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Abstract

In recent decades, the growing awareness of the environmental impact of human
activities has stimulated the search for sustainable strategies for waste treatment
and pollution mitigation. Among the most promising solutions are bioremediation
and biovalorization, which exploit the catalytic potential of enzymes to convert
organic waste into high-value products while reducing environmental impact.

This doctoral thesis lies within the field of computational bioinorganic chemistry
and aims to elucidate the molecular mechanisms underlying the enzymatic
degradation and transformation of recalcitrant substrates such as plastics,
hydrocarbons, and biomass.

To achieve this goal, a multiscale computational approach was developed,
integrating molecular docking, classical molecular dynamics, and density
functional theory to investigate enzyme-substrate interactions, catalytic
mechanisms, and structure—function relationships. This combination made it
possible to analyze the entire catalytic process, from substrate recognition to
electronic transformations at the active site, providing theoretical tools for the
rational design of efficient biocatalysts.

The research is divided into two main sections. The first part focuses on degradative
enzymes active on non-biodegradable polymers: simulations on FAST-PETase and
laccases provided new insights into depolymerization and oxidation mechanisms,
highlighting structural factors governing enzyme-substrate complex stability. The
second part concerns metalloenzymes involved in the valorization of renewable
biomass, such as cytochrome P450SPa and Lytic polysaccharide monooxygenase
SmAA10, emphasizing the role of structural flexibility in modulating catalytic
activity.

Overall, this thesis demonstrates that the integration of multiscale computational
methodologies represents an effective tool for understanding and optimizing
enzymatic catalysis, contributing to the development of sustainable technologies
aligned with the principles of the circular economy.



Riassunto

Negli ultimi decenni, la crescente consapevolezza dell’impatto ambientale delle
attivita antropiche ha stimolato la ricerca di strategie sostenibili per il trattamento
dei rifiuti e la mitigazione dell’inquinamento. Tra le soluzioni piu promettenti
figurano il biorisanamento e la biovalorizzazione, che sfruttano il potenziale
catalitico degli enzimi per convertire i rifiuti organici in prodotti ad alto valore
aggiunto, riducendo al contempo Uimpatto ambientale.

La presente tesi si colloca nell’ambito della bioinorganica computazionale, con
Uobiettivo di chiarire i meccanismi molecolari alla base della degradazione e
trasformazione enzimatica di substrati recalcitranti quali plastiche, idrocarburi e
biomasse.

A tal fine & stato sviluppato un approccio computazionale multiscala, che integra
molecular docking, dinamica molecolare classica e teoria del funzionale della
densita per investigare le interazioni enzima-substrato, i meccanismi catalitici e le
relazioni struttura—funzione. Tale combinazione ha permesso di analizzare Uintero
processo catalitico, dal riconoscimento del substrato fino alle trasformazioni
elettroniche nel sito attivo, fornendo strumenti teorici per la progettazione razionale
di biocatalizzatori efficienti.

La ricerca ¢ articolata in due sezioni principali. La prima parte riguarda enzimi
degradativi attivi su polimeri non biodegradabili: le simulazioni su FAST-PETase e
laccasi hanno fornito nuove informazioni sui meccanismi di depolimerizzazione e
ossidazione, evidenziando i fattori strutturali che regolano la stabilita del
complesso enzima-substrato. La seconda parte e dedicata a metalloenzimi
coinvolti nella valorizzazione di biomasse rinnovabili, quali citocromo P450SPa e
Lytic polysaccharide monooxygenase SmAA10, evidenziando il ruolo della
flessibilita strutturale nella modulazione dell’attivita catalitica.

Nelcomplesso, la tesi dimostra come Uintegrazione di metodologie computazionali
multiscala rappresenti un efficace strumento per comprendere e ottimizzare la
catalisi enzimatica, contribuendo allo sviluppo di tecnologie sostenibiliin linea con
i principi dell’economia circolare.



Chapter 1

Introduction

In recent decades, the growing awareness of the environmental impact of
anthropogenic activities has prompted the scientific community to develop
sustainable waste treatment and pollution mitigation strategies. In this context,
bioremediation and biovalorization of biomass have emerged as two promising
approaches for recovering and converting organic waste materials into high-value-
added products, while simultaneously reducing environmental impact [1,2].

Both processes rely on natural or engineered enzymes capable of catalyzing
selective degradation reactions, often on recalcitrant substrates such as plastics,
polycyclic aromatic hydrocarbons (PAHs), or non-lignocellulosic biomass [3-7].

Within this framework, the present thesis is situated in the field of computational
bioinorganic chemistry, providing detailed molecular-level insights that are often
difficult to obtain through experimental methods. The focus is on studying
metalloenzymes involved in the degradation of complex organic compounds and
the valorization of biologically derived materials [8,9].

By employing advanced computational tools, it has been possible to explore the
behaviour and properties of these enzymatic systems in depth. Molecular Dynamics
(MD) simulations, based on the principles of classical Molecular Mechanics, have
allowed for the analysis of the structural flexibility of biomolecular complexes,
overcoming the limitations of static crystallographic structures [10]. Molecular
docking has been employed to predict the interaction modes between ligands and
enzymatic targets, providing useful models to rationalize molecular recognition
[11]. Finally, Density Functional Theory (DFT) [12] has enabled the investigation of
catalytic mechanisms and electronic properties of active sites, offering a robust
theoretical foundation for optimizing catalytic performance and designing more
effective mutants or biomimetic systems.

By leveraging these multiscale computational approaches, my research has
focused particularly on:

— The structural and functional analysis of degradative enzymes and their possible
mutants involved in the breakdown of synthetic polymers (such as PET or PE).



— The study of novel enzymatic targets of environmental and biotechnological
interest, with special emphasis on laccases, through the analysis of their
dynamic behavior and degradation mechanisms of unconventional
hydrocarbon substrates.

— The computational analysis of metalloenzyme mutants aimed at improving the
conversion of fatty acids and aromatic compounds into high-value
intermediates, using molecular modeling, docking, and dynamic simulations to
identify structural modifications capable of enhancing catalytic activity.

Understanding the molecular details underlying these processes is essential not
only to improve the efficiency of current waste treatment systems but also to
support a circular economy based on renewable resources and low-impact
technologies. This thesis, therefore, aims to contribute (through an integrated
theoretical approach) to the development of innovative catalytic solutions to
address the most pressing environmental challenges of our time.

1.1 Environmental wastes

The growing global production of waste is one of the major environmental issues
associated with urbanization, industrialization, and modern agricultural practices.
These activities release vast amounts of toxic pollutants into the environment,
threatening air, water, and soil ecosystems, and causing diseases that are harmful
to all living organisms [13]. According to Directive 2008/98/EC of the European
Parliament (Italian Legislative Decree No. 152/2006 and subsequent amendments),
environmental waste is defined as:

"Any substance or object which the holder discards or intends or is required to
discard."

Waste can be classified based on various criteria, including origin, hazardousness,
and physical state, or distinguished by the associated risks, such as industrial,
agricultural, WEEE (Waste Electrical and Electronic Equipment), radioactive, and
marine waste [14]. However, a fundamental distinction among different types of
waste lies in their biodegradability [15]. While some materials can be readily broken
down through biological processes, others (more complex and resistant) can
persist in the environment for extended periods, posing a significant threat to
ecosystems.

1.1.1 Non-biodegradable wastes

Industrial waste, including plastics, heavy metals, solvents, and halogenated
compounds, represents one of the most problematic categories of environmental
pollutants due to their low degradability and high persistence in environmental
compartments. Among the most hazardous substances are humerous synthetic
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compounds such as heavy metals, artificial dyes, plastics, pesticides, and PAHs
[16-18]. These pollutants, primarily originating from industrial, agricultural, and
domestic activities, pose significant challenges in terms of waste management and
treatment, as they require specialized technologies to prevent severe impacts on
the environment and human health.

For instance, plastics, which are largely derived from fossil resources, are
extremely resistant to biodegradation, tend to accumulate in ecosystems, and
release toxic substances that threaten wildlife, particularly aquatic organisms.
Similarly, PAHs are compounds known for their toxicity and carcinogenicity and can
exert harmful effects even at low concentrations when exposure is prolonged over
time [18].

Although certain wastes are generally considered non-biodegradable, under
specific conditions and through the action of particular organisms (either naturally
occurring or genetically modified), partial degradation or transformation can occur.

1.1.1.1 Plastics

The consumption of plastics and related products has increased exponentially in
recent decades, owing to their versatility and wide range of applications. Currently,
global plastic waste production exceeds 260 million tons per year, a figure
projected to double by 2030. Of this amount, approximately 52 million tons are
incinerated for energy recovery, while around 100 million tons end up in landfills,
which are often located in economically disadvantaged areas [19]. In such
contexts, local communities are exposed to the long-term toxic effects,
contributing to the worsening of global environmental and social issues [20]. The
high production and intensive use of hon-biodegradable materials have given rise
to a genuine environmental emergency. This category primarily includes synthetic
plastic polymers such as polyethylene terephthalate (PET), high- and low-density
polyethylene (HDPE and LDPE), polystyrene (PS), polypropylene (PP), polyvinyl
chloride (PVC), and other synthetic materials, as shown in Figure 1.1.
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Figure 1.1: A. The international recycling symbols for plastics, B. The monomer sequences
of commercial plastic polymers.

Once released into the environment, these materials fragment over time,
generating microplastics and nanoplastics [21]. In addition to contributing to
greenhouse gas emissions throughout their life cycle, these particles have been
associated with harmful effects on human health, including contact dermatitis, as
well as bioaccumulation phenomena documented in several scientific studies
[22,23]. Currently, plastic waste is managed primarily through conventional
practices such asincineration and landfilling, especially in cases where recycling is
technically or economically unfeasible. However, these solutions present
significant environmental drawbacks: incineration produces harmful emissions,
while landfills contaminate soil and groundwater [24]. To address these challenges,
several alternative solutions are currently under development and
experimentation. These aim not only to mitigate the environmentalimpact of plastic
waste but also to promote energy recovery through more sustainable approaches.

Polyethylene Terephthalate

Since its discovery in 1941, PET has become widely used, particularly in the
packaging industry, progressively contributing to a serious environmental pollution
issue, which has only been systematically addressed in recent years [25].
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PET is an aliphatic polyester composed of bis(2-hydroxyethyl) terephthalate
monomers. It is a thermoplastic material with high resistance to biodegradation,
and for this reason, it is extensively employed worldwide in the production of
bottles, textile fibers, films, and containers. Although several systems exist for the
post-consumer recovery of PET bottles, the global recycling rate remains below
50% [26]. As a result, large quantities of PET waste are released into the
environment, causing significant ecological consequences. To effectively address
this issue, it is essential to promote more sustainable management strategies,
including eco-friendly depolymerization processes capable of breaking down the
polymer into its original monomers, thus facilitating its reuse [26].

Among the most promising solutions is enzymatic degradation, made possible by
the discovery of the bacterium ldeonella sakaiensis 201-F6, which is capable of
metabolizing PET. Studies on this microorganism have revealed a catalytic
mechanism involving two key enzymes: PETase, which depolymerizes PET into
MHET (mono(2-hydroxyethyl) terephthalate), and MHETase, which further
hydrolyzes MHET into its constituent monomers (terephthalic acid (TPA) and
ethylene glycol) compounds that can be readily assimilated into biological cycles
[27]. This biotechnology opens new perspectives for the sustainable management
of plastic waste, offering a viable alternative to conventional methods, which are
often energy-intensive and polluting.

Polyethylene

Another highly relevant plastic material is polyethylene (PE), which, together with
other polyolefins such as polypropylene (PP) and polystyrene (PS), accounts for
over 60% of global plastic production [28]. Polyethylene, composed of repeating -
CH,— units, has the simplest chemical structure among all synthetic polymers. Its
widespread use is attributed to a combination of factors: low production cost, high
chemical resistance, good processability, flexibility, and, in some variants, even
transparency in thin films [29]. However, from an environmental standpoint, the
accumulation of PE-based waste is an increasing concern due to the material’s
persistence in the environment. The degradation of PE can occur through two main
mechanisms:

— Abiotic, involving physicochemical processes induced by environmental factors
such as temperature, UV radiation, and oxygen.

— Biotic, i.e., degradation carried out by microorganisms capable of altering and
metabolizing the polymer, thereby modifying its chemical and structural
properties [30].

In nature, these two mechanisms act synergistically, but under standard
environmental conditions, PE biodegradation is extremely slow, as highlighted by
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numerous studies [31]. Over time, microorganisms have partially adapted to the
presence of synthetic polymers, developing the ability to attack and degrade highly
recalcitrant materials [32]. This degradative potential is enabled by specialized
microbial enzymes, which are receiving growing attention in research as
biotechnologicaltools for the sustainable management of plastic waste. Amongthe
most studied enzymatic classes for PE biodegradation are peroxidases, lipases,
esterases, and laccases. In particular, laccases have shown promise in the
oxidation of complex, degradation-resistant substrates, due to their high redox
activity [33]. The targeted production and catalytic use of innovative enzymes now
represents an emerging strategy, potentially complementary to traditional recycling
methods, for the depolymerization and valorization of PE-based plastics [32].

1.1.1.2 PAHs

Polycyclic aromatic hydrocarbons constitute a class of persistent organic
pollutants commonly found in terrestrial and aquatic ecosystems. They are
primarily generated from the incomplete combustion of organic materials such as
petroleum, coal, wood, and natural gas [34]. Due to their toxic, genotoxic,
mutagenic, and carcinogenic properties, PAHs are considered among the most
hazardous environmental contaminants [18].

From a structural perspective, PAHs are compounds composed of at least two
fused aromatic rings, which confer high chemical stability and resistance to
degradation [35,36]. Their physicochemical properties, including hydrophobicity
and volatility, promote their environmental dispersion, making them ubiquitous in
the atmosphere, soil, and aquatic systems [37]. Based on molecular weight and the
number of aromatic rings, PAHs are classified as:

— Low molecular weight PAHs (up to three rings), which are more volatile and less
persistent, but also more readily biodegradable.

— High molecular weight PAHs (four or more rings), which are less volatile but
more persistent and carcinogenic [38].

Due to their toxicity and widespread occurrence, the United States Environmental
Protection Agency (US EPA) has included 16 priority PAHs in the list of pollutants to
be monitored shown in Table 1.1.

Among the most hazardous are benzo[a]anthracene, benzo[a]pyrene, and
dibenzo[ah]anthracene, which are known for their high carcinogenic potential
[39,40].
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Name Structure

Benzo[a]pyrene O%‘O
Acenaphthene O‘O
Acenaphthylene O‘O
Anthracene
Benz[alanthracene OO‘O

Benzo[b]fluoranthene

Benzo[k]fluoranthene

o
3!
'

Benzo[g,h,ilperylene

igeis

Chrysene

. @
Dibenz[a,h]anthracene Oe%l
Fluoranthene 0’8

Fluorene

Indeno[1,2,3-c,d]pyrene

Naphthalene

818 %

Phenanthrene O%l
Pyrene '%‘0

Table 1.1: List and chemical structure of the 16 priority PAHSs in the list of pollutants to be
monitored

In recent decades, biological technologies for the removal of PAHs, particularly
bioremediation, have emerged as some of the most promising solutions for
environmental detoxification [41]. This approach relies on the use of
microorganisms (including bacteria, fungi, yeasts, and algae) capable of
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transforming or mineralizing PAHs into less toxic compounds or into harmless end
products such as carbon dioxide and water [42].

Microbial biodegradation is mediated by specific enzymes that catalyze the
cleavage of aromatic rings. Various microbial species have been identified for their
efficiency in degrading PAHSs, including:

— Bacteria: Pseudomonas, Corynebacterium, Acinetobacter.
— Fungi: Trametes versicolor, known for its laccases and other oxidative enzymes
involved in the degradation of complex aromatic compounds.

These microorganisms, due to their ability to adapt to harsh environmental
conditions and their metabolic versatility, represent a key resource for the
sustainable treatment of PAH-contaminated soils and water bodies [43].

1.1.2 Biodegradable wastes

Biomass is a biodegradable and renewable organic waste derived from plant and
animal materials. Globally, it is recognized as one of the main sources of organic
carbon and represents an ideal alternative to petroleum for producing zero-
emission fuels [44]. Currently, it contributes approximately 14% of the world's
energy supply and is one of the predominant forms of renewable energy, owing to
its ability to be converted into a wide range of useful fuels in liquid, gaseous, or solid
form [45].

Biomass encompasses a variety of materials, including agricultural and forestry
residues, biogenic components of industrial and municipal solid waste (MSW),
algal biomass, and energy crops specifically cultivated for fuel production [46].
Biodegradable waste derived from biomass can be classified into two main
categories:

— Lignocellulosic biomass, rich in lighocellulose, is the most extensively studied
and successfully utilized substrate for producing renewable biofuels. The
primary components of lignocellulosic biomass include cellulose,
hemicellulose (polysaccharides), lignin, resins, and minerals [47].

— Non-lignocellulosic biomass, such as algal biomass, has shown significant
potential for biofuel production through processes like pyrolysis. This category
also includes other organic compounds such as simple sugars, lipids, and
proteins [48].

1.1.21 Fatty acids

Among the non-lignocellulosic wastes derived from marine biomass, long-chain
fatty acids (FAs) present in various sources of biodegradable biomass stand out as
key substrates for biochemical valorization processes. These organic compounds
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are composed of a linear hydrocarbon chain, typically ranging from 12 to 22 carbon
atoms, and a terminal carboxyl group (-COOH), as shown in Table 1.2. Their general
chemical structure is represented by the formula R-COOH, where R stands for the
hydrophobic part of the molecule.

Fatty acids are classified as saturated when they lack double bonds in the alkyl
chain, or unsaturated when they contain one or more double bonds [49]. The nature
and length of the hydrocarbon chain significantly influence the physicochemical,
biological, and application-related properties of these compounds, making them
fundamental to numerous biochemical processes and a wide range of industrial
applications, including the production of biofuels, surfactants, and biodegradable
polymers [50,51].

n°C atoms Common hame IUPAC Structure

12:0 Lauric Acid Dodecanoic Acid CHj-(CH,),,-COOH
14:0 Myristic Acid Tetradecanoic Acid CHj-(CH,),;,-COOH
16:0 Palmitic Acid Hexadecanoic Acid CH,-(CH,),,~-COOH
18:0 Stearic Acid Octadecanoic Acid CH,-(CH,),5-COOH
20:0 Arachidic Acid Eicosanoic Acid CH,-(CH,),s-COOH
22-0 Lignoceric Acid Tetracosanoic Acid CH.-(CH,),,-COOH

Table 1.2: List of long-chain Saturated Fatty Acids, n°® C Atoms" refers to the number of
carbon atoms and double bonds, which are all zero here (i.e., saturated fatty acids). The
structures follow the general formula for saturated fatty acids.

In particular, fatty acids in marine waste can be valorized through enzymatic
transformations catalyzed by bacterial cytochrome P-450 enzymes (CYPs) [52,53].
These heme-containing enzymes utilize molecular oxygen (O,) or hydrogen peroxide
(H,0,) to convert fatty acids into alcohols, alkanes, and alkenes, which serve as
crucial intermediates in the production of second-generation biofuels,i.e., fuels
derived from non-food biomass sources.

