and in the 

pursuit of optimal operating conditions, and aids in selecting the most suitable catalyst type and 

composition. 

Numerous researchers have employed diverse experimental catalytic strategies, varying in 

operating parameters such as temperature, pressure, and concentrations of inlet feed gases [27,36,37]. 

Nevertheless, there is frequently a paucity of comprehensive information regarding the optimal 

catalyst(s) and their corresponding compositions for the desired operating conditions [30]. 

Consequently, robust methodologies for handling nonlinear relationships and optimization 

techniques have garnered recent attention. ML methodologies, such as artificial neural networks 

(ANNs), present a promising avenue for constructing nonlinear models incorporating all relevant 

variables to ascertain the optimal catalyst and its composition, thereby enhancing both efficiency 

and conversion. Despite the growing utilization of ML methodologies across various disciplines, 

their application within the catalysis domain remains nascent [38]. The major reason is the lack of 

universal datasets in catalytic activities [39]. Catalyst development often relies on empirical trial-

and-error methods based on physicochemical properties, necessitating significant time and effort 

to identify optimal solutions. Automated ML approaches have demonstrated efficacy in refining 

models, elucidating catalytic mechanisms, and generating innovative concepts for catalytic design 

[38,40–43]. 

This study relies on a comprehensive dataset on the catalytic conversion of SO2 
[30], updated 

to 2023, with a diverse array of catalysts and operating parameters. The dataset, which includes 

two ranges of SO2 mole fractions (below 1% for FGD and above 7% for H2SO4 production), is 

refined for accuracy and consistency. An optimal ANN model is identified through meticulous 

hyperparameter tuning (to optimize the ANN model's architecture and parameters) and used within 

a multi-objective optimization (MOO) framework to address trade-offs in the conversion process 

and generate the Pareto domain. The study uses the non-dominated sorting genetic algorithm 

(NSGA-II) and the net flow method (NFM) to identify and rank Pareto-optimal solutions. This 

approach integrates advanced computational methodologies with chemical engineering principles, 

contributing to efficiency enhancement and cost reduction in catalytic processes. 
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5.3 Methodology 

This study comprises three primary sections. The initial section focuses on the development of an 

ANN model. Within this section, data collection is conducted, followed by rigorous preprocessing 

techniques to ensure data integrity. Hyperparameter tuning is subsequently employed to optimize 

the ANN's performance, involving the construction and evaluation of multiple ANN models. The 

final model selection is based on the comparative performance assessment of each model. The 

second section entails the formulation of three distinct objectives, which are framed as a MOO 

problem. Utilizing the NSGA-II, the Pareto domain - a set of solutions representing the trade-offs 

between conflicting objectives - is identified. In the third and final section, a multi-criteria 

decision-making approach known as NFM is applied to rank the solutions approximating the 

Pareto domain. This method facilitates the identification of the optimal solution. The procedural 

workflow is illustrated in Figure 5.1. 

Each section of this study will be explained in detail, providing comprehensive coverage of 

the respective steps involved. Furthermore, the rationale behind each methodological choice will 

be discussed, along with its relevance and contribution to the overall research objectives.  

5.3.1 Artificial neural network model development 

In 1943, McCulloch and Pitts proposed a computational model inspired by the human brain, which 

sparked research on ANNs [44]. ANN models have the ability to learn, recognize, and solve 

complex problems. Among the several types of ANNs, feedforward neural networks (FFNNs) are 

particularly interesting due to their structural representation as a computational model in a network 

form. This structural representation is what allows FFNNs to be a universal function approximator, 

capable of approximating any continuous function [45]. The FFNN can address a broad range of 

problems related to pattern recognition and prediction. This ability has been embraced by various 

researchers, who have appreciated FFNNs for their universal approximation ability [45–47]. FFNNs 

are computational models that comprise multiple interconnected neurons or nodes, arranged in a 

layered structure, where each layer is connected in a forward direction to the preceding layer. 

These neural networks have a specific structural configuration (Figure 5.2A) and are capable of 

processing information through the synaptic links or weights that connect the nodes (Figure 5.2B). 
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Figure 5.1.  Flowchart of the complete steps toward the optimization of the catalytic conversion 

of SO2. 

   

Figure 5.2. (A) FFNN with three layers and (B) a sample node of the network. 
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The process of supervised learning involves minimizing a cost function expressed as the 

difference between the desired output 𝑦𝑖 and the output of the model 𝑦̂𝑖. Various cost functions 

can be defined for this purpose. For example, mean squared error (MSE) is a commonly used cost 

function in regression problems, which can be expressed as [45]: 

𝑀𝑆𝐸 =  
1

𝑁
∑∑(𝑦𝑖𝑗 − 𝑦̂𝑖𝑗)

2

𝑞

𝑗=1

𝑁

𝑖=1

 (5.3) 

where N is the number of training points and q is the number of output neurons.  

There are various conventional derivative-based methods, such as Quasi-Newton [48], 

Levenberg-Marquardt [49], adaptive moment estimation (Adam) [50], etc., used to adjust the 

connection weights to minimize the cost function. Adam is a popular algorithm for solving 

complex issues involving a large number of variables or data.  

As depicted in Figure 5.1, the initial step in the implementation of an ANN involves defining 

the problem statement. In the context of this project, the objective is to construct an ANN model 

capable of predicting the conversion of SO2. Following the problem definition, the subsequent step 

entails the acquisition of raw data. While direct experimentation within a specific system 

necessitates considerable resources in terms of time, labour, infrastructure, and financial 

investment, a more practical approach involves leveraging existing literature, which encompasses 

a wealth of research findings accessible online. Across various domains of chemical engineering, 

extensive experimental data have been amassed over numerous decades. However, collating this 

data is a labour-intensive endeavour, requiring a meticulous review of potential sources to 

ascertain their relevance to the project and extract pertinent information. 

The inclusion criteria of data from scientific articles within the dataset necessitate the 

documentation of catalytic activity tests employing heterogeneous catalysts. Furthermore, these 

articles must provide details regarding the experimental conditions, encompassing independent 

variables, as well as the outcomes of these tests, represented by dependent variables. The dataset 

thus encompasses a spectrum of information, including the composition and properties of the 

catalysts (e.g., specific surface area, pore characteristics, particle size), synthesis methodologies 

(e.g., calcination parameters such as temperature and time), operating conditions including 

temperature, pressure, catalyst mass, inlet volumetric flow rate, as well as the mole fractions of O2 
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and SO2 within the system. Additionally, the dataset incorporates the conversion of SO2 as the 

system's output variable. 

For the dataset preparation, a comprehensive screening process was undertaken, considering 

152 literature papers, culminating in the identification of 32 papers deemed suitable for data 

extraction. Numerous considerations influenced the selection criteria for inputs into the final 

database. Notably, a significant challenge arose from the inconsistent reporting of information 

within some of the candidate papers, resulting in the omission of certain variables. Consequently, 

catalysts and promoters characterized by a paucity of data points and minimal variance were 

excluded from consideration as final inputs. 

Table 5.1 presents the finalized list of the input and output variables within the database. 

Notably, 14 active metals and promoters emerged as the preferred candidates for inclusion, along 

with three support materials denoted by binary indicators reflecting their presence or absence. 

Furthermore, operating parameters such as temperature, pressure, the ratio of catalyst weight to 

volumetric flow rate (W/V), and the mole fractions of SO2 and O2 complete the list of input 

variables. The output variable, representing the conversion of SO2 to SO3, completes the database 

structure. Although additional variables such as pore volume, pore size, and surface area were 

gathered from the literature review, they were not included in the main dataset due to the 

substantial amounts of data not reported in many papers. 

Following the data collection, the subsequent stage entails preprocessing to render the raw 

data suitable for its utilization within a ML algorithm. Data preprocessing serves to facilitate the 

management and manipulation of complex datasets, a task that often necessitates a considerable 

amount of processing time [51]. Despite its pivotal role in model development, data preprocessing 

is occasionally overlooked compared to other stages; nevertheless, it typically consumes over 50% 

of the total time allocated to data mining endeavours [52]. Various techniques are employed in the 

preprocessing phase to enhance the quality of datasets, and these techniques will be succinctly 

discussed in the subsequent discussion. 

Data in real-world scenarios often contains incompleteness, noise, and inconsistency. 

Consequently, data-cleaning efforts aim to address these issues meticulously by identifying 

outliers and rectifying inconsistencies within the dataset [53]. 
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Table 5.1. SO2 conversion databank description with 22 input variables and one output variable 

used to develop the ANN model to predict conversion. 

ANN Variables Description Unit Mean Standard deviation Min Max 

Calcium 

Active metal / 

promoter 

Mass fraction (%) 0.088 0.386 0 2.257 

Cerium Mass fraction (%) 0.123 0.662 0 4.885 

Cesium Mass fraction (%) 1.183 2.936 0 11.05 

Copper Mass fraction (%) 0.012 0.003 0 0.024 

Iron Mass fraction (%) 0.044 0.189 0 1.832 

Lanthanum Mass fraction (%) 0.094 0.687 0 6.826 

Magnesium Mass fraction (%) 0.001 0.010 0 0.100 

Manganese Mass fraction (%) 0.019 0.118 0 0.750 

Palladium Mass fraction (%) 0.022 0.144 0 2 

Platinum Mass fraction (%) 0.539 1.497 0 9.091 

Potassium Mass fraction (%) 4.052 5.545 0 18.428 

Sodium Mass fraction (%) 0.034 0.384 0 5.463 

Tin Mass fraction (%) 0.153 0.473 0 2.200 

Vanadium Mass fraction (%) 1.904 2.059 0 8 

Alumina 

Support material 

0 or 1 0.161 0.367 0 1 

Titania 0 or 1 0.065 0.246 0 1 

Silicate 0 or 1 0.775 0.418 0 1 

Temperature 

Operating 

parameter 

°C 457 90 204.15 799 

Pressure Atm 1.535 1.864 1 10 

W/V kgcat·s/L 4.223 8.819 0.003 28.379 

SO2 Mole fraction (%) 6.022 4.358 0.001 20 

O2 Mole fraction (%) 13.292 5.299 0.03 20.393 

SO2 Conversion Output % 61.187 30.978 0 100 
 

In this study, outliers were identified and removed from the dataset. Acknowledging the equal 

significance of all data elements, data normalization emerges as an essential data transformation 

technique employed to standardize all data elements within a predefined range [54]. This 
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normalization process not only expedites the learning phase within neural network 

backpropagation algorithms but also mitigates the potential dominance of attributes with larger 

ranges and/or values over attributes with smaller ranges and/or values [55]. In this work, min/max 

normalization was used to transfer the data to a range between 0 and 1. Furthermore, data 

transformation may serve as an effective strategy for reducing the dimensionality of input data, 

particularly when correlations exist among a series of variables. Principal component analysis 

(PCA) stands out as a widely adopted method in this regard [56]. Therefore, the use of PCA for data 

reduction was explored. In the current case study, given the low level of correlation among the 

input variables and especially for the large number of independent catalysts, the PCA did not result 

in a smaller number of input variables and was not found useful.  

ML models generally assume datasets are complete, but missing values are often encountered 

during data collection [51,57]. To manage this, various data preprocessing techniques, including 

methods like autoassociative neural networks (AANNs), are employed for imputing missing data 

[58]. In this work, some missing data included pore size, pore volume, surface area, calcination 

time, temperature, and preparation methods. However, the effectiveness of AANNs is influenced 

by the correlation between variables [59]. In this case study, the AANN model struggled to 

accurately predict missing values due to the low correlation among features. As a result, the 

variables with missing values were removed from the main dataset, despite their recognized 

importance. 

It is important to stress that to reach the final model, the procedure depicted in Figure 5.1 is 

not achieved in a single pass, but rather through multiple iterations. In this investigation, the main 

effort was devoted to the management and validation of the databank, especially determining 

which data points from the literature would be useful for inclusion in the databank. Initially, all 

literature data containing the necessary information were considered. However, some catalysts had 

a very limited number of instances and were removed from the database. Other papers had 

instances with identical inputs but with different conversions due to disparities in catalyst 

properties. In this case, the average conversion was calculated for similar data points, and this 

single average value was used to replace the redundant data points in the database. 

According to Figure 5.1, the subsequent step following preprocessing entails in conducting 

hyperparameter tuning to identify the optimal parameters for the ANN model. Enhancing the 
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model's performance and minimizing errors necessitate the careful selection of the neural 

network's structure and associated parameters [60]. While the number of neurons in the input and 

output layers remains fixed to correspond with the model's inputs and outputs, respectively, the 

configuration of intermediate layers (hidden layers), as well as the number of neurons within each 

hidden layer, the number of epochs, the batch size, the learning rate, the optimizer, and the 

activation functions must be specified. These parameters play a pivotal role and can significantly 

influence model performance. Initially, models are constructed with parameters based on prior 

knowledge and expertise, with the initial weights assigned as small random values. In case of 

overfitting or underfitting, hyperparameter tuning techniques are employed to identify optimal 

parameters, aiming to minimize MSE for the validation set. These techniques often leverage grid 

search, random search, Bayesian optimization, and many other methodologies [60,61]. Ultimately, 

the selection of the final model involves a trade-off between model simplicity and MSE value, 

striking a balance to achieve satisfactory performance [60]. 

During the hyperparameter tuning phase, a series of models were trained using the 5-fold 

cross-validation and random search method to optimize parameters across two distinct ANN 

architectures. The first architecture consisted of three hidden layers, while the second had five 

hidden layers. Throughout this process, certain parameters were held constant, namely a sigmoid 

as the activation function, a learning rate of 0.01, 2000 epochs, and a batch size of 32. The 

following parameters were varied: the number of layers, the number of neurons within each layer, 

and the optimizer methods (Adam or Nadam). Numerous models were subsequently trained, with 

variations introduced by altering the fixed parameters. 

As depicted in Figure 5.1, the subsequent procedural step is to partition the data records into 

three distinct subsets: the training set, the validation set, and the testing set. Different combinations 

were randomly tested, and the best combination was selected for the best model. In the subsequent 

phase depicted in Figure 5.1, the effectiveness of the constructed ANN model is assessed utilizing 

various criteria. Performance metrics serve to evaluate the goodness of the fit of the ML regression 

models [62]. The most common performance metrics are the root mean squared error (RMSE), mean 

absolute error (MAE), MSE, Pearson correlation coefficient, and coefficient of determination (R2). 

In this study, MSE and R2 are used.  
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5.3.2 Multi-objective optimization 

In the field of engineering, ML is typically used in synergy with an optimization algorithm to 

determine the set of process input variables that optimizes specific objective functions in order to 

operate chemical processes under optimal conditions [63–66]. MOO problems are optimization 

problems that must satisfy multiple, often conflicting, objectives. A solution is defined as a vector 

of decision variables 𝑋 =  {𝑥1,  𝑥2,  𝑥3, … , 𝑥𝑛} that optimizes the vector of objective functions 

𝐹(𝑋) =  {𝑓1(𝑋),  𝑓2(𝑋),  𝑓3(𝑋), … , 𝑓𝑀(𝑋)} within a feasible region of solutions which may be 

subjected to equality ℎ𝑔(𝑋) and inequality 𝑔ℎ(𝑋) constraints. The decision variables are bounded 

between lower (𝑥𝑖
𝐿𝐿) and upper (𝑥𝑖

𝑈𝐿) limits, which constrain the search space for each variable [67–

69]. This process is mathematically represented by Equation (5.4). 

Min 𝐹(𝑋) =  {𝑓1(𝑋),  𝑓2(𝑋),  𝑓3(𝑋),… , 𝑓𝑚(𝑋),… , 𝑓𝑀(𝑋)} ,   

𝑚 = 1, 2, 3, … ,𝑀 

Subject to : 

 ℎ𝑘(𝑋) = 0 ,    𝑔 = 1, 2, 3, … , 𝐺 

 𝑔ℎ(𝑋) ≤ 0 ,     ℎ = 1, 2, 3, … , 𝐻  

𝑥𝑖
𝐿𝐿  ≤ 𝑥𝑖  ≤  𝑥𝑖

𝑈𝐿  ,    𝑖 = 1, 2, 3, … , 𝑛 

(5.4) 

where M is the number of objectives. Each of the objective functions 𝑓𝑚(𝑋) can be either 

minimised or maximised [70]. A maximization problem can be converted into a minimization by 

negating the objective function [71]. With conflicting objectives, improving one objective may 

worsen the other objectives. The concept of Pareto optimality can address this issue [71,72] using 

the dominance relationship in an unbiased way to generate a large number of Pareto-optimal 

solutions rather than a single aggregate optimal solution. These solutions are referred to as non-

dominated solutions. It is then up to a decision maker to select the best one among all Pareto-

optimal solutions based on his/her preferences [67].  

MOO techniques aim to identify a diverse set of solutions that reside on the Pareto front. These 

techniques, particularly the evolutionary MOO algorithms, are designed to circumscribe as 

accurately as possible the Pareto domain while overcoming challenges such as infeasible regions, 

local optima, and smooth regions of objective functions. Balancing computational cost and 

efficiency is crucial in addressing these challenges [73,74]. Various methods are available for solving 

MOO problems, with multi-objective evolutionary algorithms (MOEAs) being a popular choice 
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[72,75–77]. MOEAs utilize the dominance relationships in their quest to uncover Pareto-optimal 

solutions, a strategy shared by other optimization methods [78]. While MOEAs are effective in 

finding global optima and demonstrating robustness against noise, they have limitations, including 

potential redundancy and significant computational time [79].  

NSGA-II is a popular method within MOEAs. It is specifically designed to tackle MOO 

problems and identify Pareto-optimal solutions. NSGA-II operates on the principles of elitism, an 

explicit diversity mechanism, and prioritization of non-dominated solutions. At each generation 

(t), the parent population (Pt) undergoes standard genetic operations such as selection, crossover, 

and mutation to generate the offspring population (Qt). These two populations are then merged to 

form a new population (Rt) comprising 2N individuals. Rt is segmented into various non-

dominance groups, and the new population of N fittest individuals is populated sequentially with 

points from the front with the least number of the domination score to fronts with higher 

domination scores. The selection of points in the last front necessary to reach N individuals is made 

in such a way as to maximize diversity using the crowding distance criterion. Figure 5.3 provides 

a visual representation of the process used at each generation [71]. 

 

Figure 5.3.  Schematic illustration of the procedure of NSGA-II. 

In various chemical engineering applications, particularly in processes like SO2 oxidation, the 

development of ML models presents an opportunity to optimize complex systems by leveraging 
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optimization algorithms. In this work, the optimization framework aims at maximizing conversion 

and productivity while minimizing catalyst cost, to strike a balance between these competing 

objectives. 

The conversion (X) of SO2, defined in Equation (5.5), is calculated from the ANN model.  

𝑋 =
𝐹𝑆𝑂2,𝑖𝑛 − 𝐹𝑆𝑂2,𝑜𝑢𝑡 

𝐹𝑆𝑂2,𝑖𝑛 
 (5.5) 

where 𝐹𝑆𝑂2,𝑖𝑛  and 𝐹𝑆𝑂2,𝑜𝑢𝑡  are the input and output molar flow rates of SO2, respectively. The 

productivity is defined as the rate at which the moles of SO2 are converted to SO3 per unit time 

and per unit mass of the catalyst expressed by Equation (5.6). 

𝑃 =
𝑦𝑆𝑂2𝑋𝐹𝑖𝑛 

𝑊
 (𝑚𝑜𝑙 𝑆𝑂3/𝑘𝑔𝑐𝑎𝑡 ∙ 𝑠) 

    

(5.6) 

where 𝑦𝑆𝑂2 is the input SO2 mole fraction, Fin is the total inlet molar flow rate, and W is the catalyst 

weight. This equation can be transformed in terms of the catalyst weight to the volumetric flow 

rate ratio under standard conditions (1 atm, 0oC) as well as expressing 𝑦𝑆𝑂2 and X in percentage as 

per Table 5.1 and the input to the ANN model (Equation (5.7)). 

𝑃 = 4.462 × 10−6
𝑦𝑆𝑂2𝑋

𝑊 𝑉⁄
 (𝑚𝑜𝑙 𝑆𝑂3/𝑘𝑔𝑐𝑎𝑡 ∙ 𝑠) (5.7) 

where W/V is the ratio of the weight of the catalyst bed and the volumetric flow rate in kgcat·s/L. 

The third objective function is the cumulative cost of catalysts used in the process. This objective 

function involves a linear relationship between the mass fractions of individual catalysts and their 

corresponding costs (Equation (5.8)).  

𝐶 =∑𝑐𝑖𝑚𝑖

𝑟

𝑖=1

 
 

(5.8) 

where r is the number of catalysts in the databank, 𝑐𝑖 is the price of each catalyst and 𝑚𝑖 is the 

mass fraction of each catalyst. The list of prices of the catalysts has been obtained using the 

Bloomberg databank and it is reported in Table 5.2 [80,81].  
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Table 5.2. Estimated price of each catalyst. 

S.N. Catalyst Symbol Price ($/kg) 

1 Calcium Ca 5 

2 Cerium Ce 4 

3 Cesium Cs 13000 

4 Copper Cu 8 

5 Iron Fe 0.5 

6 Lanthanum La 4 

7 Magnesium Mg 3.5 

8 Manganese Mn 2 

9 Palladium Pd 43500 

10 Platinum Pt 32000 

11 Potassium K 850 

12 Sodium Na 300 

13 Tin Sn 30 

14 Vanadium V 250 
 

5.3.3 Multi-criteria decision-making 

Once the Pareto domain is established based on domination principles (as depicted in Figure 5.1), 

the subsequent step involves ranking all non-dominated solutions. This ranking process requires 

the input of the decision-maker's preferences, which guide the selection of solutions according to 

the chosen ranking method. In this study, the NFM, a multi-criteria decision-making technique, is 

employed for ranking all Pareto-optimal solutions. The NFM incorporates the decision-maker's 

preferences through the utilization of four factors, which are outlined below [15]. 

The first factor involves assigning relative weights (Wm) to each criterion or objective 'm', 

indicating their importance. The sum of all relative weights must be equal to one. The second 

factor, known as the indifference threshold (Qm), defines the difference in the values of objective 

'm' between two solutions for which it is inconclusive to favour one solution over another for that 

specific objective. The third factor, the preference threshold (Pm), represents the threshold beyond 

which the difference in objective 'm' values between two solutions warrants a preference for the 

solution with the better objective value. Lastly, the veto threshold (Vm) is used to rule out the 

selection of one solution over another if the difference between their objective 'm' values exceeds 
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a certain threshold. The latter implies that even if a solution excels in other criteria, it may be 

disregarded based on a specific objective. The three thresholds are established individually for 

each criterion, in such a manner that: 

0 ≤ 𝑄𝑚 ≤ 𝑃𝑚 ≤ 𝑉𝑚 (5.9) 

In the following, we will briefly explain the NFM algorithm. 

In Equations (5.10-5.13) are used to calculate the various indices: the difference ∆𝑚[𝑖, 𝑗] 

between the objective m of solutions i and j, the individual concordance index 𝑐𝑚[𝑖, 𝑗], the global 

concordance index 𝐶[𝑖, 𝑗], and the discordance index 𝐷𝑚[𝑖, 𝑗]. These indices are determined 

through a pairwise comparison. When the difference between values is less than the indifference 

threshold for a given criterion, the individual concordance index is assigned a value of unity. 

Within the range spanning from the indifference to the preference thresholds, the index diminishes 

linearly from 1 to 0. If the difference surpasses the preference threshold for a given criterion, the 

concordance index is set to zero. When the difference between values is below the preference 

threshold, the discordance index is assigned a value of 0. Within the range encompassing the 

preference and veto thresholds, the index exhibits a linear progression from 0 to 1. In instances 

where the difference exceeds the veto threshold, the discordance index is fixed at a value of 1. 

∆𝑚[𝑖, 𝑗] = 𝐹𝑚(𝑗) − 𝐹𝑚(𝑖)          { 

𝑖   ∈     [1, 𝑁]
𝑗   ∈     [1, 𝑁]
𝑚   ∈     [1, 𝑀]

 (5.10) 

𝑐𝑚[𝑖, 𝑗] =

{
 

 

 

1                 𝑖𝑓∆𝑚[𝑖, 𝑗] ≤  𝑄𝑚
𝑃𝑚 − ∆𝑚[𝑖, 𝑗]

𝑃𝑚 − 𝑄𝑚
       𝑖𝑓 𝑄𝑚 < ∆𝑚[𝑖, 𝑗] ≤ 𝑃𝑚 

0                  𝑖𝑓  ∆𝑚[𝑖, 𝑗] > 𝑃𝑚

 (5.11) 

𝐶[𝑖, 𝑗] = ∑ 𝑊𝑚𝑐𝑚[𝑖, 𝑗]

𝑀

𝑚=1

        {
𝑖   ∈     [1, 𝑁]

𝑗   ∈     [1, 𝑁]
 (5.12) 

𝐷𝑚[𝑖, 𝑗] =

{
 

 

 

0                 𝑖𝑓∆𝑚[𝑖, 𝑗] ≤  𝑃𝑚
∆𝑚[𝑖, 𝑗] − 𝑃𝑚
𝑉𝑚 − 𝑃𝑚

       𝑖𝑓 𝑃𝑚 < ∆𝑚[𝑖, 𝑗] ≤ 𝑉𝑚 

1                  𝑖𝑓  ∆𝑚[𝑖, 𝑗] > 𝑉𝑚

 (5.13) 
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Once the global concordance and discordance indices have been calculated, the process moves on 

to the comparative analysis of each pair of Pareto-optimal solutions. This evaluation involves 

calculating each element of the outranking matrix, denoted as 𝜎[𝑖, 𝑗] using Equation (5.14). 

Essentially, the outranking matrix serves as a tool to determine which solutions outperform others 

based on their relative performance. 

𝜎[𝑖, 𝑗] = 𝐶[𝑖, 𝑗](∏[1 −

𝑀

𝑚=1

(𝐷𝑚[𝑖, 𝑗])
3]        {

𝑖   ∈     [1, 𝑁]
𝑗   ∈     [1, 𝑁]

 (5.14) 

In order to determine the best solution, the score of each solution i is calculated using Equation 

(5.15). The first term assesses how well solution i performs compared to all the other solutions in 

the Pareto domain. The second term evaluates the performance of all the other solutions relative 

to solution i. After computing the ranking score for each solution, they are sorted in descending 

order. This calculation is the final step in the solution evaluation process. The solution with the 

highest score is considered the best. 

𝜎𝑖 =∑𝜎[𝑖, 𝑗] −∑𝜎[𝑗, 𝑖]

𝑀

𝑗=1

𝑀

𝑗=1

 (5.15) 

5.4 Results and discussion 

5.4.1 Final ANN model 

As previously explained, various ANN models were trained and integrated into the MOO phase to 

circumscribe the Pareto domain and propose the optimal solution for catalytic SO2 conversion. 

Initially, data were gathered from diverse sources, and a subset of variables was selected. The first 

version of our database was formed by extracting data from 32 papers. Then, the preprocessing 

stage was performed to increase the integrity and quality of the data. After finalizing the input and 

output parameters, several ANN model structures were randomly selected to assess their ability to 

predict conversion. Simultaneously exploring the structure of ANNs, the hyperparameter tuning 

was performed to enhance the performance of the ANNs and reduce errors. This procedure is 

guided by experience in developing ANNs, but still involves a degree of trial and error. Once the 

best-performing ANN model was identified, it was used in the MOO procedure, along with the 

solution ranking algorithm as per Figure 5.1, to determine the optimal solution.  
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Multiple ANN models were trained using the updated hyperparameters obtained from the 

hyperparameter tuning process. The architecture of the final ANN model, as detailed in Table 5.3, 

consists of three hidden layers, each accommodating 22 neurons. The model employs the Adam 

optimizer with a learning rate set at 0.0005. Additionally, a batch size of 32 and an epoch value of 

50000 were selected. The dataset was partitioned into the training, validation, and testing sets in 

an 80:10:10 ratio, denoted as Tr/V/Te.  

Figure 5.4 provides an overview of the performance of the final ANN model. As shown in 

Figure 5.4A, the MSE in the prediction of the normalized conversion for both the training and 

validation datasets decreases sharply at the beginning and then gradually converges to its final 

value as the number of epochs exceeds 10000, with the final weights and biases being recorded at 

36782 epochs, which were achieved with the early stopping technique. The parity plot of the 

conversion for the training data is displayed in Figure 5.4B, which shows an MSE of 0.0025 and 

an R2 value of 0.9745. Figure 5.4C and Figure 5.4D further illustrate the performance of the ANN 

model on the validation and testing datasets, respectively. The model’s performance on these 

datasets is comparable to that of the training data, indicating its consistency. This uniformity across 

different datasets implies that the model exhibits a low error in the prediction of the conversion 

and can effectively generalize to unseen testing data, thereby mitigating any concerns regarding 

overfitting. 

Table 5.3. Structure of the final ANN model. 

Optimizer Learning rate Hidden layers with neurons Batch size Epoch Tr/V/Te size 

Adam 0.0005 3 HL: 22, 22, 22 32 36782 80/10/10 

 

To comprehensively assess the capacity of the ANN model to surpass conventional statistical and 

regression techniques, its performance was benchmarked against linear regression, ridge 

regression, and polynomial regression models on a 10% testing dataset. The comparative results, 

presented in Table 5.4, highlight the superior performance of the ANN model in all evaluated 

metrics. Notably, the ANN model exhibits a marked improvement over its counterparts, as 

evidenced by significantly lower MSE and higher R² values. This analysis underscores the ANN 

model's robust predictive capability, achieving both greater accuracy and better generalizability 

compared to the tested regression approaches. 
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Table 5.4. Comparative performance of the final ANN and traditional regression models on the 

testing data. 

Performance 

criteria 

Linear 

regression 
Ridge regression 

Polynomial 

regression 
ANN 

MSE 0.0461 0.0463 0.0128 0.0031 

R2 0.4970 0.4939 0.8597 0.9641 
 

 

Figure 5.4. Performance of the final ANN model: (A) Training and validation MSE as a function 

of the number of epochs, and the parity plots of the conversion for the (B) training dataset, (C) 

validation dataset, and (D) testing dataset. 
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The dataset, as mentioned earlier, comprises information about two specific applications of 

SO2 catalytic conversion: FGD and H2SO4 production. Both processes convert SO2 into SO3 using 

different metal catalysts supported by various materials. A key distinguishing factor between these 

applications within the dataset is the mole fraction of SO2 in the feed. Data points with a low SO2 

concentration (less than 1%) correspond to FGD, whereas those with a higher concentration (above 

7%) are associated with H2SO4 production. 

This study primarily focuses on optimizing the production of H2SO4, given its significant 

economic importance as one of the most widely produced chemicals worldwide. However, 

exploring optimal conditions for FGD applications is also achievable since the data points in the 

dataset are comprised of both applications. Consequently, to tailor the problem formulation 

specifically for H2SO4 production, the mole fraction of SO2 was fixed at 10%. Additionally, to 

mimic industrial practice, the oxygen concentration was set at 11%.  

5.4.2 Case study 1: Vanadium-potassium catalyst 

The MOO problem allows for the exploration of various combinations of metals, either 

individually or in conjunction, supported by the three available support materials. However, given 

the impracticality of examining all possible combinations, a prominent bimetallic catalyst 

featuring a mixture of vanadium and potassium was first selected for further investigation in the 

MOO problem. This selection was motivated by the prevalence of reported instances involving 

these two metals, which collectively constitute approximately 35% of the entire databank. 

Table 5.5 presents the fixed and variable parameters that have been set for the MOO problem. 

