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Abstract

Model-Based Analysis and Optimization of Industrial MDI
Manufacturing

The production of methylene diphenyl diisocyanate (MDI) is a cornerstone of
polyurethane chemistry, with growing industrial importance due to its broad application range
and increasing demand for high-performance polymer materials. MDI synthesis, however,
remains a complex, multi-step process, characterized by intricate reaction networks, sensitive
operational parameters, and environmental challenges. This dissertation presents a
comprehensive, model-based and data-driven investigation of the industrial production of MDI,
with particular focus on the synthesis and behavior of its primary precursor, methylenedianiline
(MDA). The research encompasses both kinetic modeling and machine learning techniques to
understand, predict, and optimize process behaviors. A detailed kinetic model was developed
to describe the formation of MDA through the reaction of aniline and formaldehyde under
acidic conditions. The model includes an extended reaction network and supports parameter
sensitivity analysis, offering insight into the influence of molar ratios, residence times, and
temperature profiles on product distribution, ring formation, and isomer ratios The
identification and validation of model parameters was done using laboratory-scale experiments
and available literature data demonstrating its reliability and adaptability across varying process
conditions. In parallel, multiple soft sensor models were created to estimate complex product
quality attributes, such as the color of MDI mixtures. These models employ advanced machine
learning algorithms, including linear regression, regression trees, neural networks, support
vector machines, and Gaussian process regression. Feature selection methods—such as
Minimum Redundancy Maximum Relevance (MRMR), F-test method, ReliefF algorithm,
Correlation-based and Aggregated techniques — were applied to identify the most influential
process variables, while time-delay analysis and Bayesian optimization were used to enhance
model accuracy and robustness. Among the models, Gaussian Process Regression showed
superior predictive performance and the optimal operating parameters were determined by
combining the model with Genetic Algorithm. The integration of mechanistic and data-driven
modeling approaches enables the identification of optimal production conditions, reduction of
undesirable by-products, and the development of explainable, interpretable models aligned with
industrial requirements. These outcomes contribute to the advancement of sustainable, efficient,

and intelligent MDI production technologies.






Kivonat

Modellalapu elemzés és optimalizalas az ipari MDI-

gyartasban

A metiléndifenil-diizocianat (MDI) el6allitasa a poliuretankémia meghatarozoé folyamata,
mely egyre nagyobb ipari jelentoséggel bir a széleskorii alkalmazhatdsaga €s a magas mindségu
polimerek iranti ndvekvd igény miatt. Az MDI szintézise azonban Osszetett, tobblépcsds
folyamat, amelyet bonyolult reakcidohalozatok, érzékeny miikodési paraméterek és kornyezeti
kihivasok jellemeznek. A disszertacié célja az ipari MDI-gyartas komplex, modellalapt és
adatvezérelt elemzése, kiilonds tekintettel a f& intermedier, a metiléndianilin (MDA)
szintézisére és viselkedésére. A kutatas kiterjed mind a kinetikai modellezésre, mind a gépi
tanulasi technikdk alkalmazasara a folyamatok megértése, elérejelzése és optimalizalasa
érdekében. Egy részletes kinetikai modellt dolgoztam ki az MDA képzddésének leirasara,
amely az anilin és a formaldehid savas kozegben torténd reakcidjan alapul. A modell
kiterjesztett reakcidhalozatot tartalmaz, és lehet6vé teszi a folyamat paraméterérzékenység
vizsgalatat, betekintést nydjtva a molaranyok, tartozkodasi id6k és hémérsékleti profilok
termékeloszlasra, gylriiképzddésre ¢és izomeraranyokra gyakorolt hatasaba. A modell
paramétereit laboratoriumi méretii kisérletek €s szakirodalmi adatok segitségével identifikaltuk
és validaltuk, ami igazolja annak megbizhatdésdgat és alkalmazhatdsagat valtozd
folyamatkorilmények kozott is. Ezzel parhuzamosan killénbozé soft szenzor modellek keriltek
fejlesztésre az MDI keverékek szinének, mint komplex minéségi paraméternek a becslésére. A
modellek kiilonbozé gépi tanulasi algoritmusokat alkalmaznak, tobbek kozott linearis
regressziét, dontési fakat, neuralis haldkat, Support Vector Machine és Gauss-folyamat alapu
regressziét. A legfontosabb valtozok azonositasahoz valtozoszelekcios modszereket — példaul
Minimélis Redundancia, Maximalis Relevancia algoritmust (MRMR), F-teszt mddszert,
ReliefF algoritmust, Korrelacioalapu és Aggregélt technikdkat — alkalmaztam, holtido-
analizissel és Bayes-fele optimalizacidval pedig a modellek pontossagat javitottam. A modellek
kozul a Gauss-folyamat regresszid kivald predikcios teljesitményt mutatott, az optimalis
miikodési paraméterek pedig a modell Genetikai Algoritmussal valé kombinalasaval kertltek
meghatarozasra. A modellezési megkozelitések kombinacidja lehetdvé tette az optimalis
miikodési feltételek meghatarozasat, a melléktermékek csokkentését és ipari szinten is
értelmezheté, magyarazhatdo modellek kidolgozasat. Az eredmények hozzajarulnak a

fenntarthato, hatekony és intelligens MDI-gyartasi technologiak fejlédéséhez.






Auszug

Modellbasierte Analyse und Optimierung der industriellen
MDI-Herstellung

Die Herstellung von Methylendiphenyldiisocyanat (MDI) ist ein zentraler Prozess der
Polyurethan-Chemie mit wachsender industrieller Bedeutung, jedoch durch komplexe
Reaktionsnetzwerke, empfindliche Prozessparameter und 6kologische Herausforderungen
gekennzeichnet. Diese Dissertation présentiert eine modellbasierte und datengestltzte
Untersuchung der industriellen MDI-Produktion mit Fokus auf die Synthese und das Verhalten
des Vorlaufers Methylendianilin (MDA). Zur Beschreibung der MDA-Bildung aus der
Reaktion von Anilin und Formaldehyd unter sauren Bedingungen wurde ein detailliertes
kinetisches Modell mit erweitertem Reaktionsnetzwerk entwickelt. Sensitivitatsanalysen
erlauben die Untersuchung des Einflusses von molaren Verhaltnissen, Verweilzeiten und
Temperaturprofilen auf Produktverteilung, Ringbildung und Isomerenverhaltnisse. Die
Identifikation und  Validierung der  Modellparameter  erfolgte  anhand  von
Technikumsversuchen sowie Literaturdaten und belegt die Ubertragbarkeit des Modells auf
unterschiedliche Prozessbedingungen. Ergédnzend wurden Soft-Sensor-Modelle zur Schatzung
komplexer Produkteigenschaften, insbesondere der Farbe von MDI-Mischungen, entwickelt.
Zum Einsatz kamen lineare Regression, Regressionsbdume, kinstliche neuronale Netze,
Support Vector Machines und Gaullsche Prozessregression. Die Auswahl relevanter
Prozessvariablen erfolgte mittels Minimum Redundancy Maximum Relevance (MRMR), F-
Test-Methode, ReliefF-Algorithmus, korrelationsbasierter sowie aggregierter
Merkmalsauswahlverfahren. Zusatzlich wurden Zeitverzégerungsanalysen und Bayessche
Optimierung zur Bericksichtigung dynamischer Effekte und zur Hyperparameterabstimmung
angewendet. Die Gaullsche Prozessregression zeigte die beste Vorhersageleistung; in
Kombination mit einem genetischen Algorithmus wurden optimale Betriebsparameter zur
Qualitatsverbesserung und Reduktion von Nebenprodukten bestimmt. Die Integration
mechanistischer und datengetriebener Ansétze ermdglicht erklarbare, industriell einsetzbare

Modelle und tragt zu einer nachhaltigen, effizienten MDI-Produktion bei.
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1 Introduction

In the modern chemical industry, mathematical modeling plays a crucial role in
understanding, designing, and optimizing chemical processes. As industries strive for
efficiency, safety, and sustainability, mathematical models provide a structured approach to
predict system behavior, minimize costs, and improve operational performance. By using
functions that describe mass and energy balances, reaction kinetics, and transport phenomena,
engineers can simulate real-world processes in order to optimize operation, decrease production
costs, prepare the foundations of feasibility studies or can be a tool of investigation before

implementing costly experimental trials.

This mathematical model based predictive capability not only accelerates innovation but
also enhances process control, ensuring consistent product quality, process safety and
adherence to environmental regulations. In addition, with increasing complexities in chemical
production—such as multi-phase reactions, dynamic process control, and integration of
renewable resources—advanced mathematical models help industries overcome challenges.
These models facilitate enhanced decision-making in domains such as process optimization,
risk assessment, and equipment design, thereby contributing to the development of safer and

more efficient chemical facilities.

In this context, the application of mathematical modeling extends beyond traditional
engineering calculations; it now integrates computational tools, artificial intelligence, and real-
time simulations. These advancements empower chemical engineers to refine processes, reduce
environmental impact, and drive the industry toward a more sustainable future. Thus,
mathematical modeling is not just a theoretical exercise but a fundamental pillar of modern
chemical engineering, ensuring innovation, safety, and efficiency in an increasingly complex

industrial landscape.

A prime example of the impact of mathematical modeling in chemical engineering is its
role in optimizing complex industrial processes, such as the synthesis of isocyanates. Through
the utilization of computational simulations and machine learning algorithms, engineers have
the capacity to construct predictive models that precisely represent reaction kinetics, heat and
mass transfer, as well as system dynamics. Such models facilitate real-time adjustments to
processes, thereby enhancing efficiency and sustainability while minimizing dependence on

expensive and labor-intensive experimental trials. Furthermore, the integration of artificial



intelligence into process modeling augments decision-making capabilities by discerning
optimal operating conditions and revealing patterns that may be disregarded by conventional
methods.

The synthesis of various isocyanates represents a process that is both highly energy-
demanding and complex, thus offering significant opportunities and potential for the
advancement of technologies and formulations aimed at sustainable development.
Nevertheless, the optimization of this production process necessitates the employment of a
model that is both validated with empirical measurement data and accurately represents the
actual system. This is crucial for achieving notable reductions in time and cost, while
simultaneously enhancing product quality. Both kinetic models and machine learning models
can facilitate the manufacturing process with greater speed and precision, thereby increasing
product selectivity to align with market demands, minimizing the formation of by-products and

energy consumption, and enhancing key performance indicators to desired levels.

In my research, | have developed methods for model-based and data-driven analyses of
the formation process and reactions of Methylenediphenyl diisocyanate (MDI) and
Methylenedianiline (MDA) intermediates, the kinetics of the reactions and other difficult-to-
define parameters such as the prediction of the colour of MDI mixtures. The soft-sensors and
models developed were used to support industrial processes by defining different flexible and
challenging objectives. We also aimed to ensure that the results of each of the developed models
could be interpreted in an explainable way based on industrial experience. | have devised
methodologies for both model-based and data-driven analyses concerning the formation
processes and reactions of MDI and MDA intermediates. This includes the kinetics of these
reactions and other complex parameters, such as predicting the color of MDI mixtures. The
developed soft-sensors and models were utilized to aid industrial processes by defining various
flexible and challenging objectives. Furthermore, efforts were made to ensure that the outcomes
of each developed model could be interpreted in an explainable way, supported by industrial

experience.

The aim of my research was to examine the individual components and processes of MDI
production as an integrated system. Accordingly, the objectives and main research gquestions
were formulated to reflect this systemic approach, while the answers and findings were

summarized in the form of thesis points:



e Isit possible to define a kinetic model capable of accurately describing the formation
of MDA and other secondary components generated during the synthesis reactions,
while remaining applicable under relevant industrial production parameters (e.g.
aniline/formaline molar ratio)?

e s it possible to use machine learning models to describe the synthesis of MDA in
order to achieve a deeper understanding of the effects of various production
parameters on product quality, and potentially predict these effects?

e s it possible to identify the reaction pathways responsible for the formation of by-
products that cause color degradation during MDI production, and if identified, what
strategies can be applied in industrial systems to reduce their formation?

e st possible to create and implement a regression-based machine learning model as
a soft sensor in industrial systems to predict MDI color using operating parameters,

thus aiding in the management and enhancement of industrial processes?

Section 2 initially highlights the significance of mathematical modeling and the
methodologies for its utilization. It discusses the types of models that can be developed based
on the basis of reasoning and the availability of data over time. In addition to traditional
chemical engineering models, a brief introduction to data-driven modeling and machine

learning is anticipated.

Subsequent to the modeling techniques, Section 3 delivers a comprehensive analysis of
the raw materials employed in the production of isocyanates, as well as the design, structure,
and operation of industrial systems. It further elucidates the challenges and complexities

inherent in the MDI synthesis process.

In Section 4, a comprehensive kinetic model was devised to describe the MDA synthesis
process. MDA is synthesized industrially through the reaction of aniline and formaldehyde,
catalyzed by inorganic acids, with hydrochloric acid (HCI) being the most prevalent. The
parameters employed in the MDA synthesis critically influence the quality attributes of the
resulting MDA product mixture, which in turn affect the characteristics of the final MDI
product mixture. While MDA serves as a crucial industrial intermediate, its synthesis at an
industrial scale is predominantly guided by empirical methodologies, experiential knowledge,
and heuristic techniques. However, the impact of production parameters and their extents on
product properties remain undocumented in the relevant literatures. The findings of our study

indicate that increasing the complexity of existing kinetic models by defining new components



and reactions to MDA synthesis can yield a more robust and adaptable model for the description

of the reaction system.

Subsequently in Section 5, a machine learning model was developed leveraging
experimental laboratory synthesis data, wherein the correlations between independent operating
parameters and dependent product quality parameters characterizing MDA mixtures were
determined and explored through the development of various regression models acting as soft-
sensors. Upon examining the laboratory experimental data from a set of several individual
experiments, it was discovered that machine learning models could describe independent
parameters with satisfactory accuracy. The machine learning models discussed in this thesis
illustrate the potential to develop models capable of adjusting ring distribution, isomer ratios,
and selectivity of the reaction while concurrently minimizing by-product quantities in
accordance with market demands or different objective functions by fine-tuning production
parameters, thereby achieving an optimal product portfolio and operational cost for the
industrial process.

Estimating the color of MDI mixtures as a quality parameter presents significant
challenges when utilizing conventional kinetic models. Consequently, a soft-sensor was
developed and presented in Section 6 to facilitate the estimation of this parameter. Throughout
our research, we employed five distinct feature selection methodologies — namely, MRMR, F-
test, ReliefF, Correlation-based and a so-called Aggregated approach, which fused the results
of the first four methods in order to derive an optimal set of features, from which MRMR results
proved to be the best for selecting important features. Correlation-based methods were
specifically employed to ascertain and incorporate time delay for each operational parameter,
which significantly influenced the models' accuracy. Subsequently, the performance of five
different machine learning models, including Linear Regression (LR), Regression Tree (RT),
Neural Network (NN), Support Vector Machine Learning (SVM), and Gaussian Process
Regression (GPR), was assessed with Bayesian hyperparameter optimization applied where it
was feasible. Among these models, the GPR models exhibited superior performance. To
elucidate the outcomes of the GPR model, partial dependence plots were computed and
compared with empirical industrial experiences and observations. Furthermore, genetic
algorithms were implemented based on the developed GPR model to acquire an optimal

parameter set, and the robustness of the optimal solution was also verified by sensitivity studies.



2 Importance of model-based analysis and optimization

The preparation of mathematical models is essential for advancing the understanding of
isocyanate production. These models provide a systematic framework to analyze the complex
chemical reactions involved in the synthesis of isocyanates, which are key intermediates in the
production of polyurethane and other polymers. Mathematical modeling has long played a
crucial role in both science and engineering, transforming qualitative questions about observed
phenomena into mathematical problems. From the earliest stages of mathematical development,
formulating real-world phenomena as mathematical problems has been both a driving force and

an essential component of the discipline.

In chemical engineering, computational power is particularly crucial, as the main physical
and chemical principles are inherently complex. These processes often involve not only heat,
mass, and momentum transfer but also chemical reactions, reaction enthalpy, adsorption,
desorption, phase transitions, and multiphase flows. The complex interaction of these factors
makes mathematical modeling both challenging and inevitable to understand complex
interactions. Despite being abstractions of real systems, mathematical models are invaluable
tools for scientists and engineers. They provide a structured approach to understanding and
predicting the behavior of chemical and industrial processes, enabling optimization, innovation,

and more efficient decision-making [1].

The rise of artificial intelligence (Al) and machine learning (ML) has significantly altered
mathematical modeling in the chemical industrial sector as well [2]. Traditional kinetic models
are increasingly integrated with ML frameworks that identify complex connections among
process variables without requiring direct physical equations. Advanced techniques like deep
learning, support vector machines, and Bayesian optimization are used to improve process
predictability and automate decision-making processes. Data-driven surrogate modeling lowers
the computational expenses tied to high-fidelity simulations by developing simplified models
that maintain predictive accuracy. These surrogate models allow for real-time optimization,
making process alterations more rapid and effective. Furthermore, there is ongoing research
into using reinforcement learning algorithms for autonomous process control, where intelligent
agents develop optimal control strategies by continuously interacting with simulated

environments.

The general aims of developing mathematical models to represent industrial processes

include:



1. Process Optimization and Efficiency Increasing: One of the primary uses of
mathematical modeling in the chemical industry involves optimizing industrial
processes. By developing kinetic or data-driven models, engineers can forecast system
behavior under various operating conditions. This helps in selecting optimal parameters
to increase yield, reduce energy consumption, and minimize waste. Classical
optimization methods, such as linear and nonlinear programming, are widely applied
to improve process conditions. Meanwhile, kinetic models, modern machine learning
techniques, and hybrid models offer more dynamic solutions through the examination
of both historical and real-time process data [3].

2. Understanding Reaction Kinetics and Mechanisms: In the realm of chemical
reaction engineering, mathematical models are essential for grasping reaction kinetics
and reactor performance. Reaction rate equations, drawn from the foundational
principles of chemical kinetics, are employed to delineate concentration profiles,
reaction pathways, and states of equilibrium [4]. Kinetic models are categorized as
empirical, semi-empirical, or fundamental, each varying in accuracy and computational
demand. Traditional kinetic modeling uses differential equations to describe how
reactant and product concentrations change over time. Recent advancements in
computational techniques have led to the development of hybrid models that integrate
kinetic theory with data-driven approaches, such as artificial neural networks (ANNS)
and genetic algorithms. These new methods improve the ability to forecast unique
reaction behaviors, including nonlinear dynamics, catalyst deactivation, and
enhancement of selectivity even within multi-phase reactors.

3. Sustainable Process Development: With increasing environmental concerns and
stricter regulatory requirements, mathematical modeling plays a crucial role in
designing sustainable and environmentally friendly chemical processes. Life Cycle
Assessment (LCA) models help evaluate the environmental impact of raw material
extraction, production, transportation, and waste disposal, enabling industries to
implement greener alternatives [5]. Process models are also extensively used in waste
minimization strategies, and energy efficiency improvement. For instance,
mathematical models of chemical absorption and adsorption processes aid in designing
more efficient CO: capture systems, reducing greenhouse gas emissions from industrial
sources. Similarly, energy integration models using pinch analysis assist in optimizing
heat exchanger networks, leading to significant energy savings in large-scale industrial

chemical plants.



4. Real-Time Process Control: Advanced process control (APC) strategies rely heavily
on mathematical modeling to regulate complex chemical processes in real-time. Model
predictive control (MPC), on the other hand, uses dynamic models to anticipate future
process behavior and adjust control variables proactively, minimizing disturbances and
improving process stability [6]. The integration of digital twin technology—uvirtual
replicas of physical systems based on mathematical models — further enhancing real-

time decision-making by continuously updating models based on live plant data [7].

2.1 Modeling strategies

Within the discipline of the aforementioned chemical engineering, modeling strategies can
be categorized as either a priori and a posteriori, or as deductive and inductive approaches.
Consequently, a thorough analysis of the differences, similarities, advantages, and
disadvantages associated with various modeling strategies is imperative for the development of
an optimal model that accurately describes and facilitates the investigation of isocyanate

production through modeling techniques.

This section presents the four previously mentioned modeling strategies, each offering
distinct benefits and tailored for different uses. The decision of when, how, or in what

combination to use them is the responsibility of the modeler:

- Basis of reasoning: Deductive vs. Inductive modeling

- Timing of data utilization: A priori vs. A posteriori modeling (before or after data)

The four primary scientific modeling approaches — deductive modeling, inductive
modeling, a priori modeling, and a posteriori modeling — can be categorized based on the
reasoning method and the timing of data incorporation. Deductive modeling is driven by theory,
where models are constructed using established principles and laws to derive specific
predictions. It aligns primarily with a priori modeling, as it is developed before data collection.
Inductive modeling is data-driven, wherein models are built from observed patterns or
relationships within empirical data. This approach is most commonly associated with a
posteriori modeling, as it involves refining models after data collection. A priori modeling
builds models based on theoretical assumptions or principles, without the need for prior data.
It is often used when systems are well understood and theoretical predictions are needed before
experimentation. A posteriori modeling refines or develops models based on collected data,
validating theoretical models or uncovering new patterns. It includes both inductive (data-

driven) and deductive (data-informed) approaches.
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The relationship among the different modelling strategies is presented in Table 1 below:

Table 1: Framework of modeling approaches

A priori (before data) A posteriori (after data)

Theoretical model o _
] Model validation or tuning
preparation o
_ o ) Example: Validating a
Deductive Example: Deriving fluid o
_ ] kinetic model for laboratory
flow equations from Navier-
) data
Stokes equations

Knowledge-based ) _
o Data-driven modeling
generalization o
] ] Example: Training a
Inductive Example: Preparation of a ) )
] machine learning model for
rule-based system with )
o operational data
historical datasets

Each approach serves specific objectives based on the system under consideration, data
availability, and modeling goals. During model execution, various strategies may be employed
depending on the available data, existing knowledge, or relevant theoretical frameworks. For
instance, the clarification of the isocyanate reaction mechanism, which serves as the validation
objective, illustrates such an application. These approaches are complementary and can be

integrated in hybrid models to improve both predictive accuracy and theoretical understanding.



Table 2 provides a comparative analysis of two modeling approaches with respect to the

timing of data utilization:

Table 2: Comparison of A priori and A posteriori modeling features

Feature

A Priori Modeling

A Posteriori Modeling

Model basis

First principles

(chemistry, physics)

Experimental data and

correlations

Prediction Accuracy

High for well known

systems

High inside experimental

range, limited outside

Data Requirement

Low to moderate

High

Flexibility

Applicable to new processes

Limited to known conditions

Example

Thermodynamic equations

Regression models

A comparison can also be made between two distinct modeling methodologies based on

the foundational principles of reasoning: inductive and deductive approaches. The differences

between these methodologies are illustrated in Figure 1:
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Figure 1: Comparison of Inductive and Deductive modeling features

In the subsequent sections, a comprehensive examination of the four modelling

approaches previously introduced will be undertaken, focusing on clarifying their distinct

strengths, general frameworks for application and fundamental concepts.



2.1.1 Apriori approach

A priori modeling is a fundamental approach in chemical engineering that relies on first
principles rather than empirical data to predict and analyze chemical processes. These models
are constructed using well-established scientific laws such as mass and energy conservation,
reaction kinetics, and thermodynamics. The predictive nature of a priori models makes them
indispensable in process design, optimization, and scale-up, offering reliable insights even in

the absence of extensive experimental data [8].

A key advantage of a priori modeling lies in its ability to develop theoretical or
computational models based on established principles, prior knowledge, or assumptions made
before any direct empirical observation or experimental data collection. By utilizing theoretical
foundations, such models can simulate system responses under different scenarios, examine
parameter sensitivities, and pinpoint critical thresholds or emerging phenomena [9]. Unlike
empirical or data-driven models, a priori models are not fundamentally dependent on
observational data for their construction but can be validated or adjusted with empirical data
afterward. This makes them exceptionally valuable when data is limited, costly, or challenging
to obtain for various reasons. Additionally, they provide a mechanistic insight into system
dynamics, thereby improving interpretability and applicability.

However, the effectiveness of a priori modeling depends heavily on the validity of its
underlying assumptions and the completeness of theoretical understanding. Simplifying
assumptions made for tractability may limit model accuracy, especially in highly nonlinear or
stochastic systems. Consequently, hybrid approaches that integrate a priori modeling with

empirical calibration are increasingly being adopted to harness the strengths of both paradigms.

2.1.2 A posteriori approach

A posteriori modeling refers to the development or calibration of models based on
empirical data or observations obtained after experimentation or measurement. Unlike a priori
modeling, which relies on theoretical principles and assumptions established prior to data
collection, a posteriori approaches are inherently data-driven. They are often used to uncover
patterns, refine theoretical models, or validate predictions by fitting model parameters to real-
world observations [10]. In this framework, models are constructed or adjusted to minimize
discrepancies between simulated outcomes and observed phenomena. This includes statistical
models, machine learning algorithms, and empirical curve-fitting techniques, as well as the

parameter tuning of mechanistic models using optimization methods. A posteriori modeling
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plays a central role in fields such as climate science, epidemiology, economics, and engineering,

where complex systems are difficult to represent solely through first-principles equations.

The strength of a posteriori modeling lies in its ability to closely reflect observed behavior,
allowing high predictive accuracy within the domain of the available data. It is particularly
advantageous when the underlying mechanisms are poorly understood or too complex to model
analytically. Moreover, a posteriori analysis is essential for model validation, uncertainty
quantification, and performance assessment. However, such models may suffer from
overfitting, limited generalizability, or dependence on the quality and quantity of the training
data. Without adequate theoretical grounding, they may lack interpretability and provide limited
insight into causal relationships. As such, a posteriori modeling is often most powerful when
used in conjunction with a priori frameworks, enabling a balanced approach that leverages both

theoretical understanding and empirical evidence.

2.1.3 Inductive approach

Inductive modeling is employed to characterize the process of deriving a general
conclusion based on specific observations, such as identified patterns. This method is
occasionally referred to as induction. The process of induction commences with a set of
premises, mainly based on empirical observations or experimental data, and utilizes these

premises to extrapolate a general conclusion [11].

Inductive modeling is a data-driven methodology that involves constructing models based
on observed patterns, correlations, or regularities within empirical data. Unlike deductive or a
priori approaches, which begin with theoretical assumptions or governing equations, inductive
modeling relies on the extraction of knowledge directly from data, often without prior
assumptions about the underlying system dynamics [12]. This approach is particularly useful
when the system under study is too complex, nonlinear, or poorly understood to be accurately
described by first-principles models. By leveraging statistical learning, machine learning
algorithms, and pattern recognition techniques, inductive models aim to generalize from
specific observations to predict unseen or future behavior. Common examples include
regression analysis, decision trees, neural networks, and support vector machines. Inductive
modeling is widely used across scientific disciplines, including bioinformatics, environmental
science, chemical engineering, and economics. In chemical process optimization, inductive

models can predict product yield or energy consumption based on historical operational data.
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One of the key advantages of inductive modeling is its flexibility and adaptability to large,
high-dimensional datasets. It can uncover complex relationships that may not be obvious
through traditional analysis, making it suitable for exploratory research and predictive analytics.
Furthermore, it facilitates rapid model development, especially in scenarios where theoretical
models are infeasible or unavailable. However, inductive models also present several
limitations. They are inherently dependent on the quality and representativeness of the input
data, and their predictive power may degrade outside the domain of the training set.
Additionally, many inductive models function as "black boxes," offering limited interpretability
or insight into causal mechanisms. This can pose challenges in scientific fields where
understanding system behavior is as important as prediction. To address these challenges,
hybrid modeling strategies are increasingly adopted, combining the strengths of both inductive
and deductive a priori approaches. Such integration enables the development of robust,

interpretable, and accurate models that are grounded in both data and theory.

2.1.4 Deductive approach

Deductive modeling refers to the approach of obtaining particular conclusions or
forecasts based on general principles or established theoretical foundations. This approach,
commonly linked to formal logic and the scientific method, is recognized as deduction. Within
a deductive modeling process, one commences with a set of axioms, physical laws, or
mathematical formulations, employing logical reasoning to infer system behavior under
specified conditions. These premises are typically grounded in first-principles knowledge, such
as thermodynamics, conservation laws, or reaction kinetics, with the model being constructed

independently of observational data [13].