1.1.2.2 Chitin

Chitin represents a significant example of non-lignocellulosic biodegradable waste
and is, after cellulose, the second most abundant polysaccharide on Earth. In
nature, it is degraded by microorganisms that employ specific enzymes, including
chitinases, chitosanases, chitin deacetylases, and, more recently, lytic
polysaccharide monooxygenases (LPMOs) [54-56].
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However, due to its low solubility and high resistance to degradation, chitin-
containing waste is often disposed of in landfills [57]. Chitin is a structural
polysaccharide composed of 2-acetamido-2-deoxy-B-D-glucopyranose residues
linked by B-(1->4) glycosidic bonds, and it can occur in three distinct crystalline
forms: a, B, and y [58]. In the a-form, polymer chains are arranged in an antiparallel
fashion; in the B-form, they are parallel; and in the y-form, every third layer is
oriented oppositely to the previous two (Figure 1.2).

a - chitin B - chitin Y - chitin
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Figure 1.2: Chemical structure of repetitive units of a, B, and Y-chitin, respectively.

Despite its high structural rigidity and resistance to degradation, the activity of
chitinases and the commercial value of chitin derivatives enable the industrial
recovery of this material, thereby helping to reduce its accumulation in waste.
Among the main applicationsis using chitin as a substrate for biogas and bioethanol
production, given its role as a renewable and sustainable energy source [59].
However, the efficiency and sustainability of chitin valorization processes are
limited by the need for pretreatment steps. To make crustacean-derived waste
suitable for enzymatic degradation, proteins and minerals must be removed,
operations that, at the industrial level, typically require using harsh chemicals or
high temperatures [60]. In this context, the application of degradative enzymes
represents an eco-friendly alternative, capable of producing chitin derivatives with
greater homogeneity compared to chemical or mechanical methods [59].

1.2 Degradative microbial enzymes

The biodegradation of complex organic compounds and recalcitrant pollutants
relies on the action of microbial degradative enzymes, proteins specialized to
catalyze the breakdown of complex molecules into simpler, less toxic metabolites
that are more easily assimilated or eliminated from the environment. These
enzymes are produced by bacteria, fungi, yeasts, plants, and in some cases,
animals [61].

Some enzymes are not only capable of specifically recognizing target substrates,
thanks to the three-dimensional complementarity between the active site and the
molecule, but may also act on non-native substrates, albeit with lower efficiency or
specificity. Such enzymes are referred to as promiscuous enzymes [62]. An example
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is represented by certain microbial peroxidases, which exhibit broad substrate
specificity and degrade a wide range of persistent xenobiotics [63].

Each biocatalyst operates through distinct mechanisms (oxidative, hydrolytic,
cleavage-based), often supported by cofactors such as NAD(P)H, metal ions, or
hydrogen peroxide (H,0,) [64].

Many emerging xenobiotics, such as synthetic textile dyes and PAHs, contain
condensed aromatic rings that are difficult to degrade using conventional physico-
chemical methods. The use of specific enzymes, therefore, represents a crucial
alternative in biogeochemical cycles, actively contributing to the decomposition of
organic matter and the detoxification of xenobiotic compounds [65].

The environmental application of degradative enzymes has significantly increased
over the past two decades. Today, one of their most relevant uses is as degradative
biocatalysts in bioremediation processes.

Use of degradative enzymes offers numerous advantages in environmental
biotechnology, particularly in terms of catalytic efficiency and sustainability.
Enzymes are capable of converting both organic and inorganic pollutants into less
toxic or inert products [61], acting as catalysts for reactions that would otherwise
proceed slowly or inefficiently through conventional chemical catalysis.

1.2.1 Enzyme Classification

The classification of an enzyme is carried out through the assignment of an Enzyme
Commission (E.C.) number, by the guidelines established by the International
Union of Biochemistry [66]. This system allows for cataloguing all known enzymes
into one of six major classes, based on the type of reaction catalyzed (see Table
1.3).

Number Class Reaction Catalyzed

1 Oxidoreductases Transfer of electrons and protons

2 Transferases Group transfer reactions

3 Hydrolases Bond cleavage via hydrolysis

4 Lyases Cleavage of bonds, forming double bonds

5 Isomerases Transfer of groups within a molecule to form isomers
6 Ligases bond formation of two molecules

Table 1.3. The International Classification of Enzymes, by the nomenclature established by
the International Enzyme Commission. Each class groups together enzymes with specific
functions in fundamental biochemical processes.
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1.2.2 Enzymatic Classes Involved

The main degradative enzymatic classes correspond to oxidoreductases,
hydrolases, and lyases. Among oxidoreductases (EC 1) are laccases, peroxidases,
and cytochrome P450-type monooxygenases: these enzymes utilize redox
cofactors to insert oxygen into aromatic or aliphatic substrates and to cleave C-C
or C-H bonds [67].

Hydrolases (EC 3) include lipases, esterases, nitrilases, and phosphatases,
enzymes that break ester, amide, or phosphoric bonds by adding water [68]. These
hydrolytic biocatalysts are essential in degrading pesticides, herbicides (e.g.,
organophosphorus compounds), and polymers, making initially hydrophobic
substrates more soluble. Finally, lyases (EC 4) [69] catalyze elimination reactions or
the cleavage of functional groups without the use of H,0O, forming double bonds or
rings, such as in decarboxylations and dehydrations, which are key steps in the
metabolic pathways of complex aromatic compounds. One of the many advantages
of these enzymes is their ability to act under mild environmental conditions,
reducing the need for physico-chemical interventions and enabling a more
sustainable approach [70]. Due to their efficiency and the possibility of large-scale
production through biotechnological techniques, these enzymes represent a key
resource for sustainable bioremediation strategies and the design of eco-friendly
waste treatment technologies.

Numerous studies highlight how oxidoreductive and hydrolytic enzymes are
involved in the degradation of various environmental contaminants such as
phenolic compounds, PAHSs, pesticides, and plastics [71-73].

Among the most representative enzymes produced by natural or engineered
microorganisms involved in bioremediation processes and the degradation of
different classes of pollutants are cytochrome P450, laccases, hydrolases,
dehalogenases, dehydrogenases, proteases, and lipases [74].

1.2.3 Role in Environmental Bioremediation

The application of microbial degradative enzymes is crucial in the bioremediation
of contaminated sites, enabling the targeted transformation of persistent
substances resistant to conventional treatments [75]. For example, ligninolytic
peroxidases and fungal laccases are employed in the decolorization of industrial
effluents and the removal of PAHs from soil and water, facilitating the breakdown
of aromatic rings into less toxic catabolites [8,43] Similarly, bacterial cytochrome
P450 monooxygenases oxidize persistent dioxins and chlorinated solvents, paving
the way for complete mineralization [76,77]. Specialized hydrolases such as
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phosphotriesterases effectively degrade organophosphorus herbicides and nerve
agents (e.g., parathion, VX), neutralizing their toxicity [78]. Overall, biocatalytic
systems represent a sustainable approach to remediation: they operate under mild
conditions and produce degradation products with low toxicity [61], offering
degradation efficiencies comparable to chemical techniques but with reduced
environmental impact and higher economic efficiency.

Beyond degradation, enzymes can also be used in other fields such as biosensors
to detect the presence and concentration of pollutants or their metabolites, and
bioindicators to monitor the ecological status of environmental matrices (soil,
water) before and after remediation interventions. However, this work will focus on
the ability of these enzymes to degrade specific environmental contaminants
[27,43,72]. In conclusion, degradative enzymes represent strategic tools for
environmental engineering, both as direct agents in contaminant detoxification and
as indicators of remediation processes.

This thesis aims to deepen understanding of the nature, functions, and applications
of degradative enzymes, highlighting their role in environmental decontamination
and the potential offered by their engineering for the future of environmental
biotechnology.

1.3 Hydrolitic enzymes

Hydrolytic enzymes constitute a subclass of hydrolases, belonging to group 3 (E.C.
3) in the enzyme classification system [79]. They catalyze hydrolysis reactions by
activating a water molecule, which cleaves bonds within complex
macromolecules. Hydrolases can further be classified based on the type of bond
they hydrolyze [80].

This subclass includes esterases, lipases, proteases, and glycosidases, which are
secreted by native or engineered microorganisms and catalyze the fragmentation of
hydrophobic and complex substrates into more soluble and biologically accessible
intermediates, thus facilitating subsequent microbial metabolism [81,82]. Within
the context of bioremediation, the application of biological systems for the
detoxification of environmental contaminants, hydrolytic enzymes such as
esterases, lipases, and proteases demonstrate broad potential. They play a central
role due to their ability to degrade recalcitrant anthropogenic compounds under
mild environmental conditions, including PAHs, organophosphorus pesticides, and
synthetic polymers [83,84]. These enzymes also possess extensive
biotechnological applications in the industrial sector, further supported by the
potential for structural engineering [27].
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1.3.1 Esterases

Esterases (EC 3.1.1.x) [85], as previously mentioned, belong to the subclass of
hydrolases. They catalyze the cleavage of ester bonds in the presence of water,
producing an alcohol and a carboxylic acid. These enzymes are produced by various
microbial species, including bacteria, fungi, and actinobacteria [86], and play a
crucial role in the degradation of environmental contaminants containing ester
groups, such as plasticizers (phthalates), organophosphorus pesticides, synthetic
polyesters (e.g.,PET), and numerous surfactant compounds [27,87,88]
Environmental esterases exhibit remarkable tolerance to varying pH levels, organic
solvents, and heavy metals. Therefore, thanks to their ability to operate under mild
environmental conditions and their potential for structural engineering, these
enzymes represent promising tools for sustainable and low-impact bioremediation
strategies [70].

1.3.1.1 Cutinases

Within the cutinase family, an interesting example is the PETase from Ideonella
sakaiensis, which contains the catalytic triad S-H-D and the "lipase box" G-X1-S-
X2-G, like other cutinases. Despite these similarities, PETase exhibits significantly
higher catalytic efficiency compared to other cutinases. This superiority is
attributed to structural modifications that increase the flexibility of the active site,
particularly due to the residue Trp156 (W156), whose mobility is favored by the
substitution of a histidine with a serine at position 187. This flexibility ("W156
wobbling") allows the active site to adapt to bulky substrates such as PET [89]. For
these reasons, PETase represents an ideal candidate for the degradation of plastic
materials due to its ability to operate at ambient temperatures. However, the
enzyme is highly unstable at moderate to high temperatures, rapidly losing its
catalytic activity [90].

To overcome this limitation, PETase, a mesophilic enzyme by nature, has been the
subject of protein engineering efforts aimed at improving its thermostability and
catalytic activity through single or multiple mutations introduced into its enzymatic
structure [27].

1.3.1.2 Engineered PETases

The best-known and developed PETase variants to date are ThermoPETase [91] and
DuraPETase [92], which have shown improvements in enzyme stability and activity,
as reported in Table 1.4. However, under certain conditions, they still exhibit lower
hydrolytic activity compared to the wild-type protein at ambient temperatures. To
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overcome these limitations, several efficient variants of PETase and cutinase-like
enzymes have been developed in recent years.

Enzymes Mutations Optimal T (°C) Efficency  Thermostability (°C)  Application
PETase wild-type 30-35 Low 37 Limitated
Thermo-PETase S121E,D186H, R280A 40 Good 46 Limitated
Dura-PETase T159H, R280A 37-45 High 77 Moderate
FAST-PETase S121E, R224Q, N233K, D186H, R280A 45 - 50 Very high 30-60 Excellent

Table 1.4: Comparative characteristics of different PETase enzyme variants, including
specific mutations, optimal activity temperatures, efficiency, thermal stability, and
application potential.

Inthe case of PETase mutants, Son et al. proposed, based on structuralinformation
of the wild-type PETase, a rational protein engineering strategy aimed at improving
its thermostability and PET degradation activity. Specifically, they developed a
variant named ThermoPETase, characterized by three mutations (S121E, D186H,
R280A) compared to the wild-type form, which showed an increase in thermal
stability of approximately 9 °C and a 14-fold improvement in PET degradation
activity at 40 °C [91]. Among the most promising variants is FAST-PETase
(Functional, Active, Stable, and Tuned PETase), an engineered version of the natural
PETase from Ideonella sakaiensis, designed to overcome the limitations of the wild-
type enzyme in terms of thermal stability, catalytic efficiency, and adaptability to
different types of PET [71].

This variant results from a rational protein engineering approach based on machine
learning techniques, particularly using a three-dimensional convolutional neural
network (CNN). This approach enabled the identification of stabilizing mutations for
PETase, leading to the development of a variant with significantly enhanced
hydrolytic activity. Specifically, FAST-PETase contains five mutations relative to the
wild-type PETase: N233K, R224Q, S121E, and an aspartic acid mutation predicted
algorithmically, in addition to D186H and R280A derived from the original structure.
This configuration confers the enzyme a broader operating range (30-60 °C), with an
optimaltemperature around 50 °C, and superior catalytic activity compared to both
the wild-type PETase and other engineered variants (Table 3). Experimental studies
have also demonstrated that FAST-PETase can completely degrade a thermally
pretreated plastic water bottle at 50 °C, highlighting its significant potential for
industrial PET recycling applications [93].
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1.3.2 Esterases in Bioremediation

In the context of environmental bioremediation, esterases play a key role due to
their ability to catalyze the hydrolysis of ester bonds in various environmental
contaminants [94]. Thanks to their distinctive biocatalytic properties, such as high
specificity, the ability to function under mild environmental conditions, and
structural adaptability, esterases currently hold a prominent position in the
industrial enzyme market, finding applications in diverse sectors including
wastewater treatment, polymer degradation, and pesticide detoxification [83,95].

A notable example is cutinase, an esterase secreted by the bacterium Fusarium
solani f. pisi, which has demonstrated effectiveness in degrading ester-derived
plasticizers such as diethyl phthalate (DEP), significantly reducing their toxicity and
promoting biodegradation [96].

Similarly, bacterial strains producing PETase and esterase-like enzymes have shown
promising results in the degradation of PET-based microplastics, a polymer still
widely used in the production of plastic materials and among the main sources of
pollution in marine and terrestrial environments [28]. As previously mentioned,
recent studies have shown that engineering these enzymes has improved their
thermal stability, affinity for crystalline substrates, and resistance to harsh
environmental conditions, thus broadening their applicability for industrial
purposes and in situ bioremediation operations [71].

These advances are further reinforced by emerging technologies such as functional
metagenomics, heterologous expression, and enzyme immobilization techniques,
which allow the recovery and prolonged use of highly efficient esterases [86].
Looking ahead, the integration of protein engineering approaches guided by artificial
intelligence, molecular simulations, and molecular docking will enable more
precise prediction of functional mutations, optimizing substrate specificity,
enzymatic robustness in contaminated environments, and degradation kinetics
[27]. These multidisciplinary strategies represent a turning point for the targeted
application of esterases in environmental bioremediation, contributing to the
development of enzymatic technologies characterized by high efficiency, selectivity,
and environmental sustainability.

1.4 Oxidoreductase enzymes

Oxidoreductive enzymes, belonging to group 1 (E.C. 1) of the enzyme classification,
constitute a highly heterogeneous group of enzymes capable of acting on a wide
range of substrates, catalyzing redox reactions that involve the transfer of electrons
from a substrate to an acceptor, often oxygen (O,), resulting in oxidation and
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reduction processes. For this reason, they require complex soluble cofactors
involved in their catalytic mechanism [97]. These enzymes include several
categories, subdivided based on their mechanism, including:

— Oxidases: utilize O, as the final electron acceptor, which is reduced to H,O or
H,O,, without participating in substrate transformation. An example is laccases,
given their industrial relevance and applications [98].

— Dehydrogenases: do not use O, as an electron acceptor; instead, they transfer
two electrons in the form of two hydrogen atoms, generally to cofactors such as
NAD*/NADH, NADP*/NADPH, FAD/FADH,, or FMN/FMNH,. Due to their high
specificity and catalytic activity, they find wide application in organic chemistry
[99].

— Peroxidases: use peroxides, e.g., H,O,, as electron acceptors. Many
peroxidases are heme proteins containing a heme group essential for catalytic
activity. Classical peroxidases do not include cytochromes P450 (CYP450),
which belong to the monooxygenase group, although CYP450s can exhibit
peroxidase activity under non-physiological conditions [100].

— Oxygenases: catalyze oxidation by transferring O,. They are divided into
monooxygenases, which transfer a single atom of O, to the substrate, such as
the emblematic CYP450, highly versatile heme proteins playing a key role in the
biotransformation of xenobiotic compounds and numerous industrial
biocatalysis application, and dioxygenases, which incorporate both atoms of O,
into the substrate, typically involved in compound degradation [101].

Many oxidoreductases, including CYP450 enzymes, display catalytic promiscuity,
meaning they can catalyze different reactions or act on different substrates. This
feature, combined with their efficiency and selectivity, makes them suitable for
numerous biotechnological and environmental applications, such as pollutant
degradation and the synthesis of high-value compounds [74].

In recent years, interest in enzymatic catalysis, particularly in heterogeneous
systems employing immobilized enzymes, has grown significantly due to the
functional and operational advantages offered by such systems, including
increased stability, reusability, and process control. Rational design of immobilized
derivatives (RDID) is an advanced scientific approach that integrates bioinformatics
tools, molecular modeling, and structural analysis to guide the design of optimized
biocatalysts. In this context, design is not merely an engineering aspect but a key
element of scientific innovation, enabling the overcoming of traditional empirical
limitations, reducing development times and costs, and fostering the industrial
application of biocatalysts.
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1.4.1 Metalloenzymes

Metalloenzymes constitute a broad class of enzymes that utilize metal cations as
essential cofactors in their active sites. These metal ions directly participate in
catalysis by facilitating a wide range of chemical reactions, including hydrolytic
processes, electron transfer, and redox reactions. The metal can function by
stabilizing reactive intermediates, activating functional groups, or serving as an
electron donor or acceptor, making these metalloenzymes indispensable in
numerous biochemical pathways [102].

1.4.2 Oxidative metalloenzymes

In nature, there are oxidative enzymes that are not metalloenzymes; however, most
redox enzymes contain metal ions or metallorganic cofactors (e.g., heme groups)
that are essential for electron transfer [103]. These enzymes, primarily belonging to
the oxidase and peroxidase classes (E.C. 1), catalyze redox reactions in which the
central metal ion, such as iron (Fe), copper (Cu), manganese (Mn), cobalt (Co), or
zinc (Zn) [104], is involved in electron transfer and O, activation. The catalytic
function of these metalloenzymes depends on the ability of these metalions to act
as coordination sites for the substrate, facilitating the cleavage of covalent bonds
and the oxidation of complex organic compounds.

1.4.3 Multicopper Oxidoreductases

The main example of an oxidative metalloenzyme is laccase (EC 1.10.3.2, oxygen
oxidoreductase or multicopper oxidase), which catalyzes the one-electron
oxidation of a wide range of substrates, coupled with the reduction of molecular
oxygen to water [105]. Laccases are widely distributed among bacteria, fungi,
plants, insects, and marine species. The active site of laccases is characterized by
the presence of four Cu ions, distributed across three distinct types of copper
centers: T1Cu, T2 Cu, and T3 Cu, as shown in Figure 1.3. Substrate oxidation occurs
at the T1 Cu center, which determines the enzyme's redox potential. In particular,
the physicochemical properties of the axial amino acid residue at the T1 Cu site
have been shown to modulate the redox potential. Electrons are transferred via the
histidine-cysteine-histidine (HCH) pathway from the substrate to the T3 and T2 Cu
centers, where molecular oxygen is reduced to water [43].
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Figure 1.3: schematic representation of the laccase’s mechanism

The biological functions of laccases vary depending on their source and are, for
instance, highly relevant in lignin metabolism. One of the main challenges in
lighocellulosic biomass valorization is the recalcitrance of lignin, and laccases are
capable of catalyzing its degradation, leading to the formation of phenolic
monomers that can subsequently be used, for example, in the production of
biofuels [106]. Laccases are versatile enzymes, known for their catalytic
promiscuity and their ability to oxidize a broad spectrum of substrates. Typical
laccase substrates include phenolic compounds and lignin derivatives, but these
enzymes are also active on a variety of non-phenolic substrates, such as amines,
alcohols, dyes, carbohydrates, metal-containing compounds, and certain
polymers.