The fraction of the active phase was selected to be optimized along with operating parameters such 

as temperature, pressure, and the W/V. It is important to note that each variable was constrained 

within its range of gathered data in the databank as reported in Table 5.1. The temperature range 

was set between 310-622°C, which is the range where both vanadium and potassium coexist. The 

pressure was kept constant at 1 atm, while the W/V was allowed to vary between 0.02-1.00 

kgcat·s/L. The lower limit of 0.02 for W/V corresponds to the smallest W/V ratio observed when 

both vanadium and potassium are present in the dataset. The support material was also specified 

to be silica, as this material is the only one in the dataset that was used for both vanadium and 

potassium-based catalysts.  
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Table 5.5. Values of the decision parameters for the catalytic combination of vanadium and 

potassium. 

Decision Parameters State Value 

Components Fixed V and K 

Active phase fraction Variable 

V = 2.0-8.0 wt% 

K = 2.0-18.42 wt% 

Support Fixed SiO2 

Temperature Variable 310-622°C 

Pressure Fixed 1 atm 

Catalyst W/V Variable 0.02-1.00 kgcat·s/L 

SO2 fraction Fixed 0.10 

O2 fraction Fixed 0.11 

 

Process variables that were not involved in this specific case study were set to zero. The size of 

the population and the number of generations of NSGA-II were respectively set at 1000 and 10000. 

Other NSGA-II factors depicted in Figure 5.1 were carefully adjusted to circumscribe a well-

defined Pareto front. The selection of these parameters guides the optimization process within the 

MOO framework, facilitating the exploration of diverse solutions while ensuring robustness and 

efficiency in identifying non-dominated solutions.  

The next phase involved the ranking of all Pareto-optimal solutions by the NFM, as shown in 

Figure 5.1. Table 5.6 outlines the set of parameters of the NFM used in this study to rank all 

solutions of the Pareto domain. The relative weights for the conversion and productivity were set 

at 0.45, whereas the weight for the cost was set at 0.1. A higher significance was placed on the 

first two objectives. This strategic emphasis underscores the objective of having both high 

conversion and high productivity, albeit potentially resulting in higher costs. Furthermore, in the 

NFM ranking algorithm, the specification of the indifference, preference, and veto thresholds often 

involves some form of expert judgment or statistical analysis. The selection of these thresholds is 
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a critical aspect of the NFM ranking algorithm, as they directly influence the resulting ranking of 

all Pareto-optimal solutions.  

Table 5.6. NFM parameters for vanadium and potassium case study. 

Parameters Conversion Productivity Cost 

W 0.45 0.45 0.1 

Q 2 0.01 50 

P 5 0.03 100 

V 10 0.1 200 

 

Figure 5.5 provides a visual representation of the Pareto domain, highlighting the interaction 

among the three objective functions. In Figure 5, the three-dimensional Pareto domain is 

represented by three two-dimensional projections. All Pareto-optimal solutions are partitioned 

based on their ranking using different colours as per the legend of Figure 5.5B. Figure 5.5A 

examines the relationship between conversion and productivity. Conversion is defined as the 

extent to which SO2 is transformed into SO3 during the catalytic process, while productivity 

quantifies the speed at which this conversion is achieved. A preliminary analysis of the Pareto 

domain reveals two distinct phenomena. Firstly, both conversion and productivity generally 

increase simultaneously. Second, a clear conflict among these objectives is also revealed when 

examining the ranking partitions, where a trade-off situation is observed with the enhancement of 

conversion, which inevitably leads to a decrease in productivity. This inverse correlation is more 

visually apparent at the right edge of the Pareto domain, with the highest conversion percentages 

coinciding with the lowest productivity values. The highest-ranked solution, namely the champion, 

is located at the highest productivity, accompanied by a relatively small compromise in the 

conversion percentage.  

Figure 5.5B explores the relationship between the percentage conversion and the cost of the 

catalyst of Pareto-optimal solutions. The NFM relative weight for the cost was 0.1 compared to 

0.45 for the other two objectives, as they were seen as more significant. It is therefore not surprising 

to find the highest-ranked solution at a higher cost, which implies a larger amount of catalyst to 

favour higher conversion and productivity. The plot of Figure 5.5B clearly shows the conflict that 

exists between the desire to maximize conversion and minimize the cost. Figure 5.5C further 
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investigates the relationship between cost and productivity. Concentrating on the right edge of the 

Pareto domain, it is clear that minimizing the cost results in lower productivity. Considering the 

three objectives and the relative weight for each, the champion solution was located at the highest 

productivity (0.193 mol SO3/kgcat·s), relatively high conversion (86.3%), and a high cost 

(163.3$/kg), resulting from the greater priority attributed to the conversion and productivity. 

   

Figure 5.5.  Pareto domain: (A) conversion vs productivity, (B) conversion vs cost, and (C) cost 

vs productivity for vanadium and potassium case study. 

Our attention is now turned to the decision space. In this case, the composition of the selected 

catalyst, W/V, and the reaction temperature were the process variables that were allowed to vary. 

Figure 5.6 presents the plots of the four decision variables associated with all Pareto-optimal 

solutions. Figure 5.6A presents a plot depicting the active phase fraction for vanadium and 

potassium. Higher amounts of these metals are associated with increased percentage conversion, 
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productivity, and cost. The region containing the highly-ranked Pareto-optimal solutions is located 

at a high fraction of potassium (17%) and a fraction of vanadium between 3 and 4%. For lower 

fractions of potassium, the fraction of vanadium is located at its lower value. The best Pareto-

optimal solution corresponds to vanadium and potassium mass fractions of 3.8% and 18%, 

respectively. 

Figure 5.6B provides an overview of the other two decision variables: the W/V ratio and the 

temperature. Near the strike temperature, in the vicinity of 400-425oC, there is a sharp increase in 

the W/V ratio when decreasing temperature, which implies a larger amount of catalyst is required 

to achieve higher conversion and productivity. In addition, the rate of reaction is lower at a lower 

temperature. Above this limiting temperature, the W/V ratio hovers around its bounded lower 

limit. It is important to recall that the SO2 to SO3 reaction is a reversible exothermic reaction, such 

that increasing the temperature eventually leads to a decrease in the achievable conversion and 

productivity. It is therefore not surprising to observe that the highly-ranked Pareto-optimal 

solutions are located in a very narrow range of temperatures just slightly above the strike 

temperature. The champion is obtained with a W/V value of 0.02 kgcat·s/L and a temperature of 

436°C, consistent with the reported strike temperature for the SO2 reaction. This finding 

underscores the critical balance required between the amount of catalyst and the reaction 

temperature needed to maximize conversion and productivity, while also minimizing the negative 

impact of the temperature increase on the reaction equilibrium concentration. 

5.4.3 Case study 2: Platinum catalyst 

 An additional case study was undertaken to investigate the catalyst platinum and determine the 

optimal active phase and operating conditions. The selection of platinum for this investigation is 

motivated by two main factors. Firstly, platinum is renowned for its potent active sites and its high 

catalytic efficiency [82,83]. Secondly, platinum-related data constitutes approximately 20% of the 

information gathered in the databank. Akin to the preceding case study, the objective was to 

determine the optimal composition and operating parameters for platinum supported on silica, 

under a fixed pressure of 1 atm, and fixed mole fractions of SO2 and O2 at 10% and 11% 

respectively. Therefore, the variables under consideration are the active phase fraction of platinum, 

temperature, and W/V. 
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Figure 5.6. Decision space: (A) vanadium wt% vs potassium wt% and (B) temperature vs W/V 

for vanadium and potassium case study. 

The same ANN model employed in optimizing other metals was also applied to platinum, given 

that it was trained on all available metals. During the MOO phase, the lower and upper bounds of 

the decision variables were set based on the minimum and maximum values observed for each 

variable when the platinum active phase was non-zero. This approach ensures that the 

extrapolation does not exceed the dataset's range for each specific metal. The remaining parameters 

of NSGA-II were kept consistent with the previous case study. However, the NFM parameters for 

this case study needed to be adjusted due to differing objective ranges compared to vanadium and 

potassium. This adjustment was necessary because of the platinum's wider operating range and 

considerably higher cost compared to vanadium and potassium. Table 5.7 outlines the NFM 

parameters used in the platinum case study. Notably, the emphasis is placed on conversion and 

productivity over cost, as depicted in Table 5.6. 

Table 5.7. NFM parameters for platinum case study. 

Parameters Conversion Productivity Cost 

W 0.45 0.45 0.1 

Q 1 0.2 300 

P 5 0.4 700 

V 10 1.0 1500 
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Figure 5.7 presents the Pareto domain for the platinum case study, focusing on the same three 

objectives previously considered: conversion, productivity, and catalyst cost. In Figure 5.7A, a 

consistent pattern emerges, akin to the vanadium-potassium case study, where two similar trends 

are observed. Examining the oblique left edge of the Pareto domain, it is clear that higher 

conversion is accompanied by higher productivity to a certain point. This trend makes sense as the 

definition of productivity embeds the conversion. However, examining the coloured bands of 

similarly-ranked Pareto-optimal solutions and the right edge of the Pareto domain shows a clear 

trend of the decrease in productivity as the conversion continues to increase. This trend is logical 

since to achieve very high conversion, the flowing gas must spend significantly more time in the 

reactor and/or a greater amount of platinum catalyst must be used. As a result, the productivity 

decreases as it includes both the reaction time and the amount of catalyst. Indeed, it is possible to 

achieve near 100% conversion, but at the expense of reduced productivity. Additionally, Figure 

5.7B corroborates the notion that increased conversion demands a larger amount of the catalyst's 

active phase, consequently increasing the overall cost. Figure 5.7C elucidates the interplay 

between cost and productivity. Notably, it reveals that achieving high productivity does not 

inherently entail incurring exorbitant costs. This suggests that high productivity levels can be 

attained without substantial increases in cost, particularly when the amount of platinum used is 

minimal. This highlights the feasibility of optimizing productivity while mitigating costs. The 

highest-ranked Pareto-optimal solution is achieved at a percentage conversion of 90%, a 

productivity of 1.34 mol SO3/kgcat·s, and a cost of $294/kg. It is important to recognize that this 

result does not simulate the steady-state process involved in H2SO4 production, where the goal is 

to achieve nearly 100% conversion. This high conversion is attained using multiple packed beds 

with intermediate heat exchangers, where the temperature and conversion vary continuously along 

the packed bed. The results of the current investigation are for a constant temperature and steady-

state homogeneous process. 

Figure 5.8 depicts the decision space corresponding to the Pareto domain illustrated in Figure 

5.7. This analysis offers valuable insights into the relationship between temperature, the platinum 

active phase, and W/V ratio. In Figure 5.8A, the temperature variation is juxtaposed with changes 

in the platinum active phase. Initially, temperature bounds were set within the range of 204-780°C. 

However, the MOO process has identified Pareto-optimal solutions in a temperature range 
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spanning 430-570°C. Figure 5.8A can be partitioned into three distinct sections based on the 

platinum active phase concentration.  

   

Figure 5.7. Pareto domain: (A) conversion vs productivity, (B) conversion vs cost, and (C) cost 

vs productivity for the platinum case study. 

The first portion of the plot of Figure 5.8A encompasses instances where the platinum 

concentration remains below 1%. Within this range, increasing the platinum active phase content 

coincides with enhanced conversion and productivity, particularly at lower temperatures. 

Remarkably, this region aligns with the lower segment of Figure 5.8B representing the W/V ratio. 

This juxtaposition indicates that within this zone, optimal productivity levels alongside a 90% 

conversion are attainable when the temperature is on the low side. In the second segment of Figure 

5.8A, the temperature remains relatively constant as the platinum active phase concentration 

increases. This phenomenon is mirrored in Figure 5.8B, where at low and nearly constant 
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temperature, the W/V ratio exhibits an upward trend. Consequently, this trend corresponds to an 

increasing percentage conversion, and at the same time, there is a trade-off in terms of reduced 

productivity. 

   

Figure 5.8. Decision space: (A) platinum wt% vs temperature and (B) temperature vs W/V for 

the platinum case study. 

The third segment of Figure 5.8A illustrates a simultaneous increase in the temperature and the 

amount of platinum active phase. This trend is also evident in Figure 5.8B, particularly at higher 

values of the W/V ratio. With an increase in the amount of the platinum active phase, in the 

temperature, and the W/V ratio, the productivity decreases while the percentage conversion and 

the catalyst cost surge to peak levels. A delicate balance between conversion efficiency and overall 

productivity must be managed. While achieving peak percentage conversion, care must be 

exercised to mitigate costs. 

The methodologies developed in this study offer significant real-world applications across 

various industries, facilitating optimized catalyst design and operating conditions for enhanced 

efficiency, cost-effectiveness, and sustainability. In the H2SO4 production industry, this approach 

can be used to improve conversion and productivity while simultaneously minimizing costs and 

resource consumption. By applying the optimization techniques, designers can precisely tailor 

catalyst compositions and reaction conditions, thereby achieving higher yields and reduced energy 

requirements. Similarly, in the field of FDG, the method can be utilized to meet stringent 

environmental regulations by optimizing catalysts for SO2 removal, ensuring both cost-efficiency 
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and compliance with environmental standards. In the petrochemical sector, the framework can 

enhance the refinement of various products, increasing the selectivity and yield of desired 

compounds while lowering production costs. In hydrogen production, the same optimization 

process can balance energy consumption and catalyst performance, extending the lifespan of 

catalysts while maintaining high efficiency. Moreover, the methods are applicable to emerging 

sustainable technologies, such as carbon capture and utilization, and biomass conversion, where 

optimizing catalysts can significantly improve reaction outcomes and reduce waste. By integrating 

ANN predictions with MOO, industries can accelerate the design and testing of catalysts, reducing 

the need for costly and time-consuming experimental work. This integrated approach not only 

drives innovation but also provides a pathway to solving complex challenges in a range of sectors, 

from chemical production to energy generation. Overall, the insights gained from this study can 

be leveraged to foster sustainable, efficient, and cost-effective operations, benefiting industries 

seeking to improve both their economic outcomes and environmental performance. 

5.5 Conclusion 

The catalytic conversion of SO2 is critical in various industrial applications, including FGD and 

H2SO4 production. This study delves into optimizing this conversion process using a multifaceted 

approach that incorporates ML, MOO, and decision-making techniques. Our efforts shed light on 

the complex interplay between various parameters and objectives, providing valuable insights into 

enhancing conversion efficiency while balancing productivity and cost considerations, even for a 

relatively simple reactive system. In this study, data were gathered from literature sources and 

underwent preprocessing to improve their quality. The hyperparameter tuning was then conducted 

to identify the best AAN model to predict SO2 conversion with the lowest error. Using this AAN 

model, three objectives (conversion, productivity, and cost of the catalyst) were formulated, and 

the NSGA-II optimization algorithm was used to circumscribe the Pareto domain. The Pareto-

optimal solutions were subsequently ranked using the NFM.  

Two case studies were considered for H2SO4 production: one using a vanadium-potassium 

catalyst and the other using platinum as the catalyst. For each case study, the same AAN model, 

obtained to predict conversion, was utilized, and along with other objectives, the Pareto domain 

and optimal decision variables were illustrated. It was observed that for both case studies, 

conversion and productivity have trade-offs; increasing one objective leads to a decrease in the 
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other. These trade-offs also impact the cost of the catalysts. The analysis underscored the critical 

role of key parameters, such as catalyst composition, temperature, and W/V ratio, in shaping 

process performance. Optimal solutions often require careful adjustments to these parameters, 

reflecting the delicate balance needed to achieve desired conversion levels without compromising 

productivity or incurring excessive costs. The optimal findings for the first case study revealed a 

conversion of 86.3%, a productivity of 0.193 mol SO3/kgcat·s, and a cost of 163.3$/kg with 

vanadium and potassium mass fractions of 3.8% and 18%, respectively. These outcomes were 

achieved with an optimal W/V value of 0.02 kgcat·s/L and a temperature of 436°C. For the second 

case study, a conversion of 90%, a productivity of 1.34 mol SO3/kgcat·s, and a cost of $294/kg 

were obtained. These results were achieved with 1% platinum wt% and with a W/V value of 0.003 

kgcat·s/L and a temperature of 451°C. 

In conclusion, this study offers a comprehensive exploration of the catalytic conversion of 

SO2, integrating ML, MOO, and decision-making techniques to optimize process performance. By 

leveraging advanced methodologies and rigorous analysis, we elucidated key insights into the 

intricate dynamics governing conversion efficiency, productivity, and cost. Our findings pave the 

way for informed decision-making and strategic optimization initiatives aimed at enhancing the 

sustainability and efficiency of catalytic conversion processes in diverse industrial sectors. 
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6.1 Abstract 

Despite the growing use of ML in chemical engineering, the catalytic conversion of sulfur dioxide 

(SO₂) to sulfur trioxide (SO₃) remains underexplored. This study presents a systematic application 

of ML-based modelling and optimization to this reaction, addressing a critical gap in catalyst 

design and process understanding. It includes a comprehensive step-by-step generalizable 

approach for catalytic processes, outlining the entire process from problem definition and data 

collection to identifying an optimal catalyst for the catalytic conversion of SO₂ to SO₃. Various 

preprocessing techniques to enhance the quality of raw data gathered from diverse literature 

sources are compared, leading to the training of a refined ML model. Multi-objective optimization 

(MOO) is applied to each scenario to circumscribe the Pareto domain while multi-criteria decision-

making (MCDM) technique ranks the Pareto-optimal solutions to determine the best candidate for 

subsequent experimental validation. This study integrates ML in catalyst optimization with a 

comprehensive methodology for catalyst discovery.  

Keywords: Catalyst design, Data collection, Data preprocessing, Machine learning, Optimization, 

Solution 
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6.2 Graphical abstract 
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6.3 Introduction 

For over 130 years, engineers have used mathematical modelling to understand and design 

chemical processes [1]. Foundational models, such as the Navier-Stokes [2] equations for viscous 

fluids, are pivotal but often require numerical solutions due to their complexity, leading engineers 

to resort to simplified models. Recently, chemical engineering has benefited from extensive data 

availability due to industrial sensors, literature experimental data, and advancements in process 

modelling. Nevertheless, extracting useful insights from this data remains challenging [1]. The 

increase in computational power and the development of mathematical tools, especially machine 

learning (ML), have changed this landscape. ML, a subset of artificial intelligence (AI), applies 

mathematical and statistical methods to learn from data and find patterns without explicit 

programming. This paradigm shift has spurred significant interest in AI and ML within chemical 

engineering, particularly for complex tasks in the process industry (e.g., batch or semi-batch 

production, material discovery and development, and model parameter estimation) [3,4] and catalyst 

design [5,6]. Within this broader shift toward data-driven chemical engineering, certain 

environmentally and industrially critical reactions remain understudied from a modelling 

perspective. 

The conversion of SO2 to SO3 is a particularly significant process in chemical engineering due 

to its applications in pollution control and sulfuric acid (H2SO4) production. To mitigate pollution, 

industries employ flue-gas desulfurization (FGD) methods, which can be categorized into wet and 

dry processes [7–10]. The oxidation of SO2 to SO3 is also explored as a novel approach for deeper 

SO2 capture in dry methods, where the generated SO3 can react with a solid sorbent to form stable 

sulfates. This reaction is often facilitated by catalysts that enhance the efficient conversion of SO2 

to SO3 under controlled conditions [9]. According to available literature, sodium-vanadium, 

platinum-palladium, platinum, and platinum-tin are widely recognized as the catalysts 

predominantly utilized in FGD [11–16]. The oxidation of SO2 to SO3 is also a critical step in the 

production of H2SO4, the most widely produced chemical globally, used in manufacturing 

fertilizers, chemicals, metal processing, car batteries, and petroleum refining [17–19]. This reaction 

is typically performed in adiabatic catalytic packed bed reactors with intercooling heat exchangers 

to manage the operating temperature to optimize the reaction rate and final conversion [20–22]. For 

the H2SO4 production, the catalysts employed in research include potassium-vanadium, cesium-

vanadium, platinum, as well as mixtures comprising vanadium combined with other compounds 
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and/or promoters such as calcium, copper, iron, barium, manganese, and magnesium [11–16]. 

Current research still aims to improve catalyst formulations, enhancing their effectiveness and 

durability for both environmental and industrial applications. Despite significant advances in 

applying ML to catalytic systems, the catalytic conversion of SO2 to SO3 has received virtually no 

attention in the literature. Existing studies have primarily focused on reactions such as CO 

oxidation, water-gas shift (WGS), oxidative coupling of methane (OCM), and methanol synthesis, 

leaving a critical gap in understanding and optimizing the SO2 oxidation process through data-

driven methods. This lack of ML studies stands in contrast to the substantial progress achieved for 

many other catalytic reactions. 

Moreover, the application of ML in catalysis discovery remains in its early stages relative to 

other fields. This is mainly because comprehensive datasets are not sufficiently available and 

developing them requires considerable time and resources. Furthermore, predicting catalyst 

properties is challenging due to their dependence on numerous independent variables [23,24]. One 

recent advancement in catalysis involves meta-analysis, which applies various ML techniques to 

datasets obtained from different sources [5,6]. Extensive datasets in catalysis can be generated 

internally through high-throughput experimentation [25,26] or computational density functional 

theory [27–30]. Additionally, external sources such as publicly available scientific literature offer 

valuable, pre-tested data. The former methods are expensive yet yield precise results, whereas the 

latter is cost-effective but may include noise, missing data, and inconsistencies across different 

sources [31]. 

Catalyst design involves several interrelated factors, such as the type and amount of active 

metal, the type and quantity of promoters, the nature of the support, the method of preparation, 

and pretreatment conditions, all of which influence the catalyst’s properties. Therefore, 

modifications in any of these aspects can substantially impact the catalyst's activity and selectivity. 

Furthermore, variations in operating conditions, including reaction temperature, feed flow rate, 

feed composition, and the amount of catalyst, can result in significantly different catalytic reaction 

outcomes [32]. A survey of prior work using literature-based datasets further illustrates the wide 

range of catalytic reactions examined through ML. Table 6.1 provides a brief overview of the 

literature on data extraction and catalyst discovery, categorized by reaction type as it relates to a 

selection of ML applications. The full description of these works is presented in Appendix B. 
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Table 6.1. Summary of ML applications in catalysis using literature data. 

Reaction 
Dataset 

Size 

# 

Papers 

ML 

Methods 
Input Features 

Output 

Variable 
Reference 

Ethylbenzene 

Dehydrogenation 

(SnO catalysts) 

38 1 

Artificial 

neural 

networks 

(ANN) 

Surface area; valence; catalyst composition; ionic 

radius; coordination number; electronegativity; 

partial charge of O ions; heat of formation 

Selectivity [33] 

CO Oxidation (Cu-

based) 
1337 20 ANN 

Cu loading; second metal type & loading; 

support type; preparation method; calcination 

temperature/time; time on stream; reaction 

temperature; feed compositions (H2, O2, CO, 

H2O, CO2); flow rate/catalyst ratio 

CO 

conversion 
[32] 

CO Oxidation 

(Noble metals) 
5610 80 

Decision tree 

(DT), ANN 

Noble metal type; preparation method; support 

type; promoters; temperature; feed 

H2/O2/CO/H2O/CO2; time on stream; flow 

rate/catalyst mass 

CO 

conversion 
[34] 

CO Oxidation 

Kinetics (Au 

catalysts) 

882 19 ANN 

Catalyst composition; supports; promoters; 

reaction temperature; feed composition; flow 

rate; time on stream 

Reaction 

rate 
[34] 

WGS — Mixed 

catalysts 
283 

Not 

reported 
ANN 

Temperature; pressure; catalyst mass; GHSV; 

feed composition; active phase; support; 

promoters; surface area; calcination temp/time 

CO 

conversion 
[35] 

WGS (Pt/Au 

catalysts) 
4360 84 

DT, ANN, 

support 

vector 

machine 

(SVM) 

Metal wt%; preparation method; support; 

promoter wt%; calcination temperature/time; 

feed composition; reaction temp; time on stream; 

mass/flow rate 

CO 

conversion 
[36] 

WGS (Pt/CexZr1-

xO2 catalysts) 
251 

Not 

reported 
ANN 

Catalyst composition; Ce/Zr ratio; loadings; 

preparation; impregnation; calcination; reaction 

temperature; feed ratios; space velocity 

CO 

conversion 
[37] 

OCM 4759 
Not 

reported 

ANN, 

random 

forest (RF) 

Elemental descriptors (radius, electronegativity, 

group, affinity, ionization); catalyst composition; 

temp; CH4/O2 ratio; flow rate 

C2 yield [38] 

OCM/WGS/CO 

oxidation 

(elemental method) 

Not 

reported 

Not 

reported 

ANN, SVM, 

Gaussian 

process (GP) 

Elemental descriptors of metals, promoters, 

supports; reaction conditions including 

temperature and CH4/O2 ratio 

Conversion / 

yield / 

selectivity 

[39] 

Methane Steam 

Reforming 
5508 81 DT 

Metal wt%; support; promoter; preparation 

method; temp; pressure; feed composition; 

GHSV; catalyst mass; reactor type 

CH4 

conversion 
[40] 

Methane Dry 

Reforming 
5521 101 DT, ANN 

Support properties; metal type; promoter; 

preparation; activation; temperature; CH4/CO2 

feed; flow rate; residence time 

CH4 

conversion 
[41] 

CO2-to-Methanol 

Synthesis 
206 27 

ANN, RF, 

Gradient 

Boosting 

Catalyst composition; calcination 

temperature/time; prep method; pore size; 

surface area; temperature; pressure; H2/CO2 ratio 

CO2 

conversion; 

methanol 

selectivity 

[42] 

SCR (NOx) 2126 41 ANN 

Composition; structure; morphology; 

preparation; temperature; NO/NO2/NH3 feed; 

space velocity 

NOx 

conversion 
[43] 

SCR (Ce-based) 5654 126 

XGBoost 

(primary), 

and multiple 

ML models 

Composition; synthesis parameters; metal 

loading; calcination; reaction temperature; 

GHSV; feed (NO, NO2, NH3, O2, H2O, SO2) 

NOx 

conversion 
[44] 
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As shown in Table 6.1, ML approaches have been applied across a broad spectrum of catalytic 

reactions, supported by datasets that vary widely in size, complexity, and feature diversity. These 

studies collectively demonstrate that data-driven models can successfully capture structure–

performance relationships when sufficient experimental information is available, reinforcing the 

value of literature-derived datasets for catalyst discovery and optimization. Comprehensive 

reviews further highlight the transformative role of AI and ML in catalyst discovery, optimization, 

and process understanding can be found in [31,45,46]. Despite these advances, these studies also 

reveal persistent challenges associated with heterogeneous literature datasets. Common obstacles 

include inconsistencies across datasets, the prevalence of missing and noisy data, limited sample 

sizes for specific catalyst classes, restricted operating conditions, and the inherent nature of catalyst 

structures [6,28,30].  

Motivated by these challenges and the gap in SO2 oxidation modelling, the present study 

develops the first systematic ML-based framework for this reaction. The SO2 oxidation process 

represents a compelling and important case for exploring complex structure and performance 

relationships under diverse operating conditions.  Building upon the foundation established in our 

previous contributions [47,48], the present study expands the dataset to include comprehensive 

experimental information available up to 2024 and introduces additional variables and advanced 

modelling strategies. To the best of our knowledge, this constitutes the first systematic 

investigation of SO2 to SO3 conversion using an integrated framework of literature data mining, 

ML, and multi-objective optimization (MOO). In this work, we aim to overcome the challenges 

associated with non-uniform literature data by proposing a detailed, step-by-step procedure for 

developing a generalized predictive model. The compiled dataset serves as the foundation for 

training ML models that are subsequently integrated into a MOO framework to delineate the Pareto 

domain for the SO2 to SO3 reaction. Finally, a multi-criteria decision-making (MCDM) technique 

is applied to rank Pareto optimal solutions according to expert preferences. Collectively, this 

methodology, encompassing data collection, model development, optimization, and decision 

analysis, provides a robust and scalable framework for advancing catalyst design and deepening 

process-level understanding in SO2 oxidation, and with broader applicability to other catalytic 

systems. 
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6.4 Methodology 

The comprehensive structure of this project is depicted in Figure 6.1. The proposed framework 

includes defining the problem and establishing the project's primary objective. Subsequently, 

relevant data is collected from various sources. The subsequent steps involve iterative cycles of 

data preprocessing, model development, optimization, and solution ranking, continuing until the 

most logical and optimal solutions are achieved. The results were generated using Python, 

leveraging libraries including TensorFlow, Scikit-learn, and Pymoo, within the computational 

framework provided by the Digital Research Alliance of Canada. In the subsequent sections, we 

will briefly elaborate on each of these steps and detail the specific procedures undertaken in this 

project.  

6.4.1 Problem definition  

As outlined in the introduction, the problem defined in this study is to model and evaluate the 

catalytic conversion of SO2 to SO3 across a wide range of catalyst formulations and operating 

conditions reported in the literature. In this context, the objective is to compile the available 

experimental information, represent the key catalytic and reaction variables in a structured form, 

and establish a predictive framework that enables systematic analysis of conversion behaviour 

under different conditions. 

6.4.2 Literature data  

To acquire raw data, direct experimentation within a specific system requires significant resources, 

including time, labour, infrastructure, and financial investment. Therefore, leveraging existing 

literature (meta-analysis), which provides extensive research findings accessible online, is a more 

practical approach.  

In this work, a comprehensive screening process of 152 papers published between 1929 and 

2024 was undertaken to identify suitable articles through a search conducted in the Scopus 

database. The search queries included keywords such as "catalyst", " SO2", "sulfur dioxide", 

"sulfuric acid", "kinetics", and related terms. To be included in the dataset of this project, scientific 

articles must report catalytic activity involving heterogeneous catalysts. These articles should 

provide comprehensive details of the experimental conditions, clearly distinguishing the 

independent variables and the resulting dependent variables. The dataset captures information 
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related to catalyst composition and properties (e.g., specific surface area, pore characteristics, 

particle size), synthesis methodologies (e.g., calcination parameters such as temperature and time). 

Additionally, it includes operating conditions such as temperature, pressure, catalyst mass, inlet 

volumetric flow rate, and the mole fractions of O2 and SO2 within the system. Finally, the dataset 

includes the conversion of SO2 as the output variable. 

 

 

Figure 6.1. Proposed framework of optimized catalysts with knowledge extraction. 

 

Consequently, 32 scientific articles were identified as suitable for data extraction. The selection 

criteria for inputs into the final database were further influenced by inconsistent reporting in some 

papers, such as incomplete data on critical variables like calcination parameters and ambiguity in 

the description of synthesis methods. Further inconsistencies included varying experimental 

conditions, inconsistent measurement techniques for conversion, and inadequate sample sizes or a 

lack of replication in some studies. Accordingly, catalysts and promoters with insufficient records 

and minimal variation of experimental conditions were omitted. The first screening provides a 

dataset of 21 catalysts and promoters, three support materials indicated by binary indicators, and 

operating parameters such as temperature, pressure, the ratio of catalyst weight to volumetric flow 
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rate (W/V), and the mole fractions of SO2 and O2. The output variable, representing the conversion 

of SO2 to SO3, completes the database structure. Therefore, the initial number of records before 

preprocessing is 1 922. Figure 6.2 summarizes the inputs and the output of the dataset.  

 

 

Figure 6.2. Raw dataset without any missing variables. 

6.4.3 Data preprocessing 

The accuracy, efficiency, and robustness of the developed model rely directly on the availability 

of high-quality data (i.e., data without missing, constant, redundant, or irrelevant values), 

encapsulated by the popular notion of “garbage in, garbage out” [49]. Data preprocessing involves 

five main steps: data integration, cleaning, normalization, handling missing data, and noise 

identification [50,51].  Additionally, feature engineering is conducted as part of data preprocessing, 

with dimensionality reduction being a critical component [52,53]. Dimensionality reduction reduces 

computational time and cost, prevents overfitting, and improves interpretability for high-

dimensional data. It includes two main approaches: feature extraction and feature selection  [49] . 