Deductive modeling is a methodology guided by theory, highlighting causality,
comprehension, and internal coherence. In contrast to inductive or data-driven methods that
derive models from observed patterns, deductive modeling uses a priori knowledge to describe
system dynamics through structured equations and logical rules. This makes it especially
suitable for domains where the governing principles of the system are well understood and
guantitatively expressed. Common examples of deductive modeling include the use of
differential equations to describe mass and energy balances in chemical reactors, the application
of Newtonian mechanics in physical simulations, or the use of rate laws in kinetic modeling. In
practice, deductive models are used extensively in engineering, physics, and environmental
sciences, where compliance with the fundamental laws of physics is essential. For instance, in

chemical engineering, the design of a distillation column can be modeled using thermodynamic
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equilibrium relationships and mass transfer equations derived deductively. Such models enable
robust simulation, optimization, and control of complex processes, even before empirical data

are collected [14].

One of the primary strengths of deductive modeling is its explanatory power. Since
models are built on transparent and interpretable mechanisms, they provide insights into how
and why systems behave as they do. This interpretability also enhances their generalizability,
allowing for extrapolation beyond observed data domains when assumptions remain valid.
Moreover, deductive models can support hypothesis testing, theoretical exploration, and
scenario analysis in fields where data collection may be limited or hazardous. However,
deductive modeling also has inherent limitations. The effectiveness of deductive modeling
depends on the existence and accuracy of underlying theoretical understanding. This knowledge
might be lacking for some systems, particularly those marked by significant nonlinearity,
randomness, or incomplete understanding, as encountered in isocyanate reaction systems.
Additionally, deductive models often require simplifying assumptions (e.g., ideal behavior,
steady-state operation), which may not hold in real-world applications. The complexity of
solving analytical or numerical formulations can also be a barrier to their practical

implementation.

2.2 Introduction to Machine Learning models

In recent years and decades, the design, optimisation, fault detection and other uses of
chemical processes supported by different models and model types has accelerated, especially
with the rise of various data-driven modelling technologies (e.g. artificial neural networks).
There are several available articles where the authors could successfully implement models
mainly for applications where both the objective functions and the constrains are non-linear, a
good example is the study of the polymerization of nylon-6,6 using neural networks and the
optimization of the process parameters, which models are promising for industrial applications
[15]. Several applications and proposed improvements have been published on the topic of
fault-detection in order to increase the availability of industrial systems, to detect and diagnose
real faults, avoid unnecessary emergency shutdowns and protect process equipment. Successful
application of these deep learning models can significantly reduce the number of accidents and
shutdowns in industrial facilities, reduce unnecessary environmental impact from malfunctions
and reduce the likelihood of damage to assets and equipment [16,17]. In many cases, the use of
these data models can also significantly reduce the required computation times. An excellent
example of this is the Steam Methane Reformer model published by N.D. Vo et al., where
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conventional kinetic model and its performance were compared with the performance of a
neural network model and correlations between the different parameters were also mapped [18].
From the results, it was seen that by applying the neural network in parallel with the kinetic
model, the required computational time could be reduced by 3 orders of magnitude without
significantly affecting the prediction accuracy. Another excellent way to use the data and
knowledge available in our existing chemical systems or to minimize the possibility of
manufacturing defects is to use this information during the design of additional equipment. In
a related article, Rojek et al. show how different neural network models can support a process
engineer in performing design tasks [19]. Machine learning models can be used in many other
applications and have been used with impressive results in many cases, for example in the
petrochemical, oil and gas industries to estimate oil properties from pressure-volume-
temperature data [20], or for example to optimize industrial hydrocracking units [21]. There are
also applications to the description and comparison of fixed-bed reactors for ethylene oxide
production with conventional models [22], and Balabin et al. have published results on feature
selection methods for estimating biodiesel properties [23]. By the available literature it can be
seen that these machine learning methods can be used in a very wide range of applications with
good accuracy and lower computational requirements compared to traditional models, and with

their use industrial processes can be improved and optimised to a higher extent.

Machine Learning regression models and soft-sensor approaches have become
increasingly indispensable in modern chemical engineering. In many industrial processes, key
quality or state variables are either expensive, slow, or technically difficult to measure directly;
soft-sensors — data-driven regression models built from readily accessible sensor signals —
bridge this gap by estimating those hard-to-measure variables in real-time [24]. By capturing
nonlinearities, multicollinearity and dynamic process changes better than purely first-principles
models, these ML-based tools enable enhanced monitoring, faster fault detection, tighter
control and improved yield or quality in chemical-engineering applications [25]. Incorporating
soft-sensors into the workflow allows process engineers to transform large streams of online
sensor data into actionable estimates of internal states or product attributes, thus supporting
real-time optimization, predictive maintenance and increased robustness in complex process

environments [26].

The objective of Machine Learning models is to utilize existing data to facilitate a more
profound understanding of chemical processes [27], address challenges associated with the

inability to identify certain chemical steps and transformations, and discover novel materials
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[28,29], as well as ascertain optimal reaction conditions in a continuous online manner [30,31].
The implementation of these machine learning approaches in the synthesis of MDA and, by
extension, MDI, holds significant potential due to the intricate nature of the material system
and the versatility of various analytical methods, particularly in the context of industrial-scale

manufacturing processes where the simplicity and precision of application are paramount.

Understanding the technologies that drive innovation has become essential, not only an
optional approach. Machine Learning stands as a key advancement in this transformative age.
This section aims to clarify the idea of machine learning, providing a comprehensive guide. It
is important to understand what machine learning is, become familiar with its various types,

applications, and the tools utilized in the industry [26].

To achieve a comprehensive differentiation, it is essential to define Artificial Intelligence,
Machine Learning, and Deep Learning (DL), as well as to highlight the interrelations among

these models and modeling methodologies.

Artificial Intelligence includes the creation of software systems that exhibit intelligent
behavior and simulate human cognitive processes via diverse algorithms. These algorithms
emphasizing three core capabilities: learning, reasoning, and self-correction, to achieve optimal
performance. Artificial Intelligence can relates to systems derived from machine learning

techniques as well as those engineered through explicit programming methodologies.

Machine learning constitutes a subfield of artificial intelligence, employing algorithms
that acquire knowledge from data to formulate predictions. These predictions may be derived
through supervised learning, wherein algorithms learn patterns from existing data, or through
unsupervised learning, wherein they identify general patterns within data. Machine learning
models possess the capability to forecast numerical values utilizing historical data, classify

events as either true or false, and group data points according to shared characteristics.

Deep Learning represents a specialized part within machine learning, focusing on
algorithms fundamentally grounded in multi-layered artificial neural networks, which draw
inspiration from the architecture of the human brain. In contrast to traditional machine learning
algorithms, deep learning algorithms are generally have greater complexity and non-linearity.
These algorithms have the capability to learn from huge volumes of data, therefore yielding
highly precise outcomes. Exemplary applications of deep learning include language translation,

image recognition, and the development of personalized medicines.
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On the other hand, Data Science is an interdisciplinary field that combines statistics,
computer science, and domain expertise to collect, process, analyze, and interpret large volumes
of data to generate actionable insights and guide decision-making. Figure 2 presents a structural

overview of the previously mentioned data models.

Artifical
Intelligence

Machine
Learning

Deep
Learning

Data
Science

Figure 2: Framework of Al, Machine Learning, Deep Learning, and Data Science

Machine Learning, commonly referred to as ML, constitutes a specialized branch within
artificial intelligence (Al), dedicated to the creation of computer algorithms that undergo
enhancement autonomously through experiential learning and the utilization of data.
Essentially, machine learning empowers computers to derive insights from data and to
formulate decisions or forecasts independently, without explicit programming. Presently,
across different disciplines, including industry, laboratories, research and development
institutions or any other, a vast amount of data is being produced and is readily available. We
are actively enhancing our capabilities in processing, comprehending, and utilizing this data for

predictive and other scholarly objectives.

Fundamentally, machine learning applies to the development and implementation of
algorithms that enable these decisions and predictions. These algorithms are engineered to
enhance their performance over time, achieving greater accuracy and effectiveness as they
assimilate more data. In conventional programming, a computer follows a set of predefined set
of instructions to execute a task. In contrast, within the realm of machine learning, the computer

is provided with a collection of examples, i.e. data and a specific task to achieve; it is then the
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role of the computer or algorithm to determine the methodology to accomplish the task based

on the provided examples.

Machine learning models demonstrate proficiency in estimating quantities of diverse
contaminants or by-products within industrial systems, as well as parameters that present
challenges for traditional chemical engineering calculations, such as the color of isocyanate
products [32]. The implementation of such models enables the modeler to either support,
reduce, or, when the model exhibits reliability and robustness, completely substitute laboratory
measurements related to the parameter being estimated. The capability to evolve and enhance
based on data makes machine learning extremely potent and adaptable. It fuels numerous
technological innovations we observe today, such as voice assistants, recommendation engines,

autonomous vehicles, and predictive analytics.

2.2.1 Types of Machine Learning

In this chapter, | summarize various Machine Learning applications in order to present
different models, their importance and applicability, as well as their advantages and
disadvantages. In the following paragraphs, the classification of these models, the steps of
model development, and the mathematical formalizations of different models and related

methods (e.g. extreme value search, feature selection, etc.) are introduced.

Machine learning can be systematically categorized into three different types based on
the characteristics of the learning system and the nature of the data accessible: supervised
learning, unsupervised learning. Figure 3 illustrates the classification of various machine

learning types.
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Figure 3: Classification of different Machine Learning applications

Supervised machine learning is a subfield of Artificial Intelligence that involves training
a predictive model using labeled data. In this paradigm, the learning algorithm receives a dataset
composed of input-output pairs, where each input instance is associated with a corresponding
output label. The objective is to derive a function that accurately maps inputs to their
corresponding outputs, thereby enhancing the model's ability to generalize to new, unseen

datasets.

Supervised learning tasks are primarily categorized into classification and regression. In
classification tasks, the output space generally consists of distinct categories or classes. In
contrast, regression is concerned with continuous output variables, where the model predicts
values that are real numbers. Conventional algorithms employed in supervised learning
comprise decision or regression trees, support vector machines (SVMs), k-nearest neighbors
(k-NN), and neural networks [33].

Model performance is typically evaluated using metrics such as accuracy, precision,
recall, F1-score for classification, or mean squared error (MSE) and R-squared for regression.
To avoid overfitting, which occurs when a model excels on training data but underperforms on
new data, methods like cross-validation, regularization, and pruning are used. The success of
supervised learning models is largely reliant on the quality and volume of labeled data,
alongside the suitability of the selected algorithm and feature representation.
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Unsupervised machine learning refers to a set of approaches within machine learning
aimed at identifying hidden structures or patterns in data without any explicit labels. Unlike
supervised learning, the data in unsupervised learning consists solely of feature vectors, without
accompanying output labels. The primary goal is to discover the natural organization of the data

and to describe its underlying distribution or intrinsic characteristics [34].

The two primary categories of unsupervised learning tasks comprise clustering and
dimensionality reduction. Clustering entails the aggregation of analogue data points predicated
on a concept of similarity or distance, with widely recognized algorithms encompassing k-
means and hierarchical clustering. These techniques are designed to partition the data into
discrete groups or clusters with the objective of maximizing similarity within clusters while

minimizing similarity between clusters.

Dimensionality reduction techniques, including Principal Component Analysis (PCA)
and t-Distributed Stochastic Neighbor Embedding (t-SNE), are employed to decrease the
number of input features whilst retaining crucial structural information. These techniques are
notably advantageous for visualization, noise reduction, and enhancing the efficiency of

subsequent analytical tasks [35].

Because unsupervised learning does not utilize output labels, assessing the performance
of models becomes more difficult. To evaluate their performance, it is recommended to use
metrics like the Silhouette score, Davies—Bouldin index, or reconstruction error, chosen
specifically for the task at hand. Interpreting results and validating the importance of discovered
patterns heavily relies on domain expertise. Unsupervised learning is especially beneficial for
exploratory data analysis, detecting anomalies, segmenting customers, and learning features.
This approach is frequently used when labeled data is scarce or expensive to obtain, rendering

it an efficient technique for discovering insights and forming data-driven hypotheses.

2.2.2 General steps of Machine Learning Model Development

Various process models exist for industrial purposes within Knowledge Discovery and
Data Mining (KDDM), yet the Cross-Industry Standard Process for Data Mining (CRISP-DM)
is generally utilised as the most widely adopted model. This model has been developed based
on experiences and notable cases encountered in the realm of industrial data mining [36].
Despite its popularity, Studer et al. identified two significant limitations [37]. First, CRISP-DM
is primarily centered on data mining without considering the evolving nature of the

environment, which necessitates that ML models undergo continuous monitoring and updates
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post-deployment to avert a decline in performance. Second, CRISP-DM lacks a comprehensive
quality assurance approach, which is crucial for early error detection to reduce costs at later
stages. Studer et al. proposed a process model, namely CRISP-ML(Q) that adheres to the core
principles of CRISP-DM—maintaining neutrality across industries and applications— while
addressing the specific requirements of ML applications, and presents an approach to

monitoring, maintenance and quality assurance that is recognized as industry leading practice.

Understanding the operations of machine learning in order to support industrial processes
necessitates participation in a systematic process that transforms raw data into insightful and

explainable information. Each phase in this continous process is illustrated in Figure 4 below:

What do we know
about our system?

N

Does the predicted feature vary
according to expectations?

y

Model Data analysis

deployment plan

What correlations can be What data is worth looking at?
found in the data?

Data collection
&

Model selection,

Training &

Testing Preprocessing

Is the right amount and quality of
data available?

Figure 4: Steps of continous model-based analysis

The beginning stage of the machine learning workflow involves grasping the essence of
the process, be it a laboratory experiment, a pilot test, or a functioning industrial plant. It is
crucial to comprehend the problem that needs addressing via machine learning. Leveraging
reliable literature and real-world industrial experience, it is possible to establish preliminary

assumptions and insights into the process to enhance problem comprehension.

The next phase of the machine learning process involves the collection of data. Data
serves as a fundamental component in machine learning, wherein both its quality and quantity
have a direct impact on the performance of the model. Data can be acquired from a diverse

range of sources, including industrial operational data, databases, text files, images, audio files,
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or even extracted from the web. Subsequent to its collection, the data must be appropriately
prepared for machine learning. This preparation entails organizing the data into a suitable
format and ensuring its relevance to the specific problem being addressed.

Data preprocessing is a key step within the machine learning process. The cleaning of data
is the first step, which includes the removal of duplicates and the removal of errors, the
management of missing data, whether through elimination or filling, and the normalization of
data, which involves scaling it to a standard format. Preprocessing enhances the quality of the

dataset and facilitates the accurate interpretation by the machine learning model.

Following the completion of data preparation, the next step is to choose a suitable
machine learning model. A variety of models are available, such as linear regression, decision
trees, neural networks and others [38]. The selection of a model is contingent upon the data
characteristics and the specific problem to be addressed. Considerations in model selection
include the scale and category of the data, the complexity of the task and the computational

resources that are accessible.

After choosing a suitable machine learning model, the next step involves training it using
the pre-processed data. Training necessitates inputting the data into the model, thereby enabling
it to optimize its internal parameters to enhance output prediction accuracy. During the training
process, it is imperative to mitigate the risks of overfitting—where the model exhibits high
performance on the training dataset but fails to generalize to new datasets—and underfitting,

whereby the model underperforms on the training dataset as well as new datasets.

To reduce the risk of overfitting, K-fold cross-validation is commonly used. This
technique involves the resampling of data and dividing it into distinct subsets for testing and
training the model over multiple cycles. It is often used in predictive scenarios to assess how
well a model is likely to perform in real-world applications. Additionally, it can be utilized to

analyze the quality of a model fit and to check the consistency of its parameters [39].

Following the training phase of a model, it is crucial to assess its performance on unseen
data prior to deployment. The result evaluation and monitoring of machine learning models
includes continuous assessment to identify changes known as model drift, which occurs when
a model's performance deteriorates due to shifts in data patterns, thereby a sustainable model
prediction quality can be achieved over time. Ongoing monitoring and retraining protocols
assist organizations in ensuring that their models remain efficient and dependable within

production environments. Metrics commonly employed for evaluating a model's performance
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include accuracy (for classification tasks), precision and recall (relevant for binary classification

problems), and metrics like mean squared error (applicable to regression problems).

In addition to optimizing for accuracy, hyperparameter optimization for machine learning
incorporates tools for automated hyperparameter searches, thereby ensuring both efficiency and
reproducibility. A variety of algorithms, such as Bayesian optimization [40], Grid Search [41],
Genetic Algorithms (GA) [42], and Particle Swarm Optimization (PSO) [43], can be employed
for hyperparameter tuning wherein diverse combinations of hyperparameters are evaluated.
These methods guarantee that experiments are reproducible and well-documented, allowing for

consistent optimization throughout time.

The deployment of machine learning models necessitates their integration into production
environments, thereby enabling the delivery of real-time predictions or insights. In industrial
environments, machine learning models are employed to forecast various qualitative or
quantitative data derived from operational parameters. The objective of implementing and
deploying these models is to assist operators and engineers in an explainable manner, thereby

ensuring that the models are reliable, robust and reproducible [44].

2.2.3 Formalization of Machine Learning models
For machine learning models, the measured target variables can generally be expressed

as follows in Equation 1, accounting for measurement errors .

Yk = f(xk_d, 0) + Ek,k = 1, ,N (l)

where f denotes the machine learning models, yk is the k-th observed value of the target variable
y, and xx is the k-th sample vector drawn from a matrix X. The matrix X contains the independent
variables and has dimension N x Ny, where Ny is the number of independent variables. The
vector d, with dimensions 1 x Ny, represents the time delays associated with the input variables,
and 6 is the paramter matrix of the machine learning models. The & term corresponds to the

measurement error for the k-th observation.

Model predictions, ¥, can be written in general as in Equation 2:

Ve = f(Xk—a, 0) 2

Where y, is the model prediction for the output value.

Equations 3 to 6 provide the formal definitions of the metrics earlier referenced for

evaluating the performance of regression models:
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Where yk is the k-th observed output value, J« is the k-th calculated output value, ¥ is the

mean of all observed output values and N is the total number of data points.

Throughout our research, we created models designed to predict target variables,
particularly concerning the formation of MDA and MDI. We utilized and assessed the

effectiveness of five separate model types for various tasks:

- linear regression (LR)

- regression tree (RT)

- neural networks (NN)

- support vector machine (SVM)

- gaussian process regression (GPR)

Figure 5 demonstrates the balance between interpretability and predictive accuracy across
different machine learning models. Basic models, including linear regression and decision trees,
provide good interpretability but might fall short in predictive strength for complex tasks.
Conversely, models such as random forests, gradient boosting machines, and deep neural
networks typically deliver better accuracy but with diminished interpretability. Recognizing
this trade-off is essential when choosing models for situations where transparency,

explainability, or regulatory compliance is important.
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Figure 5: Comparison of accuracy and interpretability of different Machine Learning models [45]

2.2.3.1 Linear Regression

Linear regression is a foundational statistical modeling technique used to describe the
linear relationship between a dependent variable and one or more independent variables [46].
Linear regression operates on the assumption that the dependent variable can be expressed as a
linear combination of the independent variables, accompanied by a random error term. Due to
its simplicity, interpretability, and computational efficiency, linear regression is widely applied
to model and characterize systems in which the intrinsic relationships are assumed to be
approximately linear. In case of linear regression, the model prediction can be calculated as the

following Equation 7:

n
i = Bo+ ) it B + ™
i=1

Where o is the intercept term, Xk is the value of the i-th feature for the k-th observation

Biis the i-th regression coefficient and n is the number of features (excluding the intercept term).

The model calculates coefficients through the minimization of the sum of squared
residuals, whereby residuals denote the discrepancies between observed and predicted values.

These residuals function as indices of the model's accuracy — larger residuals indicate a greater
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deviation from the observed data, thereby yielding an elevated value of the objective (loss)
function. In contrast, a model that accurately aligns with the data will result in smaller residuals
and, therefore, a reduced value for the objective function. Despite its utility, linear regression
is inherently limited in its capacity to model non-linear relationships. When the true relationship
between variables is non-linear, more advanced techniques such as polynomial regression,
kernel methods, or non-linear machine learning models may be required to achieve adequate
predictive performance. The general illustration of Linear Regression can be seen in Figure 6.

Input space

Figure 6: General illustration of Linear Regression

2.2.3.2 Stepwise Linear Regression

Stepwise linear regression (SLR) is an iterative predictor-selection method for linear
regression, which constructs a model by repeatedly adding and/or removing variables from a
pool of candidate explanatory variables according to a predefined criterion. Instead of
incorporating all predictors simultaneously, this method progressively adds or removes
predictor variables or features based on statistical criteria, with the goal of identifying a smaller

set of variables that delivers effective predictive performance.

In Machine Learning, SLR is frequently employed for feature selection tasks as well: by
choosing the most important input features, it is possible to decrease model complexity,
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enhance interpretability, and decrease the risk of overfitting [47]. For instance, the model can
start the training with no predictors and use forward selection, incorporating the features that
can increase a specific criterion (e.g., AIC, BIC, R? or adjusted R?) at every step; alternatively,
the training of SLR can start with all predictors and employ backward elimination, discarding

the least significant variable at each step [48].

Stepwise Linear Regression, though simple and easy to use, has considerable limitations.
Firstly, it can produce suboptimal models, as it follows a greedy approach and lacks assurance
of reaching global optimality, and it may become unstable when predictor variables are highly
correlated [49]. Secondly, it is prone for overfitting if not used with caution, which means a
model trained through SLR might perform well on training data but could possibly fail to

predict effectively based on newer set of test data.

Considering a multiple linear regression model according to Equation 7, stepwise linear
regression evaluates possible model candidates using different fit criteria, for example Bayesian

Information Criterion (BIC) according to Equation 8:

BIC=N-In (%) +p - In(N) (8)

Where N is the number of observations, p is the number of estimated parameters in the model

and RSS is the residual sum of squares, which can be calculated according to Equation 9:

RSS = ) (= 91’ ©)

If we analyze the two terms of the Equation 8, the term N - In (%) can be interpreted as a ’fit

term’, where smaller RSS leads to a lower BIC, while term p - In(N) represents a penalty term,
which aims to penalize having too many predictors. Stepwise linear regression chooses the
model with the smallest BIC, adding a predictor only when the improvement in fit is large
enough to offset the added complexity penalty. BIC is a Bayesian-based approximation that is
asymptotically consistent —which means when the true model is included among the candidates,
BIC tends to select it as N — oo. In contrast to AIC, BIC applies a heavier penalty for model

complexity, and therefore more often prefers simpler models.

2.2.3.3 Regression tree
A regression tree functions as a non-linear machine learning model designed to predict
continuous outcomes based on the values of input variables. It represents a type of decision tree

algorithm, where the objective is to predict a continuous variable rather than a categorical one.
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This model partitions the input space into regions that achieve maximal uniformity with respect
to the target variable. Decisions at each node depend on a splitting criterion, which is generally
intended to minimize variance or mean squared error within each data segment. The terminal
nodes, known as leaf nodes, offer the predicted values, commonly denoted by the mean value

of the target variable within the respective region.

Regression tree performs a recursive binary splitting of data, which can be formulated as
Equation 10 for each split:

Ri(Q,s) = {x|x; < s}

Ry(6,s) = {x | x; > s}

Where R; and R are the two regions after splitting, feature i and split point s is selected

(10)

to minmimze the sum of squared errors (SSE) according to Equation 11:

min Z (vi — 7)) + Z (v — ¥r,)° (11)

b x;€R1(i,S) X;€R3(1,5)

Where yg, and yp, are the average y values in the respective regions. The partitioning of
regions will proceed until one of the termination criteria is met, which may include the
minimum quantity of samples per leaf, the maximum tree depth, or a minimum enhancement
in model performance or in SSE. The computation of model output is facilitated by Equation
12, which necessitates navigating through the tree according to the partitioning rules until a
terminal leaf is encountered. Subsequently, the computed mean for the specified region serves
as the model prediction:

Sl

}7:

l

Where ¥ is the predicted output for the input x that falls into this leaf node, n is the number

n
Yi (12)
=1

of training samples in the region and y; is the actual target value of the i-th training sample in
the node.

One of the key benefits of regression trees is their capability to model non-linear
connections between predictors and the response variable. In contrast to linear regression,
regression trees do not presume any specific functional relationship between the independent
and dependent variables, enabling them to identify intricate interactions and non-linear trends.
Furthermore, regression trees are understandable and can be illustrated graphically, providing

clarity into the decision-making process.
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However, single regression trees are prone to overfitting and may exhibit high variance.
To address this, ensemble methods such as random forests [50] and gradient boosting machines
[51] are frequently employed, wherein multiple trees are combined to improve predictive

accuracy and generalization.

Regression trees are frequently employed within industrial applications due to their
inherent simplicity and robust predictive capabilities, primarily in the development of soft
sensors and system control related tasks [52,53]. Additionally, they are particularly effective
for estimating a wide range of properties, such as mechanical features [54]. The general

illustration of Regression Trees can be seen in Figure 7.

Root Node

Internal Node Internal Node

Leaf Node

Leaf Node

Internal Node Leaf Node

Leaf Node

Leaf Node

Figure 7: General illustration of Regression Tree structure
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2.2.3.4 Neural networks

Artificial Neural Networks or ANNs are computational frameworks that draw inspiration
from the architecture and functionality of biological neural systems. In regression contexts,
these networks serve to model intricate and frequently nonlinear relationships between input
variables and their corresponding continuous output values. In contrast to linear regression
approaches, neural networks excel at detecting complex patterns within high-dimensional
datasets by employing multilayered, nonlinear transformations. The general structure of a

multi-layer feed forward neural network is shown in Figure 8.

Input W, Weight Hidden W, Weight Hidden W; Weight Output
Layer Layer Layer 1 Layer Layer 2 Layer Layer

Figure 8: General structure of feed forward neural networks

A typical feedforward neural network for regression consists of an input layer, one or more
hidden layers, and an output layer. Each layer is composed of artificial neurons, where each
neuron computes a weighted sum of its inputs followed by a nonlinear activation function. The
neural network nodes combine inputs from raw data with different coefficients or weights,
amplifying or dampening the effect of the input variable, thereby assigning real meaning or
effect to the input variables in terms of the output variable or variables to be determined. The
progressing of data with a simple structured neural network consists of the following three

steps:

- Step 1: weighting;
- Step 2: adding a constant (bias);
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- Step 3: use of activation function.

If we consider neuron m in layer | in general, the equation of the output of neuron m can be

defined as shown in Equation 13:

-1
v =11 ) whial ™+ gh (13
=1

Where yfn is the output of neuron m in layer I, which could be denoted as a]l- as well, fl is the

activation function, wﬁnj is the weight from input neuron j in layer I-1 to to neuron m, a]l-‘1 is
output or activation from neuron j in the previous layer I-1, @', is bias term for neuron m in

layer | and n!~1 is the number of input features or neurons in layer I-1.

Acrtificial Neural Networks are able to recognize and model the nonlinear and complex
relationships between input and output data [55]. However, they also have significant
drawbacks, such as high computational requirements and a tendency to overfit, which

necessitates careful monitoring.

2.2.3.5 Support Vector Machine

Support Vector Machines (SVMs), originally designed for classification tasks, have been
successfully modified for regression uses under the method known as Support Vector
Regression (SVR). SVR is a powerful supervised learning approach aimed at constructing a
predictive model by identifying a function that closely matches the connection between input
features and a continuous output variable, with an emphasis on reducing model complexity.

The general illustration of Support Vector Regression can be seen in Figure 9.
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Figure 9: llustration of Support Vector Regression
The objective of SVR is to determine a function f(x) that deviates from the true target
values y by no more than a specified margin & while maintaining maximal flatness. It is

generally assumed that the function f(x) behaves as outlined in Equation 14 [56]:

f(x)= (wx)+ @ (14)

where w is the weight vector, @ is the bias term, and (-, -) denotes the dot product. To

ensure robustness and generalization, SVR optimizes the following convex optimization

problem according to Equation 15-18:

N
b I+ Y () (15)
i=1
Subject to:
Vi—w,x) —P <€+ (16)
wWx))+®—y; <e+¢ (17)
(19)

fl’fflfk =0
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where &, &; are slack variables that facilitate adaptability and permit the acceptance of
deviations within the + € boundary, while A serves as a regularization parameter mediating the
balance between model complexity and the tolerance of errors exceeding €. A key feature of
SVR is the use of kernel functions, enabling the algorithm to compute inner products in the
high-dimensional feature space effectively, without needing an explicit transformation. Widely
utilized kernel types include linear, polynomial, and Gaussian, also known as Radial Basis
Function (RBF) kernels.