The substrate range of laccases can be significantly expanded through the use of
redox mediators, small molecules that act as electron shuttles, enabling laccases
to oxidize substrates that are otherwise resistant to direct enzymatic oxidation [8].
While the oxidation mechanism of laccases on phenolic substrates has been
extensively studied, the mechanisms involved in the oxidation of non-phenolic
substrates remain largely unclear. Among non-phenolic compounds, considerable
experimental attention has recently been given to the degradation of PAHs, which
are persistent organic pollutants commonly found in terrestrial ecosystems and
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derived from the incomplete combustion of organic materials such as oil, coal, and
natural gas. Enzymatic biodegradation processes involving laccases hold promise
for the remediation of these hazardous molecular systems [43].

Furthermore, recent studies have demonstrated that some laccases are capable of
catalyzing the oxidation of plastic polymers such as PE, a material widely used in
packaging and containers and known for its resistance to natural degradation [73].

1.4.4 Multicopper Oxidoreductases in Bioremediation

In recent years, there has been a growing interest in the use of laccases in
bioremediation, particularly in the degradation of PAHs and plastic polymers, due
to their ability to degrade and transform these complex materials into less harmful
environmental by-products.

Laccases have shown great potentialin the biodegradation of PAHs, which are toxic
and persistent environmental pollutants. These enzymes, found in fungi such as
Trametes versicolor, Pleurotus ostreatus, and Coriolopsis gallica [107], as well as
in bacteria, catalyze the oxidation of PAHs into more metabolically accessible
forms [108]. While fungal laccases have been extensively studied for PAH
degradation, bacterial laccases are gaining attention due to advantages such as
higher thermostability and broader pH tolerance, making them particularly suitable
for various contaminated environments [109,110]. Thus, laccases are promising
candidates for the bioremediation of soils, water, and air polluted by PAHs, offering
an eco-friendly and efficient approach to reducing environmental contamination.

Laccases involved in PE oxidation have been identified in fungi, bacteria, and, more
recently, in crustaceans, and the oxidative degradation products are consistently
reported as organic acids and polymer fragments bearing hydroxyl and carbonyl
groups [111]. This suggests that these laccases may share a common mechanism
for PE oxidation.

Acrucial aspect of laccase-based bioremediation lies in the role of redox mediators
small molecules that facilitate electron transfer and enhance the oxidative capacity
of the enzyme [112]. In some laccases, mediators are essential for initiating PE
oxidation, whereas in other cases, they merely enhance the reaction or have no
effect at all. The application of laccases for PE degradation represents a significant
step toward sustainable biotechnological solutions capable of addressing the
growing issue of plastic accumulation in ecosystems. A deeper understanding of
enzyme—polymer binding modes and the influence of redox potential is crucial to
fully exploit laccase catalytic capabilities and improve bioremediation outcomes
[113].
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1.4.5 Monoxygenases

Monooxygenases are enzymes classified under EC 1.13 and EC 1.14, known for their
ability to catalyze the insertion of a single atom of molecular oxygen (O,) into an
organic substrate, while the second oxygen atom is reduced to water. This reaction,
which is fundamental to numerous biochemical processes, requires the activation
of molecular oxygen, which can only occur through electron transfer.
Monooxygenases can be divided into two main categories: internal
monooxygenases, which derive electrons directly from the substrate, and external
monooxygenases, which rely on external electron donors such as NAD(P)H [114].

Among the most extensively studied are the cytochrome P450 enzymes, which are
heme-dependent and found across virtually all domains of life. These enzymes are
involved in essential functions such as drug metabolism, hormone biosynthesis,
and the detoxification of harmful substances [115]. Due to their role in
biotransformation and the selective synthesis of complex molecules, cytochrome
P450 monooxygenases are of great scientific and industrial interest.

1.4.5.1 CYP450

One of the most represented classes of oxidative metalloenzymes among
monooxygenases is the cytochrome P450 family (CYP450), which catalyzes the
incorporation of a single oxygen atom from O, into the substrate, while the other
atom is reduced to water [115]. Among these, CYP450s are among the most
extensively studied examples of heme-dependent monooxygenases. Ubiquitous
across all domains of life, they utilize a heme cofactor containing iron at the active
site to catalyze the oxidation of a wide variety of substrates, including xenobiotic
compounds and endogenous molecules. Their role is fundamental in processes
such as detoxification, steroid biosynthesis, and the degradation of environmental
pollutants. In CYP enzymes, molecular oxygen is activated through binding to the
reduced heme iron (Fez"), forming a reactive intermediate capable of oxidizing C-H
bonds, even in chemically inert substrates [116]. In particular, a subclass of
CYP450 enzymes belonging to the CYP152 family represents a distinctive group of
microbial monooxygenases capable of catalyzing the oxidative decarboxylation of
medium- to long-chain fatty acids via a peroxygenase mechanism. These enzymes
oxidize substrates using H,O, as a direct oxidant, generating a highly reactive
oxidizing intermediate, Compound | (Fe (IV)=0), which abstracts the B-hydrogen
(CB-H) and promotes the subsequent release of CO,, yielding terminal a-alkenes,
as shown in Figure 1.4. In CYP152 enzymes, this alternative pathway, known as the
peroxide shunt, bypasses the need for reductive cofactors such as NAD(P)H and
provides the reactive oxidizing species directly [117,118].
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Figure 1.4. Reaction mechanisms mediated by CYP152 family enzymes on a generic fatty
acid: A. Decarboxylation forming a terminal alkene (typical activity of OleT)). B.
Hydroxylation at the a position, resulting in an a-hydroxylated fatty acid. C. Hydroxylation at
the B, generally not mediated by CYP152 enzymes.

A representative example of this class is OleTJE, a CYP152 enzyme isolated from
Jeotgalicoccus sp., known as the first identified a-alkene synthase. OleTJE
efficiently catalyzes the decarboxylation of C12-C20 fatty acids evenin the absence
of redox partners, relying solely on H,O, as the oxidant. In the presence of cofactors
such as O,, it can also act as a monooxygenase, displaying catalytic promiscuity
through the concurrent formation of hydroxylated fatty acids (a- or B-hydroxyacids)
[119]. Structurally, OleTJE exhibits notable homology with other hydroxylating
CYP152 enzymes, such as P450SPa and P450BSB, suggesting that specific
mutations in the catalytic site may modulate selectivity between hydroxylation and
decarboxylation.

In summary, CYP152 enzymes represent promising enzymatic platforms for the
valorization of lipid-based biomass, offering direct access to bio-based olefins from
fatty acids, with significant implications for the sustainable production of fuels and
chemical intermediates. [120].

1.4.5.2 Lytic Polysaccharide Monoxygenases

Another example is represented by Lytic Polysaccharide Monoxygenases (LPMOs),
a recently discovered class of oxidative enzymes [121]. They catalyze oxidative
hydroxylation reactions that promote the cleavage of polysaccharide chains and
are found across all domains of life, including bacteria, viruses, yeasts, and fungi.
The sequence diversity of LPMO families continues to expand, with eight distinct
Auxiliary Activity (AA) families currently identified in the CAZy database. These
enzymes are classified based on sequence similarity: the AA9 family acts primarily
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on cellulose and hemicellulose, while the AA10 and AA15 families are active on
chitin and cellulose [122]. (see Table 5).

AA families Substrate

AA9 Cellulose and Hemicellulose
AA10 Cellulose and Chitin

AA11 Chitin

AA13 Starch

AA14 Hemicellulose

AA15 Cellulose

AA17 Pectin

Table 1.5. “Auxiliary Activities” (AA) families in the CAZy database, the LPMOQOs are classified
according to their sequence similarity. Each AA family preferentially processes specific
polysaccharides.

Unlike traditional hydrolases, LPMOs act not only on individual polysaccharide
chains but also on crystalline polysaccharides, initiating depolymerization
synergistically with hydrolases such as cellulases and chitinases [123]. These
enzymes contain a mononuclear copper center coordinated through a structure
known as the “histidine brace,” which serves as the active site for catalysis [124].
Their catalytic cycle involves the reduction of Cu (Il) to Cu(l), increasing substrate
affinity. Catalysis requires O, as a co-substrate; however, recent studies suggest
that the true preferred co-substrate is often H,O, rather than molecular oxygen,
thereby broadening the application scope of LPMOs in industrial bioconversion and
bioremediation processes where controlled use of peroxides enhances catalytic
efficiency [125]. These examples demonstrate the high catalytic and functional
versatility of monooxygenases, which find crucial applications in environmental,
biotechnological, and industrial fields. Their ability to act on hydrophobic and
poorly reactive substrates makes them enzymes of great interest for advanced
bioremediation strategies and biomass valorization, fundamental for the
sustainable production of biofuels.

1.4.6 Monoxygenases in Biomass Valorization

Oxidative metalloenzymes play a fundamental role in the valorization of biomass
and organic waste through the decomposition of recalcitrant compounds such as
lignin, chitin, and other high-energy biomolecules. In particular, the use of these
enzymes in the transformation of chitinous or cellulosic biomass is crucial for
optimizing fermentation processes, as they facilitate the release of fermentable
sugars from complex substrates, thereby enhancing the efficiency of second-
generation biofuel production [126,127].

31



The CYP152 family represents an extremely versatile class of metalloenzymes
whose catalytic potential is especially relevant in the valorization of lipid biomass,
particularly long-chain fatty acids (= C12), which are converted into high-value
products such as w-hydroxy acids and terminal alkenes [128]. These compounds
serve as strategic precursors in the synthesis of biolubricants, bioplastics,
surfactants, and advanced biofuels.

Through site-directed mutagenesis, the w-hydroxylase activity of CYP152 enzymes
can be significantly increased by targeting residues proximal to the heme group or
along the substrate access channel. Concurrently, the production of linear alkenes
can be promoted via fatty acid decarboxylation, enabled by functional mutations in
specific CYP isoenzymes such as OleT-type P450s [129], which efficiently catalyze
oxidative decarboxylation. These modifications influence the formation of the
oxoferryl radical, directing reactivity toward the decarboxylation pathway rather
than the conventional hydroxylation pathway.

The combination of rational engineering directed evolution, and optimization of
redox conditions allows the development of tailor-made biocatalysts for industrial
applications, making CYP152 enzymes promising candidates for use in integrated
lipid biorefineries. In this regard, advanced computational studies, including
QM/MM simulations [130], have identified strategic mutations in key active site
regions that modulate catalytic selectivity and steer reactivity towards w-
hydroxylation or decarboxylation, optimizing the production of fatty alcohols or
terminalalkenes. The integration of in silico prediction and evolutionary engineering
represents a consolidated strategy for designing more efficient and selective
biocatalysts in lipid biomass valorization processes [131].

Similarly, LPMOs represent key enzymes in the valorization of recalcitrant
polysaccharide biomass such as chitin, due to their ability to catalyze oxidative
reactions that promote the depolymerization of crystalline substrates. LPMOs from
the AA10 family [132,133], in particular, exhibit high affinity for chitin, catalyzing its
oxidative cleavage into bioactive chitooligosaccharides with promising
applications in biomedical, nutraceutical, and agro-industrial sectors. The activity
of these enzymes depends on the presence of the “histidine brace,” a structural
feature responsible for the reactivity of the copper catalytic center and selectivity
towards specific glycosidic bonds. Structural and computational studies are
elucidating the molecular determinants of enzyme-substrate interaction, providing
a basis for protein engineering efforts aimed at enhancing the catalytic performance
of AA10 LPMOs in industrial contexts of chitin valorization [134].

In conclusion, monooxygenases represent central components for the sustainable
valorization of biomass and bioremediation, thanks to their ability to catalyze
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selective oxidative reactions on complex substrates under mild environmental
conditions, with potential applications in organic waste management and the
detoxification of environmental contaminants [135,136].
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1.5 Outline of Thesis

This thesis is structured into five chapters: the first two provide the necessary
background and theoretical framework, while the remaining chapters present and
discuss the research outcomes.

Chapter 1 introduces the environmental context in which this study is situated,
providing an overview of the main classes of environmental pollutants and
discussing the relevance of enzymatic systems in addressing pollution and waste
transformation. This chapter also presents the biological targets studied in the
thesis, offering the necessary biochemical background.

Chapter 2 presents the theoretical foundations of the computational techniques
employed, including molecular docking, classical molecular dynamics, and
quantum mechanical calculations based on density functional theory (DFT). These
methods constitute the multiscale computational approach that was applied
throughout the thesis to investigate and model enzymatic catalysis at different
spatial and temporal resolutions.

Chapter 3 outlines the main results obtained, summarizing the five scientific works
conducted during the PhD. The chapter is divided into two thematic sections,
organized according to the nature of the substrates involved: (i) synthetic, non-
biodegradable polymers, and (ii) biodegradable biomass. The goal of this chapter is
to provide a concise overview of the research questions addressed, the
methodologies adopted, and the principal findings of each work.

ENZYME E?JMBER REACTIONTYPE COFACTORS MAIN SUBSTRATE APPLICATIONS
Cutinase Plastic
(PETase and 3.1.1.101 Ester hydrolysis None PET degradation for
engineered) bioremediation
Phenolic and non-

Multicopper Oxidation phenolic substrates  Bioremediation of
oxidoreductase 1.10.3.2 polymer cu* (PAHSs, recalcitrant aromatic contaminants
(Laccase) oxidation polymers) and polymers
CYP450 (SPq, Fatty acids, Biotransformation and
OleTJE and 1.14.x.x Monooxygenase  Heme, 2e” aromatic biomass valorization
engineered) compounds

Polysaccharide Polysaccharide
LPMO (SmAA10) 1.14.99.53 oxidation cu® Chitin, cellulose degradation and

biomass valorization

Table 1.6: Summary of the enzymatic systems discussed in this thesis. The table provides a
unified overview of the main characteristics of the enzymes considered, including EC
classification, cofactors, substrates, and potential applications, serving as a reference point
for the subsequent chapters.
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Chapters 4, 5, and 6 form Section | of the thesis, which focuses on the
computational investigation of enzymes involved in the degradation of non-
biodegradable synthetic polymers.

Chapter 4 presents the first work of the thesis, a molecular dynamics investigation
of FAST-PETase, a recently engineered enzyme with high PET-depolymerizing
efficiency. The simulations at different temperatures provided atomistic insights
into substrate recognition and revealed a structural pre-organization of the active
site that favors PET binding and activation.

Chapter 5 reports the second work, a DFT investigation of the fungal laccase
Trametes versicolor, aimed at elucidating the oxidation mechanism of non-phenolic
substrates, particularly PAHs. The study provides fundamental insights into the
enzymatic degradation of persistent aromatic pollutants.

Chapter 6 focuses on the third work, examining laccases capable of oxidizing PE and
comparing their redox properties and interactions with LDPE. Computational
modeling identified key structural determinants governing enzyme-polymer
binding, offering valuable guidance for the rational design of biocatalysts for plastic
degradation.

Chapters 7 and 8 form Section Il of the thesis, which focuses on the computational
investigation of metalloenzymes relevant to the valorization of biodegradable waste.

Chapter 7 presents the fourth work, dedicated to the rational design of cytochrome
P450SPa mutants for enhanced lipid waste conversion. Molecular dynamics
simulations of three CYP152SPa variants, in both apo and substrate-bound forms,
revealed the mutations that improve catalytic efficiency and structural stability,
supporting the development of biohybrid systems for sustainable biocatalysis.

Chapter 8 describes the fifth work, focused on a bacterial LPMO involved in chitin
degradation. Molecular dynamics simulations of the SmAA10-B-chitin complex
highlighted key interactions and conformational stability, providing atomistic
insights useful for the rational engineering of metalloenzymes for biomass
valorization.

Overall, this thesis demonstrates how computational approaches can complement
and, in some cases, replace labor-intensive experimental work, providing structural
and dynamic insights that inform the rational design of enzymes. By integrating
these methods across all studies, the work contributes to sustainable chemistry
and highlights the potential of computational modeling to drive biotechnological
innovation for environmental applications.
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Chapter 2

Theoretical Background

Computational techniques play a crucial role in studying a wide range of
biochemical phenomena, including biomolecular dynamics, molecular
recognition, enzymatic reactions, conformational transitions, and the kinetics of
biological processes. In particular, numerous mechanisms that regulate life in
living organisms are governed by the phenomenon of molecular recognition (MR),
that is, by processes in which molecules of different nature (typically substrates)
bind, through non-covalent interactions, to specific regions of target
macromolecules (binding sites), such as proteins, resulting in stable complexes [1].
A deep understanding of the molecular mechanisms underlying these interactions
is fundamental for the rational design of new pharmacological agents as well as for
developing biocatalysts capable of selectively acting on substrates of
environmental interest [2].

At the same time, from a bioinformatics perspective, attention is focused on
developing tools and methodologies for organizing, retrieving, and analyzing large-
scale biological data. In this context, computational biochemistry has established
itself as a powerful and well-founded approach for the structural and functional
analysis of biological systems at the atomic scale. However, the computational
modelling of biological macromolecules poses significant challenges due to the
intrinsic complexity of the systems involved, such as proteins, enzymes, and
metalloenzymes [3].

The two main areas of computational chemistry employed in the study of substrate-
protein interactions are Molecular Mechanics (MM) [4] and electronic structure
theory [5]. Thermodynamic analysis plays a central role in identifying the most
favorable binding between substrate and receptor through geometric optimization
(search for the minimum energy configuration) and estimating the energy
associated with different molecular conformations.

In cases where the binding process involves significant reorganization of the
electronic density, such as in the formation or breaking of chemical bonds, or the
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modulation of the redox state of metal centers, a more accurate description of the
system's electronic structure becomes necessary, requiring the use of quantum
mechanical methods [6].

These methods are based on the laws of quantum mechanics, in particular on the
Schrédinger equation:

H¥Y(r;R) = E¥(r;R) (2.1)

where His the molecular Hamiltonian operator and ¥(r;R) is the Born-
Oppenheimer electronic wave function.

They are mainly divided into two categories:

— Abinitio approaches, based solely on fundamental physical laws and universal
constants (such as the mass and charge of particles);

— Semi-empirical approaches introduce parameters derived from experimental
data to reduce computational cost.

The choice of method involves a trade-off between accuracy and computational
feasibility. For this reason, in recent years, multiscale strategies have emerged that
integrate classical (MM) and quantum (QM) approaches, such as hybrid QM/MM
models [7] (see Figure 2.1). These are particularly useful for studying complex
biological reactions, protein-substrate interactions, electron transfers, and
catalytic processes involving the breaking or formation of chemical bonds. Among
classical computational methods, molecular dynamics (MD) [8] represents a
fundamental tool for analysing the dynamic behaviour of enzymes, allowing the
investigation of their interactions with the surrounding environment and substrates.
MD simulations, conducted in the presence of explicit solvent, make it possible to
explore the conformational landscape of the system and to reach thermodynamic
equilibrium.
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Figure 2.1: Schematic representation of the main multiscale modeling approaches as a
function of spatial and temporal scale. The microscale includes ab initio electronic
structure methods, based on quantum mechanics, which allow the description of
phenomena such as the formation and breaking of chemical bonds. At the mesoscale,
methods based on force fields (e.g., classical molecular dynamics and Monte Carlo) and
statisticalmechanics approaches describe the interaction between elementary processes.
Finally, at the macroscale, continuum theories (such as finite element and finite difference
methods) are applied to model phenomena on an engineering scale, such as mass and
energy transport.