The complete description can be found in Appendix B. 
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6.4.3.1 Missing data handling 

The initial dataset contained 1,922 records and 30 variables (29 inputs and 1 output), but several 

input variables exhibited substantial missing data, ranging from about 26% for pore size to nearly 

98% for calcination time. To investigate the suitability of using an autoassociative neural network 

(AANN) for imputing missing data, the model was first tested on the available and complete 

dataset to evaluate its ability to predict missing variables [54]. The dataset was divided into training, 

validation, testing, and an additional 40-record evaluation subset to assess the model’s 

performance. After hyperparameter tuning, the AANN achieved low mean square error (MSE) 

values and high R² scores, indicating strong reconstruction capability. However, when tested on 

unseen data with artificially introduced missing values, the model did not predict them accurately 

due to weak correlations among variables. Indeed, estimating a missing value for a given variable 

depends on its correlation with one or more other variables in the dataset. As the low inter-variable 

correlation hindered reliable imputation, variables with missing data were removed, resulting in a 

refined dataset containing 30 variables for subsequent modelling. The full description can be found 

in Appendix B. 

6.4.3.2 Feature engineering 

During data preprocessing, feature engineering was applied to reduce dimensionality and 

overfitting using random forest feature importance and principal component analysis (PCA). As 

shown in Figure 6.3a, the random forest regression model, optimized through random search and 

five-fold cross-validation, achieved strong performance (MSE = 0.059, R2 = 0.94) and identified 

W/V ratio, temperature, vanadium, SO2 and O2 mole percentages, potassium, platinum, pressure, 

cesium, titania, and silica as the most influential variables. Figure 6.3b presents the PCA results, 

indicating that 23 components captured 95% of the total variance, supporting moderate potential 

dimensionality reduction. The dataset was then validated by reviewing all sources, consolidating 

duplicates, and averaging conversion values for identical inputs. These steps ensured a consistent, 

high-quality dataset for subsequent ANN model training and optimization. 

6.4.3.3 Additional preprocessing 

Certain variables were excluded from the dataset due to limited records and low variance, which 

reduced their contribution to model accuracy. These included antimony, chromium, barium, 

rhodium, rubidium, thallium, and tungsten. Although relevant to catalyst composition, these metals 

were typically reported under fixed or nearly identical experimental conditions, resulting in 
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insufficient variability for meaningful analysis. Their removal is consistent with the random forest 

and PCA findings, which indicated low feature importance and confirmed that excluding them did 

not significantly affect the total explained variance. After refining the dataset, additional 

preprocessing steps were applied, including outlier removal for W/V ratio, SO2, and O2 mole 

fractions using the Z-score method (|Z| > 3), followed by normalization of all variables to a [0,1] 

range. The final refined dataset contained 22 input variables and 1 270 records, ensuring higher 

quality and consistency for the subsequent development of ANN models. The full description is 

presented in Appendix B. 

 

Figure 6.3.  Feature importance visualization of the 29 variables (conversion excluded) 

determined by (a) random forest regressor and (b) PCA. 

6.4.4 Model development  

Among ML techniques, ANNs are particularly favoured due to their capacity to manage non-

linearity, high-dimensionality, uncertainties, and multi-parametric challenges [55,56]. In chemical 

process engineering, a significant proportion of research papers and ML model applications have 

utilized ANNs, constituting over 35% of the total supervised ML models and more than 43% in 

hybrid modelling approaches up to 2021 [57]. Thus, our objective is to employ ANNs to develop 

the necessary data-driven model for this project. 



188 

 

The design of any ANN model often relies on prior experience, which may yield functional 

yet suboptimal structures. To enhance ANN model performance, hyperparameter tuning is 

performed, involving the adjustment of parameters fixed before training. These parameters include 

the number of hidden layers, the number of neurons per layer, the type of activation function, the 

optimizer, the learning rate, the batch size, and the number of epochs. Several methods are 

employed to identify the optimal hyperparameters, with grid search, random search, and Bayesian 

optimization being the most prominent [58,59]. Additionally, techniques such as early stopping, 

regularization, initialization, and batch normalization are utilized during the training phase to 

further improve network performance [59,60]. Hyperparameter tuning and network optimization 

during the training phase are performed using a validation dataset. To assess the overall 

performance of the model and its ability to generalize to unseen data, the entire dataset used during 

the model development phase was partitioned into training, validation, and test subsets [61]. In this 

project, hyperparameter tuning was carried out using a random search strategy combined with 5-

fold cross-validation to develop accurate and reliable ANN models. 

The next step involves selecting the appropriate performance metrics to evaluate the ANN 

model. In regression models, these metrics assess forecasting accuracy by comparing predicted 

values against actual data from the testing set, quantifying the discrepancies. Commonly used 

regression error metrics include root mean squared error (RMSE), mean absolute error (MAE), 

MSE, Pearson correlation coefficient, and the coefficient of determination (R2). These metrics 

quantify prediction errors and facilitate comparison of model performance [62]. For this project, 

MSE and R2 are used to better assess and compare the performances of the models. 

6.4.5 Optimization  

The next step, as shown in Figure 6.1, involves optimizing the trained model to determine the 

optimal catalyst/promoter composition and operating parameters. While conventional 

optimization might focus on a single objective, such as maximizing SO2 conversion, real-world 

chemical processes typically require the simultaneous optimization of multiple, often competing, 

objectives. For this project, three objective functions are considered: conversion, productivity, and 

catalyst cost, to better represent real-world performance criteria, leading to a MOO problem.  

The aim of MOO is to identify a set of solutions that lie on the optimal Pareto front and 

assemble a diverse set of solutions that accurately represent this front. A widely used method for 
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this purpose is the multi-objective evolutionary algorithm (MOEA), a stochastic method. Like 

other optimization methods, MOEAs seek to find optimal Pareto solutions by employing the 

concept of dominance [63]. In each iteration, the value of each objective of individual solutions is 

calculated to determine their dominance within the population. This population may be combined 

with parent groups to form the next generation. Additionally, the objective space allows MOEAs 

to incorporate traditional support techniques, such as niching [64,65]. One prominent MOEA method 

is the non-dominated sorting genetic algorithm (NSGA-II), which aims to solve MOO problems 

by identifying Pareto-optimal solutions through an elitist strategy, an explicit diversity-preserving 

mechanism, and a focus on non-dominated solutions [66]. 

The first objective, namely the conversion of SO2, is evaluated using the ANN model. The 

conversion of SO2 is defined as the ratio of the number of moles of SO2 converted at the reactor 

outlet to the number of moles of SO2 introduced at the reactor inlet, as expressed in Equation (6.1). 

𝑋 =
𝐹𝑆𝑂2(𝑖𝑛) − 𝐹𝑆𝑂2(𝑜𝑢𝑡) 

𝐹𝑆𝑂2(𝑖𝑛) 
 (6.1)  

where 𝐹𝑆𝑂2(𝑖𝑛) and 𝐹𝑆𝑂2(𝑜𝑢𝑡)  are the inlet and outlet molar flow rates of SO2, respectively. 

The second objective, productivity, is defined as the rate at which the moles of SO2 are converted 

to SO3 per unit time and per unit mass of the catalyst and is quantified according to Equation (6.2). 

𝑃 =
𝑦𝑆𝑂2𝑋𝐹

𝑊
 (𝑚𝑜𝑙 𝑆𝑂3/𝑘𝑔 − 𝑐𝑎𝑡 ∙ 𝑠) (6.2)  

where 𝑦𝑆𝑂2 is the input SO2 mole fraction, X is the conversion, F is the total inlet molar flow rate, 

and W is the catalyst weight. 

The productivity expression (Equation (6.2)) can be reformulated in terms of the ratio between the 

catalyst mass and the total volumetric flow rate. To achieve this representation, the molar flow rate 

is converted into a volumetric flow rate by applying the ideal gas law under standard conditions 

(1 atm, 273.15 K), leading to Equation (6.3). 

𝑃 = 4.462 × 10−2
𝑦𝑆𝑂2𝑋

𝑊 𝑉⁄
 (𝑚𝑜𝑙 𝑆𝑂3/𝑘𝑔 − 𝑐𝑎𝑡 ∙ 𝑠) (6.3)  

Here W/V denotes the ratio of the catalyst bed mass to the volumetric flow rate, expressed in 

kgcat·s/L. Notably, Equations (2) and (3) are equivalent and yield identical results. 
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The third objective function pertains to the cost of the catalyst used in the process. This objective 

function is expressed as a linear relationship between the mass fractions of constituent active 

metals and their respective costs. The total catalyst cost is obtained by summing the product of the 

price and mass fraction of each active metal, as expressed by Equation (6.4). While this objective 

function provides a simplified representation of catalyst cost considerations, it serves as a 

foundational example within the broader optimization framework, facilitating computation and 

interpretation. 

𝐶 =∑𝑐𝑖𝑚𝑖

𝑟

𝑖

 
 

(6.4) 

 

where r is the number of active metals in the databank, 𝑐𝑖 is the price per kg of each active metal, 

and 𝑚𝑖 is the mass fraction of each active metal composing a given catalyst. The list of prices of 

the active metal has been obtained by searching in Bloomberg, and it is reported in Table 6.2 [67,68]. 

The dataset encompasses information on two distinct applications of SO2 catalytic conversion: 

FGD and H2SO4 production. Both processes involve converting SO2 into SO3, but they utilize 

different metal catalysts supported by various materials. In addition, a crucial differentiating factor 

within the dataset is the SO2 mole fraction in the feed. Records with an SO2 concentration below 

1% correspond to FGD, whereas those with a concentration above 7% pertain to H2SO4 production. 

This research primarily aims to optimize H2SO4 production due to its substantial economic 

significance as one of the most extensively produced chemicals worldwide. However, since the 

dataset includes data for both applications, it also allows for the exploration of optimal conditions 

for desulfurization. For this study, to specifically focus on H2SO4 production, the SO2 mole fraction 

was fixed at 10%. Furthermore, to simulate industrial conditions, the oxygen concentration was 

maintained at 11%.  

One of the case studies in this work focuses on identifying the optimal compositions and 

operating conditions for a vanadium and potassium catalyst system. Vanadium serves as the 

primary active metal catalyst, while potassium acts as a promoter. The selection was guided by the 

abundance of records for these catalysts and their higher contributions, as shown in the feature 

importance analysis in Figure 6.3. The optimization process involved varying the compositions of 

these catalysts, along with different temperatures and W/V ratios. Silica was chosen as the support 

material due to its reported efficacy with vanadium and potassium. The pressure was fixed at 1 
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atm, and the compositions of other components were set to zero. Conversion was determined using 

the ANN model, while the other two objectives were directly calculated from the predicted 

conversion and the decision variables (V and K wt%, temperature and W/V ratio). The NSGA-II 

algorithm, with a population of 1 000 and 10 000 generations, was employed to circumscribe the 

Pareto domain for the three objectives. 

Table 6.2. The estimated price of each metal. 

S.N. Catalyst Symbol Price ($/kg) 

1 Calcium Ca 5 

2 Cerium Ce 4 

3 Cesium Ce 13 000 

4 Copper Cu 8 

5 Iron Fe 0.5 

6 Lanthanum La 4 

7 Magnesium Mg 3.5 

8 Manganese Mn 2 

9 Palladium Pd 43 500 

10 Platinum Pt 32 000 

11 Potassium K 850 

12 Sodium Na 300 

13 Tin Sn 30 

14 Vanadium V 250 
 

6.4.6 Ranking Pareto-optimal solutions  

After establishing the Pareto domain using domination principles, the final step involves ranking 

all non-dominated or Pareto-optimal solutions based on the decision-maker's preferences. In this 

study, the Net Flow Method (NFM) is employed for ranking solutions by incorporating four key 

factors for each objective: the relative weight (Wm), the indifference threshold (Qm), the preference 

threshold (Pm), and the veto threshold (Vm). The first factor, Wm, represents the importance 

assigned to each objective or criterion, with the sum of all weights equalling one. The Qm defines 

the range within which differences in the values of a specific objective between two solutions are 

deemed inconclusive, meaning neither solution is preferred for that objective. The Pm establishes 

the minimum difference required for one solution to be favoured over another based on the values 

of a specific objective. Finally, the Vm excludes solutions from consideration if their differences in 

a specific objective exceed a predefined limit, ensuring that even if a solution performs well in 

other criteria, it can be disregarded if it fails to meet acceptable standards in a critical objective. 
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By integrating these factors, NFM ensures that selected solutions align with decision-makers' 

priorities and effectively balance competing objectives. [69]. In this project, solutions are ranked 

using the parameters of the NFM method, specified in Table 6.3. 

Table 6.3. NFM parameters for the vanadium and potassium case study. 

Parameters Conversion Productivity Cost 

W 0.45 0.45 0.1 

Q 2 0.01 50 

P 5 0.03 100 

V 10 0.1 200 

 

In the following section, we adhere to the procedure outlined in Figure 6.1, testing various 

preprocessing methods to enhance the quality of the data and conducting hyperparameter tuning 

to ensure the optimal performance of the ANN model. For each case study, we have defined the 

Pareto domain and ranked the solutions using the NFM method. As depicted in Figure 6.1, this 

process is iterative and requires significant time and effort to design a reliable and robust model. 

6.5 Results and discussion 

After completing the preprocessing steps, several ANN models were developed and trained. First, 

to address the publication bias in the literature, where mainly positive outcomes are reported, an 

additional approach was attempted by introducing 45 logical records representing zero conversion 

under certain conditions, such as when potassium was used alone as a promoter. The dataset was 

reprocessed, normalized, and ANN models optimized through hyperparameter tuning, resulting in 

a model that initially showed acceptable performance. However, further analysis revealed that the 

inclusion of logical data introduced another bias, causing the model to underestimate the catalytic 

role of potassium even in the presence of vanadium. As this approach produced unsatisfactory 

results, the logical records were excluded, and other data transformation techniques were later 

explored to improve model accuracy and reliability. More details of this section can be found in 

Appendix B. 

Upon analyzing the distribution of variables such as pressure, W/V, and SO2 mole fraction, it 

was observed that these variables exhibited a left-skewed distribution with a wide range. For 

instance, approximately 60% of W/V values fell within the range of [0.003, 1], yet the overall 

range extended from [0.003, 195] before preprocessing and outlier removal, and narrowed to 

[0.003, 28.37] after these steps. Similar patterns were observed for pressure and SO2 mole fraction. 
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To address this issue and normalize the distribution of these variables, three transformation 

methods were applied: uniform quantile [70], normal quantile [71], and Box-Cox transformations [72]. 

Uniform quantile transformation is a preprocessing technique that standardizes features to a 

uniform distribution between 0 and 1. This method is advantageous for ML, as it harmonizes 

feature scales and mitigates the influence of outliers, thereby improving model performance. 

Normal quantile transformation, on the other hand, adjusts features to approximate a normal 

distribution, aligning with the assumptions of many statistical tests and ML algorithms. Lastly, the 

Box-Cox transformation offers a flexible approach to normalizing data by applying a power 

transformation controlled by a lambda (λ) parameter, optimizing the distribution to meet statistical 

assumptions and stabilize variance. Each of these transformations was employed to rectify the 

skewness and improve the overall quality of the dataset, thereby enhancing the performance and 

reliability of subsequent analyses and models. Five variables were identified for applying the 

transformation techniques to modify their distributions. These variables include temperature, 

pressure, W/V, and the mole fractions of SO2 and O2. This procedure was consistently applied 

across all the explained transformation methods. 

6.5.1 Scenario 1: Implementation of the uniform quantile transformer 

In the context of utilizing the uniform quantile transformer, outliers were systematically removed 

from the dataset, followed by the application of Min/Max normalization for data normalization. 

Hyperparameter optimization for the final dataset was conducted. The optimal ANN model was 

trained with a learning rate of 0.001 with a batch size of 32 using the Adam optimizer, achieving 

the lowest error at epoch 14 609 based on the validation dataset. Figure 6.4 illustrates the parity 

plots for the training, validation, and testing datasets, demonstrating that the ANN model performs 

well and generalizes effectively on the testing data. 

Figure 6.5 depicts the Pareto front generated by the NSGA-II algorithm, based on the ANN 

model trained using the uniform quantile method across the five variables previously discussed. 

As illustrated in Figure 6.5a-c, a general inverse relationship is observed—conversion tends to 

decrease as productivity increases, particularly noticeable on the right edge of the plot of Figure 

6.5a. Additionally, attaining higher levels of both conversion and productivity typically incurs a 

higher associated cost. Figure 6.5d-e depict the distributions of the decision variables, revealing 

noticeable gaps in certain regions. The majority of non-dominated points are clustered near the 
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lower bounds of potassium and vanadium weight percentages, particularly at higher W/V ratios. 

Moreover, some non-dominated points appear at the minimum potassium level, while others 

correspond to the maximum vanadium concentration.  

 

Figure 6.4. Parity plots of the ANN model for scenario 1 (uniform quantile transformer). 

 

Figure 6.5. Results of MOO for vanadium-potassium case study and scenario 1 (uniform quantile 

transformer) (a) conversion vs productivity, (b) conversion vs cost, (c) productivity vs cost, (d) 

vanadium wt% vs potassium wt%, and (e) W/V vs temperature. 
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6.5.2 Scenario 2: Implementation of the normal quantile transformer 

In this scenario, a normal quantile transformation was applied to five key variables, followed by 

the development of a robust ANN model for optimization. After outlier removal and data 

normalization, hyperparameter tuning was performed on the final dataset. The optimal ANN model 

was obtained and trained using the Adam optimizer with a 0.0005 learning rate with a batch size 

of 32, achieving minimum error at epoch 28 102. Figure 6.6 shows the parity plots confirming the 

strong model performance and good generalization on testing data. 

The Pareto domain was generated using NSGA-II, with results shown in Figure 6.7. Figure 

6.7a-c depict the Pareto front for the three objectives, highlighting that as conversion increases, 

productivity tends to decrease, with costs typically rising at higher productivity. In Figure 6.7d-e 

discontinuities appear, with non-dominated points in two regions: one at the lowest vanadium 

percentage with low temperatures and high W/V, and the other at maximum concentration of 

vanadium and potassium at high temperatures and low W/V. These discontinuities reflect the ANN 

model’s limited extrapolation capability in data-sparse regions. 

 

Figure 6.6. Parity plots of the ANN model for scenario 2 (normal quantile transformer). 

6.5.3 Scenario 3: Implementation of the Box-Cox transformer 

In the next scenario, the Box-Cox transformation was applied to the five previously mentioned 

variables, followed by the construction of a robust ANN model for the optimization phase. Outliers 

were removed, and normalization was performed before meticulously tuning the hyperparameters 

of the final dataset, which included variables transformed by the Box-Cox. The resulting optimal 

ANN model was trained using the Adam optimizer with a learning rate of 0.0005 with a batch size 

of 32, ultimately reaching its minimum error at epoch 29 733, utilizing the early stopping method. 
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Figure 6.8 displays the parity plots for the training, validation, and testing datasets, clearly 

demonstrating that the ANN model performs well and generalizes effectively to the testing data. 

 

Figure 6.7. Results of MOO for vanadium-potassium case study for scenario 2 (normal quantile 

transformer) (a) conversion vs productivity, (b) conversion vs cost, (c) productivity vs cost, (d) 

vanadium wt% vs potassium wt%, and (e) W/V vs temperature. 

Figure 6.9 depicts the Pareto domain derived from the NSGA-II optimization, encompassing both 

the objectives and the decision space. The Pareto fronts for the objectives are shown in Figure 

6.9a-c. Notably, as conversion increases, the productivity decreases. Unlike the scenarios using 

uniform and normal quantile transformations, both conversion and productivity exhibit a narrower 

range of values. Additionally, costs rise with productivity, though the relationship between 

conversion and cost varies depending on whether productivity increases. Figure 6.9d-e illustrate 

the effects of varying potassium and vanadium levels on the objectives. Specifically, at low 

potassium levels, an increase in vanadium impacts the objectives, while at higher vanadium levels, 

a simultaneous increase in potassium is observed, which correlates with higher productivity, lower 

conversion, higher temperatures, and lower W/V ratios. 
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Figure 6.8. Parity plots of the ANN model for scenario 3 (Box-Cox transformer). 

 

Figure 6.9. Results of MOO for vanadium-potassium case study and scenario 3 (Box-Cox 

transformer) (a) conversion vs productivity, (b) conversion vs cost, (c) productivity vs cost, (d) 

vanadium wt% vs potassium wt%, and (e) W/V vs temperature. 
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6.5.4 Scenario 4: Dataset with no data transformer 

In the final scenario, no transformation was applied to any of the variables, and the ANN model 

was developed using the final data (removing outliers and performing normalization) in their 

original ranges. After that, the hyperparameters were carefully fine-tuned. The optimized ANN 

model was trained using the Adam optimizer with a learning rate of 0.0005 and a batch size of 32, 

and achieved minimum error at epoch 18 373. Figure 6.10 presents the parity plots for the training, 

validation, and testing datasets, clearly indicating that the ANN model exhibits strong performance 

and effectively generalizes to unseen data. 

A preliminary examination of the Pareto domain for the scenario without any transformation 

techniques is presented in Figure 6.11, highlighting two notable patterns. First, conversion and 

productivity tend to increase concurrently. Second, a distinct conflict between these objectives is 

evident, particularly when analyzing the ranking partitions, where an increase in conversion leads 

to a corresponding decline in productivity. This inverse relationship is most prominently displayed 

on the right edge of the Pareto domain, where the highest conversion aligns with the lowest 

productivity levels. Figure 6.11b delves into the correlation between conversion percentage and 

catalyst cost within the Pareto-optimal solutions, suggesting that higher conversion and 

productivity require a larger quantity of catalyst. The plot clearly illustrates the tension between 

maximizing conversion and minimizing cost.  

Figure 6.11c further explores the interplay between cost and productivity, with the right edge of 

the Pareto domain showing that reducing costs typically results in lower productivity. Figure 

6.11d-e provide insights into decision variables associated with all Pareto-optimal solutions. 

Figure 6.11d presents the active phase weight fraction of vanadium and potassium, where higher 

concentrations of these metals correspond to increased conversion, productivity, and cost. Figure 

6.11e examines the W/V ratio versus temperature, revealing that near the strike temperature of 

400-425°C, a significant rise in the W/V ratio occurs as temperature decreases, indicating a greater 

catalyst requirement for achieving higher conversion and productivity. Additionally, the reaction 

rate diminishes at lower temperatures. Beyond this critical temperature, the W/V ratio stabilizes 

near its lower bound. It is crucial to remember that the SO2 to SO3 reaction is a reversible 

exothermic process, meaning that increasing the temperature beyond a certain point results in 

decreased conversion and productivity. 
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Figure 6.10. Parity plots of the ANN model for scenario 4 (Dataset without transformation). 

  

Figure 6.11. Results of MOO for vanadium-potassium case study and scenario 4 (Dataset without 

transformation) (a) conversion vs productivity, (b) conversion vs cost, (c) productivity vs cost, (d) 

vanadium wt% vs potassium wt%, and (e) W/V vs temperature. 

Table 6.4 presents a summary of the key findings from the scenarios analyzed. This table aims to 

identify and propose the most appropriate candidate for the subsequent experiment. The initial 

section of Table 6.4 details the inputs that result in the highest conversion. The scenario without 

any transformation yields a slightly lower conversion of 93%, while all four scenarios report 
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identical productivity levels. To achieve maximum conversion, each method suggests maintaining 

the W/V ratio at its peak value. However, they diverge in their recommendations for temperature, 

as well as vanadium and potassium mass fractions. We recommend selecting an average 

temperature of approximately 420°C, which is close to the strike temperature and aligns with the 

scenario without transformation—deemed more favourable due to its smoother Pareto front and 

broader coverage of records. For vanadium and potassium, opting for the highest values appears 

logical, as these quantities result in the highest productivity levels, as shown in the subsequent 

sections of Table 6.4. In the following section of Table 6.4, the focus shifts to examining the 

highest productivity, with an average productivity of 0.165 mol SO3/kgcat·s across the four 

scenarios being a reasonable estimate. This level of productivity can be achieved with a W/V ratio 

of approximately 0.02 kgcat·s/L in all scenarios, a potassium weight percentage of 18.42% in all 

scenarios, and a vanadium weight percentage of 8% in all scenarios except the one without 

transformation, which suggests that a value of 3.88% is sufficient for maximum productivity. The 

temperature range varies across scenarios, making the temperature from the no-transformation 

scenario a logical choice due to fewer gaps in the Pareto front. The conversion corresponding to 

the highest productivity would be an average of all scenarios, excluding the uniform quantile 

scenario, which deviates significantly from the others. Therefore, a conversion of 91% is proposed. 

The lowest-cost region in Table 6.4 yields catalyst costs of approximately 1 $/kg in Scenarios 1–

3 and 13.5 $/kg in the no-transformation scenario. These values correspond to very low K (≈0.018–

1 wt%) and V (≈0.35–2 wt%) loadings, with modest variations in W/V ratio. However, these 

economic gains significantly degrade performance: productivity drops from 0.20 to as low as 0.004 

mol SO3/kgcat·s, and conversion in the no-transformation scenario declines to 44%, far below the 

levels required for feasible operation. Therefore, despite their low cost, these solutions fail to 

provide an acceptable balance between economic and catalytic performance. Consequently, the 

"champion of champions" across the four scenarios would have a conversion of 91%, a 

productivity of 0.165 mol SO3/kgcat·s, a cost of approximately 177 $/kg, a temperature of 436°C 

(derived from the no-transformation scenario), a W/V ratio of 0.02 kgcat·s/L, a potassium content 

of 18.42 wt%, and a vanadium content of 8 wt%. These inputs form the foundation for selecting 

the next experiment, helping to refine the search space for exploring new catalyst formulations 

with desired outcomes. 
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Applying different transformation methods to the same dataset produced varying results, 

highlighting the significant impact of data preprocessing on catalyst optimization. Each 

transformation modified the statistical distribution of variables, consequently influencing the 

predicted outcomes for SO2 conversion, productivity, and cost. These variations indicate that no 

single transformation method offers a comprehensive representation of the optimal conditions, as 

each approach emphasizes different characteristics of the dataset. 

The uniform quantile transformation redistributed data evenly across its range, leading to high 

conversion values but lower productivity estimates, likely due to the stretching or compression of 

key parameters. The normal quantile transformation forced data into a normal distribution, which 

influenced cost estimations and modified parameter relationships, altering the trade-offs between 

conversion and productivity. The Box-Cox transformation adjusted skewed variables while 

preserving relationships, producing a more balanced outcome between conversion, productivity, 

and cost. The no-transformation scenario maintained the original data structure, resulting in a more 

interpretable parameter set but predicting a slightly lower optimal conversion. 

These variations highlight the importance of considering multiple transformations rather than 

relying on a single approach. Since each method reshapes the data differently, the observed 

discrepancies in results reinforce the need for a broader analysis framework that integrates multiple 

perspectives. This ensures a more robust understanding of the dataset, reducing biases introduced 

by any single transformation and improving the reliability of catalyst optimization strategies. 

6.6 Challenges and recommendations for development of ML models for 

catalytic processes 

The application of ML models trained on literature data presents several challenges, primarily due 

to inconsistencies and varying methodologies employed by researchers when addressing specific 

problems. Therefore, it is crucial to recognize and understand these challenges, particularly in the 

emerging field of ML for catalyst discovery aimed at improving performance and optimizing 

characteristics. In this paper, we outlined several key issues encountered during our research: 

A) Bias in literature data: Published scientific data in the field of heterogeneous catalytic 

reactions, as for many other fields, tend to disproportionately represent positive and successful 

outcomes, neglecting failed experiments that could significantly enrich the databank and lead to 
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more robust models. To address this issue, synthetic and logically derived data were incorporated 

into the databank. However, the resulting model performance was suboptimal, largely due to the 

limited size of the databank, where even minor disturbances may cause substantial 

misinterpretations. 

Table 6.4. Highlights of the Pareto fronts obtained from the different scenarios. 

 Variables Scenario 1: 

Uniform quantile 

Scenario 2: 

Normal quantile 

Scenario 3: 

Box-Cox 

Scenario 4: 

No 

transformation 

Highest  

conversion 

Conversion (%) 99 99 99 93 

Productivity (mol SO3/kgcat·s) 0.0046 0.0046 0.0044 0.0041 

Cost ($/kg) 43 158 53 177 

Temperature (°C) 370 540 313 447 

W/V (kgcat·s/L) 0.97 0.97 0.99 1.00 

Potassium (wt%) 4.91 18.42 3.87 18.42 

Vanadium (wt%) 0.35 0.35 8.00 8.00 

Highest  

productivity 

Conversion (%) 89 66 97 87 

Productivity (mol SO3/kgcat·s) 0.20 0.15 0.11 0.20 

Cost ($/kg) 177 177 177 166 

Temperature (°C) 605 570 490 436 

W/V (kgcat·s/L) 0.02 0.02 0.04 0.02 

Potassium (wt%) 18.42 18.42 18.42 18.42 

Vanadium (wt%) 8.00 8.00 8.00 3.88 

Lowest  

cost 

Conversion (%) 96 91 95 44 

Productivity (mol SO3/kgcat·s) 0.2 0.004 0.08 0.1 

Cost ($/kg) 1 1 1 13.5 

Temperature (°C) 390 526 462 504 

W/V (kgcat·s/L) 0.2 0.97 0.04 0.02 

Potassium (wt%) 0.018 0.018 0.018 1.00 

Vanadium (wt%) 0.352 0.352 0.352 2.00 

Champion Conversion (%) 89 66 97 87 

Productivity (mol SO3/kgcat·s) 0.20 0.15 0.11 0.20 

Cost ($/kg) 177 177 177 163 

Temperature (°C) 605 570 490 436 

W/V (kgcat·s/L) 0.02 0.02 0.04 0.02 

Potassium (wt%) 18.42 18.42 18.42 18.10 

Vanadium (wt%) 8.00 8.00 8.00 3.88 
 

B) Impact of missing data: The absence of some critical data poses significant challenges to 

the construction of reliable models, as essential information—pertaining to catalyst properties or 

synthesis characteristics such as pore size, particle size, preparation methods, morphology, 



203 

 

calcination temperature, and specific surface area—had to be excluded. Attempts were made to 

predict these missing values using ML models, but due to very weak correlations among variables, 

the predictions lacked accuracy, necessitating the removal of this data from the databank. 

C) Limited data range: For certain catalysts, the available data range was too limited to warrant 

meaningful inclusion in the databank. Initially, the databank contained 26 catalysts and promoters, 

but following two rounds of screening, only 14 candidates remained. Typically, training and 

testing datasets used for model evaluation share the same distribution. However, during the 

optimization process, the model often encounters new search spaces beyond its training 

experience. This extrapolation can reduce model reliability, suggesting that alternative approaches 

may be necessary to achieve more robust and dependable results. 

D) Catalyst quantity and reaction equilibrium: An excessive amount of catalyst in reversible 

reactions does not necessarily result in higher conversion, as equilibrium may be reached with a 

smaller quantity. In experimental settings, excess catalysts are often used by default to ensure 

sufficient conversion, but this practice may introduce bias toward full conversion into the model. 

E) SO2 conversion data: In the catalytic conversion of SO2 to SO3, two distinct ranges of SO2 

mole fractions were observed—those relevant to desulfurization and those related to H₂SO₄ 

production. While both applications were incorporated into the databank, this study presents 

results from the latter. A more comprehensive understanding would require investigation of the 

desulfurization process, and future studies should examine these applications separately, 

comparing the outcomes. 

F) Time-consuming data collection: The process of data collection is labour-intensive and 

time-consuming, as relevant data are scattered across various published papers. Researchers must 

diligently search for pertinent publications, carefully select those of value, and extract data sample 

by sample. 

G) Non-standardized and unreliable data: Published data may not always reflect actual 

experimental conditions accurately, requiring researchers to rely heavily on the integrity of the 

data. Furthermore, there is no standardized protocol for reporting or collecting data, which 

introduces additional challenges in ensuring data reliability. 
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For future research and to enhance the application of ML in catalyst design and optimization 

(especially the catalytic conversion of SO2 to SO3), several key recommendations can be made: 

A) Comprehensive data reporting: It is essential to report as much data as possible. This 

includes the active phase concerning the overall catalyst mass, catalyst preparation methods, 

catalyst properties such as void fraction and density, and other relevant parameters. Detailed data 

reporting will significantly improve the quality and accuracy of ML models, leading to better 

predictions and optimizations. 