SVR is a very common and frequently used machine learning tool that can be used for
property prediction [57], biological sludge reactor operation, management and model prediction

tasks [58], or for predictive modeling of biomass gasification [59].

2.2.3.6 Gaussian Process Regression

Gaussian Process Regression (GPR) represents a robust and non-parametric probabilistic
approach to regression tasks. It relies on Gaussian processes (GPs), which extend multivariate
normal distributions. The main aim of GPR is to forecast a continuous target variable, while
also quantifying prediction uncertainty. This capability is particularly advantageous for
scenarios demanding accurate predictions along with a measure of confidence in the model's

results. The illustration of Gaussian Process Regression can be seen in Figure 10.
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Figure 10: IHlustration of Gaussian Process Regression
Gaussian process regression (GPR) models represent a category of probabilistic learning
models suitable for a range of regression applications. Fundamentally, a Gaussian process
represents a random process in which the probability distribution across possible functions is
predicted. In mathematical terms, the GPR model asserts that the function f, which connects the
inputs and outputs, is derived from a Gaussian process described by the mean function x and

the covariance function k. The distribution of f at test points X" is represented as Equation 19:

fx*) ~ GP((u(X), k(X, X")) (19)
In Gaussian Process Regression, it is assumed that the observed data are generated by

function f(x), then affected by Gaussian noise as represented in Equation 20:

yi=f(x) +e  &g~N(0,07) (20)
where ek represents the error, which is presumed to be independent and identically

distributed with a mean of zero and a variance denoted as o and N refers to normal distribution.

The mean function and covariance function are typically defined using kernel functions

using the following Equation 21.
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k(x,x) = @(x)TP(x)) (21)
Where @(-) is the feature mapping function. For a given training data set, the GPR

regression will predict the distribution of f what is the most likely generated the training data.
This involves calculating the distribution of ,,f” for the given the data, defined as Equation 22:

_rOIx)-p()
p(y[x)
where p(f|x, y)denotes the posterior distribution, which represents the new belief about

p(flx.y) (22)

the function f subsequent to observing the data x and y,

p(ylx, f) is the likelihood of the data, indicating how likely the observed data y is, given

the inputs x and the function values f,

p(f) is the prior distribution which represents our initial assumptions regarding the

function f prior to observing the data, and

p(y|x) is the model evidence, also known as the marginal likelihood, which serves as the

normalization constant.

A principal advantage of GPR is its capability to quantify uncertainty in predictions. In
contrast to numerous other regression models, GPR yields not only point estimates but also
confidence intervals, which express the uncertainty linked to these predictions. This attribute
holds particular value in disciplines such as scientific research and engineering, where
comprehending the degree of confidence in a model’s output may be as critical as the prediction
itself. An additional notable benefit is the adaptability of the model. Being a non-parametric
method, GPR can capture highly nonlinear patterns without needing a specified functional form.
The kernel function plays a crucial role in GPR by integrating domain-specific prior knowledge,
which may include assumptions regarding smoothness, periodicity, or other intrinsic
characteristics of the function. This adaptability makes GPR particularly suitable for situations

where the actual underlying the function is either not known or complex.

Although GPR has many advantages, it also comes with significant challenges. A key
limitation is its scalability, as the computational complexity renders it less appropriate for very
large datasets. This becomes a critical constraint when handling large-scale problems or high-
dimensional input spaces. In such scenarios, it is frequently necessary to utilize approximations
or sparse versions of GPR, which may potentially compromise certain advantages associated
with accuracy and the quantification of uncertainty.
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An additional challenge lies in the selection of the kernel function and its associated
hyperparameters. Although the adaptability of the kernel constitutes a significant advantage of
GPR, it requires careful adjustment. An inappropriate choice of kernel or hyperparameters may
result in suboptimal performance, manifesting as overfitting or underfitting, thereby decreasing
the model's predictive precision. Furthermore, the hyperparameter optimization process can be
computationally intensive, often necessitating comprehensive cross-validation or alternative

optimization methodologies.

2.2.3.7 LASSO — method

The abbreviation "LASSO" stands for Least Absolute Shrinkage and Selection Operator,
a statistical mathematical model for parameterizing data models and selecting parameters that
characterize the system [60]. The method was used for the input data to detect whether
collinearity is present between the input parameters, as the parameter shrinkage can detect such

collinearity.

LASSO — method returns fitted least-squares regression coefficients for linear models of
the independent data X and the response y. Each model corresponds to the regularization
coefficient X which is highlighted in Equation 23. With the changing of the A parameter, the
shrinkage of input parameters can be modified and controlled, furthermore, the LASSO —
method is able to identify redundant input variables and with the shrinkage of these parameters,

their order of importance also can be identified.

The LASSO — method is a relatively high-precision modeling technique, a type of linear
regression that uses shrinkage and parameter selection, i.e. it varies the parameters of the model
by shrinking the regression coefficients, reducing some coefficients to zero, thereby reducing
variance and minimizing bias. The LASSO — method generally performs well even when
relatively few observations and many characteristics are available. The accuracy of the solution
is strongly dependent on the so-called regularisation parameter (A), which is in fact a factor
controlling the degree of shrinkage and the number and value of the coefficients. The LASSO
— method performs the extremum search task according to the objective function in Equation

23, also called L1 regularisation.

N p
1 - 5
min =" (= 5)% +2 ) || 23)
Bj . .
i=1 j=1
Where f3j is the regression coefficient associated with feature j and A is the regularization

parameter. By varying the parameter A, the second term of Equation 23, the penalty factor can
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be varied, and by choosing the appropriate value of A, the solution of the model can be
optimized. The A, as mentioned earlier, gives the degree of shrinkage, which can be observed

as follows:

- if A =0, no parameter is eliminated. The solution of the LASSO — method will thus be
equivalent to the solution of a linear regression;

- as A is increased, more and more variables are zeroed and eliminated (in theory, all
parameters are zeroed when A = o;

- as A is increased, the bias increases.

The typical selection phase comes after the shrinkage, where all non-zero values are
selected for further use in the model. The LASSO — method is a special type of regression that
is well suited for models that exhibit a high degree of multicollinearity or when we want to
automate certain parts of the model selection, such as variable selection/parameter elimination.
Multicollinearity refers to a strong linear dependence between more than two explanatory
variables in a multiple regression, in other words, multicollinearity refers to a high correlation

between more than two explanatory variables.

Alongside the LASSO — method, | have also employed linear regression, stepwise linear

regression, and neural network models, with their outcomes also presented.

2.3 Mathematical methods to improve the performance and explainability of

Machine Learning models

2.3.1 Feature selection methods

In numerous contemporary machine learning tasks, determining the most representative
features (i.e., inputs or attributes) of the observed data — known as feature or variable selection
— is essential for reducing modeling errors and lowering the resource demands of the modeling
processes. If we consider a given input data with n number of features and one or more
independent variables, then the feature selection task can be described as to find from the n-
dimensional feature space a subspace, where the subspace can optimally characterize the
independent value. Optimal characterization can be formulated in general terms, but — as
mentioned earlier — it is often defined as the minimization of resource demands and complexity
together, along with the maximization of performance of machine learning models. In practice,
all of the feature selection methods presented function as filter methods, meaning they are used

before training the machine learning models and do not depend on the specific training
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algorithm chosen. In this chapter, | provide a general introduction to the feature selection

methods employed throughout my thesis work in Table 3.

Table 3: Comparison of different feature selection methods

Method _
] Correlation-
F-test MRMR RReliefF
o based
Criterion
_ Maximizes
Tests linear _
relevance to Estimates _
dependency ) ) Measures linear
_ target while importance )
Working between each o correlation
o minimizing based on local
principle feature and the ) between feature
) redundancy differences and
target using F- o and target
o between selected | target variation
statistics
features
Linear
o regression & Information Instance-based
Statistical ) ) )
hypothesis theory (mutual distance Correlation
methods ) ) ) o
testing (F- information) estimation
distribution)
Computational _ _
] Low Medium High Low
complexity
Data )
) Low Low High Low
requirement
Feature
interaction No Yes Yes No
identification

Minimum Redundancy Maximum Relevance (MRMR) is a popular feature selection
technique that aims to find a small set of features that are strongly related to the target variable
while being minimally redundant with one another. The fundamental principle of MRMR is to
synchronize two opposing goals: increasing the statistical dependency between the selected
features and the predicted parameter (maximum relevance), and decreasing the statistical

dependency among the chosen features themselves (minimum redundancy) [61]. In most cases,
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relevance and redundancy are measured using mutual information. The algorithm then adds
features step by step by optimizing a criterion that blends these two components, either as a
difference (relevance minus redundancy) or as a ratio (relevance divided by redundancy). This
greedy selection strategy makes MRMR computationally efficient and well-suited for high-
dimensional data [62]. MRMR is widely used in areas like bioinformatics [63], text
classification [64], image and signal processing [65] and others, where datasets typically
include many highly correlated features. By cutting down on feature redundancy while
maintaining prediction capability, MRMR can enhance model generalization, limit overfitting

and lower computational costs in many different applications.

F-test feature selection is an univariate statistical method — meaning it only analyzes a
single variable at a time to describe its characteristics — used to evaluate how relevant each
individual feature is in relation to a predicted variable [66]. F-test is widely used in supervised
learning problems — especially in classification and regression — to reduce the number of
features and enhance model interpretability and computational efficiency [67]. The technique
relies on analysis of variance (ANOVA) concepts and evaluates whether the mean values of a
feature differ significantly across target classes (for classification) or show a linear relationship
with the predicted variable (for regression) [68]. F-test feature selection identifies important
features by quantifying how much of the variability of the predicted variable can be explained
by each feature through an univariate linear model. For each feature, it compares the explained
variance by the fitted regression model to the residual variance not explained by the model.
Features with larger F-statistics are interpreted as having stronger linear explanatory power with
respect to the target variable. F-test is widely used in high-dimensional settings such cancer
prediction [69], heart disease prediction [70], forecasting global oil production [71] and
detecting malwares [72] due to its computational efficiency, however, because F-test evaluates

features independently, it does not capture feature interactions.

The Relief methods consist of distance-based feature selection algorithms that assess feature
importance by leveraging local neighborhood relationships in the input space. The core idea
shared by all Relief methods is that an informative feature should have similar values for
measurements with similar outputs, and clearly different values for data pairs with different
outputs, especially within their nearest neighbors [73]. Initially, the method was proposed for
binary classification, the Relief framework has been generally improved to handle multi-class

classification tasks (ReliefF), regression problems (RReliefF), and to improve robustness
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against noise and missing data values [74]. RReliefF is therefore a robust, distance-based

feature selection, which is generally applied for regression related tasks.

RReliefF selects the most relevant features by repeatedly drawing samples from the dataset and
comparing each one with its nearest neighbors. For each data instance, the algorithm locates
neighbors that share similar output values as well as those with different output values, and then
adjusts feature weights according to how strongly each feature explains these similarities and
differences. Features that change little for different instances and have similar outputs, but they
differ significantly for other instances with different outcomes are assigned higher relevance
scores. In regression problems, this mechanism is extended by scaling feature differences in
proportion to the size of the differences in target values, enabling RReliefF to capture
continuous relationships between features and the target. RReliefF in the past decades have
been used in various industries for weather forecasting [75], for solar radiation forecasting [76],

for energy consumption predictions [77] or for general feature importance analysis tasks [78].

2.3.2 Genetic Algorithms

Genetic algorithm (GA) [79], which is a global extreme value searching algorithm that
generates different generations of a so-called population during process, while varying their
properties towards the optimal solution. Genetic algorithms generally operate on the principle
of natural selection, whereby the solving algorithm iteratively and continuously varies the
population of solutions and is suitable for solving linear, nonlinear or discontinuous tasks as
well. Genetic algorithms by their nature are perfect solutions in order to find the global optima
of different predicted values with the use of the trained and hyperparameter optimized machine
learning models. The algorithm works according to the following steps:

- creation of a random initial population as Equation 24:
P = {p1, P2, ""pn}' b; € R"™ (24)
- generation of several successive populations, using the fittest individuals to generate the
next populations according to the steps below:

1. calculation of the fitness score of each member of the population, which is the

raw fitness score as shown in Equation 25:

F. = f(p) (25)

Where F; is the fitness value of the t-th solution of each candidate.
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2. scaling the fitness values, the scaled values are the expectation values

3. the members with the best fitness values are selected as elite from the population
and are passed on unchanged to the next generation

4. parent members are selected from the population, for example with roulette
wheel selection according to Equation 26:

F,

n
j=1F;

q: = (26)

Where q is the probability that individual p: will be selected, F; is the fitness value

of the t-th solution of each candidate.

5. training children from parent members, with two different methods: either by
randomly mutating the parent to create a child, or by different crossover
functions through the combination of two parents according to Equation 27,

which describes arithmetic crossover, a possible function for crossover:

Pchita =@ Pa+ (1 —a) - pg (27)
Where pa and ps describe two parent solutions, while « is the crossover weight or

blend factor. Mutation of members are descibed by Equation 28:

Ptnew = Pe T+ 6; (28)
Where ¢¢ is mutation parameter for the t-th solution of each candidate, a small
random value, causing mutation to the population members. Mutation can be characterized by
mutation probability and mutation operators (e.g. Real-valued, Uniform, Gaussian, etc.) in

order to be able to calculate the final value of the population members.

6. anew generation is formed from the children and elites created

- the algorithm continues the above steps until the stopping criteria is met.

The main steps in the GA process are shown in Figure 11 below.
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Figure 11: Main steps of a Genetic Algorithms in general

2.3.3 Partial Dependence Plot

During Machine Learning model development, it is common to seek an understanding of
how the model's output is influenced by the predictors, while considering the effect of other
predictors are marginalized. A partial dependence plot (PDP) demonstrates the marginal impact
of one or more predictors or features on the predicted outcome of a trained machine learning
model. It represents the average relationship between a feature and the model's prediction by
marginalizing the influence of all other variables. PDPs are beneficial for understanding model
operations, veryfing feature expectations, and explaining model behavior. A Partial

Dependence Plot (PDP) can be calculated as Equation 29 below:
PD3(x5) = Ex,[f (e, X0l = [ £t Xe) PCXO) dXc (29)
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Where PD(-) is the Partial Dependence function, Ex,.(-) is the expected value function, p(Xc)
is the marginal probability of Xc, which is: p(X¢) = [ p(xs X¢) dXs. Assuming that each
observation is equally likely, and the dependence between xs and Xc and the interactions
of xs and Xc in responses is not strong, Partial Dependence estimates the partial dependence by

using observed predictor data as follows in Equation 30:

N
1 .
PDs(xs) ~~ ) f(x,XE) (30
i=1

where N is the number of observations and Xk is the i-th observation for features in Xc. The
PD(:) function indicates the average marginal effect on the prediction for specified feature
values in a set, which is equivalent to averaging all the Individual Conditional Expectations
(ICE) in the dataset [80]. This averaging can potentionally mask heterogeneity, particularly
when the influence of the predictor is not uniform across the population. This is where ICE
plots become useful; they illustrate the conditional relationship for each individual observation
as a function of the predictor of interest, and they become useful when it is neccesary to
investigate heterogeneities of partial dependence originating from different observations.
Essentially, instead of averaging across all Xc, an ICE plot presents individual curves according

to Equation 31:

ICE4(x5) = f(x,,X%) (31)
Where ICE} is the individual conditional expectation function for i-th observation for features
in Xc. An ICE plot offers a detailed and more detailed perspective on how the model output
changes with a predictor for specific observations, going beyond the generalized effect depicted

by PDP. Some of the significant insights one can obtain include:

e Heterogeneity or interactions between predictors: If the ICE curves are not parallel
— which is indicating divergence or intersection — it implies that the impact of the
predictor xs interacts with other variables. Different predictors might be visualised with
varying slopes: some being steeper, others flatter, or even having an opposite direction.
A PDP by itself could possibly mask this variability by averaging.

e Outliers or extreme individual responses: Uncommon ICE trajectories might indicate
outliers or measurements where the model behaves unexpectedly concerning that

predictor.
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e Nonlinear or piecewise effects: The shape of individual curves, such as flat regions,
sudden shifts and inflection points can indicate nonlinearity or thresholds in the
predictor-response relationship that may not be visible in the averaged PDP

e Average trend vs. variation: By visualizing the PDP on ICE curves, it can assessed
whether the average accurately reflects the overall trend or if there are notable variations

among individual curves

2.3.4 Shapley —values

The Shapley value, developed by Lloyd S. Shapley in 1953 as part of cooperative game
theory, provides a structured method to fairly share the total advantages or costs of a
collaborative effort among its individual members. In recent years, this concept has gained
significant importance in machine learning explainability, particularly for quantifying the
individual contributions of each feature to the dependent variables [81,82]. The attributions can

be calculated according to Equation 32:

SI'!(N—|S]—1)!
i) = Sit Q@ —1s1 = 1

sc{1,...N}{i}

[v(SU{i} — v(S)] (32)

Where ;(v) is the Shapley value of feature i, v is the characteristic function, formally
v: 2V > R, 2Vis the power set of N, i.e. all the possible subsets or coalitions of features, S is
any subset not including feature i, |S|! number of ways to create a coalition S, (N —[S| - 1)! is
the number of ways to connect features after feature i, N! is the number of ways to form a
coalition of N parameters, v(S) is the value of coalition S and [v(SU{i} — v(S)] is the marginal
contribution of feature i to coalition S. In predictive modeling, the function v(S) represents the
expected model when solely the subset of features S is considered, with all other features being

marginalized out.

The Shapley value ¥;, quanitifes the average contribution of feature i to the prediction
by considering all potential interactions between features, establishing Shapley value as an

essential element of modern interpretability frameworks.
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3 Isocyanates in the chemical industry

Isocyanates, characterized by the functional group —N=C=0, are a class of highly reactive
organic compounds that play a central role in the production of polyurethanes. Their industrial
importance arises from their ability to react readily with hydroxyl groups to form urethane
linkages, enabling the synthesis of a vast range of polymeric materials. This reactivity underlies
their extensive use in manufacturing flexible and rigid foams, adhesives, sealants, coatings, and
elastomers, making them indispensable across sectors including automotive, construction,

furniture, and electronics.

3.1 Raw materials and importance

In contrast to more commonly produced and used polymers like polystyrene or
polyethylene, polyurethanes are synthesized from a diverse array of monomers and thus
represent a category of polymers rather than a single compound. Polyurethane polymers,
because they contain two types of monomers, polymerise in sequence to form copolymers. This
chemical diversity gives polyurethanes their different physical properties, which allows them
to be used in a wide range of applications, including rigid and flexible foams, varnishes,
coatings, adhesives and other uses. The adaptability of isocyanates originates from their
molecular composition, which allows for fine-tuning of polymer properties through the
selection of different diisocyanates (e.g., MDI, TDI) and polyols. This adaptability enables the
development of materials with tailored mechanical, thermal, and chemical resistance properties,
supporting applications from lightweight structural components to insulation and biomedical

devices.

The production of polyurethanes involves the reaction of isocyanates with polyols, with the
majority of polyols being derived from propylene, which is the most commonly used base
material. Figure 12 presents a block diagram illustrating the production process for each

isocyanate and propylene-based polyol:
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Figure 12: Simplified block diagram of MDI, TDI and polyol production from raw materials to products

MDI, an aromatic isocyanate produced in the highest volumes worldwide, acts as a key
precursor for a wide range of polyurethane products. The reaction system that involves MDI is
complex, featuring multiple reactions, side reactions, and by-products that differ in amounts
and properties, thus complicating analytical identification and monitoring. As a result, a
sufficiently precise kinetic model discussing MDI synthesis is not yet present in scientific

literature.

MDA, in contrast, is not an end product but functions as an intermediate step in synthesizing
MDI. It is produced through the condensation reaction of aniline and formaldehyde under acidic
conditions. The precise settings of this reaction critically affect the quantitative and qualitative
properties of the resulting MDI mixture. Thus, developing a model to explain the formation of

MDA is a crucial stage in the process.

3.2 Synthesis of Methylenediphenyl diisocyanate

The process of producing MDI involves a multitude of complex reactions and side
reactions, making it difficult to identify root causes, side reactions, and by-products that affect
product quality. Our goal is to overcome these difficulties using explainable machine learning,
utilizing insights obtained to improve real-world industrial applications. By incorporating the
outcomes from the machine learning model into the manufacturing workflow through the
development of soft-sensors, we aspire to offer data-driven assistance for optimizing processes.
The entire machine learning model is constructed using industrial data, and its outcomes have

been verified against this data to confirm their reliability and relevance. Owing to the intricate
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nature of the material system, various properties must be observed during production to attain
an ideal product mix, and numerous unwanted side reactions and by-products influence the
quality of MDI products [83]. The three recognized isomers of MDI include 2,2'-MDl,
commonly referred to as ortho-ortho-MDI; 2,4'-MDI, known as ortho-para-MDI; and 4,4'-MDl,

characterized as para-para MDI, as depicted in Figure 13 below.

NCC NCO NGO
CH,
CHj CHg /©/ \©\
Q\ OCN NCO
NCO

2,2-MDI 2,4-MDI 4,4-MDI

NCO

CHg\ / NCO
CH, |
N \
OCN

n-2

Polymeric MDI

Figure 13: Different MDI isomers and general formula of polymeric MDI

MDI isomers are synthesized in forms comprising two or multiple rings during production
processes; nevertheless, the 2-ring 4,4'-MDI, designated as "pure MDI," is the molecule
produced in the largest quantities and most extensively used. The quantity and quality
parameters of the resultant MDI product mixture can be precisely regulated within specific
ranges by accurately understanding, defining, and controlling the production parameters of
industrial systems. MDI isocyanate mixtures are not directly marketed as finished products;
however, they are available for sale as raw materials for subsequent applications. The
characteristics of these mixtures can exhibit substantial variability, thereby affecting the quality
of the resultant polyurethane products. Although toluene diisocyanate (TDI) mixtures are
predominantly marketed in their monomeric form, various MDI mixtures are available,

distinguished by their ring distribution and isomeric properties [84,85]:

- Crude MDI, which can also be called a crude product as it contains both monomeric and
polymeric MDI components

- Pure MDI, which is the 4-4'-MDI isomer of MDI produced in the largest quantities

- Polymeric MDI or PMDI, containing mostly higher ring number MDI products
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- Modified or prepolymer MDIs, which may be made from monomeric or polymeric MDI

components produced by catalysed partial reactions

The horizontal product chain of MDI starts with a benzene molecule, which is nitrated to
mono-nitrobenzene by mixed acid [86]. The nitrobenzene mixture is subsequently
hydrogenated to yield high-purity aniline [87] which can then be directly utilized in the
synthesis of MDA [4,88,89]. By adjusting the synthesis parameters, an MDA mixture can be
obtained that meets market requirements, through the reaction of formaldehyde and aniline in
the presence of solid heterogeneous or liquid homogeneous acids. One of the advantages of
MDA production via heterogeneous catalysis, and a significant driving force behind the
development of these materials, is the reduction in the volume of effluent from the brine
solution. This effluent also contains aromatic hydrocarbons (such as aniline, MDA, and other

contaminants), depending on their solubility [90,91].

The raw materials of MDA synthesis are aniline and formaldehyde, which — in case of
industrial systems - react in the presence of HCI solution according to the variation of the
production parameters, to form the quantitative and qualitative properties of the MDA mixture.
This reaction is a so-called condensation reaction, which produces water. The neutralisation of
the HCI molecules remaining in the system is taken care in the neutralisation, washing subunit
[88]. In the neutralisation reaction, NaOH solution is used in excess to neutralise all HCI
molecules. Separation of the organic and aqueous phases is key, so several steps are performed
to separate the phases and wash the organic mixture with water to ensure that as little NaCl as
possible remains in the organic phase. The neutralised and water washed organic material then
needs to be purified in a distillation column. This MDA purification step aims to remove aniline

and water from the MDA mixture.

The produced and purified MDA is then transferred to the Phosgenation block, where it
is dissolved in ortho-dichlorobenzene (ODCB), the solvent used for MDI production. The
purpose of using ODCB is to carry out the phosgenation of the amine compounds, i.e. MDA,
in the liquid phase. Phosgene for the phosgenation process is continuously produced from the
reaction of CO and Cl, with a fixed bed catalyst [92-95], then the freshly synthesized phosgene
is immediately absorbed in ODCB with deep cooling. The reaction can be seen in Figure 14

below.
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c=—7—=0 + Cl—Cl —_—
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Figure 14: Formation of phosgene from CO and Clz

The MDA-ODCB and PHG-ODCB mixtures are mixed together under intensive
conditions to ensure optimal mixing and heat distribution of the reagents, thus reducing the
occurrence of side reactions. After mixing the reagents, a multistep phosgenation process is
carried out by heating the reaction mixture and ensuring an appropriate residence time, with
HCI gas formation as a by-product. The resulting HCI gas after purification can be used for the
production of HCI solution to provide the amount of acid catalyst required for the MDA

synthesis process [95-97].

To synthesize isocyanates, the most direct and prevalently employed method for isocyanate
synthesis entails the reaction of phosgene with either aliphatic or aromatic amines [98]. To
synthesize MDI, a widely used route involves first reacting aromatic amines to form the
corresponding diamine (MDA), which is then phosgenated to yield the desired diisocyanate
(MDI). In the initial step of the reaction, the amine group reacts with phosgene in a highly
exothermic process, yielding carbamoyl chloride and releasing hydrochloric acid (HCI). This
is followed by the further release of an additional HCI molecule at elevated temperatures,
leading to the formation of the isocyanate group. In the case of MDI, the amine molecule
involved as raw material is methylenedianiline (MDA), the synthesis and kinetics of which have
been extensively studied. The ring distribution of the final MDI product can be influenced by
the selection of specific synthesis parameters and molar ratios during the formation of MDA,
consequently, MDA plays a critical role in the production of MDI [4,88,90]. The general
reactions for the formation of MDA mixtures with different ring distributions is shown in Figure
15.
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Figure 15: Formation of MDA mixtures from the reaction of aniline, formaldehyde with HCI as catalyst

The amine-based route is commonly employed in industry; however, isocyanates can also
be synthesized from nitrene intermediates using halogenated compounds. Additionally, non-
phosgenic reaction pathways are known, which have regained attention in recent years due to
the adverse environmental and toxicological impacts associated with phosgene and chlorine
[98].

Subsequent to its formation, during the phosgenation process the MDA mixture
undergoes a reaction with a phosgene synthesized from carbon monoxide and chlorine gas.
Specifically, this involves the phosgenation of the amine groups through a series of sequential

steps. The steps of phosgenation of MDA mixtures are shown in Figure 16.

o
2 || E—
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HoN NH, o g NH NH
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OCN l l NCO + 2 Hol

Figure 16: Steps of phosgenation of MDA to MDI
The produced by-product HCI gas is recycled either as a raw material for HCI solution
production and therefore as a catalyst for MDA synthesis, or for adjusting pH levels within the
saline wastewater treatment facility. This treatment procedure encompasses the decomposition

of contaminating organic substances and the retrieval of NaCl salt, which may subsequently be
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reutilized as a valuable precursor in the synthesis of NaOH and chlorine through electrolysis

operations.

After the completion of the phosgenation process, the reaction mixture is purified by
pressure reduction to recover excess and unreacted phosgene and to remove other volatile
components from the mixture (e.g. HCI gas). The purified reaction mixture is then passed to a
stripping system where all remaining volatile components are completely stripped, usually by
stripping with HCI gas or nitrogen. The purified MDI - ODCB mixture is then sent to the MDI
block, where the solvent, i.e. the ODCB is recovered and the different MDI isomers and MDI
molecules with different ring distribution are separated by boiling point differences through

distillation, crystallisation, etc.