Complementing these simulations, molecular docking [9] is a multi-step
computational approach used to predict and evaluate the mode of interaction
between two molecules, typically in the absence of experimental structures of the
protein-ligand complex. Although more approximate than MD simulations, docking
provides a preliminary level of analysis useful for selecting potentially active ligands
or exploring enzymatic specificity toward unconventional substrates.

Finally, this chapter will present the main computational methods adopted for
studying protein-substrate interactions and catalytic mechanisms: classical
molecular dynamics simulations, molecular docking, and quantum mechanics-
based methodologies, with particular emphasis on Density Functional Theory (DFT)
[10] These tools, used individually or in combination, serve as fundamental
resources for interpreting and predicting molecular behaviour in the biochemical
field, with applications ranging from enzyme design to environmental
bioremediation.
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2.1 Classic Computational Methods

In recent years, biomolecular simulations have seen rapid advancement,
particularly in the study of interactions between enzymes and large substrates,
both of biological and non-biological origin. These techniques have proven
essential for identifying binding sites and for detailed analysis of the molecular
mechanisms underlying enzymatic catalytic activity. In general, classical
computational methods used in computational chemistry and biology are based on
classical physics, treating atoms and molecules as point-like entities subject to
deterministic forces, without explicitly accounting for the quantum effects
associated with electron behaviour.

MM [4] is a static approach that relies on force fields to optimize molecular
geometries and calculate the potential energies of the system, without considering
temporal evolution. It is widely used for energy minimization operations and
preliminary structural studies on large systems. MD builds upon MM principles but
applies them over time. It is a widely used computational method that allows for
simulating the temporal evolution of a molecular system by calculating atomic
trajectories based on Newtonian classical mechanics, under the influence of
potentials defined by force fields [11] MD simulations enable exploration of
conformational behaviour, structural flexibility, and intermolecular interactions in
a realistic environment, often explicitly including solvent. This makes it possible to
investigate phenomena across different spatial and temporal scales, enabling the
study of large, complex systems. Molecular Docking is a computational method
based on molecular mechanics principles. It is used to predict how a potential
substrate (or ligand) interacts with a target protein, estimating orientation, position,
and binding affinities within the active site [12]. Docking is particularly usefulin the
absence of crystallographic structures, offering a preliminary analysis of molecular
compatibility. Monte Carlo (MC) simulations are a statistical method that explores
the conformational space of the system through random sampling [13,14] They are
useful for calculating thermodynamic properties and for studying the equilibrium of
complex systems, often serving as a complementto dynamic simulations. The main
advantage of classical methods lies in their computational efficiency and
scalability to large systems, making them particularly suitable for long and large-
scale simulations [15]. However, these methods do not explicitly describe the
electronic structure and, therefore, are not suitable for simulating phenomena
involving the formation or breaking of chemical bonds or charge transfer. In realistic
simulations of complex systems, it is essential to explicitly represent the
surrounding environment, particularly the solvent, often through the inclusion of
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thousands of water molecules. This significantly increases the size of the simulated
system, making a fully guantum mechanical treatment computationally prohibitive.

2.1.1 Force Fields (FF)

Within the framework of Molecular Mechanics, the interactions between atomsin a
system are described using an empirical potential function known as a force field
[16]. This function represents the system's potential energy as the sum of terms that
model both covalent interactions (bonded terms) and non-covalent interactions
(non-bonded terms).

The total potential energy (Eror) can be expressed as follows:

Eror = Epondea + Enon-bondea (2.2)

Where:
Evondea = Epona T Eangle + Eginedral (2.3)
Enon-bondea = Eetectrostatic + Evan der wauis (2.4)

The bonded terms include:

— Stretching: variation in bond length relative to the equilibrium distance,
— Bending: deviation of the bond angle from the equilibrium angle,
— Torsion: rotation around bonds, described by periodic potentials.

The non-bonded terms include:

— Electrostatic interactions: modeled using Coulomb's law,
— Van der Waals forces: typically described by the Lennard-Jones potential [17].

In the Molecular Mechanics model, molecules are represented as assemblies of
atoms approximated as rigid spheres connected by elastic "springs," according to
the harmonic oscillator approximation.

A simplified expression of a first-generation force field (used, for example, in early
models such as AMBER or CHARMM) is as follows:
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Figure 2.2: (1) Dihedral angles, (2) bond distances, (3) bond angles, and (4) electrostatic and
van der Waals interactions contribute to the calculation of the total potential energy. In the
equation, the first four terms represent intramolecular (local) contributions related to bond
stretching, angle bending, and dihedral or improper torsions. The last two terms describe
non-bonded interactions: repulsive and van der Waals forces (modeled using the 12-6
Lennard-Jones potential) and Coulomb interactions between charged particles.

Where:

e K,: bond force constant

e r,ro:actual bond length and equilibrium bond length

e Kp: angle force constant

e 0, 6y: actual bond angle and equilibrium bond angle

e V,,n,0, @:torsional parameters (amplitude, periodicity, phase)

e ¢&;,0;: Lennard—Jones parameters (well depth and collision diameter)
e Q,Qq; partial atomic charges

e r;: interatomic distance between particlesiand j

The parameters of a force field can be derived from experimental data, quantum
mechanical calculations, or a combination of both. An effective force field must
strike a balance between computational simplicity and predictive accuracy.
However, these models present certain inherent limitations, including high
computational cost, the need for parameterization of non-standard residues, and
the use of implicit approximations in the description of molecular interactions. To
date, no universal force field exists that can accurately describe every type of
molecule. Numerous force fields have been developed, each with varying levels of
complexity and optimized for specific classes of molecular systems. Among the
most commonly used are:

— AMBER (Assisted Model Building with Energy Refinement), particularly suited for
proteins and nucleic acids [18],
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— CHARMM (Chemistry at HARvard Macromolecular Mechanics), used for both
small molecules and macromolecules [19],

— GROMQOS, specifically developed for molecular dynamics simulations of
biomolecular systems, not to be confused with the GROMACS software
package [20],

— OPLS-AA, optimized for a broad range of organic compounds [21],

— GAFF (General AMBER Force Field), commonly used for parameterizing small
ligands [22],

— GLYCAM-06, designed to describe both natural and modified sugars and
glycans [23].

It is essential to emphasize that the predictive accuracy of a computational model

critically depends on the quality of the force field employed, or the combination of

multiple force fields, as well as on the correctness of its parameterization relative
to the specific system under investigation.

2.1.2 Molecular Dynamics simulations

MD simulations are widely used to identify potential binding sites on target proteins,
taking into account the structural flexibility of protein-substrate complexes [24].
They also allow the estimation of binding free energies and the investigation of
catalytic mechanisms at the molecular level. However, these simulations have
certain limitations, particularly regarding the accessible timescales and the size of
systems that can be studied.

As mentioned earlier, there are different types of MD simulations: all-atom (AA) [25],
United Atom (UA) [26], and coarse-grained (CG) [27], each with varying degrees of
detail and computational cost. For example, all-atom simulations enable the
exploration of dynamics on microsecond to millisecond timescales in complex
systems, such as metalloenzymes binding large substrates.

To address diverse biological problems, it is necessary to select the type of
simulation best suited to the specific context. The complexity of biological systems
and the dynamic nature of targets pose significant challenges for computational
modeling. No single simulation approach can capture all these aspects
simultaneously.

In the specific context of this work, classical molecular dynamics represents the
most appropriate choice. This is because we often work with large substrates,
frequently synthetic, making the application of quantum methods difficult.
Classical molecular dynamics is a technique that describes the time evolution of a
chemical system at the atomic level by solving Newton’s equations of motion.
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Within this framework, the temporal behavior of a system composed of N
interacting particles each of mass m;is described by the following equations:

aZT'i
F;, = _vriV(rlr w1y, ...,TN) =m; Sz (2.6)

where F; is the force acting particle / described by position vector r; and with the
potential energy function (or force field), which depends on the positions of all N
particles in the system. The resulting equations constitute a system of coupled
second-order, nonlinear differential equations that must be numerically integrated
step-by-step using appropriate integration techniques. To perform an MD
simulation, it is necessary to precisely define several initial parameters, including:
the initial conditions of the system, namely the positions and velocities of the
particles at the initial time; the time step 6t used for the numerical integration of the
equations of motion; a model of interatomic interactions, a force field; and the
boundary conditions [28].

The initial atomic positions in biomolecules can be obtained from experimental
data, such as crystallographic structures available in databases (e.g., Protein Data
Bank [29]), or, in the absence of experimental data, through predictive methods. In
this latter context, the use of AlphaFold [30] is particularly noteworthy: an artificial
intelligence-based system developed by DeepMind, capable of predicting with high
accuracy the three-dimensional structure of a protein solely from its amino acid
sequence.

The initial velocities of particles are commonly assigned randomly, according to a
Maxwell-Boltzmann distribution centered on the desired temperature, and
subsequently corrected to remove any translational or rotational motion of the
entire system (i.e., to eliminate angular momentum and center-of-mass velocity)
[28].

MD simulations produce trajectories containing detailed information about the
position and velocity of each particle over time. Through statistical mechanics, this
information can be correlated with observable macroscopic properties. A central
conceptinthis contextis the statisticalensemble, defined as an ideal set of system
copies, each in a microscopic state compatible with the same macroscopic
conditions (such as temperature, pressure, and number of particles).

Depending on the type of simulation and the conditions to be reproduced, different
thermodynamic ensembles can be employed:

— NVE ensemble (microcanonical): keeps the number of particles, volume, and
total energy of the system constant. In this ensemble, the kinetic energy (and
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thus the temperature) can fluctuate. It is useful for studying energy conservation
or exploring the potential energy surface, but is less suitable during initial
equilibration phases [31].

— NVT ensemble (canonical): keeps the number of particles, volume, and
temperature constant through the use of thermostats. Itis commonly employed
to study conformational dynamics, such as protein folding in the gas phase or
under controlled conditions [32].

— NPT ensemble: maintains the number of particles, pressure, and temperature
constant by using both thermostats and barostats. This ensemble is particularly
suited for simulations under conditions similar to experimental setups, allowing
adjustment of system volume and density [33].

Explicit Solvent and Periodic Boundary Conditions.

A crucial aspect in modelling realistic biological systems is the accurate
representation of the solvent environment. The simplest approach involves using
animplicit solvent model, where the effects of the solvent (e.g., water) are mediated
by a constant dielectric parameter (). However, many biomolecular processes,
such as the interaction between a ligand and its receptor, strongly depend on the
explicit presence and dynamics of water molecules. For this reason, more accurate
simulations employ explicit solvent models, in which water molecules (e.g.,
according to the TIP3P model) [34] and ions (necessary for electrical neutrality) are
represented at the atomic level.

In this context, the biomolecular system is immersed in a solvent box with sufficient
margins around the target molecule. To simulate an “infinite” system and reduce
surface effects, periodic boundary conditions (PBC) [35] are applied. As illustrated
in Figure 2.3, the simulation box is replicated in all directions of Cartesian space,
generating a periodic system where each particle interacts not only with other
particles within its cell but also with images present in adjacent cells.
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Figure 2.3: Two-dimensional representation of periodic boundary conditions, where a

particle leaving the simulation box is automatically reinserted at the equivalent position in
the adjacent boxes (Democritus: Periodic Boundary Condition, University of Bath).

Thanks to the exponentialincrease in computational power, MD-based methods for
studying ligand-protein binding have become increasingly widespread. These
approaches can be broadly divided into two main categories: Methods for
calculating binding affinity, which provide thermodynamic information (end-state
methods). Methods aimed at understanding the binding mechanism, which
describe the association or dissociation pathways of the ligand.

The first category includes the so-called end-state methods, based on the principle
that free energy is a state function: it depends only on the initial (unbound) and final
(bound) states, not on the pathway taken [36]. These methods are generally applied
in post-processing, exploiting data obtained from MD simulations.

Examples of these methods include:

— Linear Interaction Energy (LIE) [37],

— MM-PBSA (Molecular Mechanics Poisson-Boltzmann Surface Area) [38] and
MM-GBSA (Molecular Mechanics Generalized Born Surface Area) [39]

— Alchemical methods, such as Thermodynamic Integration (Tl) [40] and Free
Energy Perturbation (FEP) [41].

The second category, instead, includes Physical Pathway (PP) methods [42]. These
allow the direct simulation of the entire process of ligand binding or unbinding,
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enabling not only the calculation of thermodynamic properties but also kinetic
properties, as well as the analysis of energy barriers and intermediate states along
the pathway.

2.2 Molecular Docking

Molecular docking is one of the fundamental techniques in computational
chemistry applied to the study of biological systems. Although sometimes
described as a “simplified” method, docking fully belongs to classical mechanics-
based methodologies, employing an energetic description that integrates key
physical terms such as electrostatic interactions, van der Waals forces, hydrogen
bonds, and hydrophobic interactions [43]. It is a computational strategy used to
predict the interaction between two or more molecules, typically between a protein
(receptor) and a small ligand, but also applicable to protein-protein or enzyme-
substrate complexes. Such interactions play a crucial role in numerous biological
processes, including gene regulation, enzyme inhibition, and the degradation of
refractory substrates.

Within molecular modeling, docking enables the prediction of the most probable
orientation (pose or binding mode) of the ligand inside the active site of a biological
macromolecule, based on enzyme structures available in structural databases
(e.g., PDB), and estimates the interaction strength (binding affinity) through
appropriate scoring functions.

The docking process is divided into two main phases:

— Sampling: exploration of the ligand’s conformational space (and sometimes the
receptor’s), using search algorithms to generate a set of possible poses [44],

— Scoring: quantitative evaluation of the generated poses, using scoring functions
that approximate the free binding energy, selecting the energetically most
favorable configurations [45].

Afundamental distinction in docking protocols is between rigid docking and flexible
docking (see Figure 2.4).
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Figure 2.4: Conceptual representation of the main molecular docking strategies
A) Rigid docking; B) Flexible docking.

Inrigid docking methods, both the receptor and the ligand are treated as static, non-
deformable structures, whereas in flexible docking methods, at least the ligand
(and in some cases selected residues of the active site) can adopt different
conformations during the interaction [46].

Early rigid docking algorithms were based on geometric alignment techniques such
as Shape Matching (SM) or Fast Fourier Transform (FFT), in which molecules were
considered rigid bodies with six degrees of freedom (three translational and three
rotational) [47,48].

Today, thanks to advances in computational approaches, it is possible to model
conformational flexibility with greater realism. The main strategies for flexible
dockinginclude:

— Systematic approaches, where the ligand is divided into fragments that are
individually positioned within the active site and subsequently reconstructed
through a procedure known as anchoring and growth [49],

— Stochastic approaches, which use probabilistic methods to explore
conformational space in search of the global energy minimum (e.g., Monte
Carlo, Simulated Annealing, Particle Swarm Optimization) [50],

— Deterministic approaches, based on molecular dynamics simulations, which
allow observing the temporal evolution of ligand-receptor interactions [51].

Once the poses are generated, their predictive value relies on scoring functions,
which can be classified into several categories:
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— Force field-based (MM): employing functions derived from molecular
mechanics, explicitly considering van der Waals and electrostatic interaction
terms [52],

— Empirical: based on statistical parameters derived from complexes with known
affinity, calibrated to reflect relevant thermodynamic contributions [53],

— Knowledge-based: derived from statistical analyses of large datasets of
crystallographic structures, representing a form of learning grounded in
experimental evidence [54],

— Consensus scoring: combining multiple scoring functions to mitigate the
intrinsic limitations of each method and improve overall predictive reliability
[55].

The scoring function is employed to estimate the binding affinity between a ligand
and its receptor by approximating the free binding energy (AGyuing). This
approximation is expressed by the following equation [56]:

SCOTe = WSCS + WhCh + WNBENB + WDesEDes + .- (2.7)
Where:

e Score: estimated binding affinity between the ligand and the receptor,
approximating the AGyping

e C,: steric complementarity between ligand and receptor, describing how well
their shapes fit together

e Cp: hydrophobic contribution, quantifying favorable interactions between
nonpolar regions

e Ens:non-covalent energy, including van der Waals and electrostatic interactions

e Epes: desolvation energy, representing the energetic cost of removing water
molecules from the binding site

o W, Wh Wns, Wpes: Weighting coefficients that adjust the relative importance of
each termin the overall score

e ... optional additional contributions, e.g., hydrogen bonding, torsional
penalties, or other interaction terms depending on the scoring function used.

The scoring function integrates multiple physical contributions to provide an
estimate of how strongly a ligand binds to its receptor.
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2.2.1 AutoDock 4.2

In the context of the present thesis, the AutoDock 4.2 software[57] was employed
to perform the molecular docking studies presented herein, particularly those
described in Paper I. AutoDock 4.2 is one of the most established and widely used
programs for predicting interactions between ligands and biological receptors,
thanks to the implementation of a semi-empirical scoring function based on an
empirical force field. The AutoDock scoring function integrates a detailed
thermodynamic description of the binding process, including intramolecular
contributions and an explicit approximation of desolvation. Specifically, the energy
model considers the favorable energetics associated with the removal of the
solvent environment around apolar atoms (such as carbon), balanced against the
unfavorable desolvation of polar or charged atoms, thus reflecting a realistic
interplay of solvent-solute interactions during molecular binding. To efficiently
explore the conformational space of the ligand and receptor, AutoDock 4.2 employs
a Lamarckian Genetic Algorithm (LGA) as its primary sampling method, which
combines global search via a genetic algorithm with local optimization to refine
binding poses.[58]

AutoDock 4.2 calculates intermolecular interactions through pairwise terms, i.e.,
considering interactions between atom pairs, and incorporates an empirical
evaluation of solvent effects. Unlike classical force fields that model the solvent
explicitly, often neglecting entropic contributions, AutoDock 4.2 treats the solvent
as a continuous dielectric medium. Within this framework, models such as the
Poisson-Boltzmann Surface or the Generalized Born Surface Area (GBSA) [59,60]
can be used for a more accurate description of electrostatic screening by the
solvent. Another relevant aspect of the approach implemented in AutoDock is the
assignment of atomic charges using the Gasteiger-Marsili method [61] which
enables a rapid estimation of charge distributions necessary for calculating
electrostatic interactions within the ligand-receptor complex.

In summary, AutoDock 4.2 constitutes a versatile and robust tool for studying
molecular interactions, providing a balance between physicochemical accuracy
and computational efficiency, both essential for in silico screening and predictive
analysis in inhibitor design.

2.2.2 AutoDock Vina

For the analyses conducted in Paper Il, the AutoDock Vina software [62] was used,
which implements a semi-empirical scoring function based on explicit pairwise
terms, including van der Waals, electrostatic, hydrophobic interactions, and
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hydrogen bonds. This function also incorporates an empirical component that
implicitly accounts for solvent effects, contributing to a more realistic
representation of the binding process. Electrostatic interactions are calculated
using Gasteiger-Marsili atomic charges [61] automatically assigned to ligands and
receptors. This allows for an efficient estimation of Coulombic interactions,
although simplified compared to more sophisticated methods. To efficiently
explore the conformational space of the ligand and receptor, AutoDock Vina
employs an Iterated Local Search (ILS) algorithm[63], which iteratively generates
random ligand poses and refines them through local optimization to identify
favorable binding conformations.

In the same study, AutoDock Vina was also chosen for its higher computational
speed and ease of use, features that proved crucial given the considerable size of
the substrate analyzed. However, it is important to highlight that, compared to
AutoDock 4.2, Vina adopts a more simplified representation of electrostatic
interactions, treating them less explicitly. This simplification enables a significant
increase in computational efficiency, albeit at the cost of some loss of detail in the
description of specific energetic contributions.