B) Data sharing and accessibility: Making data more accessible is crucial. Currently, in ML-

based studies, supporting materials are often included as additional documents. This practice 

should be adopted in research on the catalytic conversion of SO2, with supplementary materials 

providing detailed experimental data. Additionally, publishing data in formats like Excel 

spreadsheets alongside supporting documents would facilitate easier data collection and usage by 

other researchers. 

C) Standardization of experimental data collection: To ensure consistency and reliability 

across different studies, there could be a standardized procedure for experimental data collection. 

Establishing a coherent and uniform approach would lead to more robust data reporting, which 

would reduce missing values and increase the overall integrity of the dataset. This standardization 

would enable researchers to better use ML models by working with high-quality, consistent data. 

D) Need for more experimental data: To develop more reliable ML models, additional 

experiments are required to generate larger datasets. These expanded datasets would enhance the 

model's ability to make reliable predictions and enable the use of optimization techniques for the 

discovery of new catalysts. A larger volume of data would improve the extrapolation capabilities 

of the models, leading to more innovative breakthroughs in catalyst design. 

In conclusion, future research should focus on detailed data reporting, promoting data 

accessibility, standardizing experimental procedures, and generating more experimental data to 

advance the integration of ML in catalyst optimization and discovery. This aligns with the growing 

trend among scientific journals requiring data availability statements, supporting materials with 

additional data, and access to raw data to ensure transparency and reproducibility in research. 

Linking these efforts to existing guidelines, such as those outlined by Elsevier for data availability 
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statements [73], further emphasizes the importance of adopting robust data-sharing practices to meet 

current publishing standards and foster trust in ML-driven discoveries. Moreover, to further inform 

the next steps in both experimental and modelling research, a systematic approach to integrating 

experimental findings into ML frameworks should be explored. This includes developing hybrid 

modelling techniques that combine first-principles simulations with ML algorithms to enhance 

predictive accuracy. Additionally, establishing benchmark datasets and validation protocols would 

allow for consistent model assessment across different studies. Collaboration between 

experimentalists and data scientists should also be strengthened to ensure that ML models are 

trained on high-quality, domain-relevant data, ultimately leading to more efficient catalyst design 

and optimization strategies. 

6.7 Conclusion 

This study has demonstrated the potential of integrating ML techniques with MOO for catalyst 

design and process optimization in SO2 oxidation. By employing rigorous data preprocessing, 

ANN modelling, and MOO, a robust methodology has been developed to identify promising 

catalyst formulations and operating conditions. The research has yielded several notable outcomes. 

High-performing ANN models were developed, accurately predicting SO2 conversion with strong 

correlations observed between predicted and actual values. The successful application of MOO 

elucidated the complex trade-offs between conversion, productivity, and cost in SO2 oxidation 

catalysis, providing critical insights into the optimization process. 

The NFM technique was utilized to rank solutions based on expert preferences. Optimal 

ranges for critical variables were identified, including a temperature range of approximately 420–

436°C, near the reaction's strike temperature; a W/V ratio of 0.02–1.0 kgcat·s/L, depending on the 

optimization priority; vanadium content between 3.88–8.00 wt%, with higher values generally 

improving performance; and potassium content consistently high at 18.10–18.42 wt% across 

different scenarios. High-performance benchmarks were achieved, with maximum SO2 conversion 

reaching up to 99% under optimal conditions, the highest productivity recorded at 0.2 mol 

SO3/kgcat·s, and the resulting operating configurations (temperature, W/V ratio, and K/V loadings) 

achieving 87–97% conversion with productivity of 0.11–0.20 mol SO3/kgcat·s representing an 

optimal cost-performance ratio. 
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The study further demonstrated the interplay between catalyst composition and reaction 

conditions, emphasizing the critical role of temperature and W/V ratio in balancing conversion 

and productivity. These findings provide valuable insights for catalyst design and process 

optimization in SO2 oxidation. The methodology developed in this research, combining data-

driven modelling with MOO and MCDM, offers a powerful tool for navigating the complex 

parameter space of catalytic reactions. This approach not only aids in optimizing existing catalytic 

systems but also establishes a framework for the rational design of new catalysts with enhanced 

performance characteristics. The insights and methodologies developed here pave the way for 

significant advancements in industrial processes relying on SO2 to SO3 conversion, contributing 

to more efficient and effective catalyst design strategies. 
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7.1 Abstract 

Selective hydrogenation often involves competing hydrogenation pathways of different functional 

groups, where catalyst, reactive environment and operating conditions jointly determine whether 

the desired transformation is favoured. In this study, we develop and benchmark data-driven 

models to predict conversion and yield for a hydrogenation dataset comprising 10 substrates and 

10 catalysts evaluated over a range of temperatures, pressures, and flow rates. Two preprocessing 

strategies were investigated: (i) categorical representations using one-hot encoding for both 

substrates and catalysts, and (ii) a structure-informed representation combining RDKit-derived 

substrate descriptors with one-hot catalyst encoding. In the latter case, descriptor dimensionality 

was reduced via random forest (RF) feature importance to yield a compact set applied uniformly 

across all prediction targets. A total of sixteen machine learning (ML) models were trained to 

predict conversion and yield as separate targets, with hyperparameters optimized via cross-

validation and performance assessed using a leave-one-experiment-out protocol that holds out an 

entire substrate–catalyst pair to evaluate generalization to previously unseen chemistry 

combinations. Predictive accuracy was found to depend strongly on the choice of chemical 

representation, with descriptor-based substrate features providing substantial improvements in out-

of-sample performance relative to purely categorical encodings. The best-performing trained 
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predictors were then integrated within a genetic algorithm (GA) formulated to maximize a 

chemoselectivity objective defined as the difference between the desired yield and undesired 

conversion across ordered substrate pairs. This integration produced an ordered-pair selectivity 

landscape together with corresponding catalyst recommendations. Finally, k-means clustering of 

GA-optimal operating conditions identified a small number of recurring temperature–pressure–

flow rate regimes linked to high chemoselectivity, providing an interpretable summary of how 

optimal operating sets vary across competing substrate types. Collectively, the proposed workflow 

integrates predictive modelling and optimization to deliver actionable guidance for catalyst and 

reaction condition selection in competitive hydrogenation systems. 

Keywords: selective hydrogenation; chemoselectivity; machine learning; genetic algorithm; 

operating condition clustering 
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7.2 Introduction 

Transition-metal-catalyzed hydrogenation is a foundational reaction in chemical synthesis, having 

high importance for the selective reduction of unsaturated functionalities in pharmaceuticals, fine 

chemicals, polymers, agrochemicals, and bio-derived intermediates [1]. Its widespread applicability 

stems from the ability of metal catalysts to activate H2 and mediate diverse reaction pathways with 

high intrinsic activity. However, as molecular architectures become increasingly complex and 

polyfunctional, achieving chemoselectivity (preferential reduction of one functional group in the 

presence of others) has emerged as a persistent and technically demanding challenge. 

Chemoselective outcomes reflect a subtle interplay among adsorption strength, transition-state 

energetics, hydrogen availability, and the geometric and electronic structure of catalytic sites [2–4]. 

In practice, heterogeneous catalysts exhibit substantial structural heterogeneity, presenting 

terraces, edges, steps, and defect sites that can evolve dynamically under reaction conditions [5]. 

As a result, selectivity becomes highly sensitive to subtle variations in catalyst structure, support 

interactions, and reaction environment. 

The inherent difficulty of rationalizing chemoselective hydrogenation is well documented 

across diverse reaction types. In the hydrogenation of halonitroarene, for example, the desired 

reduction of the nitro group must proceed in the presence of reducible aromatic or halide groups 

[6]. Conventional Pt, Ru, and Ni catalysts often promote undesired over-hydrogenation, whereas 

tailored systems such as TiOx-modified nanoparticles can shift selectivity by altering adsorption 

motifs [7]. Comparable complexity is observed in heteroarene hydrogenation, where heteroatom 

coordination and aromatic stabilization exert strong control over pathway preference [8]. Similarly, 

in the reduction of α,β-unsaturated carbonyl compounds, the competition between C=C and C=O 

hydrogenation is governed by a coupled dependence of metal identity, support acidity, and solvent 

effects, each of which modulates selectivity [1]. Biomass-derived substrates such as levulinic acid 

introduce additional layers of complexity due to solvent-mediated transformations and 

intramolecular rearrangements [9]. Collectively, these examples illustrate that chemoselectivity is 

highly system-specific and, as a result, broad mechanistic generalizations remain difficult to 

establish. 

Hydrogenation catalysts encompass a broad spectrum of material classes across both 

homogeneous and heterogeneous systems, each offering distinct advantages and limitations [10–12]. 
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Homogeneous catalysts provide well-defined molecular active sites and can deliver exceptional 

chemo-, regio-, and enantioselectivity through precise ligand control. However, they also generate 

vast combinatorial design spaces that are difficult to explore experimentally and may require more 

demanding purification to minimize residual metal and ligand content [13,14]. In contrast, 

heterogeneous catalysts are attractive due to their ease of separation and reuse, compatibility with 

continuous processing, and the breadth of tunable parameters, including particle size, support 

interactions, alloying, and interfacial design, that enable fine control over performance. These 

features have made supported nanoparticles, alloys, intermetallic phases, and single-atom catalysts 

as central platforms in selective hydrogenation research [1,15]. Industrial hydrogenation processes 

introduce additional layers of complexity due to multiphase transport limitations, high-pressure 

effects, and catalyst restructuring under operational conditions [16–18]. Collectively, the 

multidimensional nature of catalyst architecture, substrate structure, and process variables renders 

the discovery of chemoselective hydrogenation catalysts highly challenging when relying largely 

on intuition-driven or trial-and-error approaches. As a result, data-driven methodologies based on 

machine learning (ML) have emerged as powerful tools for linking catalyst composition, electronic 

structure, and reaction conditions to hydrogenation performance across transition-metal systems 

[19]. 

Growing recognition of these limitations has motivated increasing interest in ML, which 

enables the extraction of structure-reactivity relationships from experimental or computational 

datasets [20,21]. In homogeneous asymmetric hydrogenation, ML models have successfully 

correlated steric and electronic ligand descriptors with enantioselectivity, thereby accelerating 

ligand optimization and reducing reliance on exhaustive screening [14]. The emergence of large, 

curated datasets for asymmetric hydrogenation reactions has supported hierarchical learning 

strategies capable of generalizing across substrate and catalyst families [22]. ML has also been 

widely applied to heterogeneous hydrogenation, where models trained on nanoparticle size, 

morphology, alloy composition, and support effects have provided insight into active-site motifs 

and selectivity trends [1,5]. In the context of biomass hydrogenation, ML has been integrated with 

the genetic algorithm (GA) to optimize catalyst-condition combinations for reactions such as the 

conversion of levulinic acid to γ-valerolactone [9]. Additional studies have used artificial neural 

networks (ANNs), random forests (RF), and boosted models to demonstrate strong predictive 

performance for ester, ketone, carbonyl, and nitro reductions, capturing nonlinear effects of 
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molecular structure and process variables [14,17,23,24]. Beyond these specific applications, broader 

ML frameworks have examined descriptor selection, learning under sparse data regimes, and the 

integration of ML with high-throughput experimentation [10,11,25]. 

Together, these studies demonstrate that ML can successfully model diverse aspects of 

hydrogenation chemistry, including reaction yields, rates, and stereoselectivities, while also 

elucidating the molecular and operational features that govern catalytic performance. Despite this 

progress, most existing ML works remain confined to narrow reaction classes or catalyst families. 

As a result, they do not address the broader challenge of chemoselective hydrogenation of 

multifunctional substrates, where multiple reducible groups compete under identical conditions. 

The present work presents the development of a ML framework to inform chemoselective 

hydrogenation across diverse catalysts, substrates, and reaction conditions using an experimental 

hydrogenation dataset. Data were generated using the H-Cube continuous-flow hydrogenation 

platform [26]. Using this platform, 500 experimental hydrogenation data points were generated and 

curated for subsequent modelling. Two complementary representative strategies are constructed, 

combining one-hot encoding with cheminformatics-derived substrate descriptors. These 

representations are systematically evaluated across sixteen ML models, and the optimal model was 

selected based on predictive accuracy and generalization performance. The final model was 

subsequently integrated with a GA to identify catalyst-condition combinations that maximize 

chemoselectivity, thereby enabling data-driven exploration and optimization of hydrogenation 

reactions. To further interpret the optimized solutions, principal component analysis (PCA) and k-

means clustering were applied to the GA-derived optima, providing an interpretable summary of 

how high-chemoselectivity solutions are organized in the temperature–pressure–flow-rate space. 

Overall, the framework is designed not only to estimate reaction outcomes but also to support 

catalyst selection, guide experimental planning, and extract interpretable meaningful patterns from 

optimized reaction conditions. 

7.3 Methodology 

7.3.1 Problem statement, experimental setup, and dataset 

Several previous studies on catalyst selection have relied on large, publicly available reaction 

databases, such as Reaxys and Scifinder, while others have analyzed proprietary reaction data 

generated within the pharmaceutical industry [27–30]. In both cases, the resulting datasets are 
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strongly biased toward successful, high-yielding reactions and “best-in-class” reaction conditions. 

In contrast, achieving chemoselective hydrogenation requires identifying a catalyst that is highly 

reactive toward the desired functional group while exhibiting minimal or no reactivity toward other 

functional groups that must be preserved. However, public datasets largely lack the low-yielding 

or unproductive reactions that are essential for understanding and modelling chemoselectivity. 

This limitation motivated us to design an unbiased dataset that captures diverse chemical space 

rather than focusing exclusively on optimal reaction conditions. 

We employed a continuous-flow hydrogenation platform (H-Cube) to obtain experimental 

data allowing for catalyst-substrate performance modelling.  This flow system provides control 

over key reaction parameters, including temperature, pressure and residence time, owing to its 

enhanced heat and mass transfer characteristics relative to batch reactors [31]. The use of sealed, 

pre-packed catalyst cartridges further enables continuous introduction and collection of reaction 

mixtures while avoiding direct handling of pyrophoric heterogeneous catalysts. The functional 

groups selected for this study reflect their prevalence in medicinal and process chemistry, such as 

nitro and alkene reductions and debenzylation reactions, as well as their importance as 

diversification handles, including ketones, aryl chlorides and bromides [32]. Aromatic ring 

reductions (pyridine, pyrrole, naphthalene) were also included to capture structural motifs 

commonly found in bioactive molecules, which often contain both the aromatic and functional 

moieties [33]. Investigating model substrates bearing a single functional group enables extension of 

the results to more complex molecules with multiple functionalities. This strategy parallels 

fragment-based screening approaches widely used in drug discovery and reaction development 

[34,35]. Hydrogenation reactions were carried out using a diverse set of metal catalysts on various 

supports, spanning highly reactive systems (Pd-based catalysts), moderately reactive catalysts 

(Pt/C, Ru/C, Raney-Ni), and catalysts reported to promote chemoselective reduction of nitro 

groups and alkenes (Pt(V)C, Au/TiO2, Ir/CaCO3). Five operating-condition levels were selected 

across the experimental campaign: temperature was varied from 25 to 85 °C, pressure from 25 to 

85 bar, and flow rate from 3 to 1 mL/min (Figure 7.1). To isolate catalyst-functional group 

interactions, other variables, including solvent type (EtOH), substrate concentration (0.01 M), and 

reactor configuration, were kept constant. 
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Figure 7.1. Chemical space of hydrogenation reactions covered in this work. Relevant functional 

group classes were represented by model substrates and reduced under a diverse set of catalytic 

reaction conditions. 

7.3.2 Machine learning models 

The model development workflow is summarized in Figure 7.2, which outlines the input variables, 

preprocessing procedures, the evaluated learning algorithms and the resulting outputs. As outlined 

in the previous section, several experimental factors, such as solvent type, substrate concentration, 

and H2 flow rate, were held constant across all runs. Because these variables exhibited no variation, 

they cannot explain observed variability in reaction outcomes and therefore provide no statistical 

significance for supervised learning. Consequently, the ML input space was restricted to variables 

that were intentionally varied in the dataset and that possess expected mechanistic relevance to 
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catalytic performance. Accordingly, the final set of predictors comprised substrate type, catalyst 

type, and the operating conditions (temperature, pressure, and flow rate). Two preprocessing 

strategies were used for these input variables, as described in detail in Section 7.3.3. 

 

Figure 7.2. Overview of the ML framework used in this study. Selected experimental inputs are 

provided to a suite of regression models, which are trained and compared to predict key reaction 

performance metrics. 

Using this input set, sixteen ML models were trained and benchmarked to predict two key reaction 

performance metrics: conversion and yield. Evaluating a diverse collection of algorithms enables 

coverage of a broad spectrum of functional relationships, from strictly linear dependencies to 

highly nonlinear, interaction-rich mappings. This diversity is essential because catalytic systems 

often exhibit threshold behaviour, synergistic interactions between catalyst and substrate identity, 

and non-additive responses to operating conditions [20,36]. The evaluated models included four 

linear and regularized-linear models: Ridge regression [37], Lasso regression [38], Elastic Net 

regression (EN) [39], and Bayesian Ridge regression (BRR) [40]. These approaches provide strong 

baselines, particularly when the underlying structure is approximately additive or when 

interpretability of coefficient estimates is desirable. Regularization via L1 and L2 penalties 

stabilizes parameter estimation in the presence of correlated predictors and mitigates overfitting, 

while Bayesian Ridge adds a probabilistic prior structure that yields shrinkage and enhances the 

robustness of inferred coefficients. 



223 

 

To capture nonlinear relationships and higher-order interactions, we also trained eight tree-

based models, including both a single-tree baseline and multiple ensemble variants: decision tree 

(DT) [41], RF [42], bagging regressor [43], extremely randomized trees (ET) [44], gradient boosting 

(GB) [45], eXtreme gradient boosting (XGBoost) [46], light gradient boosting machine (LightGBM) 

[47], and CatBoost [48]. DTs construct a hierarchical set of if–then rules by recursively partitioning 

the feature space into regions with relatively homogeneous target values. This structure naturally 

captures threshold behaviour (e.g., performance changes above a certain temperature) and 

interaction effects (e.g., substrate-specific sensitivity to pressure). Ensemble methods further 

enhance robustness and predictive accuracy by aggregating the predictions of multiple trees. 

Bagging-based approaches, such as RF and Bagging, reduce variance by averaging predictions 

from trees trained on bootstrap-resampled data. ETs introduce additional randomness in split 

selection, which enhances generalization by decorrelating individual trees. Boosting-based 

approaches (GB, XGBoost, LightGBM, CatBoost) build models sequentially, with each new tree 

trained to correct the residual errors of the current ensemble, yielding strong performance on 

complex tabular datasets. In particular, XGBoost and LightGBM implement optimized boosting 

frameworks that incorporate regularization and computational efficiencies, while CatBoost is 

specifically designed to handle categorical variables effectively and to mitigate common sources 

of bias and leakage associated with categorical encoding. 

Finally, we included four additional “standard” ML models that represent distinct modelling 

paradigms: k-nearest neighbours (KNN) [49], Gaussian process regression (GPR) [50], support 

vector regression (SVR) [51], and artificial neural networks (ANNs) [52]. KNN is an instance-based 

method that predicts outcomes by averaging the responses of the most similar experiments in 

feature space, making it effective when local similarity is meaningful. GPR is a kernel-based 

probabilistic approach that places a prior distribution over functions and generates predictions as 

posterior means accompanied by uncertainty estimates, which is advantageous for small datasets 

where quantifying uncertainty is particularly valuable. SVR fits a margin-based regression 

function that is robust to noise within an ε-insensitive band and can capture nonlinear relationships 

through kernel transformations. ANNs learn flexible nonlinear mappings through layered 

transformations of the input variables, allowing approximation of complex functional relationships 

when sufficient data and appropriate regularization are available. 
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All sixteen models were trained to learn the mapping from the selected experimental inputs 

(substrate, catalyst, temperature, pressure, and flow rate) to the two performance targets 

(conversion and yield). Conversion represents the percentage of the starting substrate consumed 

during the reaction, whereas yield quantifies the amount of desired product formed relative to the 

theoretical maximum obtainable from the initial substrate. This systematic benchmarking 

framework was designed to identify the best-performing model, defined as the model achieving 

the highest predictive accuracy for both outputs. At the same time, the comparison provides insight 

into the nature of the underlying input–output relationships: whether they are sufficiently captured 

by linear effects, require nonlinear models capable of representing interaction terms, or benefit 

from more flexible function approximators capable of modelling complex, high-dimensional 

dependencies. 

7.3.3 Data preprocessing 

In the data preprocessing stage, which is one of the most consequential steps in building reliable 

ML models [53,54], all continuous variables were min–max normalized to the [0,1] interval. This 

normalization places predictors on a common scale and promotes numerically stable training 

across diverse model classes. For the categorical input variables (substrate type and catalyst type; 

10 classes each), two complementary feature-representation strategies were implemented to 

evaluate the trade-off between purely categorical encoding and chemically informed descriptor-

based representations. 

In the first representation strategy, substrate and catalyst identities were both encoded via one-

hot encoding, yielding a sparse binary set that treats each class as distinct and non-ordinal. This 

approach offers a transparent baseline and avoids introducing external chemical assumptions into 

the feature space. In the second strategy, catalyst identity was again represented by one-hot 

encoding, while the substrate was described using molecular descriptors. Because comprehensive 

descriptors for organic molecules can be computed reproducibly from molecular structure using 

the RDKit Python toolkit [55], a broad set of substrate descriptors (exceeding 200 features per 

substrate) was extracted to capture physicochemical and topological information for each 

substrate. However, using the full descriptor set would substantially increase the dimensionality 

of the feature space relative to the dataset size, potentially amplifying noise, increasing model 

complexity, and degrading generalization performance. 
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To construct a compact descriptor subset that preserves predictive signal while controlling 

dimensionality, RF feature-importance analysis [56] was conducted separately for conversion and 

yield (Figure 7.3). Performing this screening on a per-target basis is important, as the molecular 

features governing overall reactant consumption (conversion) may differ from those influencing 

product-forming pathways and selectivity losses that ultimately determine yield. For each target, 

the ten highest-ranking descriptors were retained. As shown in Figure 7.3, four descriptors were 

consistently identified as highly influential for both outputs, while the remaining top-ranked 

descriptors differed between conversion and yield. Taking the union of both sets resulted in sixteen 

unique substrate descriptors for subsequent modelling. 

 

Figure 7.3. RF–based feature-importance ranking of substrate molecular descriptors for predicting 

conversion and yield. Importance scores were computed separately for each target to account for 

target-specific descriptor relevance. The top ten descriptors per target were selected; four 

descriptors were common to both lists, and the remaining descriptors were target-specific, yielding 

sixteen unique descriptors used as the shared substrate descriptor set for model training. 
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To ensure methodological consistency and enable direct comparison across outputs, the final 

modelling stage used a shared feature space: models for both conversion and yield were trained 

using the same set of sixteen substrate descriptors, together with the encoded catalyst identity and 

normalized continuous operating variables. This unified representation balances chemical 

expressiveness with model tractability and supports a fair, aligned evaluation of predictive 

performance across the two targets. 

Table 7.1 summarizes the final set of substrate descriptors retained for model development 

and groups them into the corresponding RDKit descriptor families. The selected features span 

topological and fragment-count descriptors (capturing ring content and key substructures), 

connectivity, shape and structural complexity indices (quantifying branching patterns and higher-

order molecular topology), BCUT eigenvalue descriptors (encoding connectivity weighted by 

atomic properties such as charge and refractivity), and several surface-area–binned descriptors that 

aggregate molecular van der Waals surface contributions across bins of partial charge, molar 

refractivity, and electrotopological state. In addition, a small set of physicochemical property 

descriptors characterizes global molecular attributes such as size, mass, polarizability, and 

hydrophobicity [55]. It should be noted, however, that descriptor selection was based solely on the 

RF feature-importance analysis rather than by any assumed or established mechanistic relationship 

between these descriptors and hydrogenation behaviour. 

Table 7.1. Summary of the selected RDKit substrate descriptors used for model development, 

including a brief definition of each descriptor and its corresponding descriptor category [55]. 

Descriptor Name Description Categories 

NumAromaticCarbocycles 
Counts the number of aromatic carbon-only 

ring systems in the molecule. 

Topological / 

fragment count 

BCUT2D_MRHI 

A BCUT (Burden eigenvalue) descriptor 

capturing an upper-end value derived from 

atomic connectivity weighted by molar 

refractivity-related properties. 

2D eigenvalue / 

topological (BCUT) 

PEOE_VSA2 

Total van der Waals surface area contribution of 

atoms falling in a specific partial-charge bin 

from PEOE charges. 

Charge–surface area 

(VSA) 

BCUT2D_CHGLO 

A lower-end BCUT (Burden eigenvalue) 

descriptor derived from connectivity weighted 

by atomic partial charge. 

2D eigenvalue / 

topological (BCUT) 

Chi0v 

The valence connectivity index of order 0 

summarizing overall branching based on 

valence states. 

Topological 

connectivity (Chi 

index) 
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MolWt 
The molecular weight calculated as the sum of 

atomic masses of the molecule. 

Physicochemical 

(size/mass) 

BertzCT 

A graph-theoretic complexity measure 

reflecting structural complexity and branching 

in the molecular graph. 

Topological 

complexity 

SMR_VSA9 

Total van der Waals surface area of atoms 

whose fragment-based molar refractivity 

(SMR) falls within a defined bin. 

Fragment-property–

surface area (VSA) 

Chi4v 

The valence connectivity index of order 4 

capturing more distant (higher-order) 

connectivity patterns in the molecular graph. 

Topological 

connectivity (Chi 

index) 

EState_VSA9 

Total van der Waals surface area of atoms 

whose electrotopological state (EState) values 

fall within a defined bin. 

EState–surface area 

(VSA) 

HeavyAtomMolWt 
The molecular weight considering only non-

hydrogen (heavy) atoms. 

Physicochemical 

(size/mass) 

fr_benzene 
Indicates (counts) the presence of benzene ring 

fragments in the structure. 

Fragment count 

(substructure) 

MolMR 
The molar refractivity, a proxy for molecular 

polarizability derived from fragments/structure. 

Physicochemical 

(polarizability) 

HallKierAlpha 

A shape/size correction factor related to 

molecular flexibility and deviation from 

idealized carbon frameworks. 

Topological / shape 

(Hall–Kier) 

SMR_VSA10 

Total van der Waals surface area of atoms 

whose SMR values fall within another (higher) 

predefined bin. 

Fragment-property–

surface area (VSA) 

MolLogP 

An estimated octanol/water partition coefficient 

reflecting overall hydrophobicity 

(lipophilicity). 

Physicochemical 

(lipophilicity) 

 

7.3.4 Data splitting and hyperparameter tuning 

To evaluate model generalization and more effectively capture interactions among the input 

variables, we did not use a conventional random partitioning of the dataset into training and test 

subsets. Instead, we adopted a leave-one-experiment-out evaluation strategy, which provides a 

more rigorous assessment of a model’s ability to extrapolate to previously unseen chemical 

systems [16]. In this approach, an entire experiment corresponding to a randomly selected substrate–

catalyst combination was withheld as the test set. Each held-out experiment comprised five 

measurements collected under distinct operating conditions; thus, the test set consisted of five data 

points representing one substrate–catalyst pair. The remaining 495 observations were used for 

model training. This protocol avoids information leakage across closely related data points and 

provides a more stringent assessment of predictive performance for new substrate–catalyst 

combinations. For ANN models, an additional 10% of the remaining training data was reserved as 
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a validation set during training. Model performance was quantified using mean squared error 

(MSE) and the coefficient of determination (R2). MSE quantifies the average squared prediction 

error, with lower values indicating better accuracy. R2 measures the proportion of variance 

explained relative to a mean-only baseline, with higher values indicating stronger predictive 

agreement. 

Hyperparameter tuning [57] was performed for each of the sixteen ML models under every 

preprocessing strategy to ensure a fair and unbiased comparison across algorithms. For each 

model, a predefined grid of candidate hyperparameter values was evaluated using GridSearchCV 

with five-fold cross-validation applied to the training set. In this procedure, the training data set 

was partitioned into five folds; models were iteratively trained on four folds and validated on the 

remaining fold, cycling through all folds so that each subset served once as the validation set. 

Cross-validated performance was then aggregated across folds for each hyperparameter 

combination, and the configuration yielding the highest mean performance was selected as the 

final setting for that model. The selected hyperparameters were then used to refit the model on the 

full training dataset, after which performance was evaluated on the held-out test set.  

7.3.5 Optimization  

After identifying the best-performing ML models for predicting conversion and yield, the final 

stage of this work applies GA [58] to search the catalyst space and operating-condition domain for 

combinations that maximize chemoselective performance. In this optimization framework, the 

operating conditions were allowed to vary within their prescribed decision-space bounds, enabling 

simultaneous optimization of both catalyst choice and reaction conditions. Rather than optimizing 

each substrate independently, we define a unified chemoselectivity score that reflects the desired 

preferential hydrogenation of one functional group in the presence of another. Specifically, the 

chemoselectivity metric rewards conditions that deliver a high yield for the desired reaction while 

penalizing conversion associated with an undesired, competing reaction. The resulting objective 

function therefore maximizes the difference between the predicted yield of the desired reaction 

and the predicted conversion of the undesired reaction. In doing so, it favours catalyst-condition 

combinations that selectively hydrogenate the target functional group while suppressing reaction 

at the competing functional group. 
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Given the ten available substrates, we evaluated all ordered substrate pairs, resulting in 90 

distinct desired–undesired combinations. For each combination, the GA was applied to identify 

the catalyst and operating conditions that maximize the chemoselectivity score. In addition, to 

enable catalyst-level performance assessment, the GA was executed separately for each of the ten 

catalysts on every ordered pair (10 × 90 = 900 optimizations), with catalyst identity held fixed 

while temperature, pressure, and flow rate were optimized. The chemoselectivity objective is 

defined in Equation (7.1): 

𝐶𝑆 = 𝑌𝑑𝑒𝑠𝑖𝑟𝑒𝑑 − 𝑋𝑝𝑟𝑜𝑡𝑒𝑐𝑡𝑒𝑑  (7.1) 

where CS is the chemoselectivity score, 𝑌desired is the predicted yield of the desired product from 

the target functional group, and 𝑋protected is the predicted conversion of the functional group 

intended to remain unreacted. 

Based on Equation (7.1), the optimal catalyst and corresponding operating conditions were 

identified and reported for each pair of functional groups exhibiting competing reactivity. To 

further interpret the GA-derived optima and to elucidate operating-condition regimes associated 

with high chemoselectivity, we applied k-means clustering [59] to the set of optimal solutions using 

temperature, pressure, and flow rate as clustering features. Clustering was performed both (i) in 

the original three-dimensional operating-condition space and (ii) after applying principal 

component analysis (PCA) [60] to facilitate visualization and assess whether comparable groupings 

emerge in a reduced coordinate system. The number of clusters k was determined using two 

complementary criteria: the elbow method, based on within-cluster sum of squares (inertia), to 

identify diminishing returns in cluster compactness, and the silhouette coefficient, which was 

maximized to select the value of k that provides the best balance between intra-cluster cohesion 

and inter-cluster separation. 