Figure 17 demonstrates the order of principal operations carried out within each MDI plant
block, accompanied by a brief representation of the various material flows connecting the

respective blocks.
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Figure 17: Block diagram of an industrial MDI production system
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4 Exploration and model-based analysis of MDA formation reactions

4.1 Importance of MDA formation

The synthesis processes of methylenedianiline (MDA) exhibit considerable complexity
due to the multitude of closely related components within these material systems, which present
analytical challenges regarding identification and differentiation. Furthermore, the
consideration of various potential reaction pathways exacerbates the difficulty in accurately
modeling the system. Currently, the precise mapping of the reaction matrix, along with the
components involved in reactions related to the generation of methylene diphenyl diisocyanate
(MDI), particularly the synthesis of the intermediate MDA, remains a significant challenge.
The primary reactions involved in the formation of MDA and MDI are illustrated in Figure 18,
with particular emphasis on the formation of MDI through the phosgenation of the 4-4’-MDA

isomers.

The synthesis processes of methylenedianiline (MDA) present significant complexity due
to the multitude of closely related components within these material systems, which pose
analytical challenges in terms of identification and differentiation. Moreover, the consideration
of various potential reaction pathways further complicates the accurate modeling of the system.
Presently, the precise mapping of the reaction matrix and the components engaged in the
reactions pertinent to the generation of methylene diphenyl diisocyanate (MDI), particularly the
synthesis of the intermediate MDA, remains a formidable challenge. The primary reactions
involved in the formation of MDA and MDI are depicted in Figure 18, where the formation of

MDaI is specifically emphasized through the phosgenation of the 4-4’-MDA isomers.
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Figure 18: Formation of different MDA isomers from aniline and formaldehyde in the presence of HCI
and the formation of 4,4’-MDI from the phosgenation of 4,4’-MDA

Few scholarly articles explore this subject, and, in many cases, specific components are
excluded from the material system, leading to information loss. Consequently, the resulting
kinetic model is difficult to apply to real-world industrial production processes. Our aim is to
expand the current literature about MDA related reaction networks to provide a more

comprehensive and accurate reaction scheme.

MDA molecules function as key intermediates in the production of MDI. The synthesis
of MDA is accomplished through the reaction of aniline with formaldehyde, facilitated by either
solid heterogeneous catalysts or homogeneous acids. Within industrial practices, formalin, an
aqueous solution of 37 wt% formaldehyde, is commonly utilized. The operational parameters
implemented during the synthesis of MDA, in conjunction with the quality parameters of the
resulting MDA product mixture, significantly impact the properties of the resulting MDI
product mixture. These properties encompass ring distribution, isomer ratio, and other essential
key performance indicators (KPIs). Therefore, the synthesis of MDA constitutes a fundamental
aspect in the technology of MDI production, as it defines the key characteristic parameters of

the final MDI product from diverse perspectives.
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In the synthesis of MDA, a two-ring MDA molecule is derived essentially from the
combination of two aniline molecules and one formaldehyde molecule. Initially, within the
reaction sequence, a condensation reaction occurs in an acidic medium to produce various
aminobenzylaniline isomer molecules (o-/p-ABA) as intermediates. These ABA molecules,
following a relatively gradual rearrangement process, ultimately transform into MDA
molecules. In contrast, in the absence of an acidic component, aniline and formaldehyde
molecules engage in a condensation reaction resulting in the formation of aminal. The resultant
oligomeric MDA molecules, however, may possess three, four, or even more aromatic rings.
The product mixture might include minor quantities of by-products, such as N-methylated
products and quinazolines, which are undesirable due to their potential to deplete raw materials.
The distribution of the aromatic rings, as well as the quantity and quality of by-products,
together with the design and definition of various parameters that characterize the product

mixture, can be regulated by adjusting the subsequent operational conditions: for instance,

- aniline/formaldehyde ratio (A/F);

- HCl/aniline ratio (H/A);

- condensation reaction temperature;
- rearrangement reaction temperature;

- reaction or residence time.

The condensation reaction takes place at a lower temperature of about 60-100 °C, while the
acid-catalyzed rearrangement reaction, in which O-ABA and P-ABA molecules are converted
to MDA molecules, takes place at about 100-160 °C [90]. These MDA molecules are 2,2'-
MDA, 2,4-MDA, and 4,4-MDA, with the largest amounts of 4-4'-MDA being produced
because of stability reasons [89]. The other isomers are also produced in significant quantities,
and controlling the proportion of these isomers is very important in the reaction to meet market
needs. For homogeneous catalytic processes, any strong mineral acid (e.g. HCI, H2SO4, HNOs,
etc.) can be used. Some researchers also investigated the application of different ionic liquids,
but overviewing industrial applications, only the HCI solution is used as catalyst for practical
reasons [99]. HCI gas is a by-product of MDI production, which can be absorbed in water and,
recycled back to the production of MDA in the form of a solution [100]. Utilization of HCI
solution as a catalyst necessitates an additional neutralization step, wherein the neutralization
reaction yields a substantial quantity of brine effluent. This effluent is subject to strict regulatory
conditions and must undergo treatment processes prior to environmental discharge.

Furthermore, the economic implications of the considerable volume of NaOH solution

53



employed cannot be overlooked [88]. In the context of heterogeneous catalysis, the
aforementioned negative effects are not relevant, and these beneficial characteristics have
consequently become the focus point of numerous researches in recent decades.

A principal advantage of heterogeneous catalysis, and a fundamental motivation for the
advancement of these materials, lies in the reduction of brine effluent volumes, which contain
aromatic hydrocarbons (hundreds of ppm of aniline, MDA, and other pollutants), contingent
upon their solubility [101]. Heterogeneous catalysts can be reused and thus simplify production
processes [102]. In homogeneous catalytic processes, the employment of costly nickel alloys
with high nickel content as structural materials is inevitable due to the presence of highly
corrosive HCI. This requirement can be circumvented in heterogeneous catalytic processes,
leading to a considerable reduction in industrial investment costs associated with equipment
and piping. Nevertheless, the efficiency of heterogeneous catalysts can be enhanced by
elevating the reaction temperature or increasing their specific surface area and consequently the
number of pores. However, these pores pose a risk of solid by-products generated by
polymerization reactions obstructing them and thereby rapidly deactivating the catalysts, which
constitutes a significant disadvantage [103]. Moreover, while raising the temperature can offset
the initially lower and gradually diminishing activity of heterogeneous catalysts in comparison
to HCI solution over a brief period, it simultaneously leads to an increase in by-product
formation as the reaction temperature rises [104]. Thus, while evaluating the performance,
conversion rates, selectivity, and durability of these catalysts, the following factors should be

taken into consideration:

- provide a valuable conversion, yield, of valuable products compared to homogeneous
catalysis;

- the composition of the product mixture can be controlled - as well as by varying the
HCl/aniline ratio;

- have a reasonably long and industrially manageable catalyst lifetime;

- and be able to regenerate to minimise the environmental impact of the process

The most commonly used catalysts are zeolites (e.g. Y, ZSM-5, B, etc.). Over the past
few decades, the use of various catalyst forms in MDA production has been explored, focusing
on typical catalyst parameters like Si/Al ratio, acidity, specific surface area, and pore
distribution. While these have yet to be implemented in industrial applications, all industry

producers currently employ HCI as a homogeneous catalyst. Often, the catalysts show high
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activity, acceptable conversion rates, and selectivity even at an industrial level; however, they
deactivate rapidly, losing over 50% of their activity after merely 8 hours Time On Stream

(TOS), which presents a significant challenge for industrial application [105].

Understanding the mechanisms in MDA production, identifying reaction pathways and
elements, combined with the creation and refinement of kinetic or population models, allows
for accurately assessing the manufacturing process, product mixture quality measures, and
crucial performance metrics. Utilizing modeling tools enhances both energy and material
efficiency in MDA and MDI production, assists in comprehensive production planning, enables
conducting sensitivity analyses, examines alternate operating conditions, and thereby supplies

robust, model-based support for industrial-scale production.

This section presents a comprehensive mapping of the reactions and components involved
in the MDA synthesis. We identified the kinetic parameters of the system and developed a
highly accurate model for these calculations. The model is applicable in examining and
supporting production processes on an industrial scale. It also aids in enhancing energy and
material efficiencies and improving the safety and stability of operations, thereby ensuring the

secure and competitive production of MDI products.

4.2 Review of kinetics and mechanisms of MDA formation

Up until now, limited research has focused on the formation of MDA with the goal of
identifying the kinetic parameters of reactions in homogeneous catalytic processes. For
instance, a study by Ogata et al. examined the rate of the condensation reaction involving
aniline, formaldehyde, and hydrochloric acid, along with the impact of each component and the
pH level, influenced by HCI concentration [106]. The condensation reaction was determined to
be of second order with respect to aniline, while exhibiting first-order kinetics concerning
formaldehyde and the resulting methylene anilines. Furthermore, the study explored the
influence of various inorganic salts on the rate of the condensation reaction. It was observed
that an increase in salt concentration leads to an enhanced reaction rate, an effect attributed to
both primary and secondary salt effect [107]. The studied equilibrium condensation reactions

are described as can be seen in Figure 19:
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Figure 19: Condensation reaction of aniline and formaldehyde in acidic environment [106]

The findings indicated that raising the aniline concentration enhanced the rate of the
condensation reaction R3, while in contrast, altering the formaldehyde concentration did not
notably impact the R3 reaction rate. However, a higher concentration of HCI reduced the speed
of the R3 reaction. When both aniline and formaldehyde concentrations were increased, the rate
of the condensation reaction notably surged.

As shown in Figure 20, Nayar et al. also examined and presented findings on the reaction
rates between aniline and formaldehyde in their study [108]. The reaction rate constant was
additionally characterized as a pseudo-first order constant, with findings from Nayar et al.
closely aligning with those reported by Ogata et al. Both studies explored the underlying
reaction mechanisms and proposed potential pathways for both heterogeneous and

homogeneous catalysis.
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Figure 20: Suggested reaction mechanism of aniline and formaldehyde in acidic medium [108]

According to the predicted mechanism, the initial intermediate produced is 4-
Aminobenzyl alcohol, resulting from the reaction of aniline with formaldehyde when the latter
attacks the para position. In the presence of an acid catalyst, 4-Aminobenzyl alcohol transforms
into the 4-Aminobenzyl cation. Subsequently, this cation is converted into 4,4’-MDA through

a gradual reaction, with PABA maintaining equilibrium with the 4-Aminobenzyl cation.

Within the literature about heterogeneous catalysis, several mechanisms vary to some
extent concerning the components and reaction pathways involved in MDA synthesis. One such
mechanism is detailed in the article by Corma et al. [105]. In their study, the authors examined
delaminated zeolite catalysts that showed higher activity, extended lifetime, and precisely
managed selectivity compared to conventional zeolites, which did not undergo delamination.
Their findings indicated that even the most promising -zeolites among the tested catalysts were
limited by diffusion, with only a portion of the acid sites being available to the reactants.
Furthermore, they suggested a mechanism for homogeneous catalytic systems as illustrated in
Figure 21. Differing from previous theories, Corma et al. identified the initial step as the

reaction between aniline and the acidic agent, leading to the formation of ammonium chloride
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molecules. These molecules act as intermediates in the MDA production process, eventually

transforming into product molecules following a neutralization step.

CI H3N NH3CI

NH, NH3CI
CH2
+ HCl -
NH, NH, NH,
CH,
NaOH CHy Chy
— + +
HoN NH,
NH,

2,2-MDA 2,4-MDA 4,4-MDA

Figure 21: Proposed mechanism for industrial synthesis of MDA with HCI as homogenous catalyst [105]

Unlike the conventionally described mechanism for heterogeneous catalysis, Corma et al.
propose a new reaction mechanism and pathways, visualised in Figure 22. This newly suggested
mechanism highlights a key role for a new component, named the aminal, in the MDA synthesis
process. Under acidic conditions, the aminal is converted into aminobenzyl-aniline molecules,
which subsequently rearrange through multiple steps into various MDA isomers. Kugita et al.
explored the activity and selectivity of different zeolite catalysts, specifically Y-, B-, and ZSM-
5 variants [109]. The influence of varying Si/Al ratios on the behavior of -zeolites was also
investigated. The findings reveal that while Y-zeolites exhibited reduced activity when
compared to P-zeolites, they demonstrated significantly greater selectivity for 4,4'-MDA.
Furthermore, the study confirmed that the reaction temperature, the aniline-formaldehyde ratio,

and the quantity of catalyst employed greatly impact both the yield of MDA and the isomer

distribution.
NH, NH NH
\/
2 —I— CH,0 —_— —_—
Aminal
® NH— CH, CHy
H i : ~ ~ i : ®
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Figure 22: Aminal formation and MDA synthesis on solid acid catalysts [105]
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Delaminated zeolite catalysts were also investigated by Botella et al. [110]. The ITQ-2,
ITQ-6, and ITQ-18 catalysts exhibited notably high activity and extended lifetimes in
comparison to traditional zeolites. The engineered surface design of delaminated zeolites
facilitates precise control of product mixture isomer distribution, providing a significant
advantage over conventional catalysts. The study also explored the impact of the external
surface area, micropore dimensions, and both Bronsted and Lewis acidity of the catalysts to
gain a more detailed understanding of the parameters influencing reaction rate and selectivity.
As anticipated, catalysts with easily accessible large external surfaces demonstrated higher
activity than conventional ones, though their isomer selectivity was notably influenced by the
treatment procedures applied to them. Altering reaction conditions, such as increasing the
reaction temperature or the amount of catalyst, can enhance catalyst activity, yet these
adjustments also significantly affect the resulting isomer distribution and parameters like the
volume and nature of by-products. Their reaction scheme emphasized mono-methyl-MDA
(MMM) or N-methyl-MDA as a key by-product, which is formed through a somewhat selective
Friedel-Crafts alkylation process and may serve as evidence for quinazoline formation. The

anticipated reaction system is illustrated as depicted in Figure 23.
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Figure 23: General reaction scheme for the isomerization and rearrangement of aminal molecules in
neutral environment on zeolitic catalysts [110]

The mechanism of 4,4'-MDA formation was investigated by Wang et al. [111]. The
findings indicate that the reaction probably proceeds through bimolecular nucleophilic
substitution, known as the Sn2 mechanism. In the study, they also examined the impact of the

aniline/formaldehyde molar ratio on both the quantitative and qualitative properties of the
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product mixture. A detailed reaction matrix was established to discover the mechanisms,
highlighting HCI as the catalyst, as demonstrated in Figure 24. The reactions were segmented
into two sections for enhanced clarity.
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Figure 24: Possible reaction mechanism of HCl-catalyzed condensation reaction of aniline and
formaldehyde [111]. (a) mechanism of chain reactions and (b) MDA molecule further transformation to
other derivatives

The components produced can differ with changes in reaction conditions. Under neutral
conditions with an aniline/formaldehyde ratio approximately equal to two, an aminal molecule
is initially formed. By introducing acid into this mixture, the molecule undergoes several
rearrangement steps, resulting in an MDA molecule. If the aniline/formaldehyde ratio is lower
than two, the process tends to yield oligomeric N,N'-methylene compounds, and upon
acidifying the solution, these are rearranged into oligomeric MDA molecules. Figure 25

illustrates the reaction pathways and conditions.
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Figure 25: Alternative reaction pathways for the reaction of aniline and formaldehyde in different
reaction conditions and with different reagent ratios [111]

Salzinger et al. investigated Y-type zeolites as well. For the B-zeolites they examined, it
was determined that the initial stage of the reaction, involving the formation of amino-benzyl-
aniline molecules from aminal molecules, is constrained by pore diffusion. In contrast, the
considerably slower subsequent stage, where these molecules are rearranged into MDA
isomers, is governed by reaction kinetics [112,113]. In mapping the mechanism driving these
reactions, the anticipated pathways for the cleavage of aminal molecules, as well as the
associated chain growth and rearrangement reactions for each molecule, were proposed.
According to the kinetic data, a reaction of the Sn2 type was hypothesized, which is illustrated

in Figure 26.
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Figure 26: Proposed Sn2 reaction mechanism for the formation of PABA and MDA molecules [112]

Following an investigation into the reaction mechanisms, a simplified reaction network

was developed, containing 8 components and 15 reactions and the corresponding differential

63



equations were employed to characterize the changes in concentration for each component. The

entire specified reaction scheme is illustrated in Figure 27.
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NH2
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Figure 27: The simplified reaction network of MDA formation used for nonlinear parameter fitting
proposed by Salzinger et al. [112]

Employing this simplified model resulted in a strong correlation with the concentrations
of the components measured, namely PABA, OABA, 4,4-MDA, poly-PABA, and MDA-
PABA.

The reaction mechanism, its modelling and the determination of the kinetic parameters
have also been addressed by Haus et al. [114]. Extensive batch experiments were performed to
explore the system, its various elements, and their interactions. To describe the material system,
both a kinetic model and a population balance model were utilized, with the utilisation of an
amorphous silica-alumina catalyst. In a simplified reaction matrix which was proposed in order
to accurately characterize the system, Haus et al. identified the material system as consisting of

9 components and 11 reactions, with reaction details shown in Figure 28.
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Figure 28: The simplified reaction network of MDA formation used for fitting empirical kinetic model
parameters by Haus et al. [114]

Various components can be classified based on their characteristics. The unwanted by-
product is 2,2'-MDA, while the desired outcomes include polymeric MDA molecules, 4,4'-

MDA, and polymer ABA molecules. ABA-MDA molecules serve as oligomeric intermediates

in the procedure.

Haus et al. employed a standard Arrhenius equation to illustrate how the reaction rate
constant depends on temperature. The changes in concentrations were characterized by ordinary
differential equations. The kinetic parameters found in Equations 33 and 34, namely activation

energies and preexponential factors, were identified to describe the process.

11

¢y s

E = z Vier - kr : 1_[ ¢ e Weatalyst (33)
r=1 S€EK

Ea,
ky = ko, e RT (34)

Where %" rate of change of concentration of component «, v, ;- is the stoichiometric coefficient

for component k in reaction r, k: is the reaction rate constant of reaction r, c?"‘s is the
concentration of component i involved in reaction r raised to the respective reaction order nrs

and ocatalyst 1S the catalyst weight fraction.
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Based on the measured results the fitted kinetic parameters for each reaction by Haus et

al. are shown in Table 4 below.

Table 4: Fitted parameters of the empirical model by Haus et al. [114]

Reaction In(ko) [-] Ea [kJ/mol]
R1 16.3+2.8 62.3+8.3
R2 16.7+2.8 71.0+£8.2
R3 241+04 97.0+1.1
R4 27.7£04 1135+1.3
RS 27012 103.2+£4.0
R6 258+23 117.9+75
R7 16.6+2.9 66.8 + 8.4
R8 22.2+20 98.4+£6.6
R9 202+£7.0 88.6 £23.0

R10 222+74 100.1+£24.0
R11 240+ 0.7 96.8+24

The accuracy of the model can be described with defining KPIs as well. With the use of
these KPIs the MDA product quality and the performance of the catalysts can be described.

These KPIs in case of MDA mixtures are usually:

Remaining Reactants (RR): sum of all 2-ring ABA molecules

Isomer Ratio (IR): molar ratio between 4,4’-MDA and 2,4’-MDA molecules

Oligomer Fraction (OF): sum of all oligomeric molecules (3< ring molecules)

N-substituted by-products (NS): sum of all N-substituated components

Despite the relatively large uncertainties of the parameters in Table A1, the calculated
KPI values showed a good fit compared to the measured values, but the results were not

compared in terms of the concentration of each component.

4.3 Proposition of an extended reaction network

The analysis of the literature indicates that the complexity of the material system, coupled
with uncertainties in the reaction pathways and the numerous components involved, leads to
varied simplifications across different studies. These simplifications, while improving
tractability, inevitably diminish both accuracy and the range of extractable information.
Simplified models of material systems often struggle to align calculated concentrations with

experimental data due to omitted reaction pathways. Additionally, neglecting the roles of
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aniline and formaldehyde when starting with the aminal molecule itself further obscures
information, specifically preventing determination of the aniline/formaldehyde mole ratio.
Frequently, N-substituted by-products are also overlooked. As neither the components nor the

pathways are fully defined, tracking or predicting by-product formation becomes unfeasible.
In the course of enhancing the reaction system, we took the following factors into account:

- the difference between measured and calculated concentrations should be minimal;
- the difference between measured and calculated KPI values should be minimal;

- the number of components and reactions are as low as possible to ensure simplicity.

For consistency and comparability, the data collected by Haus et al. were utilized in the
model development. The objective was to reduce model error by reestimating the reaction rate
constants for each reaction. When accurately determined, this will enable the calculated values
to closely match the measured concentrations and KPIs with satisfactory precision.

In order to achieve this objective, we have also outlined several smaller essential tasks within

our identification strategy:

- the model must be capable of managing the molar ratio of aniline to formaldehyde as a
crucial factor in MDA production

- Together with the KPIs, the computed concentrations for each component must also
demonstrate a strong alignment with the observed data.

- the model must be capable of processing molecules that possess an odd quantity of rings,

implying that not just molecules with a pair of rings are able to undergo oligomerization

Based on the results measured by Haus et al. and, in order to resolve the uncertainties in
the constructed model and to be able to meet the key tasks defined earlier, we propose a new,
more detailed model that more accurately describes the mechanism of MDA formation, as

shown in Figure 29.
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Figure 29: The suggested optimized reaction network of MDA formation used for fitting the extended
empirical kinetic model, newly added or redefined reactions and molecules are highlighted with red color

The reaction system has been expanded to include three additional components: aniline,
formaldehyde, and N-methylbenzene (NMB). The previously included aminal component has
been removed and replaced with definitions for the aniline and formaldehyde components,
enabling the model to accommodate the mole ratio of aniline to formaldehyde. Furthermore,
the reaction mechanisms and pathways have been reevaluated. With the introduction of the
NMB component, it is now possible to produce an odd number of rings during oligomerization,

as oligomeric structures can form by linking the 1-ring NMB molecule to ABA molecules.

Utilizing the new material system allowed for the determination of the reaction rate
constants. However, the activation energies were not determined because measurements were

only conducted at a single temperature [114].
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4.4 Kinetic parameter identification strategies

The study and optimization of the material system were conducted through four different

phases, each representing a separate case. In every case, we determined and adjusted the

reaction rate constants to align with the observed data. An overview and description of each

case are provided in Table 5.

Table 5: Summary of Cases and objective functions used for reaction rate identification based on Table

Al
Case name Remarks
Initial state Simulation without parameter identification
A Simulation & parameter identification
B Simulation & parameter identification with extended reaction scheme
C Simulation & parameter identification with extended reaction scheme
iteratively

Initial state: simulation of the material system with the reaction rates obtained from
Table 4 with no parameter identification defined.

Case A: uncertainties of kinetic parameters identified and summarized in Table Al were
used as the lower bounds (LB) and upper bounds (UB) to define parameter identification
task in order to fit reaction rates with interior-point method and with Equation 37.
Case B: proposed extended reaction scheme with reidentified reaction rate constants,
fitted with Equation 37.

Case C: extended reaction scheme, where literature & proposed and modified reactions
were fitted iteratively with Equation 37, upper and lower bounds were defined based on
Table A2 data. The bounds defined for Case A and B were used for the unmodified or
literature reactions, while the bounds defined for Case C were used for the proposed or

modified reactions.

As highlighted in Case C, we employed an adjusted identification approach aimed at gaining

a deeper insight into the behavior of the reaction system. This iterative method involved

dividing the reaction system into two segments. The first segment comprised all previously

published reactions in our proposed network, without any alterations to these reactions.

Reaction rate constants for these, as referenced in prior literature, include R3, R4, R5, R6, R9,

and R10. The second segment consists of newly integrated or redefined reactions essential for
identification of their reaction rate constants, which include R1, R2, R7, R8, R11, R12, and
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R13. In Figure 29, these newly added or redefined reactions are marked in red, whereas

unaltered reactions are indicated in black.

In order to perform the kinetic parameter identification with sufficient accuracy and with
better convergence, it is necessary to normalise the upper and lower bounds between 0 and 1
[115]. This was done using Equation 35, where ky, is the identified parameter, optimized during

the extremum search task:

k=LB+ (UB—-1B) -ky (35)

The model of the reaction system is defined as ordinary differential equations describing the

concentration trajectories with Equation 36:

p J
aCi v;
E - Z Vir 'kr'l_[ €i v " Wcatalyst (36)
r=1 i=1

Where % rate of change of concentration of species i with respect to time, p is the total number

of reactions, vi, is the stoichiometric coefficient for component i in reaction r, k; is the reaction

rate constant of reaction r, j is the number of considered components in the proposed reaction
mechanism, c;’ ' is the concentration of component i involved in reaction r raised to the

respective reaction order vir and ocataiyst IS the catalyst weight fraction.

The differential equations were solved using the ode23s function [116,117] in MATLAB
software and fmincon function for the parameter identification task [118-121]. Nonlinear
parameter identification was performed by comparing the measured and calculated results. The
sum of the squared error, calculated from the differences between the measured and calculated
concentrations were defined as the objective functions to be minimized as shown in Equation
37 for the different cases:
j
MIN(F (ky)) = Z(Clrcr’lieasured — cgaleulatedy? (37)

i=1
The initial conditions of the reaction rates as well as the lower- and upper bounds for the

parameter identification are formalized and are given in Table A2 for each cases.
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4.5 Results and discussion

Following the methodology presented in Section 4.3 and Section 4.4, we present the
original literature and the identification results for the cases defined and systemized in Table 5.
Additionally, we display the alignment of computed concentration trajectories, derived from
the identified parameters, against observed results, which can be found in Figure 30. The results
indicate that the precision of the proposed MDA formation model surpasses that of models
derived from existing literature. By leveraging the main identification strategies highlighted,
both concentration and KPI fits were achieved with high accuracy. Figure 30 exhibits the results
calculated with each model for each case.
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Figure 30: Comparison of measured and calculated composition of MDA mixture for Cases summarized
in Table 5. Continous lines indicate calculated, markers indicate measured values. Reaction conditions:
A/F=3.0, T=120 °C, t =4 h, ocatalyst = 0.16 gcatalyst / Jsolution
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In the initial case, the results show that the model is very imprecise when the uncertainties
in the Kinetic parameters, i.e. the uncertainties in the reaction rate constants defined in Table
Al are neglected. For the concentrations there are significant differences and thus the
comparison of measured and calculated KPIs also does not show a good agreement. However,
for the variation of concentrations, the characteristics of the individual concentration curves can

be observed and are reflected by the model without any refinement.

As a second step in Case A to improve the model and in order to obtain more accurate
results, we have considered the uncertainties of the reaction rate constants in the model as lower
and upper boundaries for the model parameters fitting as shown in Table A2. This parameter
identification task was solved with fmincon function in MATLAB software as previously

mentioned.

Case B reflects the results calculated with the optimized model and reaction system. The
extended reaction system with our recommended components and reactions were used in order
to achieve the best possible fit of the individual concentrations and KPIs compared to the

measured data.