2.2.3 Glide

For the study described in PE-laccase investation, the molecular docking software
Glide (Grid-based Ligand Docking with Energetics) [64] was employed. Glide offers
two main operational modes: Glide SP (Standard Precision) and Glide XP (Extra
Precision). These modes differ in the depth of conformational sampling and the
complexity of the scoring function used.

— Glide SP utilizes fast and less rigorous algorithms, making it particularly suitable
for high-throughput virtual screening of large compound libraries [65].

— Glide XP, on the other hand, employs more sophisticated sampling strategies
and a more elaborate scoring function, resulting in higher computational cost.
Itis preferred for more detailed analyses on smaller ligand sets [66].

In the present work, the Glide SP mode was adopted as it is better suited to
efficiently manage the volume of data and system complexity while maintaining a
good balance between accuracy and computational time.

Gliderelies onthe GlideScore scoring function [67], an empirical function optimized
from ChemScore [68] and enhanced with numerous additive terms to refine binding
affinity estimation. This function thoroughly considers hydrophobic interactions,
hydrogen bonds, Tt—1t stacking interactions, steric clash penalties, and desolvation
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contributions. Glide models the solvent implicitly as a continuous dielectric
medium, without resorting to explicit water simulations. Another distinguishing
feature of Glide lies in its method for assigning atomic charges: instead of the
simplified Gasteiger-Marsili charges (used in AutoDock 4 and AutoDock Vina), Glide
employs charges derived from accurate force fields [61], specifically OPLS
(Optimized Potentials for Liquid Simulations) [69]. This enables a more reliable
description of the electrostatic interactions between the ligand and the receptor’s
active site. Due to these characteristics, Glide represents an extremely efficientand
accurate tool for in-depth studies of small substrates, as demonstrated in Paper ll.

2.3 Quantum Mechanics methods

Quantum mechanical (QM) methods are essential tools in theoretical chemistry for
accurately describing electronic structure and molecular properties. Unlike
classical approaches, which rely on empirical potentials and simplified models,
QM methods are based on the exact or approximate solution of the Schrodinger
equation, which represents the fundamental principle for analyzing the stationary
properties and time evolution of quantum systems [70]. However, the direct
application of this equation to systems with many electrons is impractical due to its
computational complexity, which increases rapidly with the number of particles. As
aresult, exact solutions are only attainable for very simple systems, making the use
of approximations and advanced computational strategies necessary for studying
more complex molecular systems.

Among the main QM methods are:
Ab initio methods:

Hartree-Fock (HF): Approximates the wavefunction as a single Slater determinant;
it neglects dynamic electron correlation [71]. Post-Hartree-Fock methods [72],
which include:

— Magller-Plesset perturbation theory (MP2, MP3, MP4): Corrects the HF energy by
including electron correlation via perturbation theory.

— Configuration Interaction (Cl): Expands the wavefunction over multiple
electronic configurations to better describe correlation.

— Coupled Cluster (CC): A highly accurate method that includes electron
correlation through exponential excitation operators.
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Density Functional Theory (DFT) [73]: Based on the electron density rather than
the wavefunction, employing various functionals (e.g., BSLYP, PBE) that balance
accuracy and computational cost.

Semi-empirical methods [74]: Introduce simplifications and empirical parameters
to reduce computational cost, such as AM1, PM3, and PM6. These are useful for
large molecules, though less accurate than ab initio methods.

Hybrid quantum mechanical/molecular mechanical (QM/MM) methods [75]:
Combine a QM-treated region (e.g., the active site of an enzyme) with a surrounding
region treated using molecular mechanics (MM), to balance accuracy and
computational time for large systems.

Among the various available quantum mechanical approaches, Density Functional
Theory (DFT) has emerged as one of the most widely used methods for studying
medium-sized chemical and biological systems. DFT provides an effective
compromise between accuracy and computational cost, allowing for the analysis
of relatively large systems with satisfactory precision. Thanks to this combination,
DFT is well suited for modelling chemical reactions, analysing ligand-receptor
interactions, and predicting spectroscopic properties.

In the present chapter, the theoretical principles underlying DFT and its application
in the contexts relevant to this work will be explored in detail.

2.3.1 Density Functional Theory (DFT)

The intrinsic limitation of quantum chemistry methods is the direct use of the wave
function to describe many-electron systems, making the numerical treatment of
complex systems computationally prohibitive. In Density Functional Theory (DFT),
the electronic structure of an atomic or molecular system is determined using the
three-dimensional electron density p(r) as the fundamental variable. This
represents a major simplification compared to traditional quantum chemistry
methods, which are based on the 3N-dimensional (or 4N when spin variables are
included) wavefunction, where N is the number of electrons in the system. Density
Functional Theory (DFT) has emerged as one of the most established methods [73].
DFT enables the study of many-particle electronic systems by using the electron
density p(r), a function dependent only on the spatial coordinates (X, y, z), instead of
the wave function, which depends on several variables proportional to the number
of electrons. This paradigm shift leads to a significant simplification of the quantum
mechanical problem. The earliest attempts in this direction date back to the
Thomas-Fermi model of 1927, which described the electronic energy of a system by
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treating it as a uniformly distributed electron gas. The electron density p(r) can be
expressed as:

p(r)= N [ . |P(xy,xp, ... xp)| 2dxydx, ... dx, (2.8)

Even in systems containing multiple electrons, the electron density, neglecting spin
variables, depends solely on three spatial coordinates, regardless of the number of
electrons involved. This characteristic represents one of the main advantages of
Density Functional Theory (DFT), as it allows for a simplified treatment of complex
electronic systems. The theoretical foundations of modern DFT are based on two
theorems formulated by Hohenberg and Kohn in 1964, and on the subsequent
formalism developed by Kohn and Sham in 1965.

— First Hohenberg-Kohn theorem: This theorem states that, for an electronic
system in its ground state, there exists a one-to-one correspondence between
the electron density p(r) and the external potential v(r). As a consequence, the
density uniquely determines the Hamiltonian, the wave function of the system,
and all its observable properties [76].

— Second Hohenberg—-Kohn theorem: This theorem establishes the existence of a
universal energy functional dependent on the electron density, which reaches
its minimum for the ground-state density. Any other trial electron density p(r)
yields an energy greater than or equal to the true ground-state energy.

Ey < Elp(r)] (2.9)

There are two main challenges in Density Functional Theory. The first is that the
electron density must correspond to a wavefunction that is a physically possible N-
electron state, i.e., a solution of the Schrédinger equation. Since the wavefunction
must be antisymmetric due to the Pauli exclusion principle, this gives rise to the
well-known problem of N- and V-representability of the electron density. The second
is to determine the correct functional form E[p]. To improve upon the Thomas-Fermi
model, Kohn and Sham introduced a reference system of non-interacting electrons
with the same density as the real, interacting system. The total kinetic energy can
then be written as:

Tlp] = Ts[p] + Tclp] (2.10)

where T [p] is the kinetic energy of the non-interacting reference system, and T, [p]
is the correction term accounting for electronic correlation. We recall here that
exact kinetic energy functional is known only for non-interacting electrons but not
for realinteracting systems. Because of this, DFT has to use approximations for the
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exchange-correlation functional, which needs to account for the gap between the
real kinetic energy of interacting electrons and the one calculated for non-
interacting electrons. This limitation is one of the main challenges in improving the
accuracy of DFT calculations. Using this separation, the universal functional can be
expressed as:

Flp] = Ts[p] + Jlpl + Exc[p] (2.11)

where J[p] is the classical Coulomb (electron-electron repulsion) term, and Exc[p]
is the exchange-correlation functional, which includes non-classical effects such
as the difference between the exact kinetic energy and T's [p], as well as corrections
for electron self-interaction:

Exclpl = (Tlp] — Ts [p]) + (Ecelpl — JIpD (2.12)

Considering an external potential v(r) generated by the nuclear charges, and
neglecting the nucleus—nucleus interactions, the total energy of the real system
becomes:

Elp] = Ts[pl + J[p] + Exc[p] + [ p(Mv(r)dr (2.13)

The only term without an explicit expression is Exc|[p], which represents the main
challenge in Density Functional Theory (DFT). By applying the variational principle
and the method of Lagrange multipliers, the Kohn-Sham equations are obtained
[77]:

1
= SV + vy = ey (2.14)

The effective potential vs includes the exchange-correlation Vi, which is defined as
the functional derivative § of the exchange-correlation energy:

— SExc[p(m)]

a v (2.15)

This formalism is mathematically rigorous and computationally efficient; however,
the exact form of the exchange correlation functional E,.[p] remains unknown. To
overcome this limitation, various types of functionals have been developed, broadly
categorized into pure and hybrid functionals, the latter incorporating a fraction of
Hartree-Fock exchange.

Generally, the functional is expressed as the sum of exchange E, and correlation
contributions E,. :
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Exclp(M] = Ex[p(M)] + Ec[p(r)] (2.16)

Among the most widely used approaches are hybrid functionals, which combine
exchange and correlation terms from LSDA [78] and GGA [79] with a fraction of
Hartree-Fock exchange. Well-known examples include B3LYP [80], M06 [81], and
PBEO [82].

Since many traditional DFT methods exhibit limitations in accurately describing
long-range dispersion interactions, specific corrective approaches have been
developed to incorporate these effects [83]. In DFT-D, an additional empirical or
semi-empiricalterm Egisp is added to the conventional DFT energy to account forvan
der Waals interactions between atoms or molecules. The total energy is therefore
expressed as:

Eprr—p = Eppr + Eaisp (2.17)

Here, Eprr is the standard DFT energy (including kinetic, Coulomb, and exchange-
correlation contributions), and Eaisp is the dispersion correction. Several widely used
schemes exist for Egsp, such as Grimme’s D2, D3, D4, and the nonlocal VV10
functional, which differ in how the dispersion interactions are modelled and
parametrized.

This correction allows DFT calculations to more accurately predict noncovalent
interactions, adsorption energies, and intermolecular forces, making it especially
important in studies of molecular complexes, biomolecules, and materials

2.3.2 QM cluster approach

In the investigation of PAH oxidation by laccases, QM cluster approach [84] was
adopted to investigate the possible reaction mechanism. Since biological systems
are generally too complex to be fully described using quantum mechanical
methods, such as wavefunction-based approaches or Density Functional Theory,
the QM cluster approach represents an effective strategy to simplify the system
while maintaining accuracy in describing local chemical interactions at quantum
chemistry level [85,86]. This method, among the first developed for mechanistic
studies of enzymes, involves constructing a reduced model derived from the
enzyme’s three-dimensional structure. An appropriate number of atoms is selected
based on computational resources and the chosen theoretical level, including the
portion of the enzyme directly involved in the reaction. This portion comprises
substrates and reactive atoms, active site residues essential for catalysis,
stabilizing residues interacting with the substrate or maintaining the active site
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conformation, and residues involved in short- or long-range interactions with the
reactive atoms (see Figure 2.5).

®AA ®
AA AA®
®

Figure 2.5: General scheme of a QM cluster model for the metalloenzyme active site. In this
approach, the enzyme active site is modelled using quantum mechanical (QM) methods.
The model includes the key residues involved in the catalytic mechanism, which are
truncated to retain only the side chains, while the main backbone is generally omitted. The
alpha carbon atoms (Ca, marked with stars) at the truncation points are kept fixed during
the geometry optimization to preserve structural integrity. The rest of the enzyme, outside
the QM region, is not explicitly modelled but is represented as a homogeneous polarizable
continuum characterized by a dielectric constant chosen to simulate the electrostatic
influence of the protein environment.

In the specific case of metalloenzymes, the distinction between the first and
second coordination spheres of the metal aids in model selection, as the reactivity
is strongly influenced by electronic interactions with the metal ion. For such
systems, an effective cluster typically includes between 100 and 300 atoms,
depending on the complexity and the role of the metal in the reaction. Density
Functional Theory (DFT) calculations are performed on this reduced modelto obtain
an accurate description of the local chemistry. To account for the surrounding
protein environment, long-range effects are introduced via a continuum dielectric
model, which simulates the electrostatic influence of the enzymatic environment
as a homogeneous polarizable medium [87-89]. It is important to note that the
influence of the dielectric constant decreases as the cluster size increases. To
represent steric effects, some atoms, typically side chain atoms and backbone
atoms (alpha carbon and hydrogens), are constrained to their crystallographic
positions at the cluster boundaries. The selection of atoms to constrainis crucialto
ensure the stability and realism of the model. This approach allows significant
computational savings, making high-level quantum mechanical methods feasible.
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It is particularly suitable for distinguishing between alternative catalytic
mechanisms and for detailed studies of localized reactions, such as those involving
metals. However, it also has some limitations: excluding most of the enzymes may
lead to the loss of relevant long-range effects; enzyme flexibility and dynamic
conformational changes occurring during the reaction are not considered;
moreover, results can be sensitive to the selection of included residues. The use of
a dielectric model may also represent an oversimplification of the actual protein
environment. To overcome some of these limitations, in the second paper, the QM
cluster approach was integrated with classical molecular dynamics (MD)
simulations to explore conformational changes of the protein and achieve a more
comprehensive description of the enzymatic system under study. The main
limitations of the QM cluster model lie in its neglect of long-range interactions and
its inability to accurately capture the conformational flexibility of large enzymes
[90]. In particular, reactions involving charge variations or requiring redox potential
calculations cannot be properly addressed within this framework. To overcome
these limitations, Warshel and Levitt introduced the hybrid QM/MM approach in
1976 [91].

2.4 Hybrid QM/MM

QM/MM is a hierarchical quantum chemistry method that integrates quantum
mechanics (QM) for the reactive region with molecular mechanics (MM) for the
remainder of the system. The QM region encompasses the active site, the
substrate(s), and the residues directly involved in the reaction. It is treated using
quantum mechanics to accurately capture chemical interactions, such as bond
formation and cleavage. The MM portion encompasses the remainder of the enzyme
and its surrounding environment, modeled using classical molecular mechanics
force fields [92]. In the cluster method, solvation of the QM region is usually
described by a continuum dielectric model, often with a fixed dielectric constant
(e.g., € = 4). By contrast, in QM/MM approaches, the solvation, and thus the
interactions of the QM region with the environment, are explicitly considered at least
at the classical level. This represents a clear advantage, since it allows a more
realistic description of the system without the need to treat the entire environment
quantum mechanically.

On the other hand, QM/MM methods necessarily require the definition of a
boundary between the QM and MM regions. This introduces potential drawbacks:
artificial effects at the interface, difficulties in treating covalent bonds that cross the
boundary, and the need for link atoms or capping schemes, which may affect the
accuracy of the simulation if not carefully handled.
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This approach allows the investigation of protein chemical processes by combining
the computational efficiency of MM techniques with the accuracy of QM
calculations. QM/MM methods can be classified into two main types:

— Additive method: Mutual polarization between the QM and MM regions can be
accounted for at the MM level, without requiring direct communication between
QM and MM calculations. QM and MM energies are computed separately, with
an interaction term describing their coupling. In principle, this approach is the
most accurate, as the interaction term can be treated at either the MM or QM
level, and the polarization of the QM region can be included in the QM
calculation [93].

Eior = Eou(QM) + Eypy(MM) — Ej (QM + MM) (2.18)

— Subtractive method: Energy corrections are applied to remove overlaps and
inconsistencies between the QM and MM regions [93].

Etor = Equ(QM) + Eyy(QM + MM) — Eyy (QM) (2.19)

The general formulations of the system's total energy are reported for the two
models: additive (2.18) and subtractive (2.19).

The QM/MM approach enables detailed chemical analysis of the active site using
QM while maintaining computational efficiency by treating the surrounding
environment with MM. This allows the study of enzymatic reactions in realistic
biological contexts. The method offers flexibility through various boundary
treatments and embedding schemes, and it facilitates comparison of mechanistic
predictions with experimental data.

The main limitations include the complexity of system preparation, the necessity of
accurately defining QM/MM boundaries, and the risk of artifacts at covalent bonds
crossingtheinterface. Accuracy depends on the choice of QM and MM methods and
their parameters, particularly at the QM/MM interface. Although more efficient than
full QM simulations, QM/MM remains computationally demanding compared to
purely MM approaches, especially for large QM regions or when employing high-
level QM methods [94].
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2.5 String method

The string method is a computational technique used to determine Minimum Free
Energy Pathways (MFEPs) [95] in complex molecular systems, such as chemical
reactions and conformational transitions of proteins and enzymes. The reaction
pathway is represented as a discrete sequence of configurations, or “images,”
which are iteratively updated according to the forces acting on the system, while
maintaining approximately uniform spacing along the string. This approach allows
efficient identification of the most probable pathway between initial and final
states, highlighting rare transitions that would be difficult to access through direct
simulations. In contrast, Free-Energy Perturbation (FEP) directly computes the free
energy difference between two states via statistical sampling, whereas the String
Method focuses on the most probable transition pathway rather than solely on the
energy difference.

When the string method is combined with QM/MM approaches [96], the string
images can be propagated using calculations that integrate quantum mechanics in
the active site of the enzyme with molecular mechanics for the surrounding
environment. In this context, the choice between an additive or subtractive scheme
concerns howthe QM and MM energies are combined: in the additive approach, QM
and MM energies are computed separately and coupled through an interaction
term, whereas in the subtractive approach, corrections are applied to remove
overlaps and energetic inconsistencies. Integrating the string method with either
QM/MM formulation allows for the tracing of realistic reaction pathways, the
identification of transition states and reactive intermediates, and the accurate
quantification of energy barriers, accounting both for the detailed chemistry of the
active site and the influence of the protein and solvent environment.

This method is employed in the third work of the first section as an approach for
studying the degradation mechanism of polyethylene.

2.6 Used Software

The computational protocol adopted for the initial construction of the substrates
was consistent across the analyzed systems, with variations only in the choice of
specific molecular docking software depending on the nature of the substrate.
Below, the main software tools and methodologies employed are outlined.

System and protein preparation were performed using AntechamberTools (tLeap
module) [97], which allowed for system neutralization through the addition of Na™*
and CLl™ ions and solvation of the complex within an explicit water box using the
TIP3P model.
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Force field parameters were also assigned using AntechamberTools: for proteins,
the AMBER 99SB force field [98] was used (Papers |, lll) and 14SB [99] (Papers I, IV,
V); for substrates, the General AMBER Force Field (GAFF) [22] (Papers I, 11, lIl) and
GLYCAMO6-J [23] (Paper IV) were employed. All DFT calculations were carried out
with the TURBOMOLE 7.4 suite [100] (Paper IlI). Molecular dynamics (MD)
simulations were conducted using GROMACS, employing the AMBER force fields
(99SB and 14SB) for proteins, as previously mentioned, and the TIP3P model for
water. Equilibrated structures were obtained starting from crystallographic data or,
when necessary, from predictions generated by the AlphaFold software [30].
Trajectory analysis and data extraction were performed using GROMACS 2020
[101], VMD [102], and CAVER 3.0[103], the latter specifically for tunnel and channel
analysis. Finally, visualization and figure preparation were carried out with VMD,
UCSF Chimera (version 1.16) [104], and ChimeraX [105].
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Chapter 3

Summary of the Contributions

This chapter presents the summary of the results of the present thesis. The results
are organized into two sections, based on the nature of the substrates that the
investigated enzymes are capable of degrading.