7.4 Results and discussion 

7.4.1 Model development and predictive performance 

Under Strategy 1, both substrate and catalyst identities are represented using one-hot encoding, 

while the operating conditions are min–max scaled. As shown in Figure 7.4, this representation 

leads to poor generalization performance for conversion prediction under the leave-one-

experiment-out protocol. Although most model families achieve strong apparent fit on the training 
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data, as indicated by high training R2 values, their predictive accuracy deteriorates substantially 

on held-out substrate–catalyst pairs. This behaviour is reflected in pronounced train–test gaps, 

large test-set MSE values, typically on the order of 103, and predominantly negative test R2 values, 

all of which indicate severe overfitting and limited extrapolation capability when chemical identity 

is represented only through categorical encodings. The ANN is a notable exception, exhibiting 

markedly better generalization than the other models. Unlike the other algorithms, the ANN was 

trained using an internal validation set for model selection and early stopping, which effectively 

mitigated overfitting. Under Strategy 1, it achieved MSE values of 191 (train), 205 (validation), 

and 235 (test), with corresponding R² values of 0.90 (train), 0.87 (validation), and 0.54 (test). The 

close agreement between training and validation performance suggests that the validation-based 

training procedure was effective, although the decline in the held-out experiment confirms that 

Strategy 1 still imposes substantial limitations on conversion prediction for unseen substrate-

catalyst combinations.   

 

Figure 7.4. Conversion model performance under Strategy 1 (one-hot substrate and catalyst): 

training vs. test MSE and R2 across sixteen models using leave-one-experiment-out evaluation. 

A similar pattern is observed for yield prediction under Strategy 1, as presented in Figure 7.5. Most 

models again exhibit pronounced train–test gaps and negative test R2 values, indicating out-of-

sample performance inferior to that of a mean-only baseline. Among the evaluated algorithms, ET 
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delivers the strongest overall performance in this setting, achieving the best test metrics, with MSE 

of 394 and R2 of 0.23, while maintaining good training accuracy, with MSE of 307 and R2 of 0.80. 

By contrast, several models that appear highly accurate on the training data, such as KNN and 

GPR, both of which achieve training R2 values near 1.0, fail to transfer this apparent fit to held-

out experiments. This outcome reinforces that in-sample accuracy is not a reliable indicator of 

predictive generalization under the leave-one-experiment-out framework, where extrapolation to 

unseen substrate–catalyst combinations is required. Overall, ET can be regarded as the most robust 

baseline model for yield prediction when only categorical inputs are used. Nevertheless, the 

broader pattern suggests that richer structural information is needed to obtain more reliable and 

transferable yield predictions across previously unobserved chemical systems. 

 

Figure 7.5. Yield model performance under Strategy 1 (one-hot substrate and catalyst): training 

vs. test MSE and R2 across sixteen models using leave-one-experiment-out evaluation. 

Under Strategy 2, catalyst identities remain one-hot encoded, whereas substrates are represented 

using the selected RDKit descriptor set, with operating conditions again min–max scaled. Relative 

to Strategy 1, Figure 7.6 shows a clear improvement in conversion-prediction generalization. 

Several non-neural models exhibit less severe degradation from training to testing, and their test 

R2 values shift closer to zero, with some becoming slightly positive. This indicates that introducing 

substrate molecular descriptors provides a more informative basis for extrapolating to unseen 
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substrate–catalyst pairs than categorical identifiers alone. However, accurately representing the 

molecular attributes that govern hydrogenation behaviour remains challenging. Conversion is 

strongly influenced by the identity and local chemical environment of the functional group 

undergoing hydrogenation, and these chemically decisive effects may not be fully captured by the 

selected descriptor subset. Consequently, substantial train–test gaps persist for many model 

families, and test performance remains weak for most algorithms, reflecting the intrinsic difficulty 

of predicting conversion for entirely unseen chemistry combinations. The ANN again achieves the 

best performance and benefits most strongly from the descriptor-enhanced representation. Using 

an internal validation set for model selection and early stopping, the ANN attained MSE values of 

1 (training), 15 (validation), and 96 (test), with corresponding R2 values of 0.99 (training), 0.99 

(validation), and 0.81 (test). Compared with its performance under Strategy 1, where the test R2 

and test MSE were 0.54 and 235, respectively, Strategy 2 substantially improves held-out 

predictive performance, increasing test R2 from 0.54 to 0.81 and reducing test MSE from 235 to 

96, an approximately 59% decrease in test error. These results demonstrate that substrate 

descriptors substantially improve conversion predictability and that the ANN is particularly 

effective at leveraging this richer molecular representation to generalize across previously unseen 

substrate–catalyst pairs.  

Yield prediction also improves substantially under Strategy 2, as shown in Figure 7.7, 

although the extent of improvement remains model dependent. Several algorithms display less 

pronounced deterioration on the test folds, with test R2 values moving closer to zero relative to 

Strategy 1. Notably, the identity of the best-performing model shifts from ET under Strategy 1 to 

the ANN under Strategy 2. The ANN achieves strong held-out performance, with a test MSE of 

108 and a test R2 of 0.78, while maintaining near-perfect training performance, with MSE of 3 and 

R2 of 0.99. This behaviour suggests that the ANN is able to leverage the descriptor-based substrate 

representation to learn more transferable relationships for yield across unseen substrate–catalyst 

pairs. Because the leave-one-experiment-out protocol withholds an entire substrate–catalyst pair, 

this improvement is more significant than a gain observed under a conventional random split. It 

suggests that the descriptor-based representation enables the model to capture relationships among 

molecular structure, catalyst identity, and operating conditions that can be partially transferred to 

new substrate–catalyst pairs. Rather than relying only on categorical labels, the model can use 

chemically meaningful substrate information to relate unseen substrates to previously observed 
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ones, thereby improving its ability to estimate yield for combinations not present in the training 

data. Among the remaining models, ETs remain comparatively robust, with a test MSE of 487 and 

R2 of 0.05, although they are clearly outperformed by the ANN under Strategy 2. Relative to the 

best-performing Strategy 1 model for yield, namely ET with a test MSE of 394 and R2 of 0.23, the 

ANN under Strategy 2 increases test R2 from 0.23 to 0.78 and reduces test MSE from 394 to 108, 

corresponding to an approximately 73% decrease in test error. These results provide two important 

conclusions. First, the choice of chemical representation strongly controls whether transferable 

information can be extracted from the dataset. Second, the model family determines how 

effectively this information is used. Under the descriptor-based strategy, the ANN appears 

particularly well-suited to capturing nonlinear interactions among substrate descriptors, catalyst 

identity, and operating conditions, whereas ET provides a comparatively robust but less expressive 

alternative. By contrast, several models that achieve excellent in-sample fit fail to generalize to 

held-out substrate–catalyst pairs, indicating that apparent training accuracy is not a reliable 

criterion for model selection in this application. Overall, these results indicate that Strategy 2 yields 

a markedly more predictive model for out-of-sample yield estimation.  

 

Figure 7.6. Conversion model performance under Strategy 2 (RDKit substrate descriptors + one-

hot catalyst): training vs. test MSE and R2 across sixteen models using leave-one-experiment-out 

evaluation. 
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Figure 7.7. Yield model performance under Strategy 2 (RDKit substrate descriptors + one-hot 

catalyst): training vs. test MSE and R2 across sixteen models using leave-one-experiment-out 

evaluation. 

Overall, the benchmarking results show that predictive generalization to unseen substrate–catalyst 

pairs remain challenging and is highly sensitive to the underlying chemical representation. Relative 

to categorical encoding alone, structure-informed substrate representations provide a substantially 

stronger foundation for learning transferable relationships, particularly when paired with flexible 

nonlinear models such as ANNs. 

7.4.2 Chemoselectivity optimization and catalyst recommendation 

Following model development and evaluation, the ANN models identified as the best-performing 

predictors under Strategy 2 were selected for deployment. Specifically, the final ANN models for 

conversion and yield were integrated into the GA-based optimization framework to evaluate 

catalyst–condition combinations and maximize the chemoselectivity objective defined in Equation 

(1). Thus, this stage focuses on optimization using the previously trained and selected predictive 

models, with Figure 7.8 summarizing the resulting deployment-stage optimization. The heatmap 

is organized as an ordered-pair selectivity landscape: the y-axis lists the substrate designated as 

the desired hydrogenation target (Substrate A), and the x-axis lists the substrate treated as the 

competing or undesired reactant (Substrate B). Each cell, therefore, corresponds to a distinct 
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optimization problem of the form “maximize the yield of desired product from Substrate A while 

minimizing the conversion of Substrate B”, and the colour scale reports the highest 

chemoselectivity score achievable for that specific ordered pair.  

 

Figure 7.8. GA-optimised chemoselectivity landscape for ordered substrate pairs using the 

selected best ML predictors from Strategy 2. Each cell represents a substrate pair in which 

Substrate A is targeted for hydrogenation and Substrate B is intended to remain unreacted. Cell 

colour indicates the maximum chemoselectivity score identified by the GA, while the cell label 

indicates the corresponding optimal catalyst. 
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The catalyst label printed within each cell identifies the catalyst that attained the maximum 

chemoselectivity score. Empty cells denote substrate competitions with chemoselectivity scores ≤ 

0%, for which the GA–ML optimization failed to deliver a positive yield–conversion gap. In such 

cases, the heatmap intentionally omits a catalyst label, indicating that no catalyst recommendation 

is made for that ordered pair. Therefore, although 90 ordered substrate competitions were 

evaluated, the heatmap reports optimal catalyst recommendations for only 77 pairs (13 pairs with 

chemoselectivity ≤ 0% are left unlabeled).  

Since the chemoselectivity score is directional, as defined in Equation (7.1), the matrix must 

be interpreted strictly from left to right: swapping A and B changes the optimization objective and 

can lead to a different optimum. Consequently, the map is not intended to be read from bottom to 

top. Diagonal cells (A = B) have no meaningful interpretation under this formulation and are 

therefore omitted. 

From an interpretation perspective, the orange cells indicate substrate competition pairs for 

which the model predicts chemoselectivity magnitude that is both substantial and practically 

meaningful within the explored catalyst and operating-condition space. Specifically, these 

correspond to pairs in which at least one catalyst-condition region is identified where the desired 

product from a substrate is predicted to achieve relatively high yield while the competing substrate 

exhibits comparatively lower conversion. By contrast, the yellow cells correspond to substrate 

pairs for which the model predicts only limited separation between the desired and competing 

responses across the tested hydrogenation conditions. For these pairs, improving the yield of the 

desired reaction is more frequently accompanied by a concomitant increase in conversion of the 

competing substrate, thereby limiting the achievable chemoselective differentiation within the 

studied design space. Accordingly, these results suggest that catalyst selection is pair-specific 

rather than universal. Effective catalyst choices depend on the extent to which the desired pathway 

can be selectively promoted relative to the competing one. 

To extract the maximum interpretive value from Figure 7.8, it is instructive to consider the 

data not solely as a pairwise chemoselectivity map, but also as a catalyst-selection summary. 

Across all ordered substrate pairs, the GA most frequently identified Ni-Raney as the optimal 

catalyst (24/77), followed by 5% Ru/C (10/77), 10% Pd/CaCO3 (9/77), and 10% Pt/C (8/77). This 

distribution is also chemically meaningful when interpreted in relation to catalyst activity. Highly 
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active hydrogenation catalysts, such as Pd-based systems, are not universally selected, as their 

strong activity may also promote conversion of the substrate or functional group intended to 

remain unreacted, thereby reducing the chemoselectivity score. Conversely, catalysts with very 

low intrinsic activity are likewise disfavored; although they may suppress undesired conversion, 

they often fail to provide sufficient yield of the desired transformation. The catalysts most 

frequently identified by the GA, therefore, reflect a balance between activity and discrimination. 

They are active enough to promote the target hydrogenation, but selective enough to limit the 

competing reaction. This behaviour suggests that the optimization framework is not merely 

ranking catalysts by overall hydrogenation activity. Instead, it is identifying catalyst-condition 

combinations that best satisfy the specific selectivity trade-off defined for each ordered substrate 

pair. Interpreted row-wise, the heatmap serves as a catalyst recommendation map for each target 

(Substrate A) under competitive hydrogenation constraints. Some substrates exhibit strong 

associations with a small subset of catalysts, whereas others show a more diffuse distribution 

across competitors. For instance, 1-bromonaphthalene is more often linked to 10% Pd/CaCO3 and 

10% Pt/C, while 1-nitronaphthalene is more frequently associated with 1% Pt(V)/C, with 5% 

Ir/CaCO3 also appearing repeatedly. Likewise, Ni-Raney recurs often for 2-phenylacetophenone 

and naphthalene, and 5% Ru/C appears frequently for tert-butyl 2-phenyl-1H-pyrrole-1-

carboxylate. In contrast, substrates such as 2-chloronaphthalene display a more heterogeneous 

pattern, with no single catalyst emerging as consistently dominant.  

While Figure 7.8 identifies the preferred catalyst for each ordered substrate competition, a 

complementary catalyst-level view of activity is required to establish whether favourable outcomes 

arise from high conversion of the desired substrate, suppression of the competing substrate, or a 

combination of both. Figure 7.9 therefore reports the distributions of GA-optimized Conversion of 

A and Conversion of B for each of the ten catalysts across all 90 directional substrate pairs. For 

every pair (Substrate A, Substrate B), temperature, pressure, and flow rate were optimized 

independently for each catalyst, and the recorded values correspond to the predicted conversions 

at those catalyst-specific optima. Each panel thus summarizes n = 90 independent optimization 

outcomes, providing an unbiased comparison of catalytic activity toward the desired and 

competing substrates across the full competitive design space. The overlays show that catalyst 

performance cannot be described by overall activity alone, but rather by how strongly Conversion 

of A and Conversion of B diverge under optimized conditions. Several Pd-based catalysts, 
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including 5% Pd/C, 10% Pd/CaCO3, and 10% Pd/Al2O3, more frequently accumulate Conversion 

of A near high values while Conversion of B remains comparatively lower or more dispersed, 

consistent with preferential conversion of the desired substrate. In contrast, catalysts such as 1% 

Au/TiO2 and 5% Ir/CaCO3 concentrate both conversions near low values, indicating limited 

activity across much of the competitive matrix even after condition optimization. Materials 

including Ni-Raney and 10% Pt/C exhibit broader or bimodal profiles for both conversions, 

reflecting pronounced pair dependence. Viewed together with Figure 7.8, these distributions 

separate selection frequency from the underlying A–B activity balance: frequent appearance as an 

optimal catalyst does not imply uniformly high Conversion of A and low Conversion of B for 

every competition, but rather favourable discrimination between A and B in specific competitive 

contexts. 

 

Figure 7.9. Distributions of genetically algorithm–optimized Conversion of A (blue) and 

Conversion of B (orange) for each catalyst across all 90 ordered substrate pairs (Substrate A versus 

Substrate B; n = 90 per catalyst). For every catalyst–pair combination, temperature, pressure, and 

flow rate were optimized independently, and the histograms summarize the resulting conversion 

values (10% bins). The dashed line indicates 50% conversion. Catalyst panels are arranged 

according to their frequency of selection as the optimal catalyst. 
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7.4.3 Interpretable analysis of optimized operating-condition regimes 

Figure 7.10 depicts the clustered GA-derived optima projected onto the first two principal 

components (PC1 = 38.8% variance; PC2 = 29.4% variance), with points colored by cluster 

membership and scaled according to chemoselectivity score. The projection reveals that the 

solutions occupy well-defined regions rather than forming a diffuse continuum cloud, indicating 

that the optimization procedure repeatedly converges toward a limited set of recurring operating-

conditions regimes. High-performing solutions are concentrated within a small subset of clusters, 

most notably Cluster 2 (n = 24; mean = 92.5%; range = 77–99%) and Cluster 9 (n = 5; mean = 

96.0%; range = 85–99%), while low-performing solutions occupy separate regions (e.g., Cluster 

6: n = 11; mean = 2.9%; range = -5–28%; Cluster 10: n = 3; mean = 2.0%; range = 1–3%). 

Intermediate clusters exhibit broader score dispersion, reflecting substrate-pair-dependent 

variability in achievable chemoselectivity. 

 

Figure 7.10. PCA visualization of k-means clustering (k = 10) for GA-optimal operating 

conditions (temperature, pressure, flow rate), with point size proportional to the chemoselectivity 

score. 
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Additionally, Figure 7.11 provides the operational interpretation of the clustering results by 

linking chemoselectivity directly to each decision variable and, crucially, to their combined effects. 

The dominant high-chemoselectivity regime (Cluster 2; n = 24) corresponds to a highly consistent 

joint configuration of operating conditions: solutions concentrate at the lowest temperature and 

pressure values explored (approximately 25 °C and 25 bar) while simultaneously favouring the 

upper end of the flow rate range (typically near 3 mL/min). This recurring low–low–high pattern 

(low temperature, low pressure, high flow rate) suggests that many of the best chemoselectivity 

solutions emerge when the GA drives the system toward milder hydrogenation severity (via 

reduced temperature and pressure). This combination appears to sustain the desired transformation 

while limiting the conversion of the undesired substrate. In contrast, the second high-performing 

regime (Cluster 9; n = 5) exhibits a distinct combination of operating conditions. Although it also 

favours relatively high flow rates (>2 mL/min), it departs from the strict low-temperature/low-

pressure corner, indicating that some substrate-competition scenarios require additional driving 

force in at least one of these variables to maintain high yield of the desired product without 

sacrificing selectivity. This regime is narrower and more substrate-pair-specific, yet it achieves 

chemoselectivity values approaching the upper performance limit. 

 

Figure 7.11. k-means clustering results (k = 10) in the original operating-variable space, showing 

chemoselectivity score versus temperature, pressure, and flow rate for the GA-optimal solutions, 

coloured by cluster. 

Clusters exhibiting moderate-to-high mean scores but larger dispersion (e.g., Cluster 7: n = 7; 

mean = 84.6%; Cluster 8: n = 4; mean = 86.3%) reflect mixed joint-condition settings, in which 

high chemoselectivity can be achieved under multiple temperature–pressure combinations, but 
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only for specific substrate pairs. In these clusters, the GA-identified optimal solutions do not 

converge toward a single corner of the operating space, implying that selectivity is governed more 

strongly by substrate identity and how the competing reaction pathways respond to incremental 

changes in operating severity. By comparison, low-score clusters exhibit operating-condition 

combinations that repeatedly fail to create separation between desired and undesired pathways. 

For example, Cluster 6 (n = 11; mean = 2.9%) and Cluster 10 (n = 3; mean = 2.0%) largely occupy 

regions where one or more variables deviate from the favourable low–low–high pattern, producing 

conditions under which both substrates respond similarly. As a result, these regimes offer limited 

capacity to widen the yield–conversion gap defined by the chemoselectivity metric in (Equation 

(7.1)). 

Taken together, Figure 7.10 and Figure 7.11 show that the GA-derived optimal solutions are 

far from arbitrary; rather, they cluster within a small number of recurring temperature–pressure–

flow rate regimes. The most frequently observed high-performance outcomes concentrate in a low-

temperature/low-pressure/high-flow rate region (Cluster 2), whereas a smaller subset achieves 

nearly-maximal chemoselectivity within a distinct regime characterized by high flow rates but 

shifted temperature and pressure requirements (Cluster 9). This structure provides a compact and 

operationally meaningful interpretation of the heatmap results by indicating where high-

chemoselectivity solutions tend to occur in the operating-condition space and how the optimal 

balance of temperature, pressure, and flow rate changes across the most influential clusters. 

Importantly, the combined heatmap and clustering analyses also suggest that chemoselectivity is 

not governed by a single dominant factor across all cases. For some ordered substrate pairs, the 

achievable chemoselectivity appears to be primarily substrate–catalyst dependent, with particular 

catalysts repeatedly favoured regardless of moderate changes in operating conditions. For other 

pairs, the separation between desired and undesired hydrogenation pathways is more strongly 

condition-dependent, requiring specific combinations of temperature, pressure, and flow rate to 

achieve high chemoselectivity. The proposed framework, therefore, provides a way not only to 

recommend catalysts and operating conditions but also to assess whether a given selective 

hydrogenation problem is likely to be governed predominantly by catalyst identity, operating-

condition control, or their interaction.  



242 

 

To further demonstrate the practical applicability of the developed predictive and optimization 

framework, the best-performing ML models were also implemented in an interactive web-based 

application. This application was developed to provide a user-friendly interface for catalyst 

evaluation, selectivity-based comparison, and operating-condition analysis without requiring users 

to directly interact with the underlying modelling code. The app includes two main workflows: 

one for evaluating catalyst performance under predefined operating conditions and another for 

coupling the trained ML models with a genetic algorithm to identify favourable catalyst–condition 

combinations. Since the web application serves as a deployment-oriented extension of the 

modelling framework rather than a core methodological component of the chapter, its detailed 

structure and workflow are presented separately in Appendix C. 

7.5 Conclusion 

This work developed a practical workflow that connects predictive modelling of hydrogenation 

outcomes to chemoselectivity-focused decision support for catalyst and operating-condition 

selection. Sixteen ML models were trained to predict conversion and yield using a leave-one-

experiment-out protocol in which an entire substrate–catalyst pair withheld, enabling the 

evaluation of model generalization to previously unseen chemistry combinations. The results show 

that chemical representation supports the model transferability. With categorical-only inputs 

(Strategy 1; one-hot substrate and catalyst identifiers), most models generalized poorly, often 

yielding negative test R2 values. Incorporating RDKit-derived substrate descriptors (Strategy 2; 

reduced to a sixteen-descriptor set) substantially improved predictive performance: the best 

conversion model improved from test R2 = 0.54 (Strategy 1) to R2 = 0.81 (Strategy 2), while the 

best yield model improved from R2 = 0.23 (Strategy 1; ET) to R2 = 0.78 (Strategy 2; ANN). 

Although the descriptor set does not fully capture all molecular factors governing hydrogenation 

behaviour, these gains nevertheless demonstrate the promise of structure-informed representations 

for improving predictive transferability to unseen substrate–catalyst combinations. 

The selected best-performing predictors were then deployed within a GA framework to 

maximize the chemoselectivity objective across 90 ordered substrate competitions, producing a 

directional chemoselectivity landscape that reports, for each (A - B) pair, the maximum achievable 

score and the corresponding best catalyst. Across all pairs, the most frequently selected catalysts 

were Ni-Raney (24/77), 5% Ru/C (10/77), 10% Pd/CaCO3 (9/77), and 10% Pt/C (8/77), with clear 
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substrate-specific shortlists emerging on a row-wise basis. Catalyst-level score distributions 

further show that frequent heatmap selection does not imply uniformly high or narrow 

chemoselectivity across all ordered pairs. 

Clustering of GA-optimal operating conditions showed that high-selectivity solutions 

concentrate into a small number of recurring regimes rather than being scattered across the design 

space. The dominant high-performance cluster (Cluster 2; n = 24) exhibited a mean 

chemoselectivity score of approximately 92.5% (range 77–99%) and was characterized by a 

consistent combination of low temperature and pressure with high flow rate. A smaller cluster 

(Cluster 9; n = 5) achieved near-ceiling performance, with a mean chemoselectivity of 

approximately 96.0%, under a narrower and distinct set of operating conditions. 

Overall, the study demonstrates that both model choice and chemical representation strongly 

influence predictive performance for conversion and yield. Although generalization to entirely 

unseen substrate–catalyst combinations remains challenging, the benchmarking results show that 

certain model classes, especially when combined with structure-informed substrate 

representations, capture more transferable relationships than others. At the same time, the value of 

the modelling framework is not limited to extrapolative performance alone: even within the studied 

chemistry space, the trained models help organize the catalyst landscape by identifying and sorting 

promising catalyst-condition combinations under competitive hydrogenation constraints. The 

results also indicate that the framework can learn useful catalyst-activity trends from the 

experimental data. Catalysts that are generally too reactive are not always favoured because they 

may also promote undesired conversion, whereas weakly active catalysts are less frequently 

selected because they may not provide sufficient yield for the desired transformation. Thus, the 

model-supported optimization does not simply identify the most active catalysts, but helps 

distinguish catalysts that offer an appropriate balance between activity and chemoselectivity for 

each substrate pair.  Embedding these predictors within a chemoselectivity-focused optimization 

framework yields two practical outputs: (i) a directional catalyst-recommendation map across 

competing substrate pairs and (ii) interpretable operating-condition regimes that indicate where 

high-chemoselectivity solutions are more likely to arise. Together, these outputs can directly 

support experimental planning by narrowing catalyst screening efforts and focusing validation on 

operating windows that are repeatedly associated with high chemoselectivity. 
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Conclusion 

 

8.1 Overview of the thesis 

This thesis investigated the application of data-driven methodologies within chemical engineering, 

with a particular emphasis on predictive modelling, optimization, and engineering decision 

support. The work was motivated by the increasing complexity of modern chemical engineering 

systems, which are often characterized by nonlinear behaviour, strong variable interactions among 

variables, heterogeneous data sources, and competing technical objectives. In such contexts, 

conventional modelling approaches remain indispensable; however, there is an increasing need for 

complementary approaches that can efficiently extract knowledge from available data, facilitate 

exploration of complex design spaces, and assist in the identification of practically meaningful 

engineering solutions. 

Within this context, the thesis examined how ML-based predictive frameworks can be 

integrated with optimization and decision-support strategies to address a range of chemical 

engineering problems. Rather than treating prediction as an isolated task, the thesis adopted a 

holistic perspective in which predictive models were embedded within complete workflows that 

explicitly accounted for data preparation, trade-off analysis, and result interpretation. This overall 

structure connected the different studies presented in the thesis, despite their application to 

different systems and scales. 

The thesis was organized around two main groups of studies. The first group focused on 

process-level applications, with the styrene production process as a representative case study. The 

second group focused on catalytic and reaction-oriented applications, including SO2 oxidation and 

chemoselective hydrogenation. Across both groups, the central objective remained consistent: to 

investigate how data-driven methods can be used not only to improve predictive accuracy, but also 

to strengthen engineering analysis, optimization, and informed decision-making. 

8.2 Summary of main findings 

The studies on the styrene production process showed that predictive modelling can effectively 

support process analysis and optimization when embedded within a structured engineering 
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framework. The comparative modelling analysis demonstrated that both dataset size and data 

quality exert a strong influence on optimization outcomes. When complete, higher-quality datasets 

were used, the resulting Pareto fronts were smoother, more densely populated, and more consistent 

across models, indicating stronger generalization and more reliable optimization behaviour. In 

contrast, dataset reduction and the introduction of noise led to fragmentated and unstable solution 

spaces, with some models exhibiting greater sensitivity than others. These results showed that the 

usefulness of predictive models in chemical engineering cannot be evaluated solely using 

traditional predictive metrics; it must also be assessed in terms of robustness and engineering 

relevance of the optimization results they produce. The consensus-based analysis further 

strengthened this conclusion, showing that combining information across multiple models can 

provide more reliable guidance than relying on any single modelling approach. 

The missing data imputation study addressed a fundamental challenge in data-driven 

engineering workflows: ensuring the integrity and completeness of the underlying data. Using 

AANN, this work demonstrated that missing process variables can be reconstructed with good 

accuracy across multiple dataset sizes and under noisy conditions. The results showed that 

imputation accuracy improves with increasing dataset size, while also depending strongly on the 

number of missing variables and the degree of correlation among process variables. This study 

reinforced the broader conclusion that data quality is not merely a preliminary technical concern, 

but a critical prerequisite for reliable downstream modelling, optimization, and decision support 

applications. 

The SO2 oxidation studies extended the thesis toward catalytic process design, demonstrating 

that data-driven frameworks can provide valuable support for identifying favourable trade-offs 

among conversion, productivity, and cost. These studies demonstrated that catalyst composition 

and operating conditions must be selected through careful balancing of conflicting objectives 

rather than isolated optimization of a single performance indicator. The results highlighted the 

critical influence of operating temperature, catalyst composition, and residence-time-related 

variables in shaping the overall process performance. Moreover, the analysis revealed that 

systematic optimization can uncover meaningful operating windows that may not be readily 

apparent from direct inspection of the data. At the same time, these chapters emphasized that the 

reliability of such conclusions depends strongly on data preprocessing, variable representation, 
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and model-development strategy, especially when working with literature-derived datasets that 

contain inconsistencies and heterogeneity. 

The selective hydrogenation study further broadened the thesis by applying data-driven 

methods to reaction-specific catalyst recommendation. This work showed that the predictive 

performance of conversion and yield models depends strongly on the way chemical information is 

represented. Models relying solely on categorical encodings showed limited ability to generalize 

to previously unseen substrate-catalyst combinations, whereas structure-informed molecular 

representations significantly improved predictive transferability. Beyond predictive 

benchmarking, the study demonstrated how trained models can be embedded in a practical 

workflow for catalyst and operating-condition selection under chemoselectivity constraints. The 

results also showed that the framework can reveal catalyst-performance patterns, including which 

catalysts tend to be broadly active, insufficiently active, or better suited to selective hydrogenation 

under specific substrate-competition scenarios. The results revealed a directional catalyst-

recommendation landscape across competing substrate pairs and showed that high-performance 

operating solutions tend to cluster into a limited number of recurring regimes rather than being 

randomly distributed throughout the design space. Overall, the study illustrates how predictive 

modelling can be translated into actionable support for reaction planning. 

Taken together, the findings across all chapters support a consistent conclusion: data-driven 

methodologies can play a meaningful role in chemical engineering when they are developed within 

rigorous and application-aware workflows that integrate data preparation, predictive modelling, 

optimization, and interpretation. 

8.3 Main contributions of the thesis 

This thesis makes contributions at both the methodological and application levels. From a 

methodological perspective, the thesis demonstrates that ML should not be treated as a standalone 

predictive tool, but rather as the predictive core of a broader engineering workflow. Across the 

different case studies, the work showed that the greatest value of data-driven methods emerges 

when prediction is tightly linked to optimization and decision support. This integrated framework 

enables a shift from merely estimating system behaviour to systematically identifying preferred 
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operating regions, catalyst formulations, or reaction pathways in a more structured and transparent 

manner. 

A second methodological contribution is the emphasis placed on data quality, dataset size, 

preprocessing strategies, and feature representation. The findings consistently showed that these 

factors are not merely secondary implementation choices; rather, they are fundamental 

determinants of model reliability and of the engineering insights that can be drawn from a data-

driven study. 

A third contribution is the comparative evaluation of multiple ML model families across 

different chemical engineering applications. By examining linear models, tree-based methods, 

ensemble models, kernel-based approaches, Gaussian process regression, and neural networks 

across process and reaction datasets, the thesis provides practical insight into the applicability, 

strengths, and limitations of different algorithms. These comparative studies show that no single 

model is universally superior; instead, model suitability depends on the dataset size, degree of 

nonlinearity, feature representation, noise level, and intended downstream use in optimization or 

decision support. 

A fourth contribution is the emphasis placed on engineering-oriented evaluation of predictive 

models. Rather than assessing model performance only through statistical indicators, this thesis 

showed that models should also be judged according to the quality, stability, and interpretability 

of the solutions they generate when used for optimization or design support. This perspective is 

particularly important in chemical engineering, where predictive models are rarely the final 

objective and are instead used to inform decisions. 

The thesis also provides a practical guide for researchers and new users seeking to apply ML-

based methods in chemical engineering. Through step-by-step workflows covering data 

preparation, model selection, hyperparameter tuning, validation, optimization, and decision-

making, the work illustrates how data-driven frameworks can be implemented in a systematic and 

reproducible manner. This guidance is especially relevant for users who wish to move beyond 

isolated model fitting and develop complete engineering workflows that connect prediction with 

actionable process or catalyst-design decisions. 



256 

 

From an application standpoint, the thesis makes several concrete contributions. In the styrene 

case study, an integrated workflow was established that combines predictive modelling with trade-

off analysis and consensus-based decision support. The missing-data study demonstrated both the 

capability and limitations of AANNs in reconstructing missing process information across diverse 

scenarios. In the SO2 oxidation studies, the work developed data-driven strategies for catalyst and 

process optimization, while also identifying practical challenges associated with building reliable 

models from literature-derived data. Finally, the selective hydrogenation study presented a 

workflow that links predictive modelling with catalyst recommendation, catalyst-performance 

interpretation, operating-condition categorization, and practical support for reaction planning. 