As a fourth step in the model development process, the identification of reaction rate
constants for the modified and unmodified reactions was performed iteratively. The target of
this parameter identification strategy was to halve the number of parameters to be identified in
each iteration. In the first step, the reaction rate constants of the modified reactions and, in the
second step, the reaction rate constants of the unmodified reactions were identified with the use
of the lower and upper bounds defined in Table A2. The bounds defined for Case A were used
for the unmodified reactions, while the bounds defined for Case B were used for the modified
reactions. The identification was continued step by step until an improvement in the value of
the objective function was observed as a result of the re-identified parameters. The
identification strategy aimed to reduce the number of parameters to be identified in one iteration
step, trying to minimize the correlation between the identifiable parameters. The results of each

reaction rate constant after every iteration can be seen in Figure 31.
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Figure 31: Identified reaction rate constants after each iteration step. Red bars indicate the reactions that
were identified, and blue bars indicate the reactions with fixed reaction rate constants. Brown and black
marks highlight the upper and lower brackets of the identification task, respectively

This iterative identification strategy performed relatively well compared to Case B, but
several reactions — for example, R4, R5, and R6 reached their lower boundaries during the
identification task, which means these reactions have a lower reaction rate constant than
previously identified in the literature and their importance is most probably overqualified. The
final value of the objective function was 3.03, which is of the same magnitude compared to the
final results summarized in Table 7. In Figure 32, the results of Case B and Case C (i.e. the

iterative identification strategy) are compared and plotted.
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Figure 32: Reaction rate constants identified for Case B and with the iterative identification strategy (i.e.
Case C). Marks and circles are indicating upper and lower bounds for each reaction and identification
strategy

However, it is very important to highlight the differences when comparing some of the
reaction rate constants which can affect the final performance and accuracy of the model. In
case of reactions R1, R2, R7, R8, and R12 the relatively high k values are resulted in the iterative
identification procedure can indicate very fast reactions where all the reactants form NMB in
the first step, and, as a second step poly-ABA and other intermediates form immediately, which
results in very sharp and edgy concentration trajectories, which can be seen in Figure 30, Case
C. The identified reaction rate constants obtained by solving the three constrained, non-linear

extreme value search problems are collected in Table 6.
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Table 6: Optimized reaction rate constants fitted with component concentrations and with KPIs

Reaction

R1
R2
R3
R4
R5
R6
R7
R8
R9
R10
R11
R12
R13

From the results summarized in Table 6 it can be seen that for the R12 reaction in Case
B, and for R7 and R12 reactions in Case C a much higher reaction rate constant was obtained

compared to other reactions due to the instantaneous occurrence of these reactions. Comparison

Case A

1.300 -10*
5.318 -10°
1.215-103
1.999 -10*
1.446 -10*
5.416 -10*
4.484 -10°
6.671-10*
3.272 -10*
9.864-107°
2.420 103

k [L™1mol"s1]

Case B

4.570 -10°3
1.989 1073
6.299 -10*
6.741-10°
6.820-10°
1.373 -10°
5.881-1072
1.750 -10*
4.466 -10°3
9.627 -10°
7.959 -10*
4.854-10*
3.487 -10*

Case C

7.664-10%
1.339-10°
7.077 -10*
6.331-10°
1.446 -10*
5.523-10%
1.000-107
2.145-10%
5.579
8.890-10°
9.537
5.673-10°
9.089

of measured and calculated KPIs with each reaction with each model is given in Table 7.

Table 7: Comparison of measured and calculated KPIs with different reaction rate constants

combinations

Parameters Measured | Initial State | Case A | Case B | Case C
Remaining Reactants [wt%o] 2.54 0.144 0.494 1.09 0.45
Oligomeric Fraction [wt%o] 17.13 39.99 23.77 | 17.85 | 18.37

Isomer Ratio [mol‘mol?] 6.48 4.28 8.55 6.09 5.50
Objective Function - 109.51 16.38 1.49 3.04
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Beside the used concentration trajectories for parameter identification, Haus et al. also
published KPIs for different temperatures and A/F molar ratios [114]. Hence, to validate the
model developed in Case B we compared the measured KPIs with the calculated ones in
different operating conditions. Beside the empirical MDA formation model also published, a
so-called population balance model in their referred work, so the measured KPIs can be
compared with calculated ones in case the two already existing and published models, and the
one proposed in this work (MDA formation model developed in Case B). The comparison was
carried out for two of the most important KPIs in terms of product mixture, namely Isomer

Ratio (IR) and Oligomer Fraction (OF). The results are shown in Table 8 and Table 9.

Table 8: Measured and calculated Isomer Ratio values with different models at different A/F molar ratios
on constant temperature: T =120 °C

Isomer Ratio [mol-mol™]
A/F [mol-mol'!] | Measured Original Original Developed
[114] empirical [114] population [114] | model (Case B)
2.3 7.07 6.01 5.00 7.44
2.7 6.73 - - 6.56
3.0 6.48 5.66 4.50 6.09

Table 9: Measured and calculated Oligomeric Fraction values with different models at different A/F
molar ratios on constant temperature: T =120 °C

Oligomeric Fraction [wt%o]
A/F [mol-mol] | Measured Original Original Developed
[114] empirical [114] population [114] | model (Case B)
2.3 22.92 24.62 29.18 25.91
2.7 17.52 - - 20.72
3.0 17.12 21.05 21.68 17.85

Comparing the calculated and measured KPIs, it is clear that a more accurate fit also can

be obtained at different operating conditions with the proposed MDA formation model

compared to the original empirical and population balance models.
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4.6 Conclusion

In Section 4, reaction network and reaction kinetics of MDA synthesis was reviewed from
literature data for both homogeneous and heterogeneous catalysis. A brief overview of the
difficulties encountered in heterogeneous catalytic synthesis, which limit the industrial-scale
uptake of heterogeneous catalysts was given.

In order to support and deeply understand the synthesis process, we compared and
analyzed the reaction systems proposed in the literature and made several important
observations regarding their shortcomings which are resulting loss of information. Based on the
information collected and systematized, we performed a reaction system study and developed
a model describing it with sufficient accuracy. The difficulties and challenges encountered in
using the model were also summarised and, in order to overcome them, further improvements
were proposed for the reaction system, the components defined in the model and the reaction

rate constants as a result of solving an parameter identification task.

Our goal in the development of the proposed extended MDA formation model was to create
one reaction network with robustness, optimal complexity, with all the important reactions,
reaction pathways, and components to describe the system with sufficient accuracy. However,
due to the limitations of the available and usable measurement data, further measurements and
model validation steps and tests are recommended in order to gain a deeper understanding of
the proposed reaction network and model performance. In all cases, the values calculated by
the developed model achieved a better fit than the original model, enabling the possibility to
develop a technological process simulator that can support the industrial-scale MDA synthesis
process based on measured data. The proposed MDA formation model should be integrated into
an appropiate hydrodynamic model of a real reactor to support the process scale-up or design
steps. The model can help in increasing energy and raw material efficiency of the technology
and/or speed up the changes in optimal operating conditions to respond for market demands
quicker and with relatively low computational requirements. The actual measurement data
currently being processed are the results of a laboratory-scale process, but by processing pilot-
scale or industrial-scale data, developing an appropriate hydrodynamic model and extending
the kinetic model, all the components and reactions which play an important role in MDA
synthesis can be described with sufficient accuracy with the developed model. Future
researches in this topic can be made to systematically refine the improved model by defining
additional componentsand reactions, with a focus on the process of by-product formation (i.e.

N-substituted by-products) and the mechanism of formation of higher molecular weight
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molecules. The fit of concentration and also the KPIs can be further improved by the extension
of the model, which, after the necessary improvements -especially as foreseen in case of the
information transfer between laboratory, pilot-scale and industrial level - may be able to resolve

the uncertainty in industrial processes, to support and investigate the production process.
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5 Machine learning model development for MDA formation based on

laboratory data

Upon reviewing the existing literature regarding the synthesis of MDA, it is apparent that
the influence of individual reaction parameters on the product mixture quality, as well as the
strengths of their correlations, remain unexplored. The aim is to discover these correlations and
their intensities using the available set of laboratory experimental data, employing relatively
straightforward data-driven modeling techniques that can be seamlessly integrated to facilitate
industrial-level synthesis processes. Before conducting the laboratory experiments, the
synthesis parameters selected for examination during the laboratory synthesis of MDA were
those anticipated to exert the most significant impact on product quality. By structuring,
preparing, and prefiltering the measured data, we have ensured that our data-driven models will
yield realistic and as precise as possible insights into the MDA synthesis process.

The quality properties of MDA mixtures as it was aforementioned include ring
distribution, molar ratios of different isomers, quantities of by-products, etc. The operating
parameters used for the synthesis of MDA and the quality parameters of the resulting MDA
product mixture have a fundamental impact on the properties of the final MDI product mixture,
thus the development of mathematical models which can describe the formation of MDA is
therefore considered a crucial step. By understanding and mapping the relationships between
the independent reaction and dependent quality parameters, controlling and tightly managing
the key properties of the MDA mixture, the quantitative and qualitative properties of the final
MDI product can be optimised precisely. This allows more flexibility to adapt the production
process to market demands, minimise the amount of by-products and maximise the output of
higher value products. The developed regression models, based on laboratory experiments, can
provide modellers with valuable insights into the direction and strength of correlations between
reaction and quality properties, thus helping to understand the technology and to operate it with

optimal efficiency with the use of different objective functions.

The key characteristic parameters of the final MDI product are developed during the
condensation and rearrangement reactions, making the synthesis of MDA a key step in MDI
technology in many respects. The arrangement of the rings, along with the amount and quality
of by-products, in addition to the design and specification of other elements defining the product

mixture, can be managed by adjusting certain operating conditions, such as the
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aniline/formaldehyde ratio (A/F), the HCl/aniline ratio (H/A), temperature, and parameters like

residence time.

Currently, there are a limited number of articles available that aim to accurately determine
the components, reaction paths and develop a kinetic model for this reaction system and their
accuracy is limited mainly due to analytical limitations [4]. Due to the complexity of the
reaction system and as shown in the literature, there is no sufficiently accurate and detailed
kinetic model available to accurately estimate the effect of the reaction parameters presented
on the quality of the product mixture. To overcome the complexity and uncertainties of the
system, a new approach could be machine learning, whereby the effects of the presented
parameters can be estimated with good accuracy, using appropriate training data. Furthermore,
at the industrial level, data from many more operational parameters can be used to estimate the
quality of the product mix, thus further refining the machine learning models. Moreover,
compared to classical first-principle-based process models, ML models have much lower
computational requirements and can be used to monitor technology and product quality in real
time, allowing timely intervention if product quality starts to deteriorate, thus saving costs.

These costs are shown as follows at the technology level.

In terms of cost reduction, the optimisation of parameters can have a significant impact,
since by reducing the A/F ratio, the amount of aniline introduced into the system can be reduced,
thus significantly reducing the energy consumption (hot and cold energy) of the purification
section where we recover the surplus aniline from the system. By reducing the H/A ratio, the
amount of HCI added as catalyst can be reduced, therefore less HCI has to be neutralised with
NaOH solution at the end of the condensation and rearrangement reactions, which results in a
significant cost reduction and, of course reduced salty wastewater generation. As a result, after
the neutralisation section, the washing section can be optimised as well, resulting in less amount
of diluted brine formation, which can reduce the energy consumption of the wastewater
treatment section. By optimising the reaction temperatures and reducing the residence times,
thermal energy and electrical energy can also be saved, or even the plant product output can be
increased. By reducing the formation of by-products, the yield of the product mixture can be
increased, thus basicly reducing the specific cost of all products. By understanding, exploring
and quantifying these effects on the quality of the product mixture and the effects on the
operational costs, objective functions can be formed that can determine the optimal set of

operational parameters, taking into account product yield, product distribution and energy costs.
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In case of a posteriori (also known as black-box) models, the structure of the model does
not need to reflect the structure of the real system, its parameter set does not need to have real
physical or scientific content, and the relationships between parameters are not described by
scientific relationships. In this work, three different modelling methods are presented that can
be used to construct black box models and that can be used to describe MDA formation and to

estimate the properties of the resulting MDA mixture:

- Linear Regression;
- LASSO — method,;

- Artificial Neural Networks.

The aim of this study and the developed models is to support real industrial MDA
synthesis process that can be easily deployed as simple tools to be able to achieve an optimal
product portfolio and operating cost for the industrial process. Based on the collected laboratory
data related to the formation of MDA the mapping of correlations between reaction and quality
parameters, reviewing different regression modeling techniques which are developed based on
these laboratory experiments, validation and evaluation of their performance in terms of their
accuracy in estimating the properties of the resulting MDA product have been performed based
on different reaction parameters. By constructing and using these different regression models
with appropriate accuracy, it is possible to optimize the production processes with the use of
different objective functions, to map and quantify the correlations and their strength between
the independent reaction and dependent quality parameters of the MDA formation process, thus
to be able to define an optimal parameter set for the synthesis process and to gain an overall
deeper understanding. With the mapped and specified correlations, it becomes possible to
optimise the quantitative and qualitative properties of the final MDI product itself by precisely

defining the optimal reaction parameter set. In this work, our aim is to solve the following tasks:

- collected and analysed the available laboratory data;

- identified and quantified the correlations between independent and dependent variables;

- developed reliable regression models to predict the quality parameters of MDA,

- optimal results were obtained by adjusting the parameters of the regression models and
compared the results achieved with each model structure;

- suggestions were identified to further improve the performance of the models.
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5.1 Methodology

The regression models presented in Chapter 2 are used in order to support the
understanding of MDA synthesis process quickly and accurately, increase product selectivity
to meet market demands, reduce by-products and energy consumption, and improve the setting
of key quality paramteres to expected values. The steps of model development process

performed in this chapter are summarised in Figure 33.

Model Model evaluation

development

Data preprocessing

Laboratory

measurements

e Condensation *Domain- eLinear regression *R%-based
e Rearrangement knowledge based ¢ Stepwise linear eDomain-

reaction filtering regression knowledge based
e Neutralization *Correlation & e Lasso-regression

Multicollinearity
analysis
e Qutlier removal

¢ Phase separation e Neural network

Figure 33: Process flowchart of the performed data analysis

5.2 Results and discussion

5.2.1 Laboratory MDA synthesis process

The laboratory data I used not personally measured by me, but were provided for me to
perform the modeling tasks presented in this chapter. The condensation and rearrangement
reactions were carried out earlier in a 250 cm?® duplicated glass reactor equipped with an
adjustable speed stirrer. The reactor temperature was controlled by a thermostat and the dosing
of formaline was carried out with a Metrohm Dozimat 765 programmable dosing unit. The
reaction mixture during the condensation, rearrangement, neutralization and phase separation

processes is shown in Figure 34-37 and were carried out according to the following steps:
Condensation process:

1. A fixed amount of aniline is introduced into the reactor.

2. The hydrochloric acid was then measured in, resulting aniline hydrochlorid. The
released heat was removed with the use of the thermostat. The temperature of the
reaction mixture was allowed to rise only for a predefined temperature (Condensation
reactor temperature - Te).

3. The exact amount of formalin was measured with the use of the controllable dosing
device, where it is also important to maintain the prescribed temperature.

4. Mixing of reaction mixture for a predefined time with temperature control.
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Rearrangement process:

1. The reaction mixture was heated up to allow the rearrangement process to take place as
the next step of the reaction (Rearrangement reactor temperature - Ty).

2. Mixing of reaction mixture for a predefined time with temperature control.

3. Formation of O-, P-ABA and MDA molecules.

Figure 34: Rearrangement process Figure 35: Neutralization process

Neutralization process

1. After the rearrangement process, the neutralization of the added acid is necessary. The
neutralization process took place on higher temperature with the addition of 49 wt%
NaOH solution.

2. Mixing of reaction mixture for a predefined time with temperature control.

Phase separation after the mixing.

4. NaOH and NaCl were washed from the neutralized and separated organic phase with
warm water.
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Figure 36: Mixing during neutralization

After the reaction was stopped and the reaction system reached steady state, the separation
of the organic phase was completed and the analytical tests were carried out by liquid
chromatography to determine the ring distribution of the product mixture, while gas
chromatography was used to determine the mono-methyl MDA by-product content and identify

isomer ratios. The main data of the chromatographs and experiment conditions were as shown

in Table 10:

Figure 37: Phase separation

Table 10: Main parameters of the chromatographs used in the experiments

Parameter Liquid chromatograph Gas chromatograph
Chromatograph Waters Alliance 2690 Agilent 7890
2 pcs Polymer Laboratories
HP-5MS 30m / 0.25mm /

Column PL gel 3 um 100 A 300 - 7.5

o 0.25um

mm in line
Eluent THF Ethanol
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5.2.2 Data preprocessing

As a first step of the data preperation, we have preprocessed the laboratory test data
available related to the synthesis of MDA with MATLAB, which were carried out and evaluated
in the late 2000s. This dataset was measured on laboratory scale with the purpose to better
understand and be able to perform deeper analyses on the MDA synthesis process and its main
parameters. The measured reaction parameters during the tests, i. e. independent variables,

which will be used as 10 input vectors during the model preparation were either:

- molar ratio type quantities (aniline/formaline (A/F), hydrochloric acid/aniline (H/A),
water/aniline (W/A));

- temperature type measurements (condensation and rearrangement temperatures);

- residence or reaction times (condensation and rearrangement reaction times), and lastly;

- formaline feeding time and feeding ratios between the reactors.

Among the measured parameters which are describing the quality of the final product, the

following categorization can be done for the 9 dependent or output quality variables:

- ring distribution of the MDA mixture (2-ring content, 3-ring content, ...>6-ring
content);

- isomer ratios (ortho-ortho, ortho-para, para-para);

- by-product quantity (mono-methyl-MDA (MMM)).

The data from a total of 46 individual experiments were used as the basis of the analysis.
During the preliminary collection of the data, it was clearly noticable that not all parameters of
the dependent variables, i.e. the output data, were recorded for all experiments. Each set of
experiments was designed and carried out for a different purpose or to understand different
operating parameters better, so they had to be interlinked into the same dataset. The reason for
this is that these laboratory experiments have been compiled and summarised from several
series of experiments, therefore these laboratory tests were not designed to define the same set
of dependent parameters and there was also a difference in time between each series of
experiments. After the examination of the data, it became clear that some method of dealing
with unmeasured or missing parameters would be necessary during the data analysis task. Table
11 summarizes all the available input and output parameters which were measured during the

laboratory experiments.
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Table 11: Available independent and dependent parameters from the laboratory experiments

Symbol Parameter Type of
parameter
A/F Aniline / Formaline molar ratio
H/A Hydrochloric acid / Aniline molar ratio
WI/A Water / Aniline molar ratio
Tc Condensation reactor temperature
Tr Rearrangement reactor temperature
te Condensation reaction time Independent
tr Rearrangement reaction time
Fri Formalin feed ratio to the first reactor
Fr2 Formalin feed ratio to the second reactor
tr Formalin dosing time
2r
3r
4r 2,3,4,5,>6-ring MDA content, respectively
or
>6r Dependent
0-0 Ortho-ortho isomer ratio
O-P Ortho-para isomer ratio
P-P Para-para isomer ratio
MMM Mono-methyl MDA (MMM) by-product content

After collecting and structuring the data, the location of the missing data was highlighted.
The missing data and their place can be seen in Figure 38, where green color indicates available
data and the red color indicates missing data for a defined parameter at a defined location.
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Figure 38: Locations of available and missing parameters for laboratory experiments

In Figure 38 the parameters on the X axis from No. 1 (A/F — Aniline / Formaline molar
ration) to 10 (tr - Formaline dosing time) represent the following input parameters, which have
been used as independent variables. The dependent variables parameters have been also plotted
in Figure 38 from No. 11 (2r — 2-ring content) to 19 (Mono-methyl MDA — MMM content).
The numbers at the top of the x-axis represent the number of missing measurements, i.e. the
number of laboratory measurements of the given parameter for which the given variable was
not measured. This is significant because there are 46 experiments in total, although the number

of measurements that can be used for the prediction of different parameters may vary.

To avoid any numerical problems during the data processing, an automated algorithm was
implemented to remove any experiments completely where missing values are present from the
dataset. For example, if 1 out of the 46 experiments does not contain information on MMM
concentration because it was not measured during that test, therefore only the other 45
experiments will be used from the laboratory data as the basis of the data analysis process, the
other experiments which contained the missing data will be left out for that training step. This
prefiltering step ensures that only those datasets for which the given parameter set is actually
available are used in each model training step. By carrying out these preliminary tests, it is also
possible to summarize the quantity and quality of the available data.
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The dataset were preconditioned, i.e. normalised between 0 to 1, where 0 equals the
minimum and 1 equals the maximum value of the measured value set for one parameter. The
minimum and maximum values used in the normalisation for each input and output data are not
presented for reasons of information protection, and hence the upper and lower bounds on the

interpretation ranges of the models that will be created.

With the checking of the available data, it is also possible to gain important information
about mean, median, variance and basicly the quality of the data in terms of usability for
mathematical modeling by plotting them on violin charts. The data plotted on violin charts can

be seen in Figure 39 for each input and output parameters.
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Figure 39: Availabe dataset from laboratory experiments plotted on violin chart

After evaluating the available measurement data, it became clear that while the data
overall shows adequate variability for use in training data models, there are three specific input
vectors—the rearrangement reaction time (t;), the formalin feed ratio for the first reactor (Fr1)
and the formalin feed ratio for the second reactor (Frz2) — that lack enough variance to serve as
effective training inputs. These parameters, since they were not changed during the
experiments, do not carry any information on the output parameters and their use is therefore
redundant. These three input vectors were deleted before the next data preparation steps.
Similarly, by examining the data available as dependent variables, i.e. output vectors, it can be
stated that these data are available in sufficient quantity and quality, and therefore all of these

vectors have been retained for further analysis.
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5.2.3 Correlation analysis

Following the initial phases of data collection, which included preprocessing, cleaning,
and filtering, a correlation analysis was performed. Pearson correlation coefficients were
calculated to assess the relationships between the input and output data. The outcomes of this

analysis are illustrated in Figure 40 and Figure 41.
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Figure 40: Correlation coefficients between each independent parameters
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Figure 41: Correlation coefficients between independent and dependent parameters

The correlation coefficients in Figure 40 show the direction and strength of the
relationships between each input parameters, while Figure 41 show the relationship between
each input and output parameters. For some parameters these correlation coefficients cannot be
determined with the available dataset. This is due to the fact that the algorithm which was
developed to avoid numerical problems deletes experiments with missing parameters that
would ensure the variance of the given input vector, i.e. for a given input parameter the given
output parameter becomes insensitive, the function is not able to determine correlations
between them. That means the input parameters T, tc and tr were kept constant during those
experiments, where there are availabe data for O-O and P-P output parameters, i.e. where they

were measured and for these six correlations the correlation coefficients cannot be determined.

As shown in Figure 40 and as expected, there is a very strong correlation between the
W/A and H/A input parameters, which is due to the fact that most of the total water entering
the reaction system is introduced with the HCI solution used as catalyst. The reason why this
correlation is not equal to 1 is that in many experiments, in addition to the water introduced
with the HCI solution, extra water was added to the reaction system to study and better

understand its effect on the quality parameters. To verify the multicollinearity between the W/A
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and H/A parameters, the so-called LASSO — method was also applied before preparing the basic

regression models for outlier identification.

5.2.4 Multicollinearity analysis

In the examination of multicollinearity, the LASSO — method was executed utilizing input
data spanning 100 distinct lambda values to evaluate potential multicollinearity among input
parameters before the formulation and validation of the final regression models. During the
shrinkage process, the model parameters and their fluctuations for each lambda value were
documented, along with the MSE values computed during parameter reduction. By observing
the parameter shrinkage, it is possible to verify the existence of previously identified
collinearity between the W/A and H/A input parameters. This method was applied specifically
to the 2-ring content among the output parameters, but the shrinkage was recorded and
summarized for all input parameters. Utilizing the LASSO regression with the existing data to

predict the 2-ring MDA content resulted in the outcomes illustrated in Figure 42.
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Figure 42: Result of LASSO regression with different X values for 2-ring MDA content estimation

As illustrated in Figure 42, with a continuous increase in the value of the A parameter, a
greater number of parameters are subjected to shrinkage, exhibiting a more pronounced effect.

The sequence of parameter shrinkage is detailed in Table 12.
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Table 12: Order of shrinkage performed by LASSO regression for 2-ring MDA content

Order of shrinkage

1

2

3

4

5

Parameter

WI/A

H/A

te

Tr

Te

tr

AlF

As previously expected, using a linear design matrix for the LASSO regression the W/A
parameter is shrunk and set to zero first, which confirms the strong correlation with the H/A
parameter in Figure 40. However, the studying of this W/A parameter is important because, at
the industrial level, the unreacted aniline which is recovered from the process may contain small
amounts of water, so understanding the effect of this extra water is relevant, thus the W/A

parameter was kept in the data set.

5.2.5 Outlier identification

Following the application of the LASSO — method and the assessment of multicollinearity
among the input parameters, methods for outlier detection were employed to identify
inconsistent data from laboratory experiments, thereby ensuring the optimal performance of the

regression model structures and their outcomes.

For identifying potential outliers, the Leave-One-Out validation method was employed
utilizing basic regression models, notably without hyperparameter optimization, to discern
outliers from experiments that had undergone normalization, prefiltering, and cleaning of
missing data. This phase occurred prior to further training steps and before the determination
of optimal model structures. The fundamental concept of this cross-validation approach lies in
training the model on n-1 experiments while validating it with one omitted experiment, and this
process is reiterated for a total of n iterations, ensuring that each experiment serves as a
validation sample. While models of this nature may exhibit significant overfitting, the
comparison of absolute errors during validation facilitates a credible identification of outliers.
To achieve optimal accuracy in outlier identification, the utilization of various models and the
inclusion of all available output parameter sets is advocated. This procedure was executed
employing three distinct model types: linear regression with a 'linear' design matrix, linear
regression with a 'stepwise' design matrix, and an artificial neural network. This was strategic
in ensuring that the identified outliers were consistent across these models or to detect any
potential discrepancies. LASSO regression, being solely used for multicollinearity analysis and

considered a variant of linear regression, was not utilized for outlier identification.
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In this work, a three-level hierarchical rule set have been defined to be able to identify

experiments as outliers:

- During the training and validation of regression models, a measurement for a given
output was identified as an outlier or non-outlier using the IQR method (Output outlier)
[122].

- If an experiment contained at least three output parameters which are identified as
potential outliers, that experiment for that specific regression model is considered as a
potential outlier (Model outlier).

- If an experiment is identified by at least two regression models as an outlier, then the
experiment is indeed identified as an outlier and will be deleted from the available

dataset (Experiment outlier).

In cases where the three specified outlier detection conditions were not satisfied, the
experiment was not classified as an outlier and, consequently, was included in the final dataset.
The outcomes derived from the various regression models employed for outlier identification

are depicted in boxplots in Figure 43 below.
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Figure 43: Absolute errors plotted on boxplot diagrams for different regression models (Neural Network
structure: 30-30-30, ReL.U, . =10-4)

From the analysis of absolute error results depicted in Figure 43, it is evident that while

the standard deviation of errors remains relatively low for both the linear design matrix
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regression model and the neural network model, the absolute error values exhibit considerable
dispersion for the stepwise linear regression model. This observation indicates that the standard
deviation for this model type is also comparatively higher relative to the other models. Such an
outcome may rise from the possibility that the stepwise linear regression, characterized by an
extensive range of hyperparameters, could exhibit heightened sensitivity to overfitting due to
its structural components, thereby potentially leading to higher validation errors and greater
variance. Figure 44 illustrates not only the total number of outliers but also their specific

positions, identified by the serial numbers of potentially anomalous experiments.
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Figure 44: Number of identified potential outlier outputs for different measurements in case of different
regression models

According to the data presented in Figure 44, it is obvious that the three previously

mentioned criteria, specifically output, model, and measurement outlier conditions, are satisfied
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by only six experiments. The identifiers for these experiments are M1, M16, M27, M10, M7,

and M2, indicating that they have been permanently excluded from the dataset.

5.3 Model performance evaluation

Upon comprehensively understanding and preliminarily processing the data with
foundational models, it becomes feasible to optimize, evaluate, and conduct comparative
analysis of model performance to ascertain the optimal solution and model configuration.
Throughout this comparative analysis, additional insights can be collected concerning the
reliability of measurement data, the identification of outliers, and model performance, which
aids in clarifying the true connections between input and output variables. Consequently,
practical expertise and industrial knowledge can be quantified with precise accuracy, assisting
in the determination of the optimal parameter set for the manufacturing process. To mitigate
the risk of overfitting the trained models, the K-fold cross-validation technique was employed.
This method involves partitioning the available data into K segments. From these segments, K-
1 portion is designated as the training dataset, while the remaining segment serves as the
validation dataset for the trained model. Subsequently, this process is iterated K times, each
time selecting a new K-1 portion for training and a new segment for validation, thereby
precluding overfitting and facilitating the determination of optimal model parameters. A general
3-Fold cross-validation was applied across all models.

Linear regression models employing a 'linear' design matrix were constructed for the dataset
as the most fundamental structured model. Subsequently, optimizable stepwise linear
regression models were developed, followed by the preparation of neural network models. Each
model was tailored to an individual output parameter vector, thereby necessitating the training
and validation of different model for each quality parameter. Following the outlined procedures
and data preparation steps, three separate models were successfully designed, trained, and
validated.