First Section, which comprises:

— Temperature-Dependent Dynamics of FAST-PETase in PET Depolymerization (l)

— Non-Phenolic Aromatic Substrate Oxidation by the T1 Copper Site of Trametes
versicolor Laccase (ll)

— Laccase-Catalyzed LDPE Oxidation: Interplay of Binding and Redox Effects (lll)

It is dedicated to enzymes capable of degrading synthetic, non-biodegradable
substrates. In this area, the research aimed to understand, at the molecular and
atomic levels, the mechanisms of interaction and catalysis of degradative enzymes
(such as FAST-PETase and various laccases) in the degradation of plastic polymers
and aromatic compounds (PAHs). The goal was to identify structural, dynamic, and
redox factors that influence their catalytic efficiency and to provide a basis for
enzyme engineering aimed at developing sustainable biotechnological solutions for
bioremediation.

Second Section, which includes (both work in progress):

— Enhanced Fatty Acid Decarboxylation by CYP450SPa Mutants: A Dynamic
Comparison with OLleTJE (IV)

— Dynamic Insights into LPMO SmAA10 and B-Chitin Interactions (V)

Focuses on the study of metalloenzymes capable of degrading biodegradable
substrates (CYP152 and LPMOQO). Particular attention is given to the molecular
mechanisms governing the interactions between these macromolecular substrates
and the degradative enzymes. The primary objective is to understand these
processes to facilitate the efficient and sustainable valorization of biomass. Each of
the enzymatic systems analyzed is involved in the biological degradation of complex
and recalcitrant substrates, of both synthetic and natural origin. Clarifying the
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molecular mechanisms underlying these processes is therefore crucial, as they

drive catalytic activity. In this context, computational methodologies offer a

significant advantage, as they enable the atomistic-level exploration of dynamics

and interactions within the active site. These insights, often inaccessible through

experimental techniques alone, are essential to guide the rational design of more

efficient engineered enzymes for applications in both bioremediation and biomass

valorization.

For clarity and reference, Table 3.1 summarizes all the works included in this thesis,
showing both the titles used throughout this summary and their original published

titles.
Paper Harmonized Title Original Title
On the Role of Temperature in the
Temperature-Dependent Depolymerization of PET by FAST-PETase: An
| Dynamics of FAST-PETase in Atomistic Point of View on Possible Active Site
PET Depolymerization Pre-Organization and Substrate-Destabilization
Effects [1]
Non-Phenolic Aromatic Mechanism of non-phenolic substrate oxidation
i Substrate Oxidation by the T1 by the fungal laccase Type 1 copper site from
Copper Site of Trametes Trametes versicolor: the case of benzo[a]pyrene
versicolor Laccase and anthracene [2]
Laccase-Catalyzed LDPE Compa.ratlve analysis of Polyethyler?e-
o - Degrading Laccases: Redox Properties and
i Oxidation: Interplay of Binding . .
Enzyme-Polyethylene Interaction Mechanism
and Redox Effects (3]
Enhanced Fatty Acid
Decarboxylation by Rational Design of CYP450SPa Mutants for
v CYP450SPa Mutants: A Enhanced Lipid Waste Conversion: Dynamic
Dynamic Comparison with Comparison with OleTJE (in progress)
OleTJE
Dynamic Insights into LPMO 878 e eveenase (LMO)
V. SmAA10and B-Chitin Y y ve

Interactions

SmAA10 and its interactions with B-chitin (in
progress)

Table 3.1: Lists the papers published and in preparation presented in this thesis.
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3.1First section - In Silico Investigation of Enzymatic
Degradation of Non-Biodegradable Waste

This section focuses on the computational study of two distinct enzymes capable
of degrading non-biodegradable waste.

The first is a bacterial hydrolytic enzyme, PETase, isolated from /deonella
sakaiensis, which has been extensively studied for its ability to degrade PET [4]
PETase acts synergistically with MHETase [5] in the depolymerization of this
recalcitrant synthetic polymer (l).

Laccases represent the second enzymatic system [6] Oxidizing metalloenzymes are
widely distributed across fungi, bacteria, plants, and animals. These enzymes
exhibit broad substrate promiscuity, oxidizing a diverse range of compounds,
including aromatic molecules and synthetic polymers. Although the natural
substrate of fungal laccases is primarily lignin, numerous studies have
demonstrated their effectiveness in degrading PAHs, such as anthracene and
benzo[a]pyrene [7] (Il). More recent studies have also highlighted the ability of
certain bacterial laccases to interact with and oxidize highly recalcitrant aliphatic
hydrocarbons, such as LDPE [8] (llI).

From a computational perspective, itis therefore essential to explore the molecular
mechanisms of action of key bioremediation enzymes, such as those mentioned
above, particularly in the context of degrading recalcitrant synthetic polymers. The
ultimate goal is to support the development of sustainable biotechnological
strategies for managing and recycling plastic waste.

3.1.1 Temperature-Dependent Dynamics of FAST-PETase in PET
Depolymerization

PET is a polymer that has been widely used globally since 1941. However, its
extensive use has led to serious environmental concerns due to its resistance to
degradation and the massive accumulation of plastic waste. Among the few
biological systems capable of degrading PET at moderate temperatures, particular
attention has been given to PETase, a bacterial enzyme isolated from I/deonella
sakaiensis [4], which works synergistically with MHETase [5] to efficiently
depolymerize this synthetic material.

More recently, machine learning-guided engineering has led to the development of
an enhanced enzyme variant, named FAST-PETase (see Figure 3.1) [9] which
exhibits improved catalytic activity and a broad operational temperature range (30—
60 °C), with peak efficiency around 50 °C. This variant is capable of completely
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degrading heat-treated plastic bottles, significantly increasing the industrial
application potential of PETase enzymes.

A. wtPETase B. FAST-PETase

R280 A280

Figure 3.1: Crystallographic structures of A. PETase and B. FAST-PETase. In B, the
engineered residues introduced through modifications relative to the wild-type enzyme
(PETase) are highlighted in red. These mutations are responsible for the enhanced catalytic
activity of FAST-PETase.

In Paper I, to investigate in detail and atomistic terms the interaction mechanism
between FAST-PETase and the PET substrate (shown in Figure 3.2), molecular
dynamics (MD) simulations were performed on both the apo form of the enzyme and
the enzyme-substrate complex with a tetrameric PET model (4PET), at
temperatures of 30 °C and 50 °C.

Figure 3.2: Chemical structure of the repeating monomeric unit of PET, formed by the
condensation of terephthalic acid and ethylene glycol, resulting in a polymer chain with
ester linkages connecting aromatic units (benzene rings) and aliphatic segments.

The objective was to understand how temperature variations influence the
conformational dynamics of the enzyme and its interaction with the substrate,
considering that 50 °C represents the optimal condition for catalytic activity.
Simulations were initiated using the crystallographic structure of FAST-PETase
(PDB ID: 7SH6), and the substrate was modeled as a four-unit oligomer (4PET) to
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better represent the complexity of the enzyme—substrate interaction. Substrate
parameters were derived from quantum mechanical calculations and specific force
fields, ensuring an accurate representation of the system. After system preparation
(including solvation with water and neutralization with ions), production
simulations were performed for 300 nanoseconds for each temperature and
enzyme/substrate state. Analysis of the simulations revealed that the
conformational response of FAST-PETase is strongly temperature-dependent.
Specifically, at 50 °C, the apo form of the enzyme exhibited greater amplitude and
frequency of fluctuations in regions near the active site, particularly in the E204-
P210 loop and surrounding areas, which appeared less mobile at 30 °C. These
fluctuations led to the formation of larger and more numerous surface cavities,
potentially enhancing substrate accessibility and binding in the active pocket, and
suggesting a structural pre-organization of the catalytic site at 50 °C.

In the FAST-PETase:4PET complex, simulations at 50°C showed increased
structural plasticity of the enzyme, which promoted greater lipophilicity of the
active site. This facilitated the stabilization of the PET aromatic rings, which were
more effectively anchored by key residues such as W185 and T87 through
hydrophobic and -1t stacking interactions, crucial for maintaining the substrate in
a catalytically competent configuration. Such stabilization enabled the formation
of a particular substrate conformation, referred to as the “W-shaped” conformation
(see Figure 3.3), characterized by an extended arrangement of the 4PET oligomer on
the binding site surface, in stark contrast to the “wrapped” conformation
predominantly observed at 30 °C. The “W-shaped” conformation was not observed
in simulations of the wild-type enzyme nor those of the free substrate in solution at
various temperatures, suggesting that the structural environment provided by
FAST-PETase at 50 °C is essential for its formation. This conformation is further
stabilized by a salt bridge between the engineered lysine (K233) and aspartic acid
(D204), as well as additional interactions involving R90, which collectively help
maintain the substrate in an optimal position for nucleophilic attack.
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Figure 3.3: “W-shaped” conformation adopted during molecular dynamics (MD) simulation
by the PET fragment within the active site of FAST-PETase. This conformation suggests an
optimal substrate fit to the catalytic site, promoting enzyme-substrate interaction and
facilitating polymer hydrolysis.

The distances between the carbonyl groups of PET and the catalytic residues S160
and M161 were more frequently found within the optimal range for catalysis at 50
°C, indicating an improved alignment of the active site for the enzymatic reaction.
To confirm the energetic stability of the conformations, density functional theory
(DFT) calculations were performed on both the “wrapped” and “W-shaped”
substrate conformations. The results revealed that the “wrapped” conformation
corresponds to a high-energy state inaccessible in solution, whereas the “W-
shaped” conformation is energetically favored within the enzymatic environment.

Additional MD simulations of the free substrate at different temperatures confirmed
that the “W-shaped” conformation does not arise in solution, highlighting the
crucial role of the enzyme in promoting high-energy substrate conformations that
facilitate its destabilization and, consequently, catalysis. These atomistic-level
insights demonstrate that the increased flexibility and pre-organization of the FAST-
PETase active site at 50 °C enable the recognition and stabilization of specific,
highly reactive PET conformations, directly explaining the experimentally observed
enhancement in catalytic efficiency. This structural adaptability not only
rationalizes the improved activity of FAST-PETase but also provides a mechanistic
foundation for understanding the subsequent reaction steps in PET hydrolysis.

Proposed Catalytic Mechanism: the hydrolysis of polyethylene terephthalate
(PET) by PETase, particularly its engineered variant FAST-PETase, follows the
classical mechanism of serine hydrolases, based on the catalytic triad S160-H237-
D206. The reaction proceeds through two main stages: acylation, which leads to the
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formation of a covalent acyl-enzyme intermediate, and deacylation, in which this
intermediate is hydrolyzed by a water molecule, resulting in product release and
enzyme regeneration [10,11] (see Figure 3.4). The mutations introduced in FAST-
PETase enhance substrate binding, stabilize key intermediates, and lower activation
barriers compared to the wild-type enzyme.

— Acylation: PET binds to the active site with its ester carbonyl positioned near
S160. The oxyanion hole, formed by Y87 and M161, stabilizes the developing
negative charge, while rt—tt stacking with W185 properly orients the aromatic ring
of the substrate. H237 abstracts a proton from S160, activating it for nucleophilic
attack, while D206 stabilizes the catalytic triad. The nucleophilic attack on the
ester carbonyl generates a tetrahedral intermediate that collapses to form the
covalent acyl-enzyme intermediate.

Deacylation: A water molecule enters the active site and is activated by H237,
becoming nucleophilic and attacking the acyl carbonyl. The oxyanion hole again
stabilizes the formation of a second tetrahedral intermediate. The collapse of
this intermediate regenerates the hydroxyl group of S160 and releases mono(2-
hydroxyethyl) terephthalate (MHET) Subsequently, the MHETase enzyme
catalyzes the final step of hydrolysis, yielding terephthalic acid (TPA) and
ethylene glycol (EG). The enzyme is thus fully restored and ready for another
catalytic cycle [12].
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Figure 3.4: Proposed catalytic mechanism of PET hydrolysis by FAST-PETase. The enzyme
hydrolyzes polyethylene terephthalate (PET) through a two-step serine hydrolase
mechanism involving the catalytic triad S160-H237-D206 and the oxyanion hole formed by
Y87 and M161. In the first stage (acylation), S160, activated by H237 and stabilized by D206,
attacks the ester carbonyl of PET, stabilized by the oxyanion hole. The collapse of this
intermediate results in cleavage of the ester bond and formation of a covalent acyl-enzyme
complex. In the second stage (deacylation), a water molecule, activated by H237, attacks
the acyl carbon, yielding another tetrahedral intermediate. The subsequent collapse of this
intermediate regenerates S160 and releases the hydrolysis products, MHET.

FAST-PETase therefore catalyzes PET hydrolysis through a two-step serine hydrolase
mechanism, with the S160-H237-D206 triad orchestrating proton transfers and
nucleophilic attacks. The engineered mutations, most notably N233K, along with
other substitutions, reshape the hydrogen-bond network and the orientation of
residues within the active site, stabilizing transition states and facilitating formation
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of the acyl-enzyme intermediate. Although the acylation step remains rate-limiting,
the computed activation barrier is reduced to approximately 12.1 kcal mol™’,
compared to 16.5 kcal mol~" for the wild-type PETase [11], consistent with the
experimentally observed enhancement in catalytic efficiency.

These mechanistic insights, derived from multiscale simulations and supported by
structural analyses, provide a robust foundation for the rational design of PETase
variants with improved catalytic activity and thermal stability, contributing to the
development of sustainable PET depolymerization strategies within a circular
economy framework.

3.1.2 Non-Phenolic Aromatic Substrate Oxidation by the T1 Copper
Site of Trametes versicolor Laccase

In the second study analyzed, the focus was on the oxidation of PAHs [7] by the fungal
laccase from Trametes versicolor (TvL) [13], with a specific emphasis on the activation
of the sp” C-H bond, one of the most critical and least understood catalytic steps.
While the oxidation mechanism for phenolic substrates is well-documented, the
activation of non-phenolic substrates such as PAHs remains poorly characterized.
Among these, anthracene (ANT) and benzo[a]pyrene (BaP) (see Figure 3.5) serve as
two model molecules of particular interest due to their environmental relevance
and differing reactivity: ANT can be oxidized even in the absence of mediators,
whereas BaP requires mediators to initiate oxidation, despite having a lower
ionization potential and redox potential compared to ANT.

Figure 3.5: Chemical structures of A. anthracene and B. benzo[a]pyrene. Both molecules

A. B.

belong to the class of PAHSs, characterized by the presence of multiple fused benzene rings.

The study adopted a multiscale computational approach consisting of two phases:
in the first phase, molecular docking simulations were performed to explore the
interaction of the two substrates with the catalytic pocket containing the T1 copper
site. Results showed that both substrates can bind to the active site with
comparable affinity (see Table 3.2), although BaP exhibited a slightly higher affinity.
The crystallographic structure used as a reference for Trametes versicolor laccase
corresponds to PDB code 1KYA, which has been extensively characterized both
functionally and structurally.
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. Docki Best Docki
Substrate T1 distance (A) - ocldng scores estpose Docking

(kcal/mol) (kcal/mol)
ANT 6.78 H458 - F265 0.81 -3,61
BaP 7.20 H458 0.74 -4,07

Table 3.2: Types of docking interactions with the crystallographic structure 1KYA of Trametes
versicolor laccase (TvL) for A. anthracene and B. benzo[a]pyrene. The table reports the main
detected interactions, such as -t stacking.

In the second phase, DFT calculations were performed on cluster models of
increasing complexity to investigate various mechanistic pathways for the initial
one-electron oxidation (1e7), a key step in the catalysis. The only thermodynamically
accessible pathway identified involved a water molecule acting as a nucleophile
toward the oxidized aromatic carbon of the substrate, facilitating the formation of
the C-OH species. The role of water was further confirmed by molecular dynamics
simulations, which highlighted a persistent presence of water molecules in the
catalytic pocket near the T1 copper site. Subsequently, kinetic analysis was refined
by extending the DFT model and calculating the full energy profiles for the two-
electron oxidation (2e~) of both substrates [2]. The oxidation of ANT and BaP by TvL
follows a copper-dependent electron/proton transfer mechanism at the T1 Cu site,
involving two sequential one-electron oxidations mediated by water molecules and
D206 (Figure 3.6). The process can be summarized as follows:

— First one-electron oxidation: The substrate binds near T1 Cu, with D206 and
water molecules forming a hydrogen-bonded network (W1-W5). Electron
transfer from the substrate to T1 Cu occurs, while W4 nucleophilically attacks
the substrate carbon, assisted by proton shuttling via W3 to D206. This
generates a tetrahedral radical intermediate (Int—-Cu(l)) with the central carbon
adopting sp3 hybridization and a partially oxidized substrate.

— Second one-electron oxidation: T1 Cu is re-oxidized, and D206 is deprotonated.
Electron transfer from the substrate occurs again, coupled with proton transfer
via W5 to D206, forming a hydroxy-substituted substrate product. The Cu center
returns to its initial oxidation state (Cu(ll)), completing the catalytic cycle.
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Figure 3.6: Proposed mechanism of ANT and BaP oxidation catalyzed by TvL. The enzyme
uses the T1 Cu site and a structured water network to drive one-electron oxidations, leading
to substrate radical formation and subsequent hydroxylation.

The results revealed that, in the absence of mediators, both ANT and BaP oxidation
exhibit high activation barriers (~30 kcal mol'1), with ANT slightly more favorable,
reflecting experimental observations of minimal BaP oxidation without mediators.
These findings emphasize the crucial role of water molecules as implicit catalytic
cofactors in the T1-mediated oxidation process and provide a mechanistic
explanation for the differential reactivity of ANT and BaP. Overall, this analysis lays
a theoretical foundation for investigating the role of redox mediators and for guiding
future research on enzymatic oxidation of diverse aromatic substrates, including
environmental contaminants and plastic-derived compounds.

3.1.3 Laccase-Catalyzed LDPE Oxidation: Interplay of Binding and
Redox Effects

In the third study examined, the oxidative activity of three different laccases against
LDPE [8] was investigated to understand the structural and redox determinants
underlying their catalytic efficiency (Figure 3.7).

A. HDPE B. LDPE

HsC

CH3

CH;

Figure 3.7: Chemical structures of fragments of high-density polyethylene (HDPE) and low-
density polyethylene (LDPE). A. HDPE exhibits a linear and ordered structure that promotes
the tight packing of polymer chains. In contrast, B. LDPE s characterized by a highly
branched and disordered structure, which reduces its density and crystallinity.
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The focus was placed on two key aspects: the redox potential of the enzyme and its
mode of interaction with the polymeric substrate. Specifically, three enzymatic
systems were compared: the high redox potential fungal laccase from Trametes
versicolor (TvL, PDB ID: 1KYA [13]), The low redox potential bacterial laccase from
Bacillus subtilis (BsL, PDB ID: 3ZDW [14]) and LMCO2 from Rhodococcus opacus
R7, recombinantly expressed in Rhodococcus erythropolis [15] (see Figure 3.8),
which was modeled using AlphaFold2 due to the absence of a crystallographic
structure.

W) A
T1 redox potential

Figure 3.8: Representation of the T1 copper site for A. LMCO2, B. TvL, and C. BsL laccases,
with their respective redox potential values. The bacterial laccases (LMCQOZ2 and BsL)
exhibit typical redox potentials around 400 mV, whereas the fungal enzyme TvL shows a
significantly higher redox potential, consistent with its greater oxidative capacity.

Following the production and purification of LMCO2 [15], computational studies were
conducted to evaluate the stability of the enzyme-LDPE complex by simulating
interactions between the protein surfaces and an extended polymer model. The
results highlighted the crucial role of hydrophobic interactions, particularly near the
T1 catalytic site. LMCO2 features a methionine-rich loop (Met-loop) surrounding the
T1 copper center, which is likely involved in forming a stable complex with the LDPE
substrate. This structural element, absent in the other two laccases, appears to be
a distinctive feature that promotes substrate proximity and potentially facilitates
electron transfer even under thermodynamically challenging conditions.