Together, these contributions offer a coherent and transferable perspective on the application 

of data-driven methods in chemical engineering, illustrating how such approaches can support 

analysis, design, and decision-making across a wide range of problem classes. 

8.4 Limitations and future research directions 

Although the results of this thesis are encouraging, several limitations remain and point to 

important directions for future work. 

One key limitation concerns data quality, coverage, and representativeness, particularly for 

catalytic and reaction-oriented systems. In several studies, the data were obtained from diverse 

literature sources or from relatively constrained experimental spaces. As a result, the predictive 

models and optimization results are necessarily conditioned by the consistency, completeness, and 

diversity of the available data. Future work would benefit from larger and more systematically 

curated datasets, together with more careful treatment of data quality, in order to improve both 

predictive robustness and generalizability [1,2]. 

A second limitation relates to extrapolation and transferability. While some studies showed 

strong predictive performance within the investigated spaces, generalization to new process 

conditions, catalyst systems, or chemical structures remains challenging, especially when models 

remain purely data-driven [3,4]. This was especially evident in the selective hydrogenation work, 

where generalization improved substantially when more informative chemical descriptors were 

introduced [3]. Future studies should therefore continue to explore richer and more chemically or 
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physically meaningful representations, as well as hybrid and physics-informed modelling 

approaches that combine data-driven learning with domain knowledge [3–5]. 

A third important direction concerns uncertainty and interpretability. Although this thesis 

emphasized engineering usefulness and structured workflows, more explicit incorporation of 

uncertainty quantification would strengthen confidence in model-based optimization and decision 

support [4,6]. This is particularly important when such methods are intended for high-impact 

engineering choices, where opaque predictions are difficult to trust. Similarly, additional work on 

model interpretability would help improve transparency and facilitate adoption by practitioners 

[1,4,7]. 

Experimental validation also remains an important future step. While the thesis developed 

predictive and optimization-based frameworks that provide strong guidance, further validation 

through targeted experiments would help confirm the practical value of the identified solutions 

and strengthen the connection between computational recommendations and real-world 

implementation [8]. 

Finally, there is significant potential to further develop human-centred, user-oriented tools 

that make advanced data-driven methods more accessible in practice [9]. The reaction-planning 

application developed in the hydrogenation study illustrates one promising direction. Similar tools 

could be extended to other processes and catalytic systems, helping to translate complex predictive 

and optimization results into formats that are more readily usable by engineers and experimental 

researchers. 

8.5 Final remarks 

In conclusion, this thesis has shown that data-driven methodologies can make meaningful and 

versatile contributions to chemical engineering when they are developed within a rigorous, 

integrated, and problem-oriented framework. Across process modelling, missing-data 

reconstruction, catalytic process design, and reaction planning, the different studies demonstrated 

that predictive models can serve as a strong analytical foundation for broader engineering 

workflows. Their true value extends beyond output estimation to enabling systematic exploration 

of alternatives, revealing critical trade-offs, and supporting more transparent and informed 

decision-making. 
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The thesis thus contributes to the growing role of data-driven methods in chemical engineering 

by showing how the approaches can be applied across different domains while adhering to a 

common methodological logic. This logic begins with careful treatment of data, continues through 

predictive model development, and extends to optimization and practical decision support. By 

demonstrating the effectiveness of this progression across multiple case studies, the thesis 

reinforces the view that data-driven approaches can function as practical engineering tools rather 

than merely computational exercises. 

Overall, the work presented here shows that ML and related data-driven strategies are most 

powerful when embedded within broader engineering workflows that respect the realities of data 

quality constraints, competing objectives, and the need for interpretable and actionable outcomes. 

In this sense, the thesis advances both the application and the methodological understanding of 

data-driven chemical engineering, offering a foundation for future work aimed at more adaptive, 

efficient, and informed engineering design and decision-making. 
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1. Introduction 

Table A.1. Searched keywords in Scopus and Web of Science. 

Scopus 

( TITLE-ABS-KEY ( ( "machine learning" OR "ML" OR "AI" OR "artificial 

intelligence" OR "artificial neural network*" OR "neural network*" OR "deep 

learning" ) AND ( "optimi*" OR "multi-objective optimi*" OR "multiobjective 

optimi*" OR "multi-objective optimi*" OR "multiobjective optimi*" OR "pareto 

front*" OR "pareto" OR "pareto domain*" ) AND ( "multi-criteria decision-

making" OR "multicriteria decision making" OR "multi criteria decision 

making" OR "MCDM" OR "decision analysis" OR "decision making" OR "decision-

making" ) ) AND PUBYEAR > 1999 AND PUBYEAR < 2025 ) AND PUBYEAR 

> 2003 AND PUBYEAR < 2025 AND ( LIMIT-TO ( DOCTYPE , "ar" )) 

Web of 

Science 

TS=(("machine learning" OR "ML" OR "AI" OR "artificial intelligence" OR 

"artificial neural network*" OR "neural network*" OR "deep learning") 

AND ("optimi*" OR "multi-objective optimi*" OR "multiobjective optimi*" OR 

"pareto front*" OR "pareto" OR "pareto domain*" OR "evolutionary algorithm*") 

AND ("multi-criteria decision-making" OR "multicriteria decision making" OR "multi 

criteria decision making" OR "MCDM" OR "decision analysis" OR "decision making" 

OR "decision-making")) 

AND PY=(2000-2024) 

AND (DT=("Article" OR "Proceedings Paper")) 

 

To further explore the thematic structure of the literature involving ML, MOO, and MCDM, a 

keyword co-occurrence analysis was conducted. The resulting visualization identifies distinct 

clusters of frequently co-occurring keywords, highlighting the interdisciplinary nature of the field. 

Prominent clusters include themes centred on machine learning algorithms (e.g., random forest, 

support vector machine, neural networks), optimization techniques (e.g., genetic algorithm, 

surrogate models, Pareto front), and application contexts such as energy systems, process 

scheduling, and uncertainty analysis. Keywords such as "intelligence," "uncertainty," and 

"objective function" appear at the intersections of these clusters, indicating a convergence of data-

driven modelling and decision-making under complex conditions. Overall, the network map 

highlights the diversity of research themes and the growing integration of data science, 

optimization, and decision analysis in chemical engineering contexts. 
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Figure A.1. Keyword co-occurrence network showing dominant research themes and 

interconnections in studies combining ML, MOO, and MCDM. Node size indicates frequency, 

and colours represent thematic clusters. 

To examine the evolution of research priorities over time, a temporal keyword trend analysis was 

performed. The resulting area chart displays the annual frequency of selected keywords from 2010 

to 2021, providing insights into both emerging and dominant themes within the literature. Broad 

terms such as machine learning, optimization, and artificial intelligence exhibit a pronounced and 

sustained increase in usage, particularly after 2018, reflecting the growing interest in data-driven 

and intelligent systems. More specialized keywords such as multi-objective optimization, genetic 

algorithm, and reinforcement learning also show notable growth, suggesting a shift toward 

advanced and application-oriented methodological developments. The increasing prevalence of 

deep learning and neural networks further indicates an increasing reliance on complex 

computational architectures for modelling and optimization in engineering research. 
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Figure A.2. Annual keyword frequency trends (2010–2021) showing the rise of key concepts such 

as machine learning, optimization, and artificial intelligence in the literature combining ML, 

MOO, and MCDM. 

To capture the most frequently used terms in the literature combining ML, MOO, and MCDM, a 

word cloud analysis was generated. This visualization highlights the dominant concepts by 

proportionally scaling the font size of each word according to its frequency. Prominent terms such 

as decision, model, system, data, and optimization reflect the central focus of the reviewed studies 

on data-driven decision-making and system modelling. Additional frequently occurring words, 

including method, performance, energy, network, and algorithm, suggest a strong emphasis on 

computational techniques and their practical applications in energy and process systems. The 

prevalence of these keywords further reinforces the interdisciplinary nature of research situated at 

the intersection of machine learning, optimization, and engineering decision support. 

 

Figure A.3. Word cloud illustrating the most frequent keywords in the reviewed literature on ML, 

MOO, and MCDM. Larger font size indicates higher frequency of occurrence. 
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Table A.2. provides a summary of some selected previous studies, each assigned a unique identifier 

for reference. To facilitate analysis, the reviewed papers were first organized chronologically by 

year of publication. Each study was then classified into an application domain based on the nature 

of its case study. This domain-specific classification enables clearer interpretation of how ML, 

MOO, and MCDM techniques are integrated across different research areas. The energy systems 

domain which includes applications such as power generation, hydrogen production, renewable 

energy systems, and biofuel optimization, was the most widely represented, with studies including 

[3, 4, 5, 8, 20–23, 29–31, 33, 34, 40, 42–44]. Heat transfer and thermal management constituted 

another major category, covering investigations of cooling technologies and finned systems [1, 6, 

7, 12, 14, 24, 36, 39]. A substantial number of papers also focused on process simulation and 

optimization, including chemical reactors, separation processes, and process control systems [2, 9, 

10, 16, 25, 26, 28, 32, 35, 37, 38, 41]. In the materials and construction domain, studies dealt with 

topics such as hybrid nanofluids, concrete mix design, and thermal coatings [11, 13, 15, 27, 39]. 

This structured categorization provides a comprehensive overview of the diverse application areas 

in which ML, MOO, and MCDM are being applied across various fields and lays the groundwork 

for comparative analysis across application areas. 

Abbreviations used in Table A.2. are listed as follows: Artificial neural network (ANN), Adaptive neuro-

fuzzy inference system (ANFIS), Non-dominated sorting grey wolf optimizer algorithm (NSGWOA), Non-

dominated sorting genetic algorithm (NSGA-II), Technique for order preference by similarity to ideal 

solution (TOPSIS), Response surface methodology (RSM), Multi-objective bat algorithm (MOBA), 

Višekriterijumsko kompromisno rangiranje (VIKOR), Multi-objective grey wolf optimizer (MOGWO), 

Group method of data handling-type (GMDH), Preference ranking organization method for enrichment 

evaluation (PROMETHEE), Multi-objective thermal exchange optimization (MOTEO), Linear 

programming technique for multidimensional analysis of preference (LINMAP), Multi-objective particle 

swarm optimization (MOPSO). Deep neural network (DNN), combinatorial (COMBI), Physics-informed 

neural network (PINN), Generalized regression neural network (GRNN), Approximation-guided evolution 

(AGE), Multi-objective evolutionary algorithm (MOEA), Genetic algorithm (GA), Genetic algorithm 

backpropagation (GABP), Multilayer perceptron (MLP), Multi-attributive border approximation area 

comparison (MABAC), Preference selection index (PSI), Feedforward neural network (FNN), Recurrent 

neural network (RNN), Convolutional neural network (CNN), Gated recurrent unit (GRU), Long short-

term memory (LSTM), Criteria importance through intercriteria correlation (CRITIC), Preference ranking 

on the basis of ideal-average distance (PROBID), Weighted sum technique (WST), Simple additive 
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weighting (SAW), Gaussian process regression (GPR), Support vector regression (SVR), Random forest 

(RF), Differential evolution (DE), Grey relational analysis (GRA), Least squares (LS), Fuzzy C-means 

clustering (FCM), Multi-objective genetic algorithm (MOGA), Mixed-integer nonlinear programming 

(MINLP), Simulated Annealing (SA). 
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Table A.2. Summary of previous studies. 

ID Reference Case study Data origin Inputs Outputs 
ML 

models 

Hyperparameter 

tuning 

Selected 

ML 

Optimization 

algorithm 
MCDM 

1 [1] 
Maxwell fluid 

in microchannel 

Simulated data from 

analytical and 

numerical models 

Relaxation time, hall 

current, ion slip, 

nanofluid volume 

fraction, Hartmann 

number 

Electroviscous heat 

transfer rate  

(maximized), entropy 

generation 

(minimized) 

ANN, 

ANFIS 

HP tuning with 

trial and error 
ANFIS 

NSGWOA, 

NSGA-II 
TOPSIS 

2 [2] 
CO2-WAG 

enhanced oil 

recovery (EOR) 

Synthetic reservoir 

simulation data 

CO2 injection rate, 

water injection rate, 

injection timing, 

reservoir controls 

Cumulative oil 

production  

(maximized), CO2 

storage (maximized), 

water production 

(minimized), net 

present value 

(maximized) 

Ensemble 

of ML 

models 

HP tuning with 

trial and error 

Stacked 

Learning 
NSGA-II 

Clustering-

based 

classification 

3 [3] 

Photovoltaic 

Thermal 

System with 

Solar Collector 

Simulation-based 

data 

Solar radiation, mass 

flow rate, inlet 

temperature,  

wind speed 

Electrical efficiency 

(maximized),  

thermal efficiency 

(maximized), entropy 

generation 

(minimized) 

RSM 

RSM coefficients 

statistically 

validated 

RSM MOBA VIKOR 

4 [4] 

Solar-assisted 

ocean thermal 

energy 

conversion for 

hydrogen 

production 

Simulation data via 

Engineering 

equation solver 

(EES) 

Working fluid type, 

mass flow rate, 

solar irradiation, 

collector area 

Exergy efficiency 

(maximized),  

hydrogen production 

rate (maximized), 

total investment rate 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN MOGWO TOPSIS 

5 [5] 

PCM-based 

Photovoltaic 

Thermal  

(PVT) System 

Simulated dataset 

for PCM-based 

system 

PCM melting 

temperature, PCM 

thickness, 

solar radiation, 

ambient temperature 

Electrical power 

(maximized),  

Thermal power 

(maximized), entropy 

generation 

(minimized) 

GMDH-

type ANN 

Whole search 

strategy 

GMDH-

ANN 
MOTEO 

PROMETHE

E 

6 [6] 

T-shaped 

Porous Fin for 

Heat 

 Dissipation 

Simulation results 

(ANSYS 

Workbench, 

specific number not 

stated) 

Air inlet temperature, 

Air inlet velocity, 

 Porosity, Fin length, 

Height-width ratio 

Pumping-power 

consumption 

(minimized), 

temperature 

difference 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN NSGA-II LINMAP 
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7 [7] 

Hybrid heat 

sink in 3D 

electronic 

device 

Simulation data (77 

samples from 

ANSYS 

Workbench) 

Aspect ratio of 

microchannel (γc), 

number of elements 

(N) 

Dimensionless  

temperature 

difference (ΔT) 

(maximize), 

dimensionless pump 

power (WP) 

(maximized) 

ANN 

Three-layer ANN  

(40-20-10), 

performance 

validated against 

CFD 

ANN NSGA-II 

LINMAP, 

TOPSIS, 

Shannon 

Entropy 

8 [8] 

Hydrogen 

liquefaction  

process 

optimization 

Simulation data 

from  

ASPEN HYSYS & 

SimaPro (Dataset 

size is not specified) 

Suction pressure, H2 

mol fraction,  

discharge pressure, 

flow rate of precooling 

CO2 emissions, max 

Exergy efficiency 

(maximized), rate of 

return (maximized) 

GA-

GMDH 

GMDH  

model coefficients 

tuned using GA 

GA-

GMDH 

NSGA-II,  

MOPSO, 

MOGWO 

TOPSIS, 

LINMAP, 

Bellman-

Zadeh fuzzy 

9 [9] 

CO2 capture in 

PSA unit with 

modified 

Skarstrom cycle 

Simulation data 

(3000 samples 

generated 

via LHS from PDE-

based virtual plant) 

Step durations 

(pressurization, 

adsorption, heavy/light 

reflux, 

depressurization) 

CO2 purity 

(maximized), CO2 

recovery 

(maximized) 

DNN Hyperband DNN 

constraints-

based sliding 

PSO 

Not used  

(feasible 

operational 

region 

evaluated 

instead) 

10 [10] 

Naphtha 

cracking 

furnace 

(industrial plant 

using SPYRO 

simulation) 

Industrial data (783 

data points from 9 

years, used in 

SPYRO simulation) 

Coil outlet 

temperature (COT), 

molar fractions of 

NP5, IP4, Aro6, NP4, 

NP6, N7, IP5, N6, and 

N5 

Ethylene yield 

(maximized), 

Propylene yield 

(maximized), 

 Heat duty 

(minimized) 

DNN 
Heuristically 

tuned 
DNN NSGA-II 

Selected with 

human 

experts 

11 [11] 

Water-based 

hybrid 

nanofluids with 

MWCNTs and 

oxide 

nanoparticles 

(Al2O3, ZnO, 

CeO2, TiO2) 

Experimental data 

(192 samples, 48 per 

nanofluid type) 

System temperature, 

volume fraction of 

nanoparticles,  

density of oxide 

nanoparticles, thermal 

conductivity of oxide 

nanoparticles, specific 

heat capacity of oxide 

nanoparticles 

Density ratio 

(minimized), 

viscosity ratio 

(minimized),  

specific heat capacity 

ratio (maximized), 

thermal conductivity 

ratio (maximized) 

GMDH-

NN, 

COMBI 

algorithm 

HP tuning with 

trial and error 
COMBI NSGA-II 

TOPSIS, 

VIKOR 

12 [12] 

3D finned heat 

sink system 

(forced air 

cooling) 

Simulation data via 

CFD 

Fin height, fin 

thickness, central fin 

length, 

side fin length, inlet 

air velocity 

Mean surface 

temperature of the 

heat source 

(minimized), pressure 

drop (minimized) 

PINN, 

hybrid 

PINN 

6 hidden layers 

with 256  

neurons per layer, 

trained over 1 

million steps 

using Monte 

Carlo integration 

and SDF-

weighted loss 

functions 

Hybrid 

PINN 
NSGA-II TOPSIS 
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13 [13] 

Methanol 

synthesis 

process with  

recycle stream 

Aspen Plus 

simulation (100 

samples generated 

using Latin 

Hypercube 

Sampling) 

Reactor temperature, 

reactor pressure, reflux 

ratio,  

column pressure, feed 

flow rate, recycle gas 

rate 

Total energy cost 

(minimized),  

resource utilization 

(maximized), CO2-

equivalent emissions 

per energy input 

(minimized) 

GRNN 
HP tuning with 

trial and error 
GRNN NSGA-II TOPSIS 

14 [14] 
Perforated-

finned heat sink 

design 

Simulation data 

(CFD modelling in 

ANSYS Fluent, 147 

CFD samples) 

Perforation shape, 

perforation volume 

ratio, Reynolds 

number 

Thermal performance 

(maximized), 

thermohydraulic 

performance 

(maximized), 

thermovolumetric 

performance 

(maximized) 

GMDH-

NN, 

COMBI 

HP tuning with 

trial and error 
COMBI NSGA-II 

TOPSIS, 

VIKOR 

15 [15] 

Rice husk ash 

concrete (RHC) 

mixture 

design 

Experimental 

dataset compiled 

from  

literature (1150 

samples after outlier 

removal) 

Cement content, rice 

husk ash content,  

coarse aggregate 

content, fine aggregate 

content, water content, 

superplasticizer 

content, curing age 

Compressive strength 

(maximized),  

materials cost 

(minimized), 

embodied carbon 

(minimized), 

embodied energy 

(minimized) 

Gradient 

boosting 

(CatBoost, 

XGBoost, 

LightGB

M) 

Bayesian 

optimization 

using Optuna for 

all boosting 

models 

CatBoost 

MOEA II 

(AGE-MOEA 

II), compared 

with NSGA-

II, U-NSGA-

III, and AGE-

MOEA 

Pseudo-

weight vector 

approach 

16 [16] 
Stirred tank 

mixing 

optimization 

CFD simulation + 

GA-GABP ANN 

model 

 + 20 Latin 

Hypercube samples 

Impeller speed, 

Impeller diameter, 

baffle width,  

clearance 

Power consumption 

(minimized),  

mixing degree 

(maximized), 

suspension 

uniformity 

(maximized) 

GA-

GABP 

ANN 

GA 

GA-

GABP 

ANN 

NSGA-II TOPSIS 

17 [17] 

Catalytic 

ozonation of 

acid red 88 

(AR88) with 

Fe3O4 

Experimental (78 

samples) 

Initial AR88 

concentration, catalyst 

dosage, pH, inlet air 

flow rate, batch time 

Degradation 

efficiency 

(maximized),  

catalyst dosage 

(minimized) 

MLP Grid search MLP MOPSO 
TOPSIS, 

MABAC 

18 [18] 
Radially stirred 

tank 
CFD simulation data 

Impeller diameter, 

blade width, blade 

length, 

number of blades 

Power consumption 

(minimized),  

mixing time 

(minimized) 

XGBoost, 

GBDT,  

LGBM, 

MLP 

HP tuning with 

trial and error 
XGBoost NSGA-II 

TOPSIS, 

LINMAP 
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19 [19] 
Turning process 

optimization 

(90MnCrV7) 

Experimental 

machining dataset 

 (exact sample size 

not specified) 

Cutting speed, feed 

rate, depth of cut, 

insert radius 

Surface roughness 

(minimized), 

 cutting forces 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN 

Modified 

PSI-TOPSIS 
PSI-TOPSIS 

20 [20] 

Biomass 

gasification + 

heat  

recovery for H2 

and Power 

Simulation data (no 

size provided) 

Working fluid type, 

mass flow rate, 

electrolyzer  

input, Organic cycle 

parameters 

Energy efficiency 

(maximized),  

exergy efficiency 

(maximized), CO2 

emissions 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN NSGA-II LINMAP 

21 [21] 

Methanol 

production with 

CO2 

feed 

optimization 

Simulated methanol 

production  

system with triple 

CO2 feed 

Feed flow rates, 

reformer 

configuration,  

pressure, temperature 

CO2 emissions 

(minimized), 

methanol production 

(maximized), Energy 

use (minimized), CH4 

conversion 

(maximized) 

FNN, 

RNN, 

CNN 

Optuna CNN NSGA-III TOPSIS 

22 [22] 

Marine engine 

system with 

liquefied 

hydrogen 

Simulated integrated 

marine engine 

system 

Heat integration 

parameters, engine 

output, cycle 

temperatures and 

pressures 

Exergy efficiency 

(maximized),  

CO2 emissions 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN NSGA-II TOPSIS 

23 [23] 

Plate battery 

cooling with 

MEPCM 

and chaotic 

flow 

Simulation data (3 

cases, 27 samples 

per case) 

Reynolds number, 

MEPCM volume 

fraction 

Nusselt number 

(maximized), 

pressure drop 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN NSGA-II 

TOPSIS, 

LINMAP, 

Shannon 

Entropy 

24 [24] 

Slot jet 

impingement/m

icrochannel  

heat sink 

Simulation data (75 

CFD samples) 

Channel unit width 

(W1), channel width 

ratio (φ), channel 

height (H3) 

Average heated 

surface temperature  

(Theat) (minimized), 

total pressure drop 

(ΔP) (minimized) 

ANN 
HP tuning with 

trial and error 
ANN 

MOGA, 

MOPSO 
TOPSIS 

25 [25] 

Model 

predictive 

control of 

continuous 

stirred tank 

reactor (CSTR) 

Simulation data 

(non-isothermal 

CSTR  

using first-principles 

and RNN-based 

surrogate models) 

Inlet concentration of 

component A, heat 

input rate, initial  

reactor temperature, 

feed flow rate, control 

horizon data 

Tracking error 

(minimized), 

 Control effort 

(minimized), Energy 

consumption 

(minimized) 

RNN, 

GRU, 

LSTM 

HP tuning with 

trial and error 
LSTM NSGA-II 

CRITIC, 

PROBID, 

WST 
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26 [26] 
LPG Thermal 

cracking 

Process 

Simulation data 

from solved 

mathematical model 

Steam-to-feed ratio, 

coil outlet pressure,  

coil outlet temperature 

Olefins yield 

(maximized), CO2 

emissions 

(minimized), coke 

formation 

(minimized) 

MLP 
HP tuning with 

trial and error 
MLP MOPSO 

CRITIC, 

MABAC, 

PROBID, 

sPROBID, 

SAW, 

TOPSIS 

27 [27] 
Steel alloy 

optimization for 

hardenability 

1080 experimental 

steel samples 

Alloy element 

compositions (e.g., Cr, 

Mn, Mo, Ni, V) 

Jominy hardness 

(maximized),  

alloy cost 

(minimized) 

GPR, 

SVR, RF, 

ANN 

HP tuning with 

trial and error 
GPR 

Constrained 

optimization 
None 

28 [28] 
Wet CO2-to-

methanol 

process 

Simulated process 

data 

Reactor pressure, 

reactor temperature,  

reflux ratio, reboiler 

ratio 

Methanol yield  

(maximized), net CO2 

reduction 

(maximized), 

production cost 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN DE None 

29 [29] 

Solar + NG-

based 

cogeneration 

plant 

CFD and simulation 

models; 5000 

samples 

Swirling number, 

pressure ratio, 

temperature, flow rate 

Exergy efficiency 

(maximized),  

cost rate (minimized), 

CO2 (minimized) 

SVR 
Grey Wolf 

Optimization 
SVR 

Grasshopper 

Optimization 
TOPSIS 

30 [30] 

Supercritical 

water 

gasification 

process 

Data from 

supercritical water 

gasification dataset 

(295 samples) 

Feed composition: C, 

H, N, O, ash 

percentage 

operating conditions: 

solid content, T, P, 

residence time 

Yields of CH4, CO, 

CO2, H2 

H2 yield 

(maximized), the rest 

yields (minimized) 

RF, SVM, 

MLP, 

 and 

gradient 

boosting 

Particle swarm 

optimization 

Gradient 

boosting 
NSGA-II 

GRA, 

MABAC, 

PROBID, 

SAW, and 

TOPSIS  

Combustion 

process in a 

power plant 

Data from the 

gas turbine-based 

power plan (36733 

samples) 

temperature (T), 

ambient 

pressure (AP), 

humidity (H), air filter 

pressure difference 

(AFDP), gas 

turbine exhaust 

pressure (GTEP), 

turbine inlet 

temperature (TIT), 

turbine after 

temperature (TAT), 

compressor discharge 

pressure (CDP) 

Turbine energy yield 

(TEY) (maximized), 

total emissions of 

harmful pollutants 

NOx and CO (PNC) 

(minimized) 

RF, SVM, 

MLP, 

 and 

gradient 

boosting 

Particle swarm 

optimization 

Gradient 

boosting 
NSGA-II 

GRA, 

MABAC, 

PROBID, 

SAW, and 

TOPSIS  
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31 [31] 

CO2 capture 

and utilization 

in urea 

production at 

KPIC (Iran) 

Simulation data 

from Aspen HYSYS 

 (100 samples) 

Lean 

monoethanolamine 

(MEA) temperature, 

 Lean MEA loading 

(mol CO2/mol MEA), 

Absorber column 

packing height, 

Stripper column 

packing height 

Exergy efficiency 

(maximized), Total 

cost rate (minimized) 

ANN 

ANN trained on 

100 random sets 

with GA-based 

optimization 

ANN 
GA and 

NSGA-II 
None 

32 [32] 

Acoustic 

microfluidic 

system for 

submicron 

bioparticle 

separation 

Experimental and 

numerical data from 

full factorial DOE (5 

level, 3 parameters 

= 125 fabricated 

samples) 

Electrode length (L1), 

half distance between 

electrodes (L2), 

number of fingers 

(NF) 

Reflection coefficient 

(minimized), 

quality factor 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN NSGA-II None 

33 [33] 

Microbial 

electrolysis cell 

(MEC-assisted) 

anaerobic 

digestion 

Literature-based 

experimental data 

on alkaline-

pretreated waste-

activated sludge 

Applied voltage, 

operation time 

Net energy output 

(maximized),  

net monetary value 

(maximized) 

ANN 

ANN topology 

selection 

 via RSM 

ANN PSO None 

34 [34] 
Nuclear Waste 

Vitrification 

Simulation and 

historical 

glass formulation 

data (566 samples) 

Glass compositions 
Waste loading 

(maximized) 

GPR, 

SVR, 

ANN 

Random search 

GPR with 

conformal 

uncertaint

y 

Gradient-

based 

optimization 

None 

35 [35] 
Drying of olive 

leaves 

in rotary dryer 

Experimental data 

(9 RSM-based 

drying trials) 

Hot air inlet 

temperature, air flow 

rate, drying time, 

rehydration ratio 

Final moisture 

content (minimized), 

moisture loss 

(maximized) 

LS Not applicable LS NSGA-II FCM 

36 [36] 

Shell-and-tube 

heat exchanger 

with porous 

baffles 

CFD simulation data 

(36 samples) 

Number of baffles, 

Baffle angle, Baffle 

thickness 

Heat transfer rate 

(kW) (maximized),  

Pressure drop (kPa) 

(minimized) 

ANN 

HP tuning with 

trial and error 

(500 trials) 

ANN MOGA 
TOPSIS, 

LINMAP 

37 [37] 

Ethanol 

production via 

syngas 

fermentation 

and distillation 

Simulation data 

(Bubble column 

Reactor + Aspen 

Plus Distillation, 

~2000 samples for 

each subsystem) 

Dilution rate, gas 

residence time,  

gas recycle ratio, cell 

purge fraction, reactor 

length, reactor 

volume, S:F ratio (T-

01), number of stages 

(T-02), feed stages 

(vapor and liquid), 

reflux ratio 

Capital expenditure 

per ethanol  

output (minimized), 

minimum ethanol 

selling price 

(minimized), 

thermodynamic 

efficiency 

(maximized) 

ANN 
HP tuning with 

trial and error 
ANN 

MOGA, 

based on 

NSGA-II 

None 
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38 [38] 
Multi-scale 

membrane 

process design 

Simulated transport 

models (1D, 2D ion 

transport) 

Membrane geometry, 

process layout, feed 

concentration, salt 

mixture 

Permeate 

concentration 

(minimized), process 

cost (minimized) 

ANN 
HP tuning with 

trial and error 
ANN MINLP None 

39 [39] 

Double-

ceramic-layer 

thermal barrier 

coatings 

(LZ/YSZ, 

LZ7C3/YSZ, 

LaPO4/YSZ) 

Simulation data 

(1000 samples) 

Total thickness (TH), 

thickness ratio (TR), 

Poisson’s ratio (ν), 

elastic modulus (E), 

coefficient of thermal 

expansion (α), thermal 

conductivity (λ) of top 

coating (TC) 

Residual stress in 

YSZ (maximized), 

residual stress in top 

coating (TC) 

(maximized), 

Equivalent thermal 

conductivity 

(maximized) 

ANN 

HP tuning with 

trial and error (20 

trials) 

ANN 
NSGA-II  

 
TOPSIS 

40 [40] 

Microalgal 

biofuel 

production in  

120L 

Photobioreactor 

Simulation data (40 

CFD-kinetic 

simulation 

scenarios, ~360,000 

data points) 

Incident light intensity, 

number of sparger 

holes, 

diameter of sparger 

holes, gas inflow rate 

Biomass 

concentration 

(maximized),  

bisabolene 

production 

(maximized), friction 

velocity (minimized) 

CNN 
HP tuning with 

trial and error 
CNN 

Hybrid 

stochastic 

algorithm 

 (Random 

Search + PSO 

+ SA) 

None 

41 [41] 
Betaine-

enriched spelt 

flour extrusion 

Experimental 

(central composite 

rotaTABLE 

design, 17 

experiments) 

Screw speed, feed 

flow rate, feed 

moisture content 

Betaine content 

(maximized), 

energy consumption 

(minimized) 

ANN, 

RSM 

Grid search (ANN 

structure,  

BFGS training), 

polynomial fitting 

(RSM) 

ANN GA None 

42 [42] 

SiO2/water 

nanofluid flow 

in circular  

tube 

Experimental data 

(120 data points 

from literature) 

Reynolds number, 

volume concentration 

of nanoparticles, Inlet 

temperature 

Nusselt number 

(maximized),  

pressure drop 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN GA 

Compromise 

programming 

43 [43] 

Shell-and-tube 

heat exchanger 

with 

helical baffles 

Numerical 

simulation data; 109 

samples 

Helix angle, baffle 

pitch, baffle overlap 

Heat transfer 

coefficient 

(maximized),  

pressure drop 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN MOGA 

Compromise 

programming 

44 [44] 
Nanofluid flow 

in chaotic 

channel 

Two-phase CFD 

simulation data; 

100 samples 

Nanoparticle 

concentration, particle 

size 

Heat transfer 

coefficient 

(maximized), 

pressure drop 

(minimized) 

ANN 
HP tuning with 

trial and error 
ANN MOGA 

Compromise 

programming 
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2. Methodology 

2.1 Styrene production process and dataset generation 

 

Figure A.4.  Histogram of the complete dataset. 