- Linear Regression with ’linear’ design matrix;
- Linear Regression with ’stepwise’ regression;

- Artificial Neural Network

5.3.1 Linear regression
Linear regression models define the relationships between input and output variables
using design matrices. The most basic design matrix is the linear model with a constant term,

which helps assess the proportion of variance in the dataset that is captured by linear
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correlations. In linear systems, outputs change in direct proportion to inputs, whereas non-linear
systems exhibit more intricate relationships that cannot be characterized by straightforward
linear equations. Table 13 displays the results for all output parameters across the linear

regression models.

Table 13: Average R? values calculated with linear regression models with linear design matrix for
different dependent variables with 3-fold cross-validation

Dependent variable Rfmining R aiidation
2r 0.601 -0.281
3r 0.916 0.778
4r 0.909 0.658
or 0.913 0.278
>6r 0.681 -1.705
0O-0 0.953 0.881
O-P 0.770 0.378
P-P 0.976 0.803
MMM 0.958 0.434

The results indicate that a strictly linear model falls short in capturing the connections
between the independent and dependent variables; hence, adopting a model that includes non-
linear relationships is certainly beneficial. Nonetheless, the most basic linear model can still
reasonably accurately describe various dependent variables like O-O, P-P, and 3- and 4-ring

content.

5.3.2 Stepwise linear regression

To address the limitations of basic linear regression models and develop a model with
ideal complexity and satisfactory accuracy for the available data, the approach and effectiveness
of stepwise linear regression were explored. Stepwise linear regression is advantageous because
it automates the optimization of the model structure based on predefined criteria, thereby
creating the optimal model configuration for a specific set of hyperparameters. The algorithm
used can optimize various objective functions and hyperparameters such as minimizing the sum
of squared errors, enhancing the adjusted R? value, maximizing the R? value, or optimizing
based on Akaike or Bayesian information criteria. In this scenario, the optimization aimed to

maximize the R2 value, and we configured the stepwiselm function to achieve optimal results
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for both the training and validation datasets. To accomplish this, the function was allowed to
incorporate any terms, such as constant, linear, interactions, quadratic, etc. Additionally, the
Penter and Premove parameters were meticulously adjusted to identify optimal function
parameters, which serve as the threshold criteria for adding or removing terms from the final
model structure. The training and validation outcomes for 2-ring MDA content with different
Penter and Premove Settings are presented in Table 14, while results for other dependent variables
obtained with various parameter combinations are available in the Supporting Information in
Table A3 - A12.

Table 14: Average R? values calculated with stepwise linear regression models for 2-ring MDA content
with 3-fold cross-validation and different Penter and Premove parameters

Penter Premove l_lfraining R\Z/alidation
0.1 0.05 0.580 -0.092
0.05 0.025 0.867 0.797
0.04 0.02 0.867 0.797
0.03 0.01 0.867 0.797
0.027 0.01 0.913 0.775
0.025 0.01 0.913 0.775
0.025 0.005 0.913 0.775
0.01 0.005 0.970 0.723

The analysis indicates that by decreasing the Penter parameter, the R? value obtained from
the model on the training dataset can be progressively enhanced, as additional terms are
incorporated by lowering the threshold, thereby refining the model's accuracy. Concurrently,
the validation R? also increases systematically, and the model's performance on the validation
dataset improves due to more effective training. However, upon surpassing a certain threshold,
the model exhibits heightened vulnerability to overfitting, resulting in a further increase in the
training R?, while the validation R? begins to decline markedly. Upon review of the results, the
parameters are established at Penter = 0.03 and Premove = 0.01 as the optimal settings. Sensitivity
analyses were also conducted for the other dependent parameters and various hyperparameter
configurations, which are detailed in the supporting information. The superior outcomes of the
stepwise linear regression models are presented in Table 15, employing the optimized function

parameter set.
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Table 15: Average R? values calculated with stepwise linear regression models for different dependent
variables with 3-fold cross-validation and optimized Penter and Premove parameters

Dependent variable Rfmining Rl aiidation
2r 0.867 0.797
3r 0.837 0.673
4r 0.845 0.647
5r 0.919 0.484
>6r 0.388 -0.519
0-0 0.950 0.887
O-P 0.925 0.416
P-P 0.945 0.480
MMM 0.922 0.893

5.3.3 Neural networks

Various activation functions, structures according to the neural network structure shown
in Figure 8 and A parameters were examined during the training phase of neural networks to
provide the most precise outcomes in the synthesis of MDA. These evaluations were conducted
to represent all dependent parameters with the highest degree of accuracy, subsequently
identifying and applying the optimal structures and hyperparameter configurations deemed
most effective. It is evident that the accuracy of neural networks can be significantly enhanced
through structural and hyperparameterization tests tailored for different dependent variables.
Consequently, the results of structure and hyperparameter optimization for additional
dependent parameters are comprehensively summarized in the supplementary material. Table
15 illustrates the findings for 2-ring MDA content, while the outcomes for other dependent
variables utilizing different parameter sets are detailed in the Supporting Information found in
Tables A13-A22.
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Table 16: Performance of neural networks with different hyperparameterizations for 2-ring MDA content
with 3-fold cross-validation

=2

Structure Act. Fen. ) ﬁfmining R} alidation
10-10-10 ReLU 10 0.999 0.813
10-10-10 Tanh 10 0.998 0.418
10-10-10 Sigmoid 10 0.994 0.701
10-10-10 ReLU 107 0.996 0.886
10-10-10 Tanh 10°° 0.992 0.707
10-10-10 Sigmoid 107 0.000 -0.045
20-20-20 ReLU 10 1.000 0.870
20-20-20 Tanh 10 0.998 0.626
20-20-20 Sigmoid 10 0.994 0.703
20-20-20 ReLU 107 0.997 0.885
20-20-20 Tanh 107 0.990 0.702
20-20-20 Sigmoid 107 0.990 0.702
30-30-30 ReLU 10 1.000 0.845
30-30-30 Tanh 10 0.998 0.612
30-30-30 Sigmoid 10 0.994 0.703
30-30-30 ReLU 107 0.997 0.891
30-30-30 Tanh 103 0.991 0.712
30-30-30 Sigmoid 107 0.000 -0.045
40-40-40 ReLU 10 1.000 0.834
40-40-40 Tanh 10 0.999 0.644
40-40-40 Sigmoid 10 0.994 0.704
40-40-40 ReLU 107 0.997 0.911
40-40-40 Tanh 107 0.991 0.710
40-40-40 Sigmoid 107 0.296 0.252

As displayed in Table 16, the investigation of the optimal neural network structure
involved examining four different structures, three types of activation functions, and two A
values. Generally, increasing the number of layers and nodes, thus enhancing the complexity
of the network, tends to enhance its accuracy; however, it also raises the risk of overfitting.
Adjusting the A penalty parameter aids in fine-tuning the model to achieve a suitable balance
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between learning and validation results. The findings indicate that, even with a straightforward
10-10-10 configuration, a modest increase in the A parameter (from 10 to 107®) significantly
enhances validation results without markedly affecting the training outcomes. The sigmoid
activation function underperforms compared to the other two functions, while the tanh and
ReLU functions show varied performance relative to each other. Following an analysis of the
results, a model featuring 40-40-40 nodes with the ReLU activation function and A = 10~ was

selected as the optimal structure.

Subsequent to the initial tests, the investigation focused on the performance of various
model structures and hyperparameters across all dependent variables. The most favorable
outcomes, achieved through the optimization of parameter sets, are detailed in Table 17 below.

Table 17: Average R? values calculated with neural network models for different dependent variables with
3-fold cross-validation

Dependent variable ﬁfraining ﬁialidation

2r 0.997 0.911

3r 0.995 0.945

4r 0.995 0.807

5r 0.989 0.704

>6r 0.224 -0.147

0-0 1.000 0.923

O-P 1.000 0.871

P-P 0.974 0.911

MMM 0.999 0.905

Analyzing the findings, it is evident that neural network models have achieved a highly
accurate fit for various dependent parameters. Comparing the best validation outcomes of each
model, it is clear that the performance of the straightforward linear model significantly lags
behind that of both the stepwise linear regression and neural network models. By examining
the results from the stepwise linear regression and neural network models, one can determine
the best models and parameters that can adequately describe the entire set of dependent

variables, except for molecules containing six or more aromatic rings.

The comparison of the results alongside the selected model for each dependent variable

is illustrated in Table 18 below. It is also possible that the independent variables chosen and
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measured do not substantially influence the formation of molecules with >6-ring, as certain
variables like residence times might be better to describe these phenomena. Furthermore, upon
examining Figure 41, it becomes evident that the factors applying the most substantial influence
on the content of molecules with >6-ring are the formalin dosage duration (tr) and the
aniline/formalin mole ratio (A/F). The marked relationship between these two parameters and
the content of >6-ring molecules can be attributed to the bridging role of the -CH2- functional
group in formalin during the coupling of aromatic rings, which is significant in the synthesis of
polymeric MDA molecules. As depicted in Figure 41, increasing the amount of formalin (i.e.,
reducing A/F) can significantly enhance the yield of polymeric MDA products, while extending
the formalin dosage duration also proves advantageous for the formation of such polymeric

products.

Upon reevaluation and categorization of the available ring distribution data into monomer
(2-ring), trimer (3-ring), and polymer (>4-ring) contents, it is observed that while the efficacy
of our regression models reaches a minimum, the total quantity of polymer molecules
characterized by differing ring numbers can be accurately estimated. Given that the specific
quantities of 4-, 5-, and more than 6-ring polymer molecules are not critically significant from
the perspective of product mixture quality, they can be collectively grouped and estimated
through a process of aggregation. The outcomes of polymer MDA molecules aggregated in this

manner are presented in Table 18 as the dependent variable denoted as ">4r".
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Table 18: Comparison of the validation results for stepwise linear regression and neural network models,
selection of optimal model type

Dependent variable ﬁzalidaﬁ““a NN ﬁialidation, stepwise Model selected
2r 0.911 0.797
3r 0.945 0.673
ar 0.807 0.647
o 0.704 0.484
>6r -0.147 -0.519

0-0 0.923 987 Neural Network
O-P 0.871 0.416
P-P 0.911 0.480
MMM 0.905 0.893
>4r 0.716 0.624

The evaluation of results indicates that predicting molecules consisting of >6-ring
presents significant challenges due to various factors. One possible issue is that the analytical
examination of molecules occurring in minimal quantities may experience substantial relative
error. By aggregating the measured data, it is feasible to decrease the number of required neural
network models while still acquiring all pertinent and significant information from the data.
The dependent parameters derived from the best-performing models, plotted against the

measured parameters, are illustrated in Figure 45.
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Figure 45: Predicted output results plotted against measured results. Red markers indicate predicted
outputs for training data and black markers indicate predicted outputs for validation data

5.4 Shapley — based explainability analysis

To gain a clearer and explainable understanding of each synthesis parameter, | utilized
the top-performing machine learning models to compute and visualize Shapley values for each
dependent parameters. The calculated Shapley values for MMM, the most important by-product
of the MDA synthesis is visualized in Figure 46, while the Shapley values for all dependent

Measured output

parameters can be seen in Figure A1 — A9.
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Figure 46: Shapley values calculated with the best performing machine learning model for MMM
formation

Figure 46 illustrates the ranking of the key production parameters, which was established
through the calculation of Shapley values. The parameter A/F exhibits the most significant
impact on the quantity of MMM by-product, demonstrating an reciprocal relationship: as the
AJF synthesis parameter is raised, the MMM quantity diminishes. Conversely, for W/A and
H/A parameters, there is a distinct positive correlation with the MMM amount; the Shapley

values suggest that increasing either of these parameters leads to a rise in the MMM quantity.

5.5 Conclusion

In Section 5, we assembled and organized laboratory experiments that present the process
of MDA formation. The objective of the experimental design was to affect the quality of MDA
by altering the production parameters and to describe the direction and magnitude of these
correlations. Innovations in machine learning technologies have enabled the guantification of
this data, facilitating a deeper comprehension of the chemical synthesis process of MDA. This,

in turn, allows for the optimization of ring distribution and isomer ratios based on market
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demands, as well as the selectivity of the reaction by modifying synthesis parameters through

the application of such machine learning models.

It was discovered that water has a significant effect on the different dependent quality
parameters, but a significant part of the water content is introduced into the system by the HCI
solution used as catalyst, this means that there is a significant multicollinearity between H/A
and W/A parameters, which was also confirmed by using shrinkage — method, i.e. LASSO —

method.

The Pearson correlations between input and output parameters were also examined and
visualized. Subsequently, a distinct method for detecting outliers was applied to identify
specific outliers. This process employed the Leave-One-Out approach as a form of K-fold cross-
validation, calculating absolute errors via linear regression and neural network models, which

could notably enhance the models’ fit.

Upon removing the outliers, the models underwent training and validation. The findings
indicate that purely linear models fall short in accurately describing any of the dependent
variables. Neural network models provided the best fits; however, stepwise linear regression
models also demonstrated commendable performance. The top-performing models were chosen
and summarized, enabling the calculation of several key dependent variables, which are vital
for assessing product quality, with satisfactory precision. These explainable machine learning
models provide straightforward implementation possibility for optimizing MDA synthesis
processes, enabling clear quantification of each parameter’s contribution through Shapley value

analysis.

In future works, it would be valuable to optimize the method of detecting outliers.
Currently, the approach eliminates entire experiments where all measured data are available as
outliers. However, it is possible to identify only specific subsets of data, such as ring distribution
or isomer distribution, as outliers. These subsets could be pinpointed due to reasons like
analytical measurement variations (e.g., using gas or liquid chromatography) or errors in sample
handling or other factors. Also, incorporating industrial production data into the training dataset
could greatly enhance accuracy. This is because industrial production data is abundantly

available, thus allowing for substantial improvement in model performance.

A plan for continuously modeling industrial systems and developing machine learning
models could be devised. Gathering industrial expertise, practical experience, and insights

detailed in this article, alongside results from laboratory experiments, is essential to ensure we
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have all necessary foundational knowledge for devising the data analysis plan. Should the
results from the ML models prove satisfactory, an optimization strategy, shaped by a cost
function, will be needed for the industrial parameters (such as operational data). This cost
function should prioritize objectives pertinent to the quality of the product mixture generated
within the industrial system, such as enhancing the yield of 2-ring MDA, minimizing by-
products, and reducing operational costs. Continuous system control and monitoring are crucial
during both operation and adjustments of industrial parameters, based on results from soft
sensor models, to assess if the output parameters behave according to the trained models'
predictions. In this phase, the models serve as soft sensors. If additional data from industrial
systems becomes accessible, the precision of these soft sensors may be enhanced, contingent

on the results of the analysis.

Enhancing neural networks with an adaptable structure and tunable hyperparameters
allows for improved model accuracy. Additionally, deploying multi-input and multi-output
(MIMO) machine learning models enables parallel computation of each dependent parameter.
This facilitates the development of an online prediction mechanism using industrial data,
optimizing the process in real-time. Through this machine learning approach, by setting the
desired product quality via an objective function, one can identify the best configuration of
independent parameters within the analysis range. Consequently, the industrial production

process can be optimized, ensuring product quality aligns with market requirements.
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6 Soft-sensor development for product quality estimation with time

delay and feature selection in industrial MDI production

The process of producing MDI involves a multitude of complex reactions and side reactions,
making it difficult to identify root causes, side reactions, and by-products that affect product
quality. Our goal is to overcome these difficulties using explainable machine learning, utilizing
insights obtained to improve real-world industrial applications. By incorporating the outcomes
from the machine learning model into the manufacturing workflow through the development of
soft-sensors, we aspire to offer data-driven assistance for optimizing processes. The entire
machine learning model is constructed using industrial data, and its outcomes have been

verified against this data to confirm their reliability and relevance.

Owing to the intricate nature of the material system, various properties must be observed
during production to attain an ideal product mix, and numerous unwanted side reactions and
by-products influence the quality of MDI products. [83]. A significant characteristic of MDI
products is the mixture’s color, typically presenting as a light brownish red for 4-4' MDI [123],
while in polymer products the color turns deeper, darker, and more intense because there are
more by-products present. The color of MDI mixtures is crucial for both the manufacturers of
the MDI product and the clients who utilize that product as raw material, making it a significant
parameter where a higher color value is preferable in MDI production. The color values of
different MDI product mixtures can be seen in Figure 47.
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Figure 47: MDI product mixtures with different L-color quality values

Once the production processes are finished, the mixture's color may degrade further when
subjected to heat or light [124-127]. The darkening of the mixture is associated with the side
reactions occurring during the manufacturing process, as well as the quantity and quality of the
by-products generated therein. However, in numerous instances, the precise reaction pathways
leading to the formation of these by-products remain undiscovered, as does the exact

mechanism through which they impact color variation [128,129].

In the chemical industry, the use of various soft-sensor applications is gaining increasing
importance, as large volumes of data are generated in chemical processes. Machine learning,
deep learning, and other mathematical models provide excellent opportunities for processing
large amounts of industrial data, enabling a deeper understanding of processes and the
estimation of various quality parameters [130,131]. In the development of a soft-sensor, an
additional challenge in any industrial system is the estimation of time delays, which refers to
the duration after each process variable begins to influence the output parameter under
investigation. Given the scale of a real industrial system, it becomes evident to model
developers that each operating parameter does not exert an immediate effect on the parameter
under investigation, but rather a delayed impact. These systems are called time-delayed systems
[132-134]. For such industrial systems, the material flow is nonlinear and variable, and the
system's complexity is significantly high. Due to constant fluctuations in mass flows,

recirculations, material bypasses, load levels, and the generally complex product portfolio, a
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time delay estimation model has also been developed to enhance the accuracy of machine
learning models. When estimating the time delay for each operating parameter, we can classify
the methods into static [135], dynamic [136,137] or a combination of both static and dynamic
time delay estimation approaches [138,139]. Static time delay estimation assumes a constant
delay over time, while dynamic time delay estimation accounts for time delays that vary with
changing system conditions. Dynamic time delay estimation methods are particularly suitable
for complex systems characterized by frequent load changes or where material movement
involves numerous recirculations or feedback loops, while the combined approaches consider

both types of delays in the system.

Applications are also feasible where the soft sensor can be used adaptively to adjust model
parameters in response to changing conditions [139]. Furthermore, the effect of each operating
parameter on the outputs can be estimated directly. However, there are instances in the literature
where the parameters exhibit a finite impulse response, meaning that not only do they have a
time-shifted effect, but the intensity of their impact also varies continuously over time
[136,140].

Currently, there are no a priori or a posteriori models in the literature that
comprehensively address and quantify the effects of parameters influencing the color of MDI
product mixtures. While several studies have explored side reactions, the presence of certain
components and the occurrence of these reactions remain speculative, primarily due to

analytical challenges. [91].

Our objective is to enhance the quality of MDI mixtures, with a particular focus on
maximizing MDI color, through a continuous closed-loop, model-based analysis of the complex
material system. This will be achieved by developing and implementing various a posteriori
machine learning models. By utilizing the tools of explainable machine learning, the
relationships between production parameters and MDI color can be explored for such a complex
system. Additional insights can be gained by investigating these relationships, particularly
regarding the presence of side reactions and by-products that are assumed in the literature but

have not been analytically proven.
The summary of my research in this field as follows:

- We have gathered the information available from industrial knowledge, experience, and
the literature, and subsequently identified the reactions and reaction pathways that could

potentially lead to the formation of by-products influencing the color of MDI;
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- Based on the defined by-product reaction scheme, we identified the industrial operating
parameters most likely to influence changes in MDI color, and then gathered data on
these parameters;

- Exploratory data analysis was conducted on the collected data, including correlation
analysis, violin plots for variance assessment, time delay estimation, and principal
component analysis (PCA);

- Feature selection methods were applied to the resulting dataset to identify the most
important input features or parameters for training the machine learning models. The
results of the models were then compared and evaluated;

- Based on the results of the best-performing model, we examined how each operating
parameter influences the color of MDI. Subsequently, a genetic algorithm was
employed to identify the optimal set of operating parameters that maximizes MDI color

during production.

6.1 Presumed reaction scheme for by-product formation

In this section, | have defined a presumed reaction scheme for side reactions and for by-
products formation based on literature and industrial experience in order to identify the key
points of the industrial system by understanding the basic processes and reaction system. | have
identified the key variables that are most likely to provide the most important and informative

information about by-product formation and hence the colour of the final MDI product mixture.

After understanding the industrial processes, the next step before preparing the data
analysis plan is to understand, based on the literature, what by-products can be generated during
the production of MDI that can affect the colour of the product. It is also important to understand
what side reactions can lead to the generation of these by-products and what reaction conditions
can promote the occurrence of these side reactions, i.e. how we can influence and how we can

reduce the quantity of these by-products.

Based on the literature, the key molecules for the formation of color causing by-products
are the different urea compounds [129], which can be formed from the reaction of amine
(aniline, MDA compounds) and isocyanate (MDI) function groups. According to Twitchett et
al. [104], the amide and imidic forms of urea compounds are in equilibrium, with the imidic

form being involved in side reactions as shown in Figure 48.
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Figure 48: Formation of urea from the reaction of amines and isocyanates

The imidic forms of these urea compounds can undergo a series of phosgenation steps to
form chloroformamidine and then chloroformamidine-N-carbonyl chloride (CCC) type
compounds, which can decompose upon elevated temperatures to form various isocyanate and
isocyanide dichloride compounds [104], which have been identified as the cause of the colour
change in MDI, as they may can form chlorine radicals. Chlorine radicals can then attack the
aromatic compounds present in the system and the methylene bonds between the aromatic
molecules to form compounds with conjugated electron structure, thus contributing to the
deepening of the color of MDI mixtures [91]. A possible reaction pathway for the formation of

dichlorides is shown in Figure 49.
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Figure 49: Suggested reaction route for dichloride formation from urea
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To confirm the literature and to explore the side reactions involved in the synthesis of
MDI, Callison et al. [91] demonstrated that the multistep phosgenation of urea-type compounds
does indeed lead to CCC compounds. It has also been investigated whether the resulting CCC
compounds are actually in equilibrium with carbodiimide compounds, an equilibrium that is
significantly affected by the storage temperature of the mixture. For the decomposition of CCC
compounds to dichlorides, it was found that the decomposition takes place at temperatures
above about 130 °C. By studying the decomposition of dichloride compounds, they were able
to confirm that different dichloride compounds themselves undergo a color change at the
temperatures used in the production of MDI, but this color change is even more significant with
the addition of MDI. In polymer-MDI mixtures, the degradation of dichloride compounds
causes even more significant colour degradation, presumably due to the enhancement of
conjugation at higher molecular weight. Full reaction scheme proposed by Callison et al. can

be seen in Figure 50.
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Figure 50: Suggested full reaction scheme for the formation of dichlorides from urea [91]
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Based on the full reaction scheme, 3 intervention options have been identified for an

industrial system to limit the generation of by-products and improve the quality of the MDI

product mixture:

Avoid the formation of urea compounds: the formation of urea compounds requires
the interaction of -NH> and -NCO functional groups, so it is necessary to look at the
parts of the technology where these two functional groups can potentially meet and the
operations where the phosgenation reactions are already taking place. During the
phosgenation reactions, -NH> and phosgene reacts, but the reaction also involves the
presence of an unreacted -NH> group, already converted -NCO group and phosgene in
the mixture at the same time. By influencing the parameters of the phosgenation
reaction, therefore trying to promote the phosgenation of the -NH2 groups, the amount
of urea and indirectly the amount of by-products can be reduced

Minimize the formation of CCC compounds: CCC compounds are formed according
to the reactions shown in Figure 50 and once urea is formed during the reactions, it is
inevitable that the CCC molecule will form as well in the system. However, we are able
to control how much of the total amount of CCC compounds formed will decompose to
dichloride and how much will be converted to carbodiimides according to the
equilibrium reactions. The conversion from CCC to carbodiimides requires the release
of phosgene and the uptake of HCI, so it is crucial to strip the phosgene out of the
reaction mixture after the completion of the phosgenation reaction and to provide
sufficient HCI during HCI stripping to decompose to carbodiimides

Avoid the decomposition of CCC to dichlorides: the decomposition of CCC
molecules to dichlorides is significantly affected by both temperature and residence
time, i.e. both operating temperatures and residence times should be limited, especially
for units operating at high temperatures well above 130 °C. The highest temperatures
for the MDI production are on the ODCB recovery system and MDI separation systems,

and it is therefore essential to limit residence times on these systems as low as possible

After the identification of the possible intervention points for the by-products formation, a

data analysis plan was prepared to collect data from 52 industrial instruments. The data analysis

plan was prepared for the phosgenation and MDI purification blocks, because after collecting

and evaluating the preliminary literature and industry knowledge, it became clear that the

greatest impact in improving MDI color could be mainly achieved by optimising the operational

parameters in these blocks.

113



6.2 Machine Learning model development and optimisation

By implementing the optimal parameter set on the industrial system, the model and its
results can be validated, and if necessary, the data collection, preparation, model training and
validation steps can be carried-out again by repeating the previous steps, further improving the
performance of the developed machine learning models. A summary of the tasks performed in

this work is shown in Figure 51 below:

| Knowledge collection | [ > | Data preparation & EDA
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I . | |
Industrial . Explorator
| | | Datacollection mmpf <P v
| knowledge | I | data analysis
r I By-product L |
. r __________
N ——————— 1 formation | 1) Correlation analysis |
scheme | 2) Variance plot :

I . I ; .

| Literature | | 3) Time delay estimation |
| knoweledge '—’ R -
|
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Algorithm
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Optimal i
'n: strial D Pamdal i it
industri A EEE evaulation selection
parameter set Plot
Application & optimisation < ] Madel development

Figure 51: The tasks performed in this study and their order in the development of machine learning
models for estimating MDI color

According to the limited information available in the literature and industrial experience,
the target of this study was to support the industrial MDI production system by performing and
refining a circular, continuous offline model-based analysis which later can be developed for
online production support. With machine learning models, we are able to maximize the quality
of the MDI mixture, in this case the color value, according to the following steps, which are

also shown in Figure 51:

- Industrial & Literature knowledge: the mechanisms of side reactions have been

explored, summarised and By-product formation scheme has been prepared
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Data collection: identified key devices and systems based on the By-product formation
scheme, where side reactions are presumed to be most likely to be inhibited. Based on
that, we prepared a data analysis plan to determine which industrial data should be
collected and analysed, both in terms of instrumented control system and laboratory
sampling — these industrial operational parameters became intervention points and the
independent input variables of the machine learning models

Exploratory Data Analysis: the collected data were pre-analysed by correlation analysis,
variance checking using violin plots, i.e. we confirmed that we had the right amount and
quality of data. PCA was also used to check the clustering of the data to see whether the
data reveals a production state associated with a higher MDI colour

Feature Selection: a reduction in the number of input parameters was performed using
different feature selection methods

Model Training: trained and validated the machine learning models, then summarised,
compared and analysed the results

Partial Dependence Plot: generated and analysed partial dependence plots to visualise
the effect of each operational parameters

Genetic Algorithm: output optimization based on the best performing model through
genetic algorithms

Optimal industrial parameter set: determination of optimal operational parameters based

on GA algorithm results

The learning and validation process of each machine learning model was carried out

according to the following steps:

6.2.1

loading, organising and normalising data

determining the optimal time delays for each input parameter
creating training partitions: 5-fold cross validation

model performance validation, comparison, evaluation

determinination of the best performing model, optimisation.

Regression models

The measured target variables can generally be expressed as it was written in Equation

38, accounting for measurement errors &x.

Yk = f(xk_d,B) + Ek,k = 1, ,N (38)
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During the development of these models that can be used to predict the color of MDI
mixtures, the following five different types of models were used and compared based on their

performance:

- linear regression (LR)

- regression tree (RT)

- neural networks (NN)

- support vector machine (SVM)

- gaussian process regression (GPR)

Model predictions, 3, can be written in general as in Equation 39:

e = f(X-a, 0) (39)
Where 7y, is the model prediction for the output value. To be able to estimate the optimal
time delays for each input parameters, we developed a correlation-based time delay estimation
model that estimates the optimal time delays based on the absolute strength of Pearson

correlations between the output and input parameters as it can be seen in Equation 40.

dF = argmax ¢ = X(xp—qg — %) Ok — ¥) (40)

VEX—a — %) XV — V)2

Where c is the calculated Pearson correlation vector for all input parameters with a size

of 1 x Nyx. The solution d* corresponds to the time delays that maximize the absolute Pearson
correlation c, ensuring the strongest relationship between the shifted input variables and the
target variable. The constraint for d; is 12 hours < d < 72 hours, which means that a time delay

of less than 12 hours is not possible, so all dead times were between 12 —72 hours.