Three-dimensional structural models comparing the regions adjacent to the T1 site
reveal significant conformational and compositional differences among the
laccases: while TvL and BsL exhibit short loops lacking methionine residues at this
region, LMCO2 possesses a flexible and hydrophobic segment that may act as an
anchoring platform for polymer chains. From a redox perspective, LMCO2 exhibits
an oxidation potential of approximately 413 mV, consistent with other bacterial
laccases but lower than the fungal TvL enzyme, which has a significantly higher
potential. This suggests that for LMCOZ2, the physical interaction with the substrate
plays a more prominent role in catalysis, compensating for its lower oxidative power.
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Overall, this study proposes an integrated approach combining heterologous
expression, computational modeling, and comparative structural analysis,
providing novel insights for the rational design of engineered laccases for
environmental applications. Specifically, the identification of the Met-loop as a
functional element offers a valuable target for future site-directed mutagenesis
campaigns aimed at enhancing enzyme—polymer binding efficiency. These findings
strengthen the potential of bacterial laccases as promising biocatalysts for
degrading recalcitrant plastics such as LDPE, broadening the prospects of
biocatalysis in sustainable plastic waste management. Therefore, it can be
concluded that polyethylene oxidation depends not only on the enzyme’s redox
potential but also significantly on the mode of substrate binding.

Beyond these specific observations, our approach represents a versatile
computational strategy applicable to comparative studies of other polymer-
oxidizing laccases. Given the experimental challenges in elucidating molecular
details of enzyme—polymer interactions, simulations serve as a valuable tool, as
previously demonstrated in other enzymatic systems like lytic polysaccharide
monooxygenases.

Finally, this work constitutes a pioneering contribution to the use of more realistic
LDPE models to investigate enzymatic oxidation processes while maintaining
manageable computational costs. The results also underscore how static methods,
such as molecular docking alone, are often insufficient and sometimes misleading
in identifying key determinants of enzyme—polymer interactions. Employing a model
encompassing a significant portion of the protein surrounding the active site
enabled the identification of critical binding residues, recognition of acidic residues
potentially involved in proton transfer, and verification of water accessibility within
the T1 pocket (see Figure 3.9), which may act as a nucleophile in the oxidative
mechanism.

A. RDF B. . C. RDF
D256/WAT _ D256/PE

15 4

glr)
8(r)

0.5 A

N A

T T T
0 3 6 9 12 15 18
r(A) r(A)

Figure 3.9: A. Radial distribution function (RDF) between residue D256 (proton donor) and
water molecules. The peak within the first hydration shell highlights the presence of
numerous water molecules close to the residue. B. Graphical representation of the LMCO2
enzyme conformational cluster, showing selected water molecules and their respective
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distances from both the proton donor (D256) and the polyethylene fragment. C. RDF
between the proton donor and polyethylene, with a peak at approximately 6 A, supporting
the hypothesis that water molecules act as intermediates in proton transfer during the
reaction.

Hypothesized Mechanistic Role of Substrate Binding in LDPE Oxidation

The catalytic mechanism of laccases has been comprehensively characterized
through a combination of spectroscopic and computational investigations
conducted by Solomon and collaborators. Laccases catalyze a four-electron
reduction process. Beginning from the fully oxidized resting state, the rate-
determining step consists of substrate binding at the T1 copper site followed by its
single-electron oxidation. In the case of phenolic substrates, this oxidation occurs
via a concerted electron—proton transfer, thereby avoiding the formation of high-
energy charged intermediates that would result from separate electron or proton
transfers. The subsequent intramolecular electron transfer from the T1 copper to
the T2/T3 trinuclear cluster proceeds rapidly through the highly conserved His—Cys—
His bridge. Once fully reduced, the enzyme binds molecular oxygen, forming a
peroxy intermediate that undergoes O-0O bond cleavage and ultimately yields water
molecules.

Based on the insights gained from PAH oxidation by TvL [2] and the observed
structural features of LMCO2-PE complexes, a tentative mechanism for the
oxidation of polyethylene (PE) by laccases can be proposed, integrating the redox
and binding effects identified in the previous simulations. The mechanistic scenario
considers C-H bond activation as a key step, analogous to the previously discussed
PAH case (Figure 3.6), although important differences arise due to the aliphatic
nature of PE (Figure 3.10).

H H OH

CymH  + T1 Cu' + D206 ——COO * I . . | R
[ C:ymilH +T1Cu'+D206——CO0" —————3» CumH + T1 Cu' + D206 ——COOH
~ \ e \ -1e” ~ \

-1e”
- 1H+
OH,

Figure 3.10: Proposed oxidation mechanism of aliphatic substrates by LMCQO?2, derived from
the model established for PAH, involving T1 Cu-mediated electron-proton transfer and
substrate radical formation.

— Substrate positioning and water mediation: The polymer is anchored by the Met-
loop, maintaining proximity to acidic residues surrounding the T1 copper site (e.g.,
D213/256 and E504). Radial distribution function (RDF) analysis of water molecules
indicates the presence of persistent water in the region between PE and T1 Cu®*,
suggesting a potential role of water in mediating proton transfer and substrate
oxidation.
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— Proton/Electron Transfer (PCET) hypothesis: In analogy with the mechanism
proposed for PAHSs, the close positioning of PE to T1 Cu®* and acidic residues could
facilitate a PCET. Water molecules may act as mediators, bridging the proton
transfer from PE to the acidic residues (e.g., D213), while electrons are transferred
tothe T1 center.

— C-H bond activation and radical formation: The initial oxidative step would
generate aradical center on the aliphatic carbon of PE. However, due to the inherent
instability of sp® carbon radicals, QM/MM calculations using the string method
indicated a high energy barrier (~45 kcal mol™"), suggesting that direct C-H
activation is kinetically unfavorable.

— Alternative oxidation pathway via pre-oxidized PE: Considering the limitations of
direct C-H activation, an alternative scenario involves the oxidation of already
partially oxidized PE surfaces containing alcohol (-OH) or ketone functionalities.
Such groups can arise from prior exposure to molecular oxygen or mild oxidation
processes, which would provide more reactive sites for laccase-mediated electron
transfer, thereby lowering the energetic cost of the reaction.

— Implications for catalysis: The proximity of PE to T1 Cu®*, along with interactions
with acidic residues and structured water molecules, may enhance residence time
and stabilize intermediates, creating conditions favorable for a slow PCET process.
In contrast, in systems like BsL where PE is less stably bound, the presence of a
mediator might be required to facilitate oxidation.

This hypothesis provides a conceptual framework for further mechanistic studies of
aliphatic substrate oxidation by laccases. Future work should consider pre-oxidized
PE models and extended enzyme models, including the T2 and T3 copper sites to
more realistically capture the catalytic environment and potential oxidative
pathways.
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3.2 Second Section - In Silico Investigation of
Metalloenzymes for Biodegradable Waste Valorization

This section focuses on the computational investigation of two distinct enzymes
capable of degrading biodegradable waste.

Thefirstenzyme, discussed in the second Section (IV-workin progress), is PA50SPa
(CYP152B1) [16], a bacterial cytochrome P450 belonging to the CYP152 subfamily.
It is known for its ability to selectively hydroxylate fatty acids at the Ca position. A
key feature of P450SPa is its independence from external redox partners,
functioning as a peroxygenase by directly utilizing H,0, in its catalytic cycle [17]. In
the present study, P450SPa has been subjected to targeted engineering to enhance
its catalytic activity, using P4500leTJE, a member of the same enzymatic class
recognized for its efficiency in converting fatty acids into terminal alkenes, as a
functional benchmark.

The second enzymatic system under investigation involves lytic polysaccharide
monooxygenases (LPMOs), specifically the bacterial enzyme SmAA10[18] (V —work
in progress). SmAA10 is an oxidative enzyme that catalyzes the oxidative cleavage
of B-1,4 linkages in chitin through a copper-containing active site coordinated by the
histidine-brace motif. It utilizes O, or H,0, as co-substrate [19], along with reducing
agents, to degrade crystalline polymeric substrates. In this study, SmAA10 has been
analyzed using molecular dynamics simulations to gain insights into enzyme-
substrate interactions and key conformational dynamics, thereby providing
structural data to support EPR spectroscopy simulations aimed at validating
coordination and reactivity mechanisms under physiological conditions.

Ultimately, both of these families of oxidative metalloenzymes, LPMOs and
cytochrome P450s (CYPs), emerge as up-and-coming tools for the integrated
valorization of fishery industry waste [20]. From a computational perspective, it is
essential to explore their mechanisms of action at the atomic level to optimize the
conversion of complex biomass into valuable intermediates for advanced biofuel
production.

3.2.1 Enhanced Fatty Acid Decarboxylation by CYP450SPa Mutants:
A Dynamic Comparison with OleTJE

The CYP152 enzymatic system constitutes a distinctive subclass within the
bacterial cytochrome P450 superfamily, characterized by its ability to function as a
peroxygenase via the peroxide shunt, directly utilizing H,O, as a co-substrate in the
catalytic cycle [16,17] (Figure 3.11). This unique feature renders CYP152 enzymes
self-sufficient, as they do not require external redox partners or auxiliary proton
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sources for their activity. Among the main reactions catalyzed are the oxidative
decarboxylation of fatty acids to produce terminal alkenes and the selective
hydroxylation at the a- and B-positions, [21] processes of significant interest for
biotechnological applications, such as the valorization of marine biomass and the
synthesis of second-generation biofuels.

The cytochrome P450 (CYPa and OleTJE) is a heme-dependent enzyme capable of
catalyzing the oxidative decarboxylation of long-chain fatty acids, producing
terminal alkenes and CO,. This reaction occurs without external redox cofactors,
using H,0, as the sole oxidant to generate the reactive oxygen species necessary for
heme activation directly. The catalytic cycle follows the general peroxygenase
mechanism and involves three main stages: heme activation, formation of the
reactive oxoferryl species (Compound I), and substrate decarboxylation.

— Heme activation: H,0, binds to the ferric heme center (Fe**), forming a ferric—
hydroperoxo intermediate (Fe**~OOH). Heterolytic cleavage of the O-O bond
generates Compound |, a highly reactive Fe**=0 species coupled to a porphyrin
T-cation radical. This step replaces the electron transfer chain typical of
monooxygenase P450s.

— Hydrogen abstraction and decarboxylation: Compound | abstracts a hydrogen
atom from the B-carbon (CB) of the fatty acid, producing a substrate radical and
converting the enzyme to Compound Il (Fe**~OH). Instead of hydroxylation, the
radical is directed toward decarboxylation, leading to cleavage of the C-C bond
at the carboxyl terminus, CO, release, and formation of the terminal alkene. The
residues Y75 and H85, located near the active site, stabilize the hydrogen-bond
network and facilitate proton transfer. His85 acts as a proton donor during O-O
bond cleavage, steering the reaction toward decarboxylation rather than
hydroxylation.

— Product release and heme regeneration: After decarboxylation, the heme iron
returns to its ferric state (Fe®*), ready for a new catalytic cycle. H,O, generates
Compound |, which abstracts a hydrogen from the substrate, producing aradical
intermediate that undergoes decarboxylation to yield a terminal alkene and CO.,,.
Y75 and H85 assistin proton transfer and stabilization of reactive intermediates,
ensuring selectivity toward decarboxylation.
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Figure 3.11: Comparison of the Catalytic Mechanisms of Cytochrome P450 (CYP152): A.
The Monooxygenase pathway is dependent on molecular oxygen (O,). B. Peroxygenase
pathway via the peroxide shunt (H,0,) (Figure 1, Di et al., 2022)

In the present study, attention was focused on the P450SPa enzyme (CYP152B1),
known for its high selectivity toward Ca-hydroxylation, to enhance its catalytic
efficiency toward decarboxylation by taking inspiration from the more active
P4500LeTJE (CYP152L1). To this end, three mutant variants were designed (M1:
G173F; M2: F288A; M12: double mutant G173F/F288A) based on the wild-type
structure, and 200 ns molecular dynamics (MD) simulations were performed in
triplicate for both the apo forms and the complexes with palmitic acid (C16:0) as the
substrate. Simulations were carried out using GROMACS [22], following a rigorous
protocol of energy minimization, heating, and constant pressure equilibration.

Trajectory analysis revealed overall high structural stability, with RMSD values below
3 A and preservation of the hexagonal configuration of the heme group, where the
Fe** ion is coordinated to residue C361 and a distal water molecule.
Superimposition of crystallographic structures and access tunnel analysis using
Caver Analyst 3.0 highlighted key differences between the wild-type and mutant
forms, particularly in the double mutant M12, where the formation of a new tunnel
and a cavity near the porphyrin ring was observed. These features resemble those
found in OleTJE and suggest a potential improvement in the access pathway for the
substrate and water molecules.
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Analysis of enzyme-substrate dynamics revealed that the G173F mutation
introduces favorable interactions with the hydrocarbon chain. In contrast, the
F288A mutation reduces steric hindrance, enabling the substrate to adopt a closer
and more stable position relative to the heme group. As a result, the M12 system
exhibited increased substrate binding affinity and a higher frequency of water
molecules in the active site region, suggesting improved oxygen availability for
catalysis.

These findings thus provide valuable atomistic insights into the molecular
determinants governing the catalytic activity of CYP152SPa and constitute a solid
foundation for future enzyme engineering strategies aimed at optimizing effective
biocatalysts for sustainable industrial processes, such as the valorization of organic
waste and the production of second-generation biofuels.

3.2.2 Dynamic Insights into LPMO SmAA10 and B-Chitin
Interactions

The growing need to develop sustainable alternatives to fossil fuels has driven the
valorization of biomass as a renewable resource for producing biofuels and
biobased chemicals. In this context, lighocellulosic and organic waste, particularly
fishery by-productsrich in chitin, represent promising feedstocks for bioconversion
processes. Chitin, a nitrogen-containing polysaccharide with high crystallinity,
exhibits significant resistance to both chemical and biological degradation, thus
limiting its exploitation.

LPMOs, a class of oxidative copper-dependent metalloenzymes, have emerged as
key catalysts in the oxidative cleavage of natural polymers such as chitin,
enhancing the efficiency of enzymatic degradation. Among them, the bacterial
LPMO SmAA10 (formerly CBP21) [18] has been subjected to detailed
characterization through classical molecular dynamics (MD) simulations. In this
study, 200 ns MD simulations at 302 K were performed on the SmAA10-B-chitin
complex, employing a fully atomistic model of the substrate. The computational
protocol ensured structural stability and preserved the initial conformational
features of the system by applying positional restraints to the chitin monomers.
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Figure 3.12: Molecular representation of the complex between the LPMO enzyme SmAA10
(in pink, surface representation) and a crystalline model of B-chitin. The top-right inset
shows the enzyme’s active site, highlighting the copper center (orange) coordinated by the
histidine brace motif, which is responsible for the oxidative catalysis.

The analysis of the MD data revealed overall stability of the complex, with RMSD
values below 2 A and limited local fluctuations. The coordination of Cu®* at the
active site was maintained throughout the simulation, with a consistent presence
of structured water molecules in the immediate hydration shells, a crucial feature
for both the catalytic mechanism and electron transfer. Non-covalent interactions
between the enzyme and the substrate were characterized by persistent hydrogen
bonds and a significant -1t interaction between the tyrosine residue Y27 and a
chitin monomer, suggesting a functional role of this residue in stabilizing the
complex. Principal component analysis (PCA) revealed dominant collective
motions within the complex, including a dynamic “capping” rocking movement that
allows the enzyme to conformationally adapt to the polysaccharide surface, thereby
enhancing binding affinity and stability. Additional translational and oscillatory
movements were associated with the structural plasticity required for specific
substrate recognition and catalysis.

The oxidative cleavage of B-chitin by SmAA10 follows a classical copper-dependent
monooxygenase mechanism, in which the active site copper ion orchestrates the
activation of H,0, or O, and subsequent substrate oxidation [19]. The reaction
proceeds through three main stages: copper activation, hydrogen atom abstraction
from the chitin chain, and oxidative cleavage of the glycosidic bond. Mutations and
engineered variants of SmAA10 have been shown to modulate substrate binding
and enhance regioselectivity, stabilizing key intermediates during catalysis.

— Copper activation: SmAA10 binds a Cu(l) ion at the histidine brace, coordinated
by the N-terminal histidine and a second conserved histidine residue. The Cu(l)
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reacts with H,0,, the main co-substrate, generating a reactive Cu(ll)-oxyl
species through peroxide cleavage. Electron transfer from an external reductant
(e.g., ascorbate) or a neighboring donor reduces the copper, priming it for
substrate oxidation. This step replaces the typical activation of molecular
oxygen in other monooxygenases, ensuring selective oxidation of the
polysaccharide (Figure 3.13A).

— Hydrogen atom abstraction: The activated copper-oxygen species abstracts a
hydrogen atom from the C1 or C4 carbon of the chitin glycosidic unit, generating
a radical intermediate on the substrate and forming a Cu(ll)-OH species.
Specific residues near the binding site, including conserved aromatic residues,
stabilize the substrate through stacking interactions with the sugar rings and
correctly orient the glycosidic bond for oxidation (Figure 3.13A) [23].

— Oxidative cleavage and product release: The substrate radical undergoes
molecular rearrangement at the cleaved glycosidic bond, resulting in the
formation of oxidized chitooligosaccharide products (e.g. aldonic acids at C1).
The copper ion returns to its initial oxidation state, and the enzyme is ready for
another catalytic cycle. Enzyme-substrate interactions, including hydrogen
bonding and stacking contacts, ensure regioselectivity and cleavage efficiency.
(Figure 3.13B)

H;0; + R-H

A LPMO-Cu' — » LPMO-CU' LPMO - Cu'-OH-OH + R-H -cu":0 +R- LPMO - Cu'
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Figure 3.13: A) Proposed catalytic mechanism for B-chitin cleavage by the LPMO SmAAT1O0.
The enzyme employs a copperion (Cu) coordinated in the active site via the histidine brace
to activate hydrogen peroxide (H,0,), generating a highly reactive copper-oxygen species.
This species performs hydrogen atom abstraction (HAA) from the substrate, initiating the
formation of a radical at the glycosidic bond. The resulting radical leads to oxidative
cleavage of the polysaccharide chain and the formation of oxidized chitooligosaccharides.
Aromatic residues and hydrogen-bonding interactions stabilize the substrate and influence
the regioselectivity of the reaction. B) Schematic representation of the glycosidic bond
cleavage between the C1 and C4 positions of the monomeric unit.

These results support a dynamic and adaptive model of LPMO-chitin interaction, in
which conformational flexibility and precise copper-mediated catalysis play key
roles in modulating substrate accessibility, regioselectivity, and catalytic efficiency.
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The structural and mechanistic insights provide a solid foundation for rational
enzyme engineering strategies aimed at optimizing SmAA10 and other LPMOs for
sustainable chitin valorization, biofuel production, and biotechnological
applications in polysaccharide bioconversion.

100



References

10.

11.

Orlando, C.; Prejano, M.; Russo, N.; Marino, T. On the Role of Temperature in the
Depolymerization of PET by FAST-PETase: An Atomistic Point of View on Possible Active
Site Pre-Organization and Substrate-Destabilization Effects. ChemBioChem 2023, 24,
doi:10.1002/cbic.202300412.