 

Figure A.5. Histogram of the 1000-record clean dataset. 
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Figure A.6. Histogram of the 1000-record noisy dataset. 

 

Figure A.7. Amount of noise added to conversion and yield. 
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2.2 Hyperparameter tuning 

Table A.3. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the ANN models. 

Output Dataset 
Hidden 

layers 
Neurons Optimizer Learning rate Activation 

Dropout 

rate 
Kernel initializer 

Conversion 

Complete [1, 2, 3] 

[8, 16, 

32, 64, 

128] 

8, 128, 

32 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0038 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.012 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 

 

1000-

record 

clean 

[1, 2, 3] 

[8, 16, 

32, 64, 

128] 

128, 128, 

32 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0096 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.285 

 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 

 

1000-

record 

noisy 

[1, 2, 3] 

[8, 16, 

32, 64, 

128] 

128, 64, 

128 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0091 

 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.116 

 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 

 

Yield 

Complete [1, 2, 3] 

[8, 16, 

32, 64, 

128] 

16, 64, 

64 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0073 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.043 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 

 

1000-

record 

clean 

[1, 2, 3] 

[8, 16, 

32, 64, 

128] 

64, 64, 

128 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0081 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.289 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 

 

1000-

record 

noisy 

[1, 2, 3] 

[8, 16, 

32, 64, 

128] 

64, 128, 

128 

['adam', 

'nadam', 

'adagrad', 

'rmsprop'] 

Uniform (0.0001, 

0.01) 

0.0094 

['relu', 

'sigmoid', 

'tanh'] 

Uniform 

(0.0, 0.5) 

0.087 

['glorot_uniform', 

'he_normal', 

'lecun_normal'] 
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Table A.4. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the SVR models. 

Output Dataset C Epsilon kernel degree gamma 

Conversion 

Complete 

np.logspace(-

3, 3, 10) 

46.41 

np.logspace(-3, 1, 

10) 

0.001 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

0.59 

1000-record 

clean 

np.logspace(-

3, 3, 10) 

46.41 

np.logspace(-3, 1, 

10) 

0.0027 

 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

0.16 

1000-record 

noisy 

np.logspace(-

3, 3, 10) 

1000 

np.logspace(-3, 1, 

10) 

0.0027 

 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

0.046 

Yield 

Complete 

np.logspace(-

3, 3, 10) 

10 

np.logspace(-3, 1, 

10) 

0.0035 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

2.15 

1000-record 

clean 

np.logspace(-

3, 3, 10) 

2.15 

np.logspace(-3, 1, 

10) 

1.29 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

7.74 

1000-record 

noisy 

np.logspace(-

3, 3, 10) 

215.44 

np.logspace(-3, 1, 

10) 

0.0077 

['linear', 'poly', 

'rbf', 'sigmoid'] 

 

[2, 3, 4, 5] 

5 

['scale', 'auto'] + 

list(np.logspace(-3, 

2, 10) 

0.012 
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Table A.5. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the KNN models. 

Output Dataset 
Number of 

neighbours 
Weights Algorithm Leaf size p 

Conversion 

Complete 
np.arange (1, 50, 1) 

10 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

15 

[1, 2] 

 

1000-record 

clean 

np.arange (1, 50, 1) 

6 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

30 

[1, 2] 

 

1000-record 

noisy 

np.arange (1, 50, 1) 

13 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

60 

[1, 2] 

 

Yield 

Complete 
np.arange (1, 50, 1) 

11 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

80 

[1, 2] 

 

1000-record 

clean 

np.arange (1, 50, 1) 

6 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

30 

[1, 2] 

 

1000-record 

noisy 

np.arange (1, 50, 1) 

10 

['uniform', 

'distance'] 

'auto', 'ball_tree', 

'kd_tree', 'brute'] 

np.arange (10, 100, 10) 

10 

[1, 2] 

 

 

Table A.6. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the GPR models. 

Output Dataset Kernel function Alpha n_restarts_optimizer 

Conversion 

Complete Matern 
np.logspace (-5, 0, 10) 

0.00046 

np.arange (0, 10, 1) 

3 

1000-record 

clean 
Matern 

np.logspace (-5, 0, 10) 

0.278 

np.arange (0, 10, 1) 

5 

1000-record 

noisy 
Matern 

np.logspace (-5, 0, 10) 

0.0059 

np.arange (0, 10, 1) 

7 

Yield 

Complete Matern 
np.logspace (-5, 0, 10) 

1 

np.arange (0, 10, 1) 

6 

1000-record 

clean 
Matern 

np.logspace (-5, 0, 10) 

1 

np.arange (0, 10, 1) 

6 

1000-record 

noisy 
Matern 

np.logspace (-5, 0, 10) 

0.0016 

np.arange (0, 10, 1) 

7 
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Table A.7. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the DT models. 

Output Dataset criterion splitter max_depth min_samples_split min_samples_leaf max_features 

Conversion 

Complete 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

30 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

3 

['sqrt', 'log2', 

None] 

1000-record 

clean 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

4 

np.arange(1, 20, 2) 

5 

['sqrt', 'log2', 

None] 

1000-record 

noisy 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

30 

np.arange(2, 20, 2) 

14 

np.arange(1, 20, 2) 

11 

['sqrt', 'log2', 

None] 

Yield 

Complete 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

12 

np.arange(1, 20, 2) 

4 

['sqrt', 'log2', 

None] 

1000-record 

clean 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

20 

np.arange(2, 20, 2) 

6 

np.arange(1, 20, 2) 

5 

['sqrt', 'log2', 

None] 

1000-record 

noisy 

['squared_error', 

'friedman_mse', 

'absolute_error', 

'poisson'] 

['best', 

'random'] 

List 

(np.arange (5, 

50, 5)) 

30 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

3 

['sqrt', 'log2', 

None] 
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Table A.8. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the Bagging models. 

Output Dataset n_estimators max_samples max_features bootstrap bootstrap_features 

Conversion 

Complete 

np.arange 

(10, 1000, 50) 

860 

np.linspace 

(0.1, 1.0, 10) 

0.7 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 

 

1000-record 

clean 

np.arange 

(10, 1000, 50) 

110 

np.linspace 

(0.1, 1.0, 10) 

0.6 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 

 

1000-record 

noisy 

np.arange 

(10, 1000, 50) 

410 

np.linspace 

(0.1, 1.0, 10) 

0.7 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 

 

Yield 

Complete 

np.arange 

(10, 1000, 50) 

760 

np.linspace 

(0.1, 1.0, 10) 

0.6 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 

 

1000-record 

clean 

np.arange 

(10, 1000, 50) 

210 

np.linspace 

(0.1, 1.0, 10) 

0.6 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 

 

1000-record 

noisy 

np.arange 

(10, 1000, 50) 

560 

np.linspace 

(0.1, 1.0, 10) 

0.7 

np.linspace 

(0.1, 1.0, 10) 

1 

[True, False] 

 

[True, False] 
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Table A.9. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the ET models. 

Output Dataset n_estimators max_depth min_samples_split min_samples_leaf max_features bootstrap 

Conversion 

Complete 

np.arange 

(50, 1000, 50) 

700 

(np.arange (5, 

50, 5)) 

25 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

1 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

clean 

np.arange 

(50, 1000, 50) 

850 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

9 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

noisy 

np.arange 

(50, 1000, 50) 

950 

(np.arange (5, 

50, 5)) 

10 

np.arange(2, 20, 2) 

18 

np.arange(1, 20, 2) 

7 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

Yield 

Complete 

np.arange 

(50, 1000, 50) 

550 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

14 

np.arange(1, 20, 2) 

5 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

clean 

np.arange 

(50, 1000, 50) 

700 

(np.arange (5, 

50, 5)) 

25 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

7 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

noisy 

np.arange 

(50, 1000, 50) 

750 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

12 

np.arange(1, 20, 2) 

3 

['sqrt', 'log2', 

None] 

[True, 

False] 
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Table A.10. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the RF models. 

Output Dataset n_estimators max_depth min_samples_split min_samples_leaf max_features bootstrap 

Conversion 

Complete 

np.arange 

(50, 1000, 50) 

600 

(np.arange (5, 

50, 5)) 

25 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

1 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

clean 

np.arange 

(50, 1000, 50) 

950 

(np.arange (5, 

50, 5)) 

10 

np.arange(2, 20, 2) 

18 

np.arange(1, 20, 2) 

7 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

noisy 

np.arange 

(50, 1000, 50) 

950 

(np.arange (5, 

50, 5)) 

10 

np.arange(2, 20, 2) 

18 

np.arange(1, 20, 2) 

7 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

Yield 

Complete 

np.arange 

(50, 1000, 50) 

700 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

6 

np.arange(1, 20, 2) 

5 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

clean 

np.arange 

(50, 1000, 50) 

500 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

8 

np.arange(1, 20, 2) 

1 

['sqrt', 'log2', 

None] 

[True, 

False] 

 

1000-

record 

noisy 

np.arange 

(50, 1000, 50) 

850 

(np.arange (5, 

50, 5)) 

15 

np.arange(2, 20, 2) 

4 

np.arange(1, 20, 2) 

3 

['sqrt', 'log2', 

None] 

[True, 

False] 
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Table A.11. List of hyperparameters explored and the selected optimal values for each output 

variable and dataset in the XGBoost models. 

Output Dataset n_estimators 
Max 

depth 

Learning 

rate 

 

Min child 

weight 

 

subsample 

 

gamma 

 

lambda 

 

alpha 

 

Conversion 

Complete 

np.arange 

(50, 1000, 

50) 

650 

np.arange

(3, 20, 2) 

9 

np.logspace

(-3, 0, 10) 

0.0999 

np.arange(1, 

10, 1) 

4 

np.linspace(

0.5, 1, 5) 

0.875 

np.logspace

(-3, 1, 10) 

0.0027 

np.logspace

(-3, 3, 10) 

215.443 

np.logspac

e(-3, 3, 10) 

0.0046 

1000-

record 

clean 

np.arange 

(50, 1000, 

50) 

250 

np.arange

(3, 20, 2) 

19 

np.logspace

(-3, 0, 10) 

0.0464 

np.arange(1, 

10, 1) 

8 

np.linspace(

0.5, 1, 5) 

0.625 

np.logspace

(-3, 1, 10) 

0.001 

np.logspace

(-3, 3, 10) 

10 

np.logspac

e(-3, 3, 10) 

0.0999 

1000-

record 

noisy 

np.arange 

(50, 1000, 

50) 

700 

np.arange

(3, 20, 2) 

11 

np.logspace

(-3, 0, 10) 

0.0999 

np.arange(1, 

10, 1) 

1 

np.linspace(

0.5, 1, 5) 

0.75 

np.logspace

(-3, 1, 10) 

0.0027 

np.logspace

(-3, 3, 10) 

215.443 

np.logspac

e(-3, 3, 10) 

0.001 

Yield 

Complete 

np.arange 

(50, 1000, 

50) 

500 

np.arange

(3, 20, 2) 

7 

np.logspace

(-3, 0, 10) 

0.0215 

np.arange(1, 

10, 1) 

4 

np.linspace(

0.5, 1, 5) 

0.625 

np.logspace

(-3, 1, 10) 

0.0027 

np.logspace

(-3, 3, 10) 

10 

np.logspac

e(-3, 3, 10) 

0.0046 

1000-

record 

clean 

np.arange 

(50, 1000, 

50) 

250 

np.arange

(3, 20, 2) 

19 

np.logspace

(-3, 0, 10) 

0.0464 

np.arange(1, 

10, 1) 

8 

np.linspace(

0.5, 1, 5) 

0.625 

np.logspace

(-3, 1, 10) 

0.001 

np.logspace

(-3, 3, 10) 

10 

np.logspac

e(-3, 3, 10) 

0.0999 

1000-

record 

noisy 

np.arange 

(50, 1000, 

50) 

350 

np.arange

(3, 20, 2) 

9 

np.logspace

(-3, 0, 10) 

0.0464 

np.arange(1, 

10, 1) 

6 

np.linspace(

0.5, 1, 5) 

0.75 

np.logspace

(-3, 1, 10) 

0.0027 

np.logspace

(-3, 3, 10) 

215.443 

np.logspac

e(-3, 3, 10) 

0.001 
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3. Results 

 

Figure A.8. Decision space plots (steam vs ethylbenzene flow rates) for all models for the 

complete dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.9. Decision space plots (steam vs ethylbenzene flow rates) for all models for the 1000-

record clean dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.10. Decision space plots (steam vs ethylbenzene flow rates) for all models for the 1000-

record noisy dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.11. Decision space plots (inlet pressure vs inlet temperature) for all models for the 

complete dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.12. Decision space plots (inlet pressure vs inlet temperature) for all models for the 1000-

record clean dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.13. Decision space plots (inlet pressure vs inlet temperature) for all models for the 1000-

record noisy dataset. Subplots correspond to (a) ANN, (b) GPR, (c) KNN, (d) SVR, (e) DT, (f) 

Bagging, (g) RF, (h) ET, and (i) XGBoost. 
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Figure A.14. Pareto fronts generated from 10 repeated NSGA-II runs using different random seeds 

for the ANN model on the 1000-record clean dataset. The almost indistinguishable fronts 

demonstrate that the optimization results are highly stable with respect to seed selection under the 

adopted optimization settings. 
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Figure A.15.  Full overlay of the Pareto fronts generated by all nine ML models together with the 

corresponding global Pareto front for the three data scenarios: (a) complete dataset, (b) 1000-

record clean dataset, and (c) 1000-record noisy dataset. The black curve represents the global 

Pareto front obtained from the pooled non-dominated solutions, allowing direct visual comparison 

of the deviation of each model-specific front from the overall best trade-off surface. 
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Table A.12. Comparison of champion points (obtained by NFM) of each model for both objectives 

and decision space for all three datasets. 

Dataset ML model 

Ethylbenzene 

flow rate 

(mol/s) 

Steam 

flow rate 

(mol/s) 

Inlet 

temperature 

(K) 

Inlet 

pressure 

(kPa) 

Conversion 

(%) (ML 

model) 

Conversion 

(%) 

(simulation) 

Yield 

(%) 

(ML 

model) 

Yield (%) 

(simulation) 

Complete 

dataset 

ANN 79.75 957.00 910.56 175.47 55.82 54.30 89.14 88.10 

GPR 52.68 632.05 900.22 150.00 54.85 54.70 89.27 89.10 

KNN 58.61 698.94 888.04 155.99 50.42 50.40 90.58 90.60 

SVR 52.80 633.51 899.12 150.02 54.53 54.40 89.27 89.30 

DT 59.30 694.66 871.86 153.95 46.14 45.40 92.65 92.30 

Bagging 59.23 710.63 888.21 156.68 50.36 50.40 90.34 90.60 

RF 59.89 712.41 887.65 155.96 50.31 50.00 90.44 90.70 

ET 58.42 700.62 887.98 155.98 49.81 50.50 90.25 90.60 

XGBoost 55.57 666.45 876.37 154.01 47.12 47.50 92.63 91.70 

1000-

record 

clean 

dataset 

ANN 77.06 924.72 916.07 173.71 57.99 56.30 88.16 87.30 

GPR 52.67 631.94 900.30 150.00 55.08 54.80 89.39 89.10 

KNN 71.84 833.46 909.80 168.89 55.98 54.90 89.15 87.80 

SVR 52.55 630.54 898.32 150.00 54.57 54.20 89.33 89.40 

DT 67.91 796.14 883.07 172.22 47.25 48.00 91.77 90.40 

Bagging 71.71 859.35 877.61 165.68 46.30 45.40 90.95 92.00 

RF 76.27 873.64 878.11 166.77 45.72 44.80 91.50 91.90 

ET 77.35 898.71 868.90 167.74 42.22 41.90 91.86 92.90 

XGBoost 67.50 804.73 924.62 167.10 58.10 59.80 86.57 85.60 

1000-

record 

noisy 

dataset 

ANN 79.75 957.00 907.97 175.25 56.42 53.60 94.11 88.50 

GPR 79.75 956.99 877.37 172.56 44.88 44.30 94.54 92.10 

KNN 61.28 719.91 930.98 167.07 62.09 62.00 90.39 83.40 

SVR 79.75 957.00 907.08 175.17 56.56 53.30 91.83 88.60 

DT 77.22 855.22 934.86 186.67 58.55 60.90 87.43 81.40 

Bagging 72.37 836.14 868.54 173.35 43.77 43.10 94.44 92.10 

RF 79.40 874.96 900.73 181.98 52.42 51.40 90.30 87.80 

ET 78.52 940.98 868.15 170.72 41.88 41.70 93.41 93.00 

XGBoost 68.30 819.51 901.26 174.74 53.37 53.40 90.54 88.20 

 

  



292 

 

Table A.13. Local inter-model uncertainty around the majority and minority consensus points for 

the complete, 1000-record clean, and 1000-record noisy datasets. For each consensus point, the 

nearest Pareto-optimal solution from each ML model was identified in normalized objective space 

using conversion and yield, and the resulting dispersion across models was summarized by the 

mean, standard deviation, and range. 

Dataset 
Consensus 

point 

Conversion 

mean ± SD 

(%) 

Conversion 

range (%) 

Yield 

mean 

± SD 

(%) 

Yield 

range 

(%) 

Ethylbenzene 

flow rate 

mean ± SD 

(mol/s) 

Steam 

flow 

rate 

mean 

± SD 

(mol/s) 

Inlet 

temperature 

mean ± SD 

(K) 

Inlet pressure 

mean ± SD 

(kPa) 

Complete 

dataset 

Majority 

point 

50.62 ± 

0.64 

49.43–

51.43 

90.63 

± 

0.22 

90.38–

90.95 
60.07 ± 7.84 

718.53 

± 94.13 

888.98 ± 

3.24 
156.59 ± 7.07 

Minority 

point 

54.58 ± 

1.03 

52.75–

55.82 

88.81 

± 

0.31 

88.29–

89.14 
57.70 ± 9.58 

686.47 

± 

115.30 

901.79 ± 

5.35 
155.97 ± 8.69 

1000-

record 

clean 

dataset 

Majority 

point 

49.58 ± 

2.09 

46.65–

51.97 

89.76 

± 

0.93 

87.93–

90.67 
65.11 ± 9.61 

758.56 

± 96.05 

889.20 ± 

5.45 
162.76 ± 10.62 

Minority 

point 

53.02 ± 

1.83 

49.97–

55.00 

88.33 

± 

1.09 

86.82–

89.43 
62.69 ± 8.50 

729.29 

± 89.13 

901.57 ± 

3.61 
160.37 ± 7.84 

1000-

record 

noisy 

dataset 

Majority 

point 

50.74 ± 

1.66 

47.86–

52.38 

91.60 

± 

1.96 

89.07–

95.17 
74.55 ± 6.90 

858.17 

± 93.70 

894.69 ± 

8.25 
173.02 ± 5.53 

Minority 

point 

60.37 ± 

1.52 

58.55–

62.60 

88.17 

± 

1.76 

85.18–

90.76 
68.23 ± 8.31 

802.91 

± 99.12 

930.60 ± 

5.34 
170.25 ± 8.37 
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Figure A.16. Predictive uncertainty bands for the GPR-based Pareto fronts. Panels (a) and (b) 

correspond to the 1000-record clean dataset, and panels (c) and (d) correspond to the 1000-record 

noisy dataset. Panels (a) and (c) show the 95% confidence bands for yield, while panels (b) and 

(d) show the 95% confidence bands for conversion, all plotted in the standard Pareto orientation 

of yield versus conversion.  
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1. Introduction 

Dehydrogenation reaction: One of the pioneering studies in the application of ML to catalysis was 

conducted by Kite et al. They explored the utilization of artificial neural networks (ANNs) to 

predict the selectivity of various products of the dehydrogenation reaction of ethylbenzene, 

including styrene, benzaldehyde, benzene, toluene, CO, and CO2. The input dataset comprised 18 

SnO catalysts, with and without a promoter, and included variables such as surface area, valence, 

catalyst composition, ionic radius, coordination number, electronegativity, partial charge of 

oxygen ions, and the standard heat of formation of oxides [1].  

CO oxidation reaction: Günay and Yildirim compiled a database of 1 337 samples to develop 

an ANN model aimed at predicting CO conversion over Cu-based catalysts. The variables 

considered in their study encompassed catalyst preparation parameters (including Cu loading, 

secondary metal additives, support type, and preparation method) and operating parameters (such 

as reaction temperature, feed composition, and feed flow rate to catalyst weight ratio). 

Additionally, they examined the impact of these variables using an ANN model [2]. In another 

study, Günay and Yildirim assembled a comprehensive dataset consisting of 5 610 samples 

derived from 80 scholarly articles, focusing on the catalytic oxidation of CO over noble metals. 

This extensive database encompassed six noble metals, nine preparation methods, fifteen supports, 

and twenty promoters. The operating variables included reaction temperature, concentrations of 

H2, O2, CO, H2O, and CO2 in the feed stream, time on stream, and the feed flow rate to catalyst 

mass ratio. These variables were collectively categorized as input variables, with the output 

variable being CO conversion. Initially, they employed a decision tree methodology to classify the 

conditions that resulted in high CO conversion. Subsequently, they utilized an ANN to determine 

the relative significance of each input variable [3]. Günay and Yildirim also explored the feasibility 

of predicting the kinetics of CO oxidation using Au-based catalysts. To this end, they compiled a 

dataset comprised of 882 experimental records from 19 different papers. They developed and 

tested an ANN model that used catalyst properties and operating variables as inputs to predict the 

reaction rate [4]. 

Water-gas shift (WGS) reaction: Cavalcanti et al. collected 283 experimental records from the 

literature to construct an ANN for predicting CO conversion in the WGS reaction. The study 

utilized inputs encompassing operating conditions (such as temperature, pressure, catalyst mass, 
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gas hourly space velocity (GHSV), and feed composition) alongside catalyst design and textural 

properties (including active phase and its composition, support type, promoter/dopant 

concentration, surface area, and calcination temperature and time) [5]. Odabaşı et al. compiled 

4 360 experimental records from 84 publications on the WGS reaction over Pt- and Au-based 

catalysts. The dataset included catalyst preparation variables such as base metal type and weight 

percentage, preparation method, support type, promoter type and weight percentage, and 

calcination temperature and time. Additionally, operating variables comprised the concentrations 

of reactants in the feed stream, along with the reaction temperature, time on stream, and catalyst 

weight/feed flow rate. CO conversion was selected as the output variable. Decision trees were used 

to identify heuristics leading to high conversion. ANNs determined the significance and impact of 

operating variables, while support vector machines (SVMs) predicted outcomes under previously 

untested experimental conditions [6]. Kim and Kim developed an ANN to predict CO conversion 

in the WGS reaction over Pt/CexZr1-xO2 catalysts. They gathered data from 18 publications, 

considering various designs and operating conditions such as material composition and content, 

operating conditions, calcination conditions, impregnation methods, feed composition, and 

reaction performance [7].  

Oxidative coupling of methane (OCM) reaction: Mine et al. prepared an updated dataset 

consisting of 4 759 experimental records for the OCM reaction, based on literature data reported 

before 2020. They tested several ML methods to predict C2 yield. Following a similar approach to  

[8], they used elemental features as input representations rather than inputting the catalyst 

compositions directly. However, their method differed by removing elemental compositions 

(removing active metals mass fractions) from the inputs [9].  

In another study, Suzuki et al. proposed an innovative method for leveraging literature data 

by employing elemental features instead of directly inputting catalyst compositions. This novel 

approach was evaluated across three distinct reaction databases: OCM, WGS, and CO oxidation. 

Various ML models were tested to validate the effectiveness of this method. The results 

demonstrated that this technique could facilitate the discovery of new catalysts, even for catalytic 

reactions with limited information and minimal overlap in catalyst compositions in the literature 

[8].  
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Methane steam and dry reforming reactions: Baysal et al. gathered a dataset from 81 

publications, comprising 5 508 samples focused on methane steam reforming. The input variables 

included various catalyst preparations and reaction operating parameters, with the conversion of 

CH4 as the output. Selectivity or yield of products was excluded from potential outputs due to the 

limited availability of these data in the databank. Decision trees were constructed using the dataset 

to identify heuristics and correlations, aiming to achieve high conversion for the most frequently 

reported catalysts [10]. Şener et al. compiled a database by extracting experimental data on methane 

dry reforming from 101 published articles, resulting in a dataset of 5 521 records. The inputs 

encompassed catalyst properties and operating variables, with CH4 conversion as the output 

variable. They employed decision trees to identify trends associated with high performance and 

used an ANN to assess the relative importance of the features [11].  

Methanol synthesis reaction: Tripathi et al. compiled a database from 27 scholarly papers and 

subsequently developed various ML models using this dataset. The input data comprised 

preparation variables such as catalyst composition, calcination temperature, preparation method, 

metal surface area, and pore size distribution, as well as process conditions including reaction 

temperature, reaction pressure, and H2/CO2 molar feed ratio. These models were designed to 

predict CO2 conversion and methanol selectivity in the carbon-neutral synthesis of methanol over 

copper-based catalysts [12].  

Selective catalytic reduction (SCR) reaction: Chen et al. compiled 2 126 sample entries from 

41 papers on environmental catalysts for NOx elimination using SCR with NH3. They collected 

five types of input data: composition, structure, morphology, preparation method, and reaction 

conditions, with NOx conversion as the output variable. An ANN was developed from this dataset 

to predict NOx conversion. To test the model's extrapolation capability, they predicted results 

outside the data range by excluding a subset of data from the database and using the remaining 

data for training and testing the model [13]. Lu et al. compiled a dataset comprising 5 654 records 

from 126 papers that included cerium. They developed multiple ML models to identify ternary 

metal oxides capable of SCR of NOx using NH3. The input features for these models included 

catalyst composition, synthesis conditions, and operating parameters critical for NOx conversion, 

with the output being the NOx conversion efficiency [14].  



304 

 

2. Data preprocessing 

Data integration unifies inputs and outputs into a single spreadsheet, standardizing units for 

specific variables from various sources [15]. Data cleaning aims to remove outliers or correct 

inconsistencies in the data. Data normalization scales all variables into a specified range [15]. 

Handling missing data involves deleting or estimating missing values using various techniques [16]. 

Noise identification enhances the quality of real-world data [17]. Additionally, feature engineering 

is conducted as part of data preprocessing, with dimensionality reduction being a critical 

component [18,19]. Dimensionality reduction reduces computational time and cost, prevents 

overfitting, and improves interpretability for high-dimensional data. It includes two main 

approaches: feature extraction and feature selection. Feature extraction methods, such as principal 

component analysis (PCA), linear discriminant analysis (LDA), and autoencoders, make use of the 

correlation between variables to create a lower-dimensional set of new variables from the original 

variables without significant loss of information. Feature selection methods aim to identify a subset 

of the original variables without altering them and are generally categorized as filter, wrapper, or 

embedded methods. Filter methods evaluate each variable independently of any ML model—for 

example, using Pearson correlation or mutual information. Wrapper and embedded methods use 

ML models to guide variable selection. Wrapper methods iteratively select subsets using 

techniques like genetic algorithms, sequential forward selection, and backward elimination. 

Embedded methods, on the other hand, determine  variable importance during model training by 

leveraging internal attributes such as regression coefficients or feature importance metrics in 

ensemble models [20]. These techniques will be applied in following sections, where results will be 

presented to illustrate their role in addressing a knowledge extraction problem in the field of 

catalysis. 

2.1 Missing data prediction 

The initial dataset consists of 1 922 records and 30 variables (29 inputs and 1 output), as shown in 

Figure 6.2. However, these inputs do not fully represent catalyst properties or synthesis methods, 

and additional variables contain varying degrees of missing data (Figure B.1). Pore size has the 

fewest missing values (~26%), while calcination time has the most (~98%). Replacing missing 

values for variables with over 50% missing data is impractical, but missing values for pore size, 

particle size, preparation method, shape, calcination temperature, and specific surface area were 
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initially predicted rather than removed. Approaches for handling missing values include deleting 

rows or columns or imputing means [16]. ML models, especially autoassociative neural networks 

(AANNs), are increasingly used for imputation due to their ability to work without prior 

information [21]. 

To test AANN’s ability to predict missing values, a 40-record evaluation dataset was set aside, 

while the remaining 1 882 records were split 80% training, 10% validation, and 10% testing. When 

one variable was missing, its value in the evaluation dataset was replaced with the mean, and the 

record was fed into the AANN to predict all input values, including the missing one. The estimated 

value was fed back for recalculation, repeating this process for 10 iterations per record. This works 

well when missing variables are correlated with other variables. The final AANN model was 

obtained through hyperparameter tuning (using MSE loss, Adam optimizer with 0.001 learning 

rate, 20,000 epochs, batch size 32) and demonstrated satisfactory performance on the complete 

dataset. 

The MSE values for all three subsets fall within an acceptable range: 2.82×10-4 for training, 

3.65×10-4 for validation, and 4.48×10-4 for testing. To further evaluate the performance of the 

AANN model to replicate the input variables, the parity plots of the training, validation, and testing 

datasets for two variables, namely the temperature and conversion, are shown in Figure B.2a and 

Figure B.2a. 

Based on the R² and MSE values, it can be concluded that the model predicts the input 

variables with high precision. However, to rigorously test the AANN model's ability on entirely 

unseen data, where one variable's column is replaced with the mean value, the 40-record evaluation 

dataset was fed into the model, following the previously described procedure for predicting 

missing values. This process was applied to the same two variables, the temperature and 

conversion, for which the data were available, but purposely removed for evaluation. The results, 

displayed in Figure B.3a and Figure B.3b, indicate that the AANN model fails to predict the 

missing values accurately, despite its good performance shown in Figure B.2a and Figure B.2b. 
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Figure B.1. Number and amount of missing values in the databank related to catalyst physical 

properties and synthesis techniques. 

This discrepancy can be attributed to the low correlation between variables in the dataset. In our 

previous work [21], we concluded that the correlation between variables is paramount for accurately 

imputing missing data. In this study, the low correlation between the extracted features without 

missing values, as indicated by the Pearson correlation coefficient (Figure B.4), hampers the 

accurate prediction of missing values. It was observed that missing variables also had low 

correlation with the remaining variables. Consequently, this approach was not pursued to predict 

the missing values shown in Figure B.1. Despite the loss of important information, the variables 

with significant missing data from Figure B.1 had to be fully removed from the dataset, resulting 

in a 30-variable dataset. 
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Figure B.2.  Parity plots of the AANN model for training, validation, and testing for the prediction 

of the two randomly selected variables of the 30-variable dataset (a) normalized conversion and 

(b) normalized temperature. 

 

Figure B.3. Parity plots of the estimation of the missing values by the AANN model for conversion 

and temperature (a) normalized conversion and (b) normalized temperature. 
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Figure B.4. Heat map of the correlation matrix using the Pearson correlation coefficients for the 

30-variable dataset. 

2.2 Additional preprocessing 

Given the inconclusive results from previous sections, we validated the databank by reviewing 

data from each paper. This review revealed several duplicate records with negligible differences 

and records with similar process conditions but different conversions, mainly due to variations in 
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catalyst properties and preparation methods. As noted in the missing value imputation section, 

these variables were excluded due to the high number of missing values. Consequently, despite 

identical compositions and conditions, different conversions appeared. To address this, duplicates 

were consolidated, and for identical inputs with varying conversions, the average conversion was 

retained. 