The calculation and minimization of prediction error is performed for all machine
learning models according to the cost function in Equation 41, which is in fact the mean squared

error function:
1 &
min == " (0 = ) (41)
*i=1

6.2.2 Selection of important features
Performing feature selection was important for two reasons. Firstly, due to the large
amount of data, the performance of the models may not be optimal due to low quality, irrelevant

or of limited predictive value, which may then degrade the model results. On the other hand,
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the aim of our investigations is to identify the most important independent parameters that can
be optimised as operational parameters to further improve the MDI color in a real industrial
system. It is easy to realize that on an industrial-scale system, modifying 52 parameters in near-
one-time is not feasible, while implementing an optimal parameter set of 10-15-20 parameters
may be of manageable magnitude. Feature selection has been performed using four different
methods and the results of these methods have been compared to determine the feature set that
is considered ideal. Our goal was thus to further reduce the size of the input matrix of the
original 52 features, which already contained a restricted set of independent data, so that the
accuracy of the models would be reduced as little as possible, or not at all, while the number of
data required for regression would be reduced significantly and the optimization of the
industrial system could be performed. The feature selection methods used were as follows:

- MRMR - Minimum-Redundancy-Maximum-Relevance method
- F-test method

- RReliefF method

- Correlation-based feature selection

- Aggregated method

The MRMR algorithm tries to find the optimal set of features to estimate the output
parameters as accurately as possible, while the mutual information between these parameters
are minimised (or the dissimilarity of these parameters are maximised). The algorithm
quantifies redundancy and relevance using pairwise mutual information of features, and mutual

information of a feature and the response variable [63].

The F-test method calculates the importance of each predictor characteristic one by one
by calculating the p-values of the data set. As a general formalisation, the F-test method

calculates the ratio of the explained variance to the total variance for each data series.

The original Relief algorithm was limited to classification problems with two classes
only, but the RReliefF method can be applied to regression problems and for multiple classes.
In case of regression problems, the RReliefF method does not use the classification
identification, i.e. whether or not an element belongs to a given class, but a probability is
calculated instead [141]. The algorithm penalizes predictors and rewards predictors based on
their capabilities to predict response values and uses intermediate weights to compute the final

predictor weight.
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With the correlation-based feature selection method, Pearson correlations were calculated
between each predictor and the output parameter, and the absolute values of these correlations

were then ranked in their order of importance.

In the process of implementing the Aggregated approach, the previously mentioned
outcomes of the four feature selection methods were synthesized to establish and evaluate a

combined feature set.

After the model training & development, the different machine learning models can be
used to minimize or maximize the output parameter using constrained or unconstrained edge
search algorithms. In this work, to maximize the color of MDI, | used a so-called genetic
algorithm (GA) [79], which is a global extreme value searching algorithm already presented in
Chapter 2.

6.3 Results

The objective of this study was to develop a model for tracking, estimating, and
optimizing the color of an MDI product mixture produced within a real industrial system. As
such, the values of the operational parameters and their associated physical interpretations are
not discussed or analyzed within this article. Due to confidentiality concerns regarding the data,
system, and technology, all data have been normalized. Only a selection of significant
relationships, effects, and their underlying mechanisms between the operational parameters and

the MDI color are presented as examples to safeguard the proprietary technology.

6.3.1 Data preparation

During the specified three-month period, data was gathered from the industrial system at
an hourly sampling interval, along with all laboratory measurements concerning the quality
variable to be predicted - the color of MDI. Given the relative infrequency of laboratory
measurements, collecting instrument data hourly was seemed sufficiently frequent for
prediction purposes. Altogether, more than 2,300 hours of data and over 220 laboratory color
measurements were gathered, and then processed and prepared for further analysis and machine
learning model training. The collected data was solely utilized for training and validation, with
no separate dataset designated for testing.

Before the model development process, data were collected and systematically organized.
During this phase, a total of 52 operating parameters related to phosgenation and the MDI block
were identified and designated as key parameters based on practical experience and a
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preliminary literature review. The data collection and analysis spanned a period of
approximately the aforementioned three months, during which the plant underwent a restart
following its annual maintenance activities. Consequently, the dataset contains phases of load
increases and decreases, as well as transient conditions, which provide a robust foundation and
high variance for conducting investigations and training the ML models. The normalized plant

production data are presented in Figure 52 below.
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Figure 52: Normalised load data of the industrial plant

As illustrated in Figure 52, there are highly transient periods of 1-2 days between each
load change, during which load increases or decreases occur. During these intervals, the MDI
color exhibited significant changes after preliminary verification, as the system's steady state
also underwent substantial fluctuations. Consequently, the load data for these periods, along
with the corresponding laboratory L-color measurements, were removed from the dataset. The
revised, cleaned load data series is presented in Figure 53 below, and the normalized values of
the L-color parameters measured at the respective time points were incorporated following

initial outlier detection and removal.
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Figure 53: Normalised and cleaned plant load and MDI color data of the industrial plant
To assess the variance of each parameter, a violin plot was created. This plot serves to
visualize the median and variance of all 52 input parameter vectors, effectively allowing for an
evaluation of the quality of the available data. The data for the operational parameters displayed

on the violin plot are shown in Figure 54 below.
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Figure 54: Input parameters plotted on violin plot

Figure 54 demonstrates that the data exhibit sufficient variance, making it suitable for the

predefined input parameters to be utilized in subsequent analysis.

A Pearson correlation analysis was also conducted, in which correlation coefficients were
calculated between the 52 operational input parameters and the MDI color data. The results of

this analysis are presented in Figure 55.
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Figure 55: Pearson correlation between operational parameters and MDI color data

The positive and negative correlations are linked to changes in the color of the MDI
product. Specifically, increasing the positively correlated parameters will lead to an increase in
color, while increasing the negatively correlated parameters will decrease the color of the MDI
product. These correlations provide valuable preliminary information before the models are

trained.

When examining the negative correlations, the relationship between input parameters 15
and 16 is particularly informative, as these two parameters are indicative of the reactor
temperatures in the phosgenation process. It is well-established and confirmed that an excessive
increase in the temperature of the phosgenation process negatively impacts the color of the MDI

product, so the correlation analysis likely reveals useful, explainable and valid insights.

A similar preliminary analysis was conducted for the other parameters exhibiting stronger
correlations. However, it is crucial to note that these correlations are only applicable for
mapping and quantifying linear relationships. Since the MDI industrial process is inherently
nonlinear, these correlations should be approached with caution. For this reason, all operational

parameters, including those with weak correlations, were retained prior to training the models,

122



as the precise impact of these parameters on the final MDI product quality cannot be determined

with complete certainty.

6.3.2 Time delay

The determination of the optimal time delay to enhance the performance of machine
learning models was conducted prior to their training, as described in Section 3 using a
correlation-based method. The maximum allowable time delay was set at 72 hours, while the
minimum time delay was established at 12 hours for all parameters. These limits were

determined based on engineering expertise and insights from operating specialists.

Each operational parameter was then varied within a time window of 12 to 72 hours, and
the variation in the absolute strength of their correlation with the output parameter (i.e., MDI
color) was calculated. The time delay at which the correlation between the independent and
dependent variables was strongest was considered optimal, and this value was recorded as the

final time delay for each input parameter in the models.

As an example, the correlation variation for the 15-th operational parameter, which is
related to the temperature of the phosgenation reaction (as shown in Figure 16), was analyzed.
Industrial experience has demonstrated that this parameter has a negative correlation with the
MDI color and is one of the key parameters for refining color. The correlations at different time

delays are presented in Figure 56 below.
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Figure 56: Calculated Pearson correlation values between 15-th operational parameter and MDI color for

different time delays

Figure 56 shows that the optimal time delay was determined to be 62 hours, as this time

delay resulted in the strongest negative correlation with the output parameter.

After selecting and plotting the optimal time delays using the correlation-based method,

the determined time delays are presented in Figure 57 below:
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Figure 57: Calculated optimal time delays for each input parameters

Figure 57 shows that the optimal time delays varied significantly across different
operating parameters. For many parameters, the optimal time delay was found to be greater than
60-70 hours following the correlation analysis, while for some parameters, the optimal time
delay was closer to or even exactly at the minimum of 12 hours that was defined. Generally,
parameters related to ‘fluid level' quantities and 'flow quantities', such as recirculations,
exhibited higher model time delays, whereas parameters associated with temperature, pressure,

and other thermodynamic equilibria showed lower time delays.

6.3.3 Principal Component Analysis

Before training the models and after determining the optimal time delays for the
independent parameters, a Principal Component Analysis (PCA) was conducted to gain insights
into potential clustering of the data and explore possibilities for dimensionality reduction. The

preliminary results of the PCA are presented in Figure 58 below:
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Figure 58: Results of preeliminary Principal Component Analysis

As shown in Figure 58, the contributions of each Principal Component are represented
by the blue bar chart, while the cumulative sum of the total variance explained is represented
by the orange curve. From these results, it is evident that dimensionality reduction could be a
viable approach for the modeling process, as approximately 20 Principal Components (PCs)
account for 95% of the total variance. This suggests that the number of dimensions could be

reduced by more than half without significant loss of information.

By plotting the scores of the first two or three Principal Components, the results shown
in Figure 59 and Figure 60 can be visualized. These plots provide valuable insights into

potential clustering patterns in the data:
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Figure 59: Plot of results for the first two principal components as coordinate axes. The color of each data
point presents the value of the measured MDI color value
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Figure 60: Plot of results for the first three principal components as coordinate axes. The color of each
data point presents the value of the measured MDI color value

The results shown in Figure 59 and Figure 60 indicate the presence of 3 to 4 significant
clusters in the data. Two of these clusters exhibit relatively high MDI color values, while the
other two clusters have lower mean color values. These clusters have been identified and are
illustrated in Figure 61 below, which is based on the earlier two-dimensional PCA plot in Figure
59.
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Figure 61: Plot of results for the first two principal components as coordinate axes. The color of each data
point indicates to which cluster the data point belong

The four clusters shown in Figure 61 exhibit distinctly different mean L-color values and

variances, which are summarized in the boxplot presented in Figure 62 below.
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Figure 62: Boxplot of mean MDI color values and standard deviations for each clusters

Figure 62 clearly demonstrates that clusters one and two exhibited relatively lower MDI
color values, with cluster two also showing a very high standard deviation. Clusters three and
four, on the other hand, displayed high mean MDI color values, accompanied by low variance
within these periods. From these plots, it is evident that the operational mode considered
optimal for MDI product color—and thus likely representing near-optimal operating
parameters—can be observed in clusters three and four. Therefore, it is possible to identify and
establish an operational parameter set that enables the real industrial system to operate with

lower variance and higher average MDI color values.

6.3.4 Feature selection
Each feature selection method summarized in Section 6.2.2 was applied to the
independent variables, which had already been adjusted with time delays. The results are

presented in Figures 63 - 66 below. In these figures, the upper plot displays the independent
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parameters in their original order, while the lower plot shows the independent variables

arranged according to their order of importance.
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Figure 63: Results of MRMR method based feature selection. Upper plot shows the independent
parameters in order, while the lower plot shows the independent variables in order of importance
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Figure 64: Results of F-test method based feature selection. Upper plot shows the independent parameters
in order, while the lower plot shows the independent variables in order of importance
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Figure 65: Results of RReliefF method based feature selection. Upper plot shows the independent
parameters in order, while the lower plot shows the independent variables in order of importance
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Figure 66: Results of Correlation-based feature selection. Upper plot shows the independent parameters
in order, while the lower plot shows the independent variables in order of importance

Comparing the results of different feature selection methods reveals discrepancies in
which parameters are categorized as highly important, important, or unsuitable for predictive
purposes. Due to these differences, we developed a method to compare the results and select a
feature set that may be optimal for model training. The determination of the optimal feature set

was carried out in two steps.

In the first step, we counted how many times each feature was selected by each feature
selection method. As shown in Figures 63 — 66, the MRMR method identified 26 features as
suitable for prediction, while the ReliefF method identified 28 features with a positive sign. For
the other feature selection methods, it is not possible to definitively determine whether a given
parameter is suitable for prediction in the same manner, as the less important parameters are
simply de-weighted and classified as less important. Based on these results, the 26 most
important features identified by the MRMR method were selected for the next step of feature

selection across all four methods.
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In the second step, we examined which features were identified as the most important 26
by each method in order to compile an aggregated optimal feature set. If an independent
parameter was identified as important by more than one model, it is likely that the feature is
indeed important for estimating the MDI color. Conversely, if an independent parameter was
not selected by any model as one of the top 26 out of all 52, then that parameter is likely to be

less important for the regression models.

Figure 67 below shows how many of the 52 independent parameters were selected as part
of the top 26 by each model, arranged by the frequency with which they were selected. It also

illustrates how many independent parameters were selected four times, three times, etc.
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Figure 67: Cumulative results of the feature selection methods. Upper plot shows how many times an
independent parameter was selected as important feature by feature selection methods, while the lower
plot shows how many independent parameters were selected by how many feature selection methods

Of the four feature selection methods tested, all four identified 3 independent parameters

as important, while three methods found 14 additional parameters to be important according to
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our definition. By choosing a combination of 17 key and optimal features, an aggregated set of
17 different features is created for the feature set of the Aggregated method, thereby providing
five distinct feature sets for model training.

The five different feature sets, derived from the various methods, were tested and
evaluated by training machine learning models to determine which feature sets would achieve
the highest performance. To compare the performance of the models trained using these five
feature selection methods, the top 17 parameters out of 52 were selected for each method, as
the Aggregated method also identified 17 important features. The performances of the machine
learning models trained on these different 17-element feature sets, considered optimal by the
five different feature selection methods, were compared. The results were then used to validate
which feature set produced the best-performing machine learning models. The results are
presented in Table 19 below.

Table 19: Comparison of the performances of machine learning models trained with optimal feature sets
calculated by different feature selection methods

Correlation-

MRMR F-test RReliefF
based

Aggregated
Model

=2 =2 =2 =2 =2 =2 =2 =2 =2 =2
Rtrain. Rvalid. Rtrain. Rvalid. Rtrain. RValid. Rtrain. RValid. Rtrain. 1lvalid.

LR 0,665 | 0,555 | 0,694 | 0,594 | 0,633 | 0,473 | 0,667 | 0,576 | 0,648 | 0,529

RT | 0,632 | 0,271 | 0,683 | 0,421 | 0,755 | 0,292 | 0,779 | 0,412 | 0,737 | 0,348

NN 0,710 | 0,565 | 0,730 | 0,590 | 0,748 | 0,424 | 0,621 | 0,451 | 0,707 | 0,520

SVM | 0,627 | 0,645 | 0.670 | 0,664 | 0,595 | 0,595 | 0,642 | 0,631 | 0,626 | 0,615

GPR | 0,863 | 0,859 | 0,778 | 0,765 | 0,829 | 0,823 | 0,804 | 0,798 | 0,788 | 0,781

As seen from the results in Table 19, all machine learning models performed optimally
with the feature set defined by the MRMR method. Among them, the Gaussian Process
Regression model achieved the best performance.

136



6.3.5 Model training & optimisation

After preliminarily analyzing, processing, and filtering the data, the normalized and
validated datasets were used to train the models listed previously. The performance of these
models was tested and compared on three parameters using the feature set derived from the

MRMR feature selection method:

- Mean Average Error (MAE)
- Root Mean Square Error (RMSE)

- Coefficient of determination (R?)

In all cases, five-fold cross-validation was applied to the trained models, and where
applicable, Bayesian hyperparameter optimization was also performed to maximize model
performance (e.g., for Neural Networks, SVM, etc.). The results obtained with the set of 17
independent variables are displayed in Figures 68-70 and summarized in the boxplot figures in
Table 20 below.

Table 20: Results of machine learning models for the optimised parameter set.

Model MAEain, | MAEyaiq. | RMSEqain, | RMSEyaiia, | Rpwgin, R
LR 0,093 0,105 0,117 0,134 0,665 0,555
DT 0,092 0,134 0,117 0,171 0,632 0,271
NN 0,086 0,105 0,109 0,132 0,710 0,565

SVM 0,095 0,094 0,124 0,120 0,627 0,645

GPR 0,059 0,059 0,075 0,075 0,863 0,859
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From the results shown in Table 20 and Figures 68 — 70, it can be seen that the GPR
model clearly performed best, both in terms of training and validation results. The measured

and GPR model predicted values are plotted in Figure 71 below.
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Figure 71: Comparison of the best performing GPR model predictions with measured output values

The identified parameters of the proposed GPR-based soft sensor model are presented in Table
21 below:

Table 21: Identified parameters of the top-performing GPR-based soft sensor model

Model parameter Value or description
Kernel Function Squared Expontential
oL 0.7007
OF 0.2144
Basis Function Constant
B 0.4491
c 0.0941
Response Transformation none
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6.3.6 Defining explainable optimal operating parameters

After selecting the best-performing machine learning model, the GPR model was
combined with an extreme value search algorithm, specifically a genetic algorithm (GA), and
additional tests were conducted. An optimal combination of operating parameters was

determined based on the model results to maximize the MDI color.

Using the GPR model, we first generated Partial Dependence Plots (PDPs) for each
operating parameter, which can be used to visualize the relationship between each feature and
the predicted output variable of the model [142]. PDPs illustrates how predictor variables are
related to predicted responses in a trained regression model and they can make it easier to
understand how changes in each operating parameter affect the MDI color, whether the
relationship is linear or nonlinear, and whether the function is monotonic or not. The PDPs
generated using the GPR model are shown in Figure 72 below.
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Figure 72: Partial Dependence Plot calculated for each independent parameters based on the best
performing GPR model

The results in Figure 72 verify the relationships identified by the machine learning model

with the domain-based operational experience and knowledge, and the visualisation allows to

easily identify the parameters that have a stronger influence on the MDI color.

The findings of the sensitivity analysis indicate noticeable non-linearity in certain

parameters, and in some instances, specific key input parameters might have both beneficial

and adverse effects on the forecasted variable, such as the MDI color, which is influenced by

the system's condition (e.g., Xs, X1s, etc.). Conversely, some parameters exhibit a distinctly

positive effect (e.g., Xo) or a distinctly negative effect (e.g., Xs).

After analyzing the data from the PDPs, we optimized the operational parameters using

the genetic algorithm (GA) to maximize the MDI color. Since the GA is fundamentally a

minimum-seeking algorithm, the normalized value of the MDI color was assigned a negative
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sign to ensure that the algorithm would maximize it. Only lower and upper constraints were
defined in the solution; no equalities, inequalities, or nonlinear constraints were specified. The
normalized, optimal result for the MDI color, along with the hyperparameters of the model, are

presented in Table 22 below:

Table 22: The normalised, optimal result of MDI color and the hyperparameters of the genetic algorithm.

Parameter Value
Population size 50
Crossover function Crossover scattered
Crossover fraction 0.5
Creation function Uniform individual generation
Max generations 100
Linear inequality constraints None
Linear equality constraints None
Nonlinear constraints None
Lower bounds 0
Upper bounds 1
Result 1.057

The result of the GA extreme value searching algorithm showed a ~6% increase in the
MDI color compared to the maximum color value measured previously when the 17 operating
parameters were set to optimal. This result is an extrapolation from the previous data, which
were normalized to a 0-1 scale, and should therefore be treated with some caution. However, it
clearly demonstrates that a significant improvement can be achieved by optimizing the
operational parameters. The normalized values of the operational parameters optimized by the

GA are shown in Figure 73 below:
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Figure 73: Optimised operational parameters based on genetic algorithm results

As shown in Figure 73, each of the 17 parameters to be optimized assumes values between
a minimum of 0 and a maximum of 1, due to the strong cross-correlations observed among the
operational parameters. The results further substantiate that the individual fine-tuning or
adjustment of each operational parameter is unlikely to yield significant improvements in the
MDI color. Moreover, owing to the cross-correlations, without a comprehensive understanding
of the entire set of operational parameters, it remains indeterminate whether the increase or
decrease of any individual parameter will exert a positive or negative influence on the MDI
color within the industrial system. However, with the model we have developed, and by
considering the complete set of parameters, the MDI color can be estimated with a high degree

of accuracy through systematic fine-tuning.

| also examined the robustness of the optimal results predicted by the GA, specifically
how changes in the parameters of the optimal parameter set affect the objective function value.
During the tests, we varied each operational parameter by +20% relative to the optimal values

originally determined by the GA. This allowed us to gain insights not only into the reliability
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and robustness of the optimal solution but also into how deviations of individual parameters
from the optimal values influence the objective function value. In other words, we were able to
assess which parameters most significantly impact the color of the MDI near the optimum. The

results are shown in Figure 74.
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Figure 74: The relative change in the objective function value compared to the optimal objective function

value when the values of different input parameters are varied by +20%

As shown in Figure 74 and as expected, when the operating parameters were modified by
+20%, we consistently obtained lower objective function values compared to the optimal
objective function value. Furthermore, the results indicate that modifications to the 6th and 9th
operating parameters had the most significant impact on the objective function value, while for
several other parameters, such as the 1st, 10th, and 16th, no significant degradation in the

objective function value was observed compared to the optimal value.

146



6.4 Conclusion

In Section 6, we developed and validated machine learning models on a real industrial
system to accurately predict MDI color variation based on real industrial operational
parameters. By summarizing and understanding the potential side reactions and by-products
forming in the industrial system, we identified key operational parameters for model training
and collected operational data. After data collection, cleaning, and sorting, a Pearson
correlation-based method was used to estimate the time delays of these parameters. With
optimal time delays, we identified the clustering of different operational states using Principal
Component Analysis.

To enhance the accuracy of the machine learning models and simplify their transfer to
real industrial systems with fewer input parameters, the most important operational parameters
were selected by combining the results of five feature selection methods: MRMR, F-test,
ReliefF, Correlation-based and an Aggregated feature set based on the other four method’s
results. This feature selection step reduced the original set of 52 parameters to 17 key
parameters. Using the cleaned data, estimated time delays, and optimized feature set, we trained
five different machine learning models—Linear Regression, Regression Tree, Neural Network,
Support Vector Machine, and Gaussian Process Regression, where the GPR model performed
the best.

Based on the GPR model’s results, we calculated and visualized partial dependence
plots as a form of sensitivity study, which were then compared with real industrial experience
and analyzed by industrial experts. To identify the optimal set of operational parameters to
maximise MDI color, we applied genetic algorithms based on the GPR model’s predictions.
The optimized 17 operating parameters were then subjected to a sensitivity analysis in order to
assess the robustness of the optimal solution and to evaluate the sensitivity of the objective

function to changes in each parameter.

Looking ahead, it is recommended to expand the training domains and data sets of the
machine learning model to support operation in all potential operational states. Continuous
comparison between measured and predicted color values is also crucial for further validating
the accuracy of the predictions and addressing any errors that fall outside the acceptable range.
To facilitate the greatest number of comparisons between measured and predicted data, it is

also proposed to develop a soft-sensor for online estimation, where the control system of the
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industrial system can send operational data to the machine learning model, enabling real-time

MDI color predictions and can provide suggestions for operators to further increase MDI color.

Besides the Pearson correlation-based time delay estimation which enhanced the
predictive accuracy of the machine learning models in a simple and efficient manner, exploring
more intricate and sophisticated time delay estimation methods could further strengthen the
predictive capabilities of the models. Therefore, investigating these advanced methods is highly
recommended to improve model performance and provide more accurate predictions in

complex industrial systems.
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7 Summary

The dissertation presents a comprehensive, model-driven and data-informed exploration
of the industrial production of methylene diphenyl diisocyanate (MDI), with particular
emphasis on the synthesis and mechanistic understanding of methylenedianiline (MDA), the
principal precursor to MDI. Through the integration of kinetic modeling, machine learning
methodologies, and optimization techniques, a both mechanistic and data-driven approaches
were developed to enhance the predictability, efficiency, and controllability of MDI

manufacturing processes.

A detailed kinetic model was constructed to describe the complex reaction network of
MDA synthesis, accounting for critical intermediates, such as ortho- and para-
aminobenzylanilines (ABAs), and their transformation into MDA isomers. The model
successfully incorporated extended reaction pathways and was validated using both laboratory-

scale experiments and available literature data.

The application of Machine Learning models has shown through sensitivity analyses that
synthesis parameters — including molar ratios, residence times, and temperature profiles —
significantly impact both isomeric distribution and ring structure. These insights allow for the
precise identification of operational conditions that promote the formation of preferred isomers,
such as 4,4'-MDA, and control by-product formation, ultimately enhancing the quality of

downstream MDI products.

To address limitations in conventional modeling approaches, particularly for parameters
such as MDI product color, a suite of soft sensors was developed using advanced machine
learning algorithms. Techniques including Linear Regression, Regression Trees, Neural
Networks, Support Vector Machines, and Gaussian Process Regression were employed. Feature
selection methods such as MRMR, ReliefF, F-test, Correlation-based analysis and an
Aggregated approach were combined with time-delay estimation to identify the most impactful
process variables. GPR emerged as the most accurate and interpretable modeling technique,

demonstrating robust performance even under complex, nonlinear conditions.

An optimization process of industrial operational parameters was accomplished through
the integration of the best performing trained and validated Gaussian Process Regression model
with Genetic Algorithms. The deployment of Genetic Algorithms, based on the superior
predictive capacity of the most effective GPR model, enabled the identification of the optimal
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operational parameters for a real industrial facility to improve the color quality of the MDI

product mixtures.

Altogether, this work exemplifies the synergy between mechanistic and data-driven
modeling. It advances the state-of-the-art in chemical process engineering by delivering
validated, explainable, and scalable tools for real-time process optimization in industrial MDI
production. The methodologies developed herein are adaptable and hold promise for broader
application across other complex, multi-step reaction systems within the chemical

manufacturing domain.

The outcomes of this research not only contribute to enhanced product quality and process
sustainability but also align with the strategic goals of digital transformation and Industry 4.0

within the chemical industry.
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Theses

Thesis #1. | expanded the reaction system of existing models reported in the literature for the
synthesis of Methylenedianiline by incorporating additional components and reaction

pathways, | achieved enhanced model accuracy and reduced information loss.

- | created an extended reaction network by incorporating three additional components —
N-methylbenzene, aniline, and formaldehyde — enabling the usage of the
aniline/formaldehyde molar ratio, an industrial production parameter, through the
kinetic model.

- The incorporation of N-methylbenzene and the extended reaction network enabled to
accurately represent the formation of molecules containing an odd number of rings,
thereby overcoming the limitation of prior models which were constrained to even-ring
structures.

- | demonstrated that the developed extended reaction network including new reaction
pathways and components more accurately describe the Methylenedianiline synthesis
process, as evidenced by improved fit with both concentration trajectories and key

performance indicators.
Related publications: 1, 4

Thesis #2. | justified that machine learning models efficiently support the understanding of
Methylenedianiline synthesis variables on laboratory-scale, aiming to examine the impact of

variables on Methylenedianiline quality and to assist large-scale industrial production.

- | determined the key synthesis parameters and their impact with Shapley values for all
Methylenedianiline quality parameters, demonstrating that the increase of HCI / aniline
molar ratio or water / aniline molar ratio increases by-product and P-P isomer formation,
while a higher aniline / formaldehyde molar ratio considerably decreases them. The 2-
ring content and O-P isomer content can be increased with higher aniline / formaldehyde
molar ratio, lower condensation reaction time and temperature, however, adjusting these
parameters in the opposite way results in an increased amount of polymer products

- I implemented a new, three-level hierarchical method for outlier analysis, designed to

pinpoint the outliers of laboratory measurements with optimal efficiency.