Certain variables were removed due to limited records and low variance (Table B.1). For 

example, antimony (13 records), chromium (34 records), barium (23 records, mostly from one 

paper with high mole fractions), rhodium (17 records), rubidium (12 records), thallium (11 

records), and tungsten (12 records) were all reported with fixed conditions or low variation. 

Although relevant, these variables were excluded to improve dataset quality. 

The removal of these seven metals aligns with the results of the random forest and PCA: 

Figure 6.3a showed they ranked low in importance, and Figure 6.3b confirmed that 23 PCs capture 

95% of the cumulative explained variance, meaning their exclusion does not significantly impact 

information content. 

Table B.1. Summary of elements removed during preprocessing. 

Element 
Number 

of records 
Conditions/Details 

Reason for 

removal 

Antimony 13 
Reported at T=450°C with chromium. 

Chromium had 34 records, also at T=450°C. 

Limited records, 

low variance 

Barium 

23 
One paper: mass fraction 36.08% with vanadium 

(9.48%), SO₂ (66%) and O₂ (33%) mole fractions. 
High mole fractions 

7 
Another paper: mass fraction 2.16% with 

potassium and vanadium. 

Limited records, 

low variance 

Rhodium 17 
Reported in two cases: 2% mass fraction alone 

and with platinum at fixed mass fractions. 

Limited records, 

low variance 

Rubidium 12 
Single mass fraction 1.34%, reported with fixed 

values of potassium and vanadium. 

Limited records, 

low variance 

Thallium 11 
Single mass fraction 3.21%, reported with 

fixed values of potassium and vanadium. 

Limited records, 

low variance 

Tungsten 12 Fixed mass fraction 5.5%. 
Limited records, 

low variance 
 

Several preprocessing methods were applied to the reduced dataset prior to developing new ANN 

models. Initially, after modifying the databank's records, outliers for W/V ratio, SO2, and O2 mole 

fractions were removed using the Z-score method (for |Z| > 3). Specifically, records with W/V 
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values exceeding 30 kgcat·s/L, SO2 mole fractions above 20%, and O2 mole fractions exceeding 

25% were excluded as outliers. The next preprocessing step involved normalizing the variables to 

a [0,1] range. In contrast to the main dataset discussed in the previous section, which included 29 

inputs and 1 920 data records, the revised dataset in this section is comprised of 22 inputs variables 

and 1 270 records. 

3. Dataset with logical data 

The first attempt involved the strategic introduction of logical samples to incorporate records with 

negative outcomes into the dataset. This was necessitated by the prevalent bias in the literature, 

where typically only positive outcomes are reported, thereby skewing the dataset towards positive 

results. To counteract this bias, multiple records representing the absence of metal under varying 

operating conditions and zero conversion were introduced into the dataset.  For instance, the model 

was designed to understand that potassium as the sole catalyst would result in no conversion, as 

potassium functions primarily as a promoter. Consequently, 45 logical records were integrated into 

the revised dataset. 

Following the methodology in Figure 6.1, outliers were removed, and Min/Max normalization 

was applied. Hyperparameter tuning was performed on the modified dataset with logical data, and 

the optimal ANN model was obtained. The model, trained with a learning rate of 0.001 over 32 

epochs using the Nadam optimizer, achieved minimum error at epoch 9 231. Figure B.5 shows 

parity plots for training, validation, and testing, with MSE within an acceptable range. 

 

Figure B.5. Parity plots of the ANN model for scenario 1 (with logical data). 
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Figure B.6 presents the Pareto front derived from the NSGA-II algorithm, utilizing a 

population of 1 000 and iterating over 10 000 generations. Figure B.6a-c exhibit expected 

behaviour, revealing the typical trade-offs between conversion, productivity, and cost. However, 

Figure B.6d highlights that these outcomes are associated with the lower boundary of potassium 

concentration, suggesting that the incorporation of logical data may have introduced a bias toward 

negative outcomes. This bias appears to have led the model to incorrectly infer that potassium 

exerts no influence on conversion, even in the presence of vanadium. 

 

Figure B.6. Results of MOO for vanadium-potassium case study for scenario 1 (with logical data) 

(a) conversion vs productivity, (b) conversion vs cost, (c) productivity vs cost, (d) vanadium wt% 

vs potassium wt%, and (e) temperature vs W/V. 
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1. Introduction 

To improve the accessibility and usability of the developed predictive framework, the best-

performing ML models were integrated into a web-based application for catalyst evaluation and 

operating-condition analysis. The web app was developed in Python using Streamlit 

(https://streamlit.io/), providing an interactive platform through which users can assess catalyst 

performance under specified conditions and through optimization-based analysis, without 

requiring direct interaction with the underlying modelling code. In this way, the application serves 

as a practical interface for applying the predictive capabilities developed in this work to 

hydrogenation reaction screening and catalyst selection. 

The application was designed for the hydrogenation system investigated in this study and 

focuses on identifying the most suitable catalyst for selected pairs of substrates. Its purpose is to 

provide a structured and user-friendly environment in which trained ML models can be used to 

compare catalyst behaviour, examine the effect of operating conditions, and support decision-

making using predicted reaction outcomes. By translating model outputs into an interpretable 

digital tool, the application facilitates the use of ML results in a form that is more accessible for 

analysis, comparison, and practical evaluation. 

The web app is organized into two complementary workflows. The first workflow evaluates 

catalyst performance under a set of pre-defined operating conditions. In this mode, two substrates 

are selected by the user, and the selectivity score is computed iteratively for each catalyst across a 

set of representative operating conditions derived from trends observed in the available 

experimental data. A total of 21 operating conditions are considered in this workflow. For each 

case, the trained ML models generate the predicted reaction outcomes, and the selectivity score is 

then evaluated using Equation (7.1). The catalyst associated with the highest selectivity score is 

reported as the preferred catalyst under the examined conditions. To support interpretation of the 

results, the application also provides visual outputs, including heat maps and score plots, which 

allow users to compare catalyst performance across the selected operating-condition space. 

The second workflow is based on optimization. In this mode, a genetic algorithm is coupled 

with the trained ML models to maximize the selectivity score. In contrast to the first workflow, 

which evaluates a discrete and pre-defined set of operating conditions, the optimization-based 

workflow searches across the feasible operating space to identify more favourable process 

https://streamlit.io/
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conditions. This enables the app to explore combinations of operating variables beyond the specific 

cases directly represented in the available experimental dataset. As a result, the optimization 

workflow provides a broader search capability for identifying promising catalyst and condition 

combinations. 

For this study, the optimization was conducted separately for all possible substrate-pair 

combinations considered in the analysis. For each selected pair, the application reports the catalyst 

predicted to provide the best performance together with the corresponding optimal operating 

conditions. This allows the user to move from simple catalyst screening to a more advanced 

analysis in which both catalyst choice and process settings are considered simultaneously. 

Overall, the developed web application demonstrates the deployment of trained ML models 

into an interactive and practical digital environment for catalyst screening and operating-condition 

evaluation. By combining predictive modelling, visual interpretation, and optimization within a 

single platform, the app provides a clear and efficient means of examining catalyst performance 

under both fixed and optimized conditions. The following sections of this appendix describe the 

structure of the application and explain the two main workflows used for catalyst assessment and 

process-condition analysis. 

Figure C.1 provides the overall view of the web application interface and illustrates how the 

user interacts with the deployed tool. The layout is divided into two main areas. On the left, a 

sidebar is provided for user input, where the two substrates are selected before running the analysis. 

In the main panel, the two workflows are displayed as separate sections so that the user can clearly 

distinguish between screening under pre-defined conditions and optimization-based analysis. This 

arrangement was designed to make the navigation straightforward and to allow the user to move 

easily between input selection and result generation. 

The figure also serves as the starting point for the appendix by introducing the structure of the 

app before presenting detailed examples. Rather than discussing the application only in abstract 

terms, the next sections examine how each part functions through a specific example in which one 

compound is assigned as Substrate A and another as Substrate B. Using this example-based 

format makes it possible to show the sequence of user actions, the outputs displayed by the app, 

and the way the results are interpreted in practice. 
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Accordingly, Figure C.1 should be viewed as a general overview of the deployed interface. 

The detailed operation of each module, including the displayed results and their interpretation, is 

presented in the following sections through step-by-step examples for the selected substrate pair. 

 

Figure C.1. Overall interface of the developed Streamlit-based chemoselectivity web application 

for hydrogenation, showing the sidebar for substrate selection and the two main analysis sections, 

Catalyst Search and Full Optimization. 

Figure C.2 shows the first stage of user interaction with the web application. Before running any 

analysis, the user defines the substrate pair directly from the sidebar by selecting one compound 

as Substrate A and the other as Substrate B. In the example presented here, 1-Nitronaphthalene is 

assigned as the reacting substrate and 2-Phenylacetophenone is assigned as the protected substrate. 

This selection establishes the chemoselective hydrogenation problem to be evaluated by the app 

and determines which stored predictions and optimization results are retrieved in the subsequent 

steps. 

The same panel also provides the two analysis buttons available to the user. These buttons 

serve as the entry point to the two workflows described earlier and allow the selected substrate 
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pair to be analyzed under either the screening-based or optimization-based framework. At this 

stage, the role of the interface is to define the problem setup clearly and provide a simple transition 

from substrate selection to result generation. 

For consistency, the same substrate pair is used throughout the following demonstration of the 

appendix. The discussion begins with the Catalyst Search workflow, where the selected pair is 

evaluated under the pre-defined operating conditions, and then proceeds to the optimization-based 

results presented by the Full optimization module. This step-by-step presentation makes it possible 

to illustrate not only how the user interacts with the app, but also how the outputs are generated 

and interpreted for a specific chemoselective hydrogenation case. 

 

Figure C.2. Sidebar of the chemoselectivity web application showing an example substrate-pair 

selection, with 1-Nitronaphthalene chosen as Substrate A and 2-Phenylacetophenone chosen as 

Substrate B, together with the two analysis options, Catalyst search and Full optimization. 

2. Catalyst search 

Figure C.3 presents the introductory content displayed in the Catalyst Search section of the app. 

This part of the interface provides a concise explanation of the screening workflow and outlines 

the main steps required to perform the analysis for the selected substrate pair. By presenting these 
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instructions directly in the main panel, the app guides the user through the procedure before any 

results are displayed and clarifies how the screening process is structured within this module. 

The information shown in this section is intended to make the workflow more transparent and 

easier to follow. Rather than requiring the user to infer how the analysis is carried out, the interface 

explicitly states the sequence of actions and the general basis of the catalyst search procedure. This 

contributes to a more interpretable and user-friendly deployment environment, particularly for 

users who may not be familiar with the computational details behind the app. 

 

Figure C.3. Overview of the Catalyst Search section in the web application, showing the on-screen 

guidance provided to the user before running the screening analysis. 

Figure C.4 shows the expandable More Info panel included in the Catalyst Search section of the 

web app. This panel displays the complete list of operating conditions used during the screening 

analysis and allows the user to inspect the exact temperature, pressure, and flow rate values applied 

in catalyst evaluation. Presenting this table directly in the app improves transparency by making 

the basis of the catalyst screening explicitly visible to the user rather than leaving it implicit in the 

background calculations. 

The table consists of 21 indexed operating points, but only five of these correspond to the 

original experimental conditions available in the dataset. These five points, shown in bold, are the 

operating conditions on which the ML models were trained. They serve as the anchor points of the 

screening workflow and are identified in the app by condition indices 1, 6, 11, 16, and 21. The 

remaining 16 points were added as interpolated intermediate conditions between these 
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experimental anchor points to provide a smoother and more informative screening trajectory across 

the operating domain. 

These interpolated points were not generated as arbitrary combinations of operating variables. 

Instead, they were constructed along a single aligned path in which temperature and pressure 

increase together while flow rate decreases simultaneously. Temperature is varied from 25 to 85 

°C in increments of 3 °C, pressure is varied from 25 to 85 bar in increments of 3 bar, and flow rate 

is varied from 3.0 to 1.0 mL/min in decrements of 0.1 mL/min. This produces a total of 21 

operating conditions that follow a continuous transition from mild to harsh operating severity. 

For example, Condition 1 corresponds to 25 °C, 25 bar, and 3.0 mL/min. The next operating 

point, Condition 2, becomes 28 °C, 28 bar, and 2.9 mL/min, followed by Condition 3, which is 31 

°C, 31 bar, and 2.8 mL/min. This pattern continues throughout the table such that each step 

increases temperature and pressure by the same amount while decreasing flow rate by a fixed 

amount. At the opposite end of the range, Condition 21 corresponds to 85 °C, 85 bar, and 1.0 

mL/min, representing the harshest operating point in the predefined screening path. In this way, 

the full 21-point table should be interpreted as a continuous operating trajectory anchored by the 

five experimental conditions and filled in with intermediate points to show the gradual evolution 

of operating severity. 

This structure provides two practical benefits in the app. First, it preserves a direct connection 

to the experimental basis of the predictive models by clearly retaining the original trained 

conditions. Second, it allows the catalyst search module to evaluate and visualize catalyst 

performance across a denser and more continuous set of operating conditions, rather than 

restricting the analysis to only five discrete points. As a result, Figure C.4 is important not only 

because it displays the operating-condition table, but also because it explains how the predefined 

screening space was constructed to balance experimental grounding with a smoother and more 

interpretable catalyst screening process. 
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Figure C.4. Expandable More Info panel in the Catalyst Search section, showing the 21 operating 

conditions used in the screening workflow. The bold rows indicate the original experimental 

operating conditions used for model training, while the remaining rows represent interpolated 

intermediate conditions introduced to create a continuous operating path. 

Figure C.5 presents the outcome of the catalyst screening analysis for the selected substrate pair, 

1-Nitronaphthalene as Substrate A and 2-Phenylacetophenone as Substrate B. In this step, all 

available candidate catalysts are evaluated over the full set of 21 pre-defined operating conditions, 

and their predicted performances are compared on the basis of the chemoselectivity score. The 

purpose of this figure is to identify the catalyst that provides the most favourable balance between 

promoting the desired hydrogenation of Substrate A and minimizing the undesired conversion of 

Substrate B. 

For each catalyst and each operating condition, the trained ML models are used to predict the 

relevant reaction outcomes, including the yield of the desired product from Substrate A and the 

conversion of Substrate B. These predicted values are then combined through the chemoselectivity 

expression defined previously in Equation 1. After performing this calculation over all 21 

operating conditions, the maximum chemoselectivity score achieved by each catalyst is retained. 

The catalyst associated with the overall highest score is then selected as the best catalyst candidate 

for the chosen substrate pair. 
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As shown in Figure C.5, 1% Pt(V)/C is identified as the best hydrogenation catalyst, achieving a 

maximum chemoselectivity score of 99%. This result indicates that, among all catalysts 

considered, 1% Pt(V)/C provides the strongest predicted performance for selectively 

hydrogenating the desired substrate while suppressing the undesired reaction of the protected 

substrate under at least one of the pre-defined operating conditions. The remaining catalysts are 

ranked according to their own maximum achievable chemoselectivity scores, allowing the user to 

compare not only the top candidate but also the relative performance of the full catalyst set. 

The bar chart format makes this comparison straightforward by summarizing the best 

achievable screening result for each catalyst in a single view. Catalysts with high positive scores 

can be interpreted as strong candidates for selective hydrogenation, whereas catalysts with low or 

negative scores indicate poor selectivity for the selected substrate pair. Therefore, Figure C.5 

provides the first key decision output of the web app by identifying the most promising catalyst 

candidate before examining the detailed operating-condition dependence of its performance. 

Figure C.6 shows the metric-selection component of the Catalyst Search workflow. After the 

best catalyst candidate is identified, the user can further examine catalyst behaviour by selecting 

one of the available performance metrics for visualization. The available options include 

selectivity score, yield of desired product from Substrate A, conversion of A, and conversion of B. 

This feature allows the user to move beyond a single summary result and investigate catalyst 

performance from different analytical perspectives. 

Once a metric is selected, the application generates two complementary visual outputs based 

on that choice: a heat map and a score plot. These plots are used to examine how the selected 

metric varies across catalysts and operating conditions, thereby providing a more detailed view of 

catalyst behaviour for the chosen substrate pair. In this way, the user can assess not only which 

catalyst performs best overall, but also how performance changes across the operating range and 

whether the observed behaviour is driven by desired reactivity, undesired conversion, or the 

combined chemoselectivity outcome. 
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Figure C.5. Result of the Catalyst Search workflow for the selected substrate pair, showing the 

maximum chemoselectivity score achieved by each candidate catalyst across the 21 pre-defined 

operating conditions. The highlighted bar identifies the catalyst with the highest score and 

therefore the selected best catalyst candidate. 

 

Figure C.6. Metric-selection menu in the Catalyst Search workflow, allowing the user to choose 

the performance indicator to be visualized. Based on the selected metric, the application generates 

the corresponding heat map and score plot for catalyst comparison across the pre-defined operating 

conditions. 
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The following sections present these visual outputs in detail and explain how they can be 

interpreted for catalyst assessment under the selected screening conditions. 

Figure C.7 presents the heat map generated after selecting chemoselectivity score as the metric 

of interest. This visualization provides a compact comparison of all available catalysts across the 

five representative operating conditions used to summarize the predefined screening path. As 

described previously, these five conditions correspond to the original experimental anchor points 

distributed across the full operating range, namely the mildest, mild, intermediate, harsh, and 

harshest conditions. By focusing on these five key levels, the heat map enables the user to observe 

how catalyst performance changes as the operating severity increases. 

Each cell in the heat map reports the predicted value of the selected metric for a specific 

catalyst at a specific operating severity. In the present case, the values correspond to 

chemoselectivity score, allowing the user to assess how effectively each catalyst promotes the 

desired hydrogenation of Substrate A while suppressing the undesired conversion of Substrate B. 

The colour scale provides an immediate visual indication of performance, with higher positive 

values representing more favourable catalyst behaviour and lower or negative values indicating 

poorer chemoselectivity. 

This type of visualization is especially useful because it reveals not only which catalyst 

performs best overall, but also how the relative ranking of catalysts changes across the operating 

range. A catalyst may perform well under mild conditions but lose selectivity as the severity 

increases, whereas another may show more stable behaviour across all operating points. In this 

way, the heat map complements the summary ranking presented earlier by showing the operating-

condition dependence of catalyst performance rather than only the single best score. 

For the selected substrate pair in this example, Figure C.7 shows that 1% Pt(V)/C maintains 

consistently high chemoselectivity across all five representative conditions, which is in agreement 

with its selection as the best catalyst candidate in the previous figure. Other catalysts display more 

variable behaviour, with some showing moderate selectivity only under certain conditions and 

others exhibiting strongly negative scores as the operating severity increases. Therefore, this figure 
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provides a more detailed interpretation of catalyst performance by showing how the selected metric 

evolves across the key operating conditions used in the screening analysis. 

 

Figure C.7.  Heat map of catalyst performance for the selected substrate pair based on the chosen 

metric, shown here for chemoselectivity score. The heat map compares all available catalysts 

across the five representative operating conditions corresponding to the mildest, mild, 

intermediate, harsh, and harshest levels of operating severity. 

Figure C.8 presents the second visualization linked to the metric selected in the Catalyst Search 

workflow. While the heat map summarizes catalyst performance at the five representative 

operating conditions, this plot shows the variation of the selected metric across all 21 pre-defined 

operating conditions for every available catalyst. In the present example, the selected metric is 

chemoselectivity score. 

This figure provides a more detailed view of catalyst behaviour over the full operating 

trajectory. Each line represents one catalyst, and the horizontal axis follows the indexed operating 

conditions from the mildest to the harshest level. In this way, the user can observe not only the 
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overall performance level of each catalyst, but also how that performance evolves as temperature 

and pressure increase and flow rate decreases across the screening range. 

 

Figure C.8. Score plot of the selected metric across all 21 pre-defined operating conditions for 

each available catalyst. In this example, the plotted metric is chemoselectivity score, allowing 

comparison of catalyst performance over the full screening range. 

The main value of this plot is that it reveals performance trends that may not be fully visible in a 

summary ranking or a five-point heat map. For example, some catalysts may show consistently 

high chemoselectivity across nearly the entire operating range, while others may perform 

reasonably well only under mild conditions and then deteriorate rapidly as the operating severity 

increases. Similarly, catalysts with low or negative values can be identified clearly, indicating poor 

suitability for the selected substrate pair over part or all of the operating domain. 

For the substrate pair considered in this example, Figure C.8 shows that 1% Pt(V)/C maintains 

an almost constant and very high chemoselectivity score across all 21 operating conditions, which 

further supports its identification as the best catalyst candidate. In contrast, other catalysts exhibit 
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more variable behaviour, with some improving as the severity increases and others declining 

markedly. Therefore, this plot complements the previous figures by providing a continuous view 

of catalyst performance throughout the full predefined operating path and allowing a broader 

comparison of catalyst stability and selectivity trends. 

Figure C.9 presents the complete tabulated output of the Catalyst Search workflow. After the 

screening analysis is performed, all predicted results are compiled into a single table that includes 

the operating condition index, temperature, pressure, flow rate, catalyst name, yield of the desired 

product from Substrate A, conversion of A, conversion of B, and the resulting chemoselectivity 

score. In this way, the table provides the full numerical basis underlying the summary plots and 

ranking outputs shown earlier in the application. 

This section is important because it gives the user direct access to the detailed results for every 

catalyst under every pre-defined operating condition. Rather than relying only on graphical 

summaries, the user can inspect the exact predicted values associated with each catalyst-condition 

combination and identify specific cases of interest. This is particularly useful when a more detailed 

comparison is needed or when the user wishes to examine the numerical values behind the trends 

observed in the heat map and score plot. In addition to being displayed within the app, the table 

can also be downloaded as a CSV file. This feature allows the user to save the complete set of 

screening results and use them for further analysis outside the application environment. Therefore, 

Figure C.9 represents the final output stage of the Catalyst Search workflow by providing a 

complete, accessible, and exportable summary of all screening results. 
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Figure C.9. Full results table generated by the Catalyst Search workflow, summarizing the 

predicted performance of all catalysts across the 21 pre-defined operating conditions for the 

selected substrate pair. The table can also be downloaded by the user as a CSV file for further 

analysis. 

3. Full optimization 

Figure C.10 shows the initial interface displayed when the user enters the Full Optimization section 

of the web app. This part of the application corresponds to the second analysis workflow and is 

designed to identify the highest achievable selectivity score together with the corresponding 

optimal operating conditions for the selected substrate pair. In contrast to the screening-based 

workflow, which evaluates catalyst performance over a fixed set of pre-defined operating 

conditions, this module is intended to identify the best attainable operating point within the broader 

operating space considered in the optimization procedure. 

Because the selectivity score is evaluated for ordered substrate pairs, and because the study 

includes ten substrates, a total of 90 possible substrate pairs must be considered. Performing a full 

genetic algorithm optimization for every pair is computationally demanding. For this reason, the 

optimization analyses were carried out in advance, and the resulting outputs were stored for later 

retrieval in the web application. These precomputed optimizations were performed on the Digital 

Alliance of Canada platform and required nearly two days of computational time. The app 

therefore functions as an efficient interface that allows the user to access the saved optimization 

results directly without repeating the full optimization procedure during each session. 

As shown in Figure C.10, the first section of the optimization module provides a concise 

description of the workflow and explains how the user can load the optimization results for the 

selected substrate pair. Once the user chooses Substrate A and Substrate B from the sidebar and 

clicks Full optimization, the app retrieves the previously saved genetic algorithm results 

corresponding to that specific pair. The following sections present the optimization outputs 

generated through this workflow and explain how these results are displayed and interpreted within 

the application. 
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Figure C.10. Introductory section of the Full Optimization module in the web application, 

presenting the optimization objective and the user instructions for retrieving the saved genetic 

algorithm results for the selected substrate pair. 

Figure C.11 presents the first set of results displayed after the user selects a substrate pair and 

clicks Full optimization in the sidebar shown previously in Figure C.2. At this stage, the app 

retrieves the saved optimization results corresponding to the selected pair and summarizes the 

catalyst ranking in a format similar to that used in the Catalyst Search workflow. This consistency 

in presentation allows the user to compare the outputs of the two workflows more easily while 

recognizing that the underlying basis of evaluation is different. 

In this section, the application first highlights the overall winner of the genetic algorithm 

optimization, namely the catalyst associated with the highest selectivity score obtained under 

optimized operating conditions. The accompanying bar chart then presents all available catalysts 

together with their own highest achievable selectivity scores from the optimization results. In this 

way, the figure provides both the identity of the best catalyst and the relative standing of the 

remaining candidates under the optimization-based framework. 

For the selected substrate pair shown in this example, 1% Pt(V)/C is identified as the genetic 

algorithm winner, reaching a maximum selectivity score of 99%. The remaining catalysts are 

ranked according to their best optimized scores, which allows the user to assess not only the top-

performing candidate but also how close the other catalysts come to the optimum. This is useful 

because some catalysts may perform competitively under optimized conditions even if they are 

not selected as the final best candidate. 
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A comparison with Figure C.5 shows that both workflows identify 1% Pt(V)/C as the best 

catalyst for this substrate pair, with the same maximum selectivity score of 99%. This agreement 

suggests that the catalyst identified as optimal under the broader genetic algorithm search is 

consistent with the best result obtained from the predefined screening conditions. At the same time, 

some differences can be observed in the ranking of the remaining catalysts. For example, in Figure 

C.5, 1% Au/TiO2 and 5% Ir/CaCO3 both achieve 96%, whereas in Figure C.11 their optimized 

scores become 95% and 97%, respectively, resulting in a slight change in ordering. Similarly, 10% 

Pd/CaCO3 improves from 22% in the catalyst search to 25% in the optimization results, while Ni-

Raney decreases from −17% to −23%. These differences indicate that although the best overall 

catalyst remains unchanged, the broader operating-space search can slightly modify the relative 

performance of the other catalyst candidates. 

Overall, Figure C.11 serves as the first key output of the Full Optimization workflow. It 

provides a direct summary of the catalyst ranking based on the optimization results and establishes 

the best catalyst candidate before presenting the detailed optimal operating conditions and other 

associated outputs in the following sections. 

Figure C.12 presents the best optimization result in a compact visual format. After the 

optimization results are loaded, the app displays the top catalyst candidate together with the 

operating conditions associated with the highest selectivity score. In this example, the Sankey plot 

links the best candidate to four key outputs: the selected catalyst, the optimal temperature, the 

optimal pressure, the optimal flow rate, and the resulting selectivity score. This provides a clear 

summary of the single best solution identified for the selected substrate pair. 

For the example shown here, the optimal solution corresponds to 1% Pt(V)/C, with an optimal 

temperature of 85 °C, an optimal pressure of 43 bar, and an optimal flow rate of 2.4 mL/min, 

yielding a maximum selectivity score of 99%. Presenting the result in this form makes it easy for 

the user to interpret the optimization outcome at a glance, since both the catalyst identity and the 

associated operating conditions are displayed simultaneously. 

This figure also complements the information presented in Figure C.11. While Figure C.11 

compares all catalysts according to their best achievable optimized selectivity scores, Figure C.12 

focuses only on the single winning solution and provides the exact operating conditions at which 

that optimum is obtained. In this way, the user can first identify the best catalyst from the ranking 
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view and then immediately examine the detailed optimal settings for that catalyst in the Sankey-

based summary. 

 

Figure C.11. Initial optimization result displayed in the Full Optimization module, showing the 

catalyst identified by the genetic algorithm as the best candidate for the selected substrate pair, 

together with the maximum selectivity score achieved by each catalyst under optimized operating 

conditions. 
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Figure C.12. Sankey-style summary of the best optimization result, showing the catalyst selected 

by the genetic algorithm together with the corresponding optimal temperature, pressure, flow rate, 

and maximum selectivity score for the chosen substrate pair. 

Figure C.13 provides a broader view of the optimization results by presenting the best operating 

point obtained for each catalyst rather than focusing only on the single overall winner. For every 

catalyst, the operating conditions corresponding to its highest selectivity score are extracted from 

the optimization results and displayed in three separate scatter plots. These plots show how the 

maximum selectivity achieved by each catalyst is associated with a specific temperature, pressure, 

and flow rate. 

The first panel relates selectivity score to temperature, the second relates selectivity score to 

pressure, and the third relates selectivity score to flow rate. Together, these three views allow the 

user to examine how the optimal operating conditions differ among catalysts and whether high-

performing catalysts tend to cluster within similar regions of the operating space. This 

representation is useful because catalysts with similar maximum selectivity scores may still require 

substantially different operating conditions to reach that performance. 

For the selected substrate pair in this example, Figure C.13 shows that the best-performing 

catalysts are concentrated at relatively high selectivity levels, but their associated optimal 

operating conditions are not identical. The overall winning catalyst, 1% Pt(V)/C, achieves its 

maximum selectivity at a high temperature and a comparatively moderate pressure and flow rate, 

whereas other strong candidates such as 5% Ir/CaCO3 and 1% Au/TiO2 reach similar selectivity 

levels under different combinations of pressure and flow rate. At the same time, lower-performing 

catalysts remain grouped at much lower selectivity values, making their limited competitiveness 

evident even when their own best operating points are considered. 

This figure complements Figure C.12 in an important way. While Figure C.12 isolates the 

single best catalyst and its corresponding optimal settings, Figure C.13 expands the view to all 

catalysts and shows the operating conditions associated with each catalyst’s individual optimum. 

As a result, the user can compare not only which catalyst performs best overall, but also how the 

optimized operating space differs across the full catalyst set. 
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Figure C.13. Genetic algorithm landscape showing, for each catalyst, the operating conditions at 

which its maximum selectivity score is achieved. The three panels separately display the optimal 

temperature, pressure, and flow rate associated with the best optimization result for each catalyst. 

Figure C.14 presents the final output section of the Full Optimization module. Similar to the results 

table provided in the Catalyst Search workflow, this section compiles the optimization outcomes 

into a structured and accessible tabular format. For each catalyst, the table reports the operating 

conditions at which its maximum selectivity score is achieved, along with the corresponding 

predicted yield of the desired product from Substrate A, conversion of A, conversion of B, and the 

resulting selectivity score. In this way, the table provides the full numerical summary underlying 

the optimization-based results shown in the preceding figures. 

This table is particularly useful because it brings together, in a single view, both the 

performance of each catalyst and the operating conditions required to achieve its individual 

optimum. While the previous optimization figures provide graphical summaries of the winning 

catalyst, the best operating point, and the landscape of optimized results, Figure C.14 offers the 

precise numerical values needed for closer inspection, comparison, and documentation. It therefore 

serves as the most complete summary of the optimization results for the selected substrate pair. 

As in the first part of the app, the results table can also be downloaded by the user. This allows 

the optimization outputs to be saved and used for further analysis outside the web application, 
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including comparison across catalyst candidates, external visualization, or incorporation into 

additional records and reports. Therefore, Figure C.14 represents the final stage of the Full 

Optimization workflow by providing a complete, exportable, and user-accessible summary of the 

optimized catalyst results. 

 

Figure C.14. Final tabulated output of the Full Optimization workflow, listing for each catalyst 

the operating conditions associated with its maximum selectivity score, together with the 

corresponding predicted yield, conversion values, and selectivity score. The table can also be 

downloaded by the user for further analysis and recordkeeping. 

This appendix has presented the structure and functionality of the developed Streamlit-based web 

application for catalyst screening and optimization in chemoselective hydrogenation. Through the 

two integrated workflows, namely Catalyst Search and Full Optimization, the app provides an 

accessible interface for evaluating catalyst performance under both pre-defined and optimized 

operating conditions. By combining predictive ML outputs, visual summaries, and downloadable 

result tables, the application enables users to examine catalyst behaviour, compare candidate 

catalysts, and identify promising operating conditions for selected substrate pairs. Overall, the web 

app serves as a practical and user-oriented deployment of the developed framework, translating 

the predictive and optimization results into an interpretable tool for catalyst evaluation and 

decision support. 
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