Related publications: 2, 5, 6
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Thesis #3. Through the proposed intervention strategies, | justified that soft-sensor models can

be well applied for Methylenediphenyl diisocyanate color prediction based on real industrial

data in an explainable way, illustrated the non-linear behavior of the system and identified the

best operational parameters for an industrial Methylenediphenyl diisocyanate production plant.

| proposed 3 critical intervention strategies within the framework of the industrial
production to reduce side reactions: avoid the formation of urea compounds, limit the
formation of chloroformamidine-N-carbonyl chloride compounds, and prevent the
breakdown of chloroformamidine-N-carbonyl chloride compounds into dichlorides.

| proved that the accuracy of the machine learning models can be improved by
implementing time delays for each industrial operational parameters, which were
determined with the use of correlation analysis between input and output data

| verified the significant non-linearity and complexity of the system with the
visualisation of the relationships between each feature on Partial Dependence Plots,
which demonstrates that each parameter has local optima depending on the values of
other investigated operational parameter and they are highly cross-correlated with each
other.

| identified an explainable and optimal set of operational parameters for the industrial
system, achieving an Methylenedipheny! diisocyanate color value close to 1.06 at a
normalized level exceeding the initially explored range.

Related publications: 3, 7, 8
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Appendix
Table Al data was originally published by Haus et al. [114] The primary aim of Haus et

al. work to develop a regular kinetic model, so-called empirical model and a population model
to describe MDA formation as accurately as possible. The results of the parameter identification
what was performed for the empirical model is summarized in Table Al.

Table Al: Fitted parameters of the empirical model by Haus et al. [114]

Reaction In(ko) [-] Ea [kJ/mol]
R1 16.3+2.8 62.3+8.3
R2 16.7+2.8 71.0+8.2
R3 24.1+£0.4 97.0x1.1
R4 27.7x0.4 113.5+1.3
R5 27.0+1.2 103.2+4.0
R6 258123 117975
R7 16.6+2.9 66.8 £ 8.4
R8 22.2%+2.0 98.41+6.6
R9 20.2+7.0 88.6+23.0
R10 22.2+7.4 100.1 £

24.0
R11 24.0+0.7 96.8+2.4

For the parameter identification tasks for each cases was performed with the use of upper
and lower boundaries. For Case A, the originally published reaction uncertainties of kinetic
parameters identified and summarized in Table Al were used as the lower bounds (LB) and
upper bounds (UB). For Case B we used the same bounds for each reaction to find the optimal
solution for the proposed extended reaction network. In Case C, we kept the original boundaries
of Case A for the unmodified reactions and kept Case B boundaries for all the modified

reactions. The summary of boundaries can be seen in Table A2.
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Table A2: The initial values and lower-, upper bounds defined in the parameter identification tasks,

where n is the reaction order

k [L"mol1"s1]
Reaction Case A Case B Case C

LB UB LB UB LB UB
R1 4.82-10° 2.10 1010 107
R2 5.17-10° 2.12-101 1010 107
R3 2.87-10* 1.25-103 2.87-10* 1.25-10°3
R4 6.33-10° 3.12-10* 6.33-10° 3.12-10%
R5 1.44-10* 1.84-10? 1.44-10* 1.84-107?
R6 5.52:108 5.42-10* 5.52:108 5.42-10%
R7 1.44-10° 8.14-1071 1010 107 1010 107
R8 1.05-10° 3.25-103 1010 10’
R9 1.27-101%° 1.98-10? 1.27-10%° 1.98-10?
R10 1.37-10% 8.79-10! 1.37-10% 8.79-10!
R11 1.37-10* 2.42-103 1010 107
R12 - - 1010 107
R13 - - 1010 10’

Table A3: R? values calculated with stepwise linear regression models for 2-ring MDA content with 3-fold

cross-validation and different Penter and Premove parameters

=2

PEnter PRemove ﬁfraining Ry alidation
0.1 0.05 0.580 -0.092
0.05 0.025 0.867 0.797
0.04 0.02 0.867 0.797
0.03 0.01 0.867 0.797
0.027 0.01 0.913 0.775
0.025 0.01 0.913 0.775
0.025 0.005 0.913 0.775
0.01 0.005 0.970 0.723
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Table A4: R? values calculated with stepwise linear regression models for 3-ring MDA content with 3-fold

cross-validation and different Penter and Premove parameters

Penter PRemove Rfraining Rf]alidaﬁon
0.1 0.05 0.747 0.636
0.05 0.025 0.837 0.673
0.04 0.02 0.854 0.665
0.03 0.01 0.905 0.287
0.027 0.01 0.905 0.287
0.025 0.01 0.913 0.236
0.025 0.005 0.913 0.236
0.01 0.005 0.926 0.299

Table A5: R? values calculated with stepwise linear regression models for 4-ring MDA content with 3-fold

cross-validation and different Penter and Premove parameters

Penter PRemove Rfraining ﬁialidation
0.1 0.05 0.829 0.596
0.05 0.025 0.829 0.596
0.04 0.02 0.845 0.647
0.03 0.01 0.845 0.647
0.027 0.01 0.875 0.601
0.025 0.01 0.892 0.328
0.025 0.005 0.892 0.328
0.01 0.005 0.917 -0.015

Table A6: R? values calculated with stepwise linear regression models for 5-ring MDA content with 3-fold

cross-validation and different Penter and Premove parameters

Penter Premove ﬁfraining R\zzalidation
0.2 0.1 0.621 0.031
0.15 0.05 0.802 0.401
0.11 0.05 0.802 0.401
0.1 0.05 0.836 0.476
0.05 0.025 0.894 0.434
0.04 0.02 0.894 0.434
0.03 0.01 0.919 0.484
0.025 0.005 0.919 0.484
0.01 0.005 0.943 0.153
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Table A7: R? values calculated with stepwise linear regression models for >6-ring MDA content with 3-

fold cross-validation and different Penter and Premove parameters

PEnter PRemove Rfraining R\Z/alidation
0.2 0.1 0.172 -0.318
0.15 0.05 0.344 -0.657
0.11 0.05 0.388 -0.519
0.1 0.05 0.388 -0.519
0.05 0.025 0.601 -131.399
0.04 0.02 0.665 -173.690
0.03 0.01 0.706 -173.780
0.027 0.01 0.706 -173.780
0.01 0.005 0.870 -172.215

Table A8: R? values calculated with stepwise linear regression models for O-O isomer MDA content with

3-fold cross-validation and different Penter and Premove parameters

Penter PRremove ﬁfraining R\Z/alidation
0.1 0.05 0.924 0.837
0.05 0.025 0.924 0.837
0.04 0.02 0.950 0.887
0.03 0.01 0.950 0.887
0.027 0.01 0.950 0.887
0.025 0.01 0.950 0.887
0.025 0.005 0.950 0.887
0.01 0.005 0.978 0.817
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Table A9: R? values calculated with stepwise linear regression models for O-P isomer MDA content with

3-fold cross-validation and different Penter and Premove parameters

Penter PRemove ﬁfraining Rzalidaﬁon
0.2 0.1 0.538 -0.030
0.15 0.08 0.538 -0.030
0.12 0.06 0.538 -0.030
0.1 0.05 0.577 -0.020
0.05 0.025 0.739 -0.427
0.04 0.02 0.739 -0.427
0.03 0.01 0.817 0.232
0.025 0.01 0.817 0.232
0.025 0.005 0.819 0.168
0.01 0.005 0.925 0.416
0.005 0.0005 0.990 0.351

Table A10: R? values calculated with stepwise linear regression models for P-P isomer MDA content with

3-fold cross-validation and different Penter and Premove parameters

Penter Premove 1_lfraining R\zzalidation
0.1 0.05 0.945 0.480
0.05 0.025 0.945 0.480
0.04 0.02 0.959 0.425
0.03 0.01 0.969 0.427
0.2 0.1 0.945 0.480
0.15 0.08 0.945 0.480
0.12 0.06 0.945 0.480
0.025 0.01 0.969 0.427
0.025 0.005 0.969 0.427
0.01 0.005 0.979 0.420
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Table A11: R? values calculated with stepwise linear regression models for MMM by-product content with

3-fold cross-validation and different Penter and Premove parameters

Penter PRemove Rfraining Rzalidaﬁon
0.2 0.1 0.810 0.713
0.15 0.08 0.860 0.749
0.12 0.06 0.905 0.779
0.1 0.05 0.905 0.779
0.05 0.025 0.905 0.779
0.04 0.02 0.922 0.893
0.03 0.01 0.922 0.893
0.025 0.01 0.922 0.893
0.025 0.005 0.922 0.893
0.01 0.0005 0.975 0.456

Table A12: R? values calculated with stepwise linear regression models for >4-ring polymer MDA content

with 3-fold cross-validation and different Penter and Premove parameters

PEnter PRemove Rfraining ﬁialidation
0.2 0.1 0.645 0.519
0.15 0.08 0.759 0.556
0.12 0.06 0.801 0.624
0.1 0.05 0.801 0.624
0.05 0.025 0.865 0.437
0.04 0.02 0.879 0.462
0.03 0.01 0.901 0.488
0.027 0.01 0.901 0.488
0.025 0.01 0.901 0.488
0.025 0.005 0.901 0.488
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Table A13: Performance of neural networks with different hyperparameterizations for 2-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 0.999 0.813
10-10-10 Tanh 10 0.998 0.418
10-10-10 Sigmoid 10 0.994 0.701
10-10-10 ReLU 107 0.996 0.886
10-10-10 Tanh 107 0.992 0.707
10-10-10 Sigmoid 107 0.000 -0.045
20-20-20 ReLU 10 1.000 0.870
20-20-20 Tanh 10 0.998 0.626
20-20-20 Sigmoid 10 0.994 0.703
20-20-20 ReLU 107 0.997 0.885
20-20-20 Tanh 10° 0.990 0.702
20-20-20 Sigmoid 10° 0.990 0.702
30-30-30 ReLU 10 1.000 0.845
30-30-30 Tanh 10 0.998 0.612
30-30-30 Sigmoid 10 0.994 0.703
30-30-30 ReLU 107 0.997 0.891
30-30-30 Tanh 107 0.991 0.712
30-30-30 Sigmoid 1073 0.000 -0.045
40-40-40 ReLU 10 1.000 0.834
40-40-40 Tanh 10 0.999 0.644
40-40-40 Sigmoid 10 0.994 0.704
40-40-40 ReLU 107 0.997 0.911
40-40-40 Tanh 10° 0.991 0.710
40-40-40 Sigmoid 10° 0.296 0.252
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Table A14: Performance of neural networks with different hyperparameterizations for 3-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 0.999 0.860
10-10-10 Tanh 10 0.998 0.781
10-10-10 Sigmoid 10 0.989 0.850
10-10-10 ReLU 107 0.995 0.945
10-10-10 Tanh 107 0.982 0.859
10-10-10 Sigmoid 107 0.302 0.293
20-20-20 ReLU 10 0.999 0.889
20-20-20 Tanh 10 0.998 0.848
20-20-20 Sigmoid 10 0.989 0.852
20-20-20 ReLU 107 0.997 0.794
20-20-20 Tanh 10° 0.982 0.858
20-20-20 Sigmoid 10° 0.625 0.514
30-30-30 ReLU 10 1.000 0.873
30-30-30 Tanh 10 0.998 0.831
30-30-30 Sigmoid 10 0.989 0.862
30-30-30 ReLU 107 0.997 0.919
30-30-30 Tanh 107 0.982 0.858
30-30-30 Sigmoid 1073 0.923 0.789
40-40-40 ReLU 10 0.999 0.893
40-40-40 Tanh 10 0.998 0.862
40-40-40 Sigmoid 10 0.989 0.856
40-40-40 ReLU 107 0.996 0.917
40-40-40 Tanh 10° 0.969 0.852
40-40-40 Sigmoid 10° 0.923 0.790
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Table A15: Performance of neural networks with different hyperparameterizations for 4-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 1.000 0.691
10-10-10 Tanh 10 0.999 0.651
10-10-10 Sigmoid 10 0.979 0.673
10-10-10 ReLU 107 0.995 0.807
10-10-10 Tanh 107 0.966 0.727
10-10-10 Sigmoid 107 0.310 0.189
20-20-20 ReLU 10 0.999 0.723
20-20-20 Tanh 10 0.998 0.734
20-20-20 Sigmoid 10 0.973 0.694
20-20-20 ReLU 107 0.995 0.803
20-20-20 Tanh 10° 0.966 0.727
20-20-20 Sigmoid 10° 0.623 0.451
30-30-30 ReLU 10 1.000 0.742
30-30-30 Tanh 10 0.999 0.804
30-30-30 Sigmoid 10 0.973 0.696
30-30-30 ReLU 10° 0.995 0.796
30-30-30 Tanh 107 0.966 0.727
30-30-30 Sigmoid 107 0.913 0.672
40-40-40 ReLU 10 1.000 0.782
40-40-40 Tanh 10 0.999 0.665
40-40-40 Sigmoid 10 0.973 0.696
40-40-40 ReLU 107 0.995 0.730
40-40-40 Tanh 10° 0.966 0.727
40-40-40 Sigmoid 10° 0.913 0.671
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Table A16: Performance of neural networks with different hyperparameterizations for 5-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 0.999 0.523
10-10-10 Tanh 10 0.998 -0.359
10-10-10 Sigmoid 10 0.972 0.625
10-10-10 ReLU 107 0.986 0.629
10-10-10 Tanh 107 0.964 0.587
10-10-10 Sigmoid 107 0.308 0.107
20-20-20 ReLU 10 1.000 0.341
20-20-20 Tanh 10 0.997 -0.439
20-20-20 Sigmoid 10 0.972 0.623
20-20-20 ReLU 107 0.990 0.609
20-20-20 Tanh 10° 0.963 0.559
20-20-20 Sigmoid 10° 0.614 0.328
30-30-30 ReLU 10 1.000 0.486
30-30-30 Tanh 10 0.997 -0.678
30-30-30 Sigmoid 10 0.972 0.623
30-30-30 ReLU 107 0.989 0.704
30-30-30 Tanh 107 0.964 0.587
30-30-30 Sigmoid 107 0.601 0.247
40-40-40 ReLU 10 1.000 0.446
40-40-40 Tanh 10 0.997 0.148
40-40-40 Sigmoid 10 0.972 0.624
40-40-40 ReLU 107 0.992 0.569
40-40-40 Tanh 10° 0.963 0.559
40-40-40 Sigmoid 10° 0.613 0.329
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Table A17: Performance of neural networks with different hyperparameterizations for >6-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 0.998 -2.542
10-10-10 Tanh 10 0.997 -5.459
10-10-10 Sigmoid 10 0.959 -6.079
10-10-10 ReLU 107 0.980 -2.620
10-10-10 Tanh 107 0.911 -0.945
10-10-10 Sigmoid 107 0.224 -0.147
20-20-20 ReLU 10 0.999 -1.240
20-20-20 Tanh 10 0.997 -4.583
20-20-20 Sigmoid 10 0.961 -6.676
20-20-20 ReLU 107 0.984 -1.173
20-20-20 Tanh 10° 0.915 -0.976
20-20-20 Sigmoid 10° 0.000 -0.233
30-30-30 ReLU 10 0.999 -0.797
30-30-30 Tanh 10 0.997 -8.297
30-30-30 Sigmoid 10 0.862 -0.433
30-30-30 ReLU 107 0.988 -1.835
30-30-30 Tanh 107 0.922 -1.080
30-30-30 Sigmoid 107 0.224 -0.147
40-40-40 ReLU 10 1.000 -3.019
40-40-40 Tanh 10 0.997 -7.578
40-40-40 Sigmoid 10 0.931 -1.210
40-40-40 ReLU 107 0.983 -0.897
40-40-40 Tanh 10° 0.914 -1.006
40-40-40 Sigmoid 10° 0.000 -0.233
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Table A18: Performance of neural networks with different hyperparameterizations for O-O isomer MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 1.000 0.868
10-10-10 Tanh 10 0.999 0.859
10-10-10 Sigmoid 10 0.997 0.814
10-10-10 ReLU 107 0.998 0.891
10-10-10 Tanh 107 0.996 0.840
10-10-10 Sigmoid 107 0.970 0.914
20-20-20 ReLU 10 1.000 0.859
20-20-20 Tanh 10 0.999 0.886
20-20-20 Sigmoid 10 0.997 0.804
20-20-20 ReLU 107 0.998 0.910
20-20-20 Tanh 10° 0.994 0.873
20-20-20 Sigmoid 10° 0.970 0.913
30-30-30 ReLU 10 1.000 0.923
30-30-30 Tanh 10 0.999 0.879
30-30-30 Sigmoid 10 0.997 0.847
30-30-30 ReLU 107 0.998 0.901
30-30-30 Tanh 107 0.995 0.847
30-30-30 Sigmoid 107 0.997 0.847
40-40-40 ReLU 10 1.000 0.859
40-40-40 Tanh 10 1.000 0.880
40-40-40 Sigmoid 10 0.997 0.849
40-40-40 ReLU 107 0.999 0.899
40-40-40 Tanh 10° 0.990 0.890
40-40-40 Sigmoid 10° 0.970 0.912
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Table A19: Performance of neural networks with different hyperparameterizations for O-P isomer MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 1.000 0.678
10-10-10 Tanh 10 1.000 0.091
10-10-10 Sigmoid 10 0.992 0.401
10-10-10 ReLU 107 0.997 0.727
10-10-10 Tanh 107 0.989 0.460
10-10-10 Sigmoid 107 0.920 0.517
20-20-20 ReLU 10 1.000 0.871
20-20-20 Tanh 10 1.000 0.306
20-20-20 Sigmoid 10 0.993 0.467
20-20-20 ReLU 107 0.997 0.703
20-20-20 Tanh 10° 0.989 0.466
20-20-20 Sigmoid 10° 0.858 0.446
30-30-30 ReLU 10 1.000 0.824
30-30-30 Tanh 10 0.999 -0.053
30-30-30 Sigmoid 10 0.993 0.402
30-30-30 ReLU 10° 0.998 0.736
30-30-30 Tanh 10° 0.989 0.463
30-30-30 Sigmoid 107 0.859 0.446
40-40-40 ReLU 10 1.000 0.787
40-40-40 Tanh 10 0.999 -0.093
40-40-40 Sigmoid 10 0.994 0.467
40-40-40 ReLU 107 0.997 0.778
40-40-40 Tanh 10° 0.989 0.467
40-40-40 Sigmoid 10° 0.859 0.446
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Table A20: Performance of neural networks with different hyperparameterizations for P-P isomer MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 1.000 0.583
10-10-10 Tanh 10 0.999 0.510
10-10-10 Sigmoid 10 0.986 0.777
10-10-10 ReLU 107 0.998 0.761
10-10-10 Tanh 107 0.974 0.900
10-10-10 Sigmoid 107 0.974 0.900
20-20-20 ReLU 10 1.000 0.691
20-20-20 Tanh 10 0.999 0.508
20-20-20 Sigmoid 10 0.986 0.793
20-20-20 ReLU 107 0.998 0.851
20-20-20 Tanh 10° 0.984 0.840
20-20-20 Sigmoid 10° 0.974 0.908
30-30-30 ReLU 10 1.000 0.662
30-30-30 Tanh 10 0.999 0.333
30-30-30 Sigmoid 10 0.986 0.803
30-30-30 ReLU 107 0.998 0.550
30-30-30 Tanh 10° 0.984 0.850
30-30-30 Sigmoid 107 0.974 0.910
40-40-40 ReLU 10 1.000 0.604
40-40-40 Tanh 10 0.999 0.508
40-40-40 Sigmoid 10 0.986 0.800
40-40-40 ReLU 107 0.998 0.661
40-40-40 Tanh 10° 0.984 0.842
40-40-40 Sigmoid 10° 0.974 0.911
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Table A21: Performance of neural networks with different hyperparameterizations for models for MMM

by-product content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 1.000 0.862
10-10-10 Tanh 10 0.999 0.814
10-10-10 Sigmoid 10 0.994 0.829
10-10-10 ReLU 107 0.997 0.830
10-10-10 Tanh 107 0.992 0.810
10-10-10 Sigmoid 107 0.958 0.780
20-20-20 ReLU 10 1.000 0.827
20-20-20 Tanh 10 0.999 0.877
20-20-20 Sigmoid 10 0.994 0.817
20-20-20 ReLU 107 0.997 0.821
20-20-20 Tanh 10° 0.992 0.812
20-20-20 Sigmoid 10° 0.958 0.776
30-30-30 ReLU 10 0.997 0.821
30-30-30 Tanh 10 0.999 0.905
30-30-30 Sigmoid 10 0.994 0.816
30-30-30 ReLU 10° 0.997 0.836
30-30-30 Tanh 10° 0.990 0.806
30-30-30 Sigmoid 107 0.957 0.774
40-40-40 ReLU 10 1.000 0.868
40-40-40 Tanh 10 0.999 0.838
40-40-40 Sigmoid 10 0.994 0.818
40-40-40 ReLU 107 0.997 0.839
40-40-40 Tanh 10° 0.991 0.803
40-40-40 Sigmoid 10° 0.957 0.773
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Table A22: Performance of neural networks with different hyperparameterizations for >4-ring MDA

content with 3-fold cross-validation

Structure Act. Fcn. A R?training R2validation
10-10-10 ReLU 10 0.999 0.684
10-10-10 Tanh 10 0.998 0.140
10-10-10 Sigmoid 10 0.971 0.636
10-10-10 ReLU 107 0.986 0.625
10-10-10 Tanh 107 0.964 0.629
10-10-10 Sigmoid 107 0.306 0.144
20-20-20 ReLU 10 0.999 0.554
20-20-20 Tanh 10 0.998 0.259
20-20-20 Sigmoid 10 0.972 0.620
20-20-20 ReLU 107 0.964 0.629
20-20-20 Tanh 10° 0.964 0.629
20-20-20 Sigmoid 10° 0.615 0.368
30-30-30 ReLU 10 1.000 0.471
30-30-30 Tanh 10 0.998 0.150
30-30-30 Sigmoid 10 0.971 0.636
30-30-30 ReLU 107 0.992 0.688
30-30-30 Tanh 107 0.964 0.629
30-30-30 Sigmoid 107 0.597 0.326
40-40-40 ReLU 10 1.000 0.658
40-40-40 Tanh 10 0.997 0.217
40-40-40 Sigmoid 10 0.971 0.637
40-40-40 ReLU 107 0.992 0.716
40-40-40 Tanh 10° 0.964 0.629
40-40-40 Sigmoid 10° 0.614 0.374
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Shapley Summary Plot
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Figure Al: Shapley values calculated with the best performing machine learning model for 2-ring

formation

Figure Al displays the calculated Shapley values for the formation of a 2-ring MDA,
highlighting that the aniline/formaldehyde molar ratio, the residence time of the condensation
reaction and the water/aniline molar ratio are the most critical synthesis parameters. It is
important to mention though the water content, i.e. W/A shows significant multicollinearity
with the quantity of HCIl employed as a catalyst. However, the temperature, HCI to aniline ratio,

and formaline dosing time did not significantly impact the 2-ring MDA content.
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Figure A2: Shapley values calculated with the best performing machine learning model for 3-ring

formation

Figure A2 displays the calculated Shapley values for the formation of a 3-ring MDA,
highlighting that the aniline/formaldehyde molar ratio, the residence time of the condensation
reaction and the water/aniline molar ratio are also the most critical synthesis parameters like in
case for the 2-ring MDA content. However, these critical synthesis parameters, particularly the
AJF parameter, exhibit variations. Increasing the amount of aniline molecules, i.e. A/F ratio
enhances 2-ring formation as the activated molecules are more likely to interact with aniline,
resulting in 2-ring MDA, rather than reacting other MDA molecules to form multi-ring MDA.
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Figure A3: Shapley values calculated with the best performing machine learning model for 4-ring

formation

Figure A3 displays the calculated Shapley values for the formation of a 4-ring MDA,
highlighting that the aniline/formaldehyde molar ratio, the temperature of the rearrangement
reaction and the water/aniline molar ratio are also the most critical synthesis parameters. The
importance of the condensation reaction residence time decreased, but still has a significant
impact on the 4-ring formation and and has the same direction as in case of 3-ring formation.
Nonetheless, decreasing the rearrangement reaction temperature has a significantly positive

effect on the 4-ring formation.
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Shapley Summary Plot
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Figure A4: Shapley values calculated with the best performing machine learning model for 5-ring

formation

Figure A4 displays the calculated Shapley values for the formation of a 5-ring MDA. The
significance and influence of synthesis parameters closely resemble those observed in other

multi-ring MDA configurations.
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Shapley Summary Plot

. . High
o
) o
P o WA o, -
H/A . % 4o S
4
WI/A ‘e d
) ° ” e
tr ¢ “ L i 3
[ (0]
8 S
(@] —
= AFF S, ,’ 5?-. ] 2
o s <
a . )
( ]
Tt o° - ®

—
T
]

..54;3:

1 1 1 1 1 LOW
-2 -1.5 -1 -0.5 0 0.5 1 1.5

Shapley Value x1071°

Figure A5: Shapley values calculated with the best performing machine learning model for 6-ring

formation

Figure A5 displays the calculated Shapley values for the formation of a 6-ring MDA. The
impact and role of synthesis parameters differ from those in other multi-ring MDA formations.
Nevertheless, it's crucial to highlight that machine learning models demonstrated the poorest
performance when predicting solely the quantity of 6-ring formations compared to predictions
for other multi-ring formations. In the synthesis of 6-ring MDA, H/A and W/A are became the
most important parameters, while A/F and condensation reaction residence time were lesser

significant. Meanwhile, reaction temperatures and formaline dosing time were the least

significant factors.
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Figure A6: Shapley values calculated with the best performing machine learning model for O-O isomer

formation

Figure A6 displays the calculated Shapley values for the formation of the O-O MDA
isomers. As emphasized in Figure 39, the formation of O-O and P-P isomers has been forecasted
based solely on four synthesis parameters, in contrast with other MDA quality parameters. For
0-0 isomer formation, the W/A ratio and condensation reaction temperature emerged as the

key factors, whereas other ratio parameters such as H/A and A/F held less significance.
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Shapley Summary Plot
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Figure A7: Shapley values calculated with the best performing machine learning model for O-P isomer

formation

Figure A7 displays the calculated Shapley values for the formation of the O-P MDA
isomers. In the case of the O-P isomer ratio, seven synthesis parameters were examined and
their order of importance showed similar results to those observed previously during the
analysis of ring distributions. It can be stated that the formation of O-P isomers is favored by
similar effects as those favoring the formation of 2-ring MDA molecules, differences may also
be observed, as in the case of the T parameter. For example, a low A/F ratio negatively affects
the formation of both 2-ring molecules and O-P isomers, while higher T¢ has a positive effect
on O-P, but negative effect on 2-ring formation. However, in the case of O-P isomer formation,
the Shapley values are found over a wider parameter range, meaning that the individual
synthesis parameters influence O-P formation in a similar but differently weighted compared
to 2-ring MDA formation. This is clearly observable, for instance, in the case of the H/A ratio:
while the Shapley values for O-P range between -0.2 and 0.2, they range only between -0.1 and

0.1 for 2-ring MDA.
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Figure A8: Shapley values calculated with the best performing machine learning model for P-P isomer

formation

Figure A8 displays the calculated Shapley values for the formation of the P-P MDA
isomers. During the formation of the P-P MDA isomer, the order of importance of the synthesis
parameters are slightly different to that of the O-O isomer. However, the effects of the synthesis
parameters are completely opposite in the two cases. For example, while a lower H/A ratio

clearly increases the amount of O-O isomers, a higher H/A ratio favors the formation of P-P

isomers.

188



Shapley Summary Plot

. . High
AFF @ .
Tr = -
tr ’ I
[ (0]
[e] o
© o
g WI/A - e
o 5
C
L ] @
c
H/A T .
tF - -
: Low
-0.3 0.2 0.3

Shapley Value

Figure A9: Shapley values calculated with the best performing machine learning model for >4-ring

formation

Figure A9 displays the calculated Shapley values for the formation of >4-ring MDA
molecules. By combining the MDA molecules with four or more rings and calculating the
Shapley values, it can be stated that although there are no significant changes in the order of
importance, magnitude, or the sign of the parameters, there are cases — such as the A/F ratio
and the T, parameters — where the effects of the parameters can be clearly identified. In contrast,
for less important parameters, such as the H/A ratio, the sign of the parameter’s effect cannot

be reliably estimated.
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