Orlando, C.; Rizzo, I.C.; Arrigoni, F.; Zampolli, J.; Mangiagalli, M.; Di Gennaro, P.; Lotti,
M.; De Gioia, L.; Marino, T.; Greco, C.; et al. Mechanism of Non-Phenolic Substrate
Oxidation by the Fungal Laccase Type 1 Copper Site from Trametes Versicolor : The
Case of Benzo[ a JPyrene and Anthracene. Dalton Transactions 2024, 53, 12152-12161,
doi:10.1039/D4DT01377H.

Orlando, C.; Bellei, M.; Zampolli, J.; Mangiagalli, M.; Di Gennaro, P.; Lotti, M.; De Gioia,
L.; Marino, T.; Di Rocco, G.; Greco, C.; et al. Comparative Analysis of Polyethylene-
Degrading Laccases: Redox Properties and Enzyme-Polyethylene Interaction
Mechanism. ChemSusChem 2025, 18, doi:10.1002/cssc.202402253.

Kawai, F.; Kawabata, T.; Oda, M. Current Knowledge on Enzymatic PET Degradation and
Its Possible Application to Waste Stream Management and Other Fields. Appl Microbiol
Biotechnol 2019, 103, 4253-4268, doi:10.1007/s00253-019-09717-y.

Yoshida, S.; Hiraga, K.; Taniguchi, I.; Oda, K. Ideonella Sakaiensis, PETase, and
MHETase: From Identification of Microbial PET Degradation to Enzyme
Characterization. In; 2021; pp. 187-205.

Mayer, A. Laccase: New Functions for an Old Enzyme. Phytochemistry 2002, 60, 551-
565, doi:10.1016/S0031-9422(02)00171-1.

Majcherczyk, A.; Johannes, C.; Huttermann, A. Oxidation of Polycyclic Aromatic
Hydrocarbons (PAH) by Laccase of Trametes Versicolor. Enzyme Microb Technol 1998,
22, 335-341, doi:10.1016/S0141-0229(97)00199-3.

Gong, Z.; Jin, L.; Yu, X.; Wang, B.; Hu, S.; Ruan, H.; Sung, Y.-).; Lee, H.-G.; Jin, F.
Biodegradation of Low Density Polyethylene by the Fungus Cladosporium Sp.
Recovered from a Landfill Site. Journal of Fungi 2023, 9, 605, doi:10.3390/jof9060605.

Lu, H.; Diaz, D.J.; Czarnecki, N.J.; Zhu, C.; Kim, W.; Shroff, R.; Acosta, D.J.; Alexander,
B.R.; Cole, H.O.; Zhang, Y.; et al. Machine Learning-Aided Engineering of Hydrolases for
PET Depolymerization. Nature 2022, 604, 662-667, doi:10.1038/s41586-022-04599-z.

Han, X.; Liu, W.; Huang, J.-W.; Ma, J.; Zheng, Y.; Ko, T.-P.; Xu, L.; Cheng, Y.-S.; Chen, C.-
C.; Guo, R.-T. Structural Insight into Catalytic Mechanism of PET Hydrolase. Nat
Commun 2017, 8, 2106, doi:10.1038/s41467-017-02255-z.

Garcia-Meseguer, R.; Orti, E.; Tufdn, Il.; Ruiz-Pernia, J.J.; Aragé, J. Insights into the
Enhancement of the Poly(Ethylene Terephthalate) Degradation by FAST-PETase from
Computational Modeling. J Am Chem Soc 2023, 145, 19243-19255,
doi:10.1021/jacs.3c04427.

101



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Jerves, C.; Neves, R.P.P.; Ramos, M.J.; da Silva, S.; Fernandes, P.A. Reaction Mechanism
of the PET Degrading Enzyme PETase Studied with DFT/MM Molecular Dynamics
Simulations. ACS Catal 2021, 11, 11626-11638, doi:10.1021/acscatal.1c03700.

Bertrand, T.; Jolivalt, C.; Briozzo, P.; Caminade, E.; Joly, N.; Madzak, C.; Mougin, C.
Crystal Structure of a Four-Copper Laccase Complexed with an Arylamine: Insights into
Substrate Recognition and Correlation with Kinetics ,. Biochemistry 2002, 41, 7325-
7333, doi:10.1021/bi0201318.

Enguita, F.J.; Margal, D.; Martins, L.O.; Grenha, R.; Henriques, A.O.; Lindley, P.F;
Carrondo, M.A. Substrate and Dioxygen Binding to the Endospore Coat Laccase from
Bacillus Subtilis. Journal of Biological Chemistry 2004, 279, 23472-23476,
do0i:10.1074/jbc.M314000200.

Zampolli, J.; Mangiagalli, M.; Vezzini, D.; Lasagni, M.; Ami, D.; Natalello, A.; Arrigoni, F.;
Bertini, L.; Lotti, M.; Di Gennaro, P. Oxidative Degradation of Polyethylene by Two Novel
Laccase-like Multicopper Oxidases from Rhodococcus Opacus R7. Environ Technol
Innov 2023, 32, 103273, doi:10.1016/.eti.2023.103273.

Fujishiro, T.; Shoji, O.; Nagano, S.; Sugimoto, H.; Shiro, Y.; Watanabe, Y. Crystal Structure
of H202-Dependent Cytochrome P450SPa with Its Bound Fatty Acid Substrate. Journal
of Biological Chemistry 2011, 286, 29941-29950, do0i:10.1074/jbc.M111.245225.

Matsunaga, |.; Sumimoto, T.; Ueda, A.; Kusunose, E.; Ichihara, K. Fatty Acid-specific,
Regiospecific, and Stereospecific Hydroxylation by Cytochrome P450 (CYP152B1) from
Sphingomonas Paucimobilis : Substrate Structure Required for A-hydroxylation. Lipids
2000, 35, 365-371, d0i:10.1007/s11745-000-533-y.

Munzone, A.; Pujol, M.; Tamhankar, A.; Joseph, C.; Mazurenko, I.; Réglier, M.; Jannuzzi,
S.A. V,; Royant, A.; Sicoli, G.; DeBeer, S.; et al. Integrated Experimental and Theoretical
Investigation of Copper Active Site Properties of a Lytic Polysaccharide Monooxygenase
from Serratia Marcescens. Inorg  Chem 2024, 63, 11063-11078,
doi:10.1021/acs.inorgchem.4c00602.

Bissaro, B.; Streit, B.; Isaksen, I.; Eijsink, V.G.H.; Beckham, G.T.; DuBois, J.L.; Rghr, A K.
Molecular Mechanism of the Chitinolytic Peroxygenase Reaction. Proceedings of the
National Academy of Sciences 2020, 117, 1504-1513, doi:10.1073/pnas.1904889117.

Fairley, P. Introduction: Next Generation Biofuels. Nature 2011, 474, S2-S5,
doi:10.1038/474S02a.

Matsunaga, |.; Yamada, A.; Lee, D.-S.; Obayashi, E.; Fujiwara, N.; Kobayashi, K.; Ogura,
H.; Shiro, Y. Enzymatic Reaction of Hydrogen Peroxide-Dependent Peroxygenase
Cytochrome P450s: Kinetic Deuterium Isotope Effects and Analyses by Resonance
Raman Spectroscopy. Biochemistry 2002, 41, 1886-1892, d0i:10.1021/bi011883p.

Van Der Spoel, D.; Lindahl, E.; Hess, B.; Groenhof, G.; Mark, A.E.; Berendsen, H.J.C.
GROMACS: Fast, Flexible, and Free. J Comput Chem 2005, 26, 17011718,
doi:10.1002/jcc.20291.

102



23. Bissaro, B.; Isaksen, |.; Vaaje-Kolstad, G.; Eijsink, V.G.H.; Rghr, AK. How a Lytic
Polysaccharide Monooxygenase Binds Crystalline Chitin. Biochemistry 2018, 57, 1893-
1906, doi:10.1021/acs.biochem.8b00138.

103



SECTION 1

Enzymatic Degradation of Non-Biodegradable
Waste: Computational Studies

The first section of the previous chapter provided a summarized overview of the
results obtained from three studies, corresponding to Papers |, I, and Ill. This
chapter presents the full content of these works, which focus on the computational
investigation of two distinct enzymatic systems involved in the degradation of non-
biodegradable waste: the bacterial hydrolytic enzyme PETase (Paper |), isolated
from Ideonella sakaiensis, and laccases (Papers Il and Ill), oxidative
metalloenzymes found in fungi, bacteria, and other organisms. The analyses are
based on classical (MD) simulations to study substrate interactions and structural
dynamics, while the oxidative mechanisms of s (PAHs) are explored through de
(DFT) calculations using a cluster approach. These studies aim to contribute to the
development of sustainable biotechnological strategies for the management and
recycling of synthetic waste.
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Chapter4

Temperature Effects on PET Depolymerization
by FAST-PETase: Insights into Active Site Pre-
Organization and Substrate Destabilization

This chapter focuses on FAST-PETase, a recently engineered enzyme with
remarkable PET-depolymerizing capabilities, and details a molecular dynamics
study designed to uncover the molecular basis of its substrate recognition and
activation.

FAST-PETase is an enzyme recently developed through machine learning
approaches, capable of depolymerizing (PET), a synthetic resin widely used in both
plastics and textile fibers. This ability makes the enzyme a particularly promising
strategy for recycling PET-based materials, contributing to the reduction of plastic
waste and its environmental impact.

In this study, a molecular model of PET was employed to represent the substrate,
and all-atom classical molecular dynamics (MD) simulations were performed on
both the apo enzyme and the substrate-bound complex at two temperatures, 30 and
50°C, to provide detailed atomistic insights into the substrate-binding step of the
catalytic cycle. Comparative analysis of the data highlighted the interactions
between FAST-PETase and 4PET at 50°C, corresponding to the enzyme’s optimal
working conditions. The simulations also revealed a pre-organization of the
enzyme’s active and binding sites, suggesting that FAST-PETase is structurally
predisposed for PET recognition. Moreover, simulations of the FAST-PETase:4PET
complex showed the formation of substrate conformations inaccessible to solvent,
induced by the enzyme; these conformations were not observed in simulations of
the free substrate in solution at 30, 50, or 150°C.

These findings support the hypothesis that, at 50°C, FAST-PETase is already pre-
organized for PET binding and that interactions within the binding site can promote
a more reactive substrate conformation, thereby enhancing the enzyme’s catalytic
efficiency. The study provides important atomistic insights into the mechanism of
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PET recognition and activation by FAST-PETase, paving the way for future strategies
aimed at enzyme optimization for plastic recycling.

In this work, biological code amino acid abbreviations (D, E, F) are used throughout
the text for clarity, while chemical code abbreviations (Asp, Glu, Phe) are used in
figures and tables. Both notations refer to the same residues.

4.1 Introduction

As one of the most commonly produced synthetic polymers, poly(ethylene
terephthalate) (PET) has contributed significantly to global plastic consumption and
environmental accumulation. While its versatility and durability have driven
industrial and consumer applications, its widespread use has also generated
persistent environmental pollution, which has only recently begun to be addressed
systematically. Global plastic waste currently exceeds 260 million tons annually, a
figure that is expected to double by 2030 [1,2]. Alarmingly, approximately 52 million
tons of this waste are incinerated each year for energy recovery, whereas about 100
milliontons are disposed of in landfills, predominantly in low-income regions. These
communities often bear the disproportionate burden of the toxic legacy of plastic
pollution, creating severe global environmental and societal challenges [3].

Once accumulated in the environment, plastics are gradually transformed into
micro- and nanoplastics, particles that have multiple harmful consequences.
Besides contributing significantly to greenhouse gas emissions, which exacerbate
climate change [4], micro- and nanoplastics have been associated with adverse
effects on human health. Acute impacts include contact dermatitis, while chronic
exposure has been linked to the accumulation of microplastics in the human body
[5], with potential consequences such as diabetes, obesity, infertility, and even
carcinogenic effects [5,6]. PET, like many other plastic products, represents one of
the most produced thermoplastic polymers for packaging [7], emphasizing the
urgent need for environmentally sound approaches to depolymerize it into its
constituent monomers [8,9].

Among the most promising solutions is enzymatic degradation [10-13], inspired by
the mesophilic bacterium Ideonella sakaiensis 201-F6, recently isolated and
demonstrated to efficiently degrade PET [14,15]. Extensive studies have elucidated
the synergistic mechanism of two key enzymes: PET hydrolase (PETase) and
mono(2-hydroxyethyl)-terephthalate hydrolase (MHETase) [16,17]. PETase initiates
the depolymerization process by converting PET into MHET (mono(2-hydroxyethyl)
terephthalate), which is subsequently hydrolyzed by MHETase into readily
metabolizable monomers, namely terephthalic acid (TPA) and ethylene glycol
(Scheme 1) [18]. Structurally, both enzymes share an a/f hydrolase fold that is
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crucial for catalytic activity [19]. PETase, recognized as the most efficient protein for
PET depolymerization, utilizes a catalytic triad (S160-H237-D206) to carry out its
function [20], and its mesophilic origin allows it to operate under mild temperature
conditions, providing an advantage for environmentally friendly recycling [21].
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Scheme 4.1: The products of PET degradation catalyzed by PETase.

Other PET-degrading enzymes, derived from cutinases, esterases, and lipases, have
been investigated [21-23], but they are typically thermophilic, requiring high
temperatures (~70°C) for optimal activity. An example of such enzymes is
represented by LCC, derived from the cutinase class, which is also considered a
promising candidate for PET hydrolysis. It is indeed structurally very similar to
PETase and has an identical catalytic triad (S165- H242-D210) [22,24]. However,
these enzymes, as mentioned earlier, work at unsuitable temperatures, making
them out-of range for both the in-situ degradation conditions process and for the
cost. In fact, one of the goals for the PET degradation is to set working ambient
temperatures (<30°C), which would lead to a considerable reduction in costs, thus
making the recycling process scalable [14].

Given this, PETase seems to be the ideal candidate to degrade the plastic material
butitis highly unstable atthese temperatures and can easily lose its activity. For this
reason, this mesophilic enzyme has been engineered to improve its stability,
including single or multiple mutations to the enzyme scaffold [15,18,24-26]. The
most notable obtained PETase variants are ThermoPETase [24] and DuraPETase
[25], which, although an improvement of both stability and enzyme activity has been
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obtained, in some states still show lower hydrolytic activity than the wild-type
(wtPETase) protein at ambient temperatures (Figure 4.1) [24,25]. A recent study,
using machine learning techniques based on 3D convolutional neural network
(CNN), identified stable mutations for the PETase enzyme [27] and allowed for
focusing on one of these variants that has improved hydrolytic activity, which was
named FAST-PETase (FAST-: functional, active, stable, and tolerant; Figure 4.1).

« Arg280

wiPETase ?',\snz.!.)

Serl21

Residue
121 159 185 186 224 233 280
wt PETase Ser Trp Trp Asp Arg Asn Arg
DuraPETase | Ser Trp Asp Arg Asn
ThermoPETase |Glu Trp Trp His Arg Asn Ala
FastPETase |Glu Trp Trp His Gln Lys Ala

Figure 4.1: The PET hydrolase enzymes. Mutations are indicated in pink, green and blue for
DuraPETase, ThermoPETase and FAST-PETase, respectively.

This enzyme, engineered on the ThermoPETase scaffold [24] incorporates five
mutations compared to the wild-type (N233K, R224Q, S121E-D predicted, D186H,
R280A scaffold-based; refer to the legend on page 6 for definition), and
demonstrates a broader operational temperature range (30-60°C) with an optimal
temperature of ~50°C. Importantly, FAST-PETase exhibits superior catalytic activity
compared to wild-type and previously engineered enzymes, and can fully degrade a
thermally pre-treated PET water bottle at 50°C [27].

Although FAST-PETase represents a major advancement, atomistic details of its
mechanism, particularly during the initial substrate-binding steps, remain poorly
understood. The concentration of humerous experimental and theoretical studies
on wtPETase-induced plastic degradation in a short time span reflects the scientific
community’s keen interest in this crucial issue [28-31]. Previous studies on wild-
type PETase have highlighted the role of structural plasticity in accommodating PET
in the active site before catalysis, with productive binding strongly influenced by the
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flexibility of the B1-B2 connecting loop [32]. Moreover, insights into PET trans-
gauche orientation selection by the enzyme have been obtained [31], yetacomplete
understanding at the atomistic level is still lacking.

In this framework, we carried out a computational investigation using molecular
docking and classical molecular dynamics (MD) simulations on FAST-PETase, both
in its apo form and in complex with a tetramer PET substrate. Our study focuses on
the enzyme’s structural and dynamic properties at the lower end of its operational
temperature range (30°C) and at the optimal working temperature (50°C), with
femtosecond time resolution and atomistic detail. MD simulations were employed
to probe the effects of temperature on enzyme-substrate and substrate-substrate
interactions during the binding step, which likely underlie FAST-PETase’s enhanced
catalytic activity. Molecular modeling thus offers unique insights not always
accessible through experimental techniques alone, providing valuable information
for the industrial application and scalability of this promising biocatalyst.

4.2 Computational details

Molecular dynamics. The initial coordinates of the FAST-PETase were obtained
from the X-ray structure PDB ID: 7SH6 [27]. In all the simulations, the ff99SB force
field was selected to describe the protein. The studied polymer substrate was
modeled considering four monomers (4PET; Scheme 2), as already found in other in
silico investigations [15,29]. The substrate parameters were obtained from HF/6-
31G* optimizations using the Gaussian16 D.01 package [33]. To extrapolate the
parameters and unbound charges, the General Amber Force Field (GAFF) and
Restrained Electrostatic Potential methods were adopted, respectively [34,35].
MDs simulations of both apo- and substrate bound forms of the protein were
conducted at the 30°C (303 K) and 50°C (323 K). The FAST-PETase was placed in a
62x61x58 A® cubic box containing water molecules as a buffer and counterions, to
set the total charge to zero for each considered case. Starting from the 3D models,
the systems were initially minimized and relaxed by applying harmonic positional
constraints on all atoms (50 kcal mol'1,5(2) using 5000 steepest descent (SD) steps,
followed by 5000 conjugate gradient (CG) steps. In the second minimization step,
the entire system was unconstrained and then progressively heated to 30 and 50°C
for 20 ns, using the Langevin thermostat in the NVT ensemble. To produce MDs, 300
ns trajectory were collected, keeping the systems at 1 bar pressure in the NPT
ensemble and selecting the Berendsen barostat with a time constant tp=2.0 ps. In
all the simulations, the SHAKE algorithm, and Particle Mesh Ewald (PME)
summation method were adopted, with an integration step of 2 fs and a cutoff radius
of 10.0 A, and the water molecules were treated with the TIP3P scheme.
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Scheme 4.2: The 4PET model adopted in this investigation.

The above-described protocol was successfully adopted in previous
investigations[36-39]. The intrinsic conformational behavior of the 4PET in solution
(34x30%38 A3 TIP3P water box) was further investigated, via three different MDs at
30°C (303 K), 50°C (323 K) and 150 °C (425 K). The final production, in each
condition, was carried out for 150 ns. In summary, 1.2 us for apo FAST-PETase, and
its complexed form, and 0.45 ps of MDs for 4PET systems were performed. An
additional 1.2 ys of MD simulations (3x100 ns replicas for the four systems) were
preliminary carried out on the investigated systems, to detect any relevant
conformational change.

For comparison purposes with the conformational behavior of FAST-PETase, MD
simulations on wtPETase (PDB ID: 5XJH) [15] were also performed at 30°C and 50°C
(83x100 ns replicas for both apo and 4PET-bound systems), to obtain 1.2 us of MD
simulations. In total, 3.65 ys MD simulations were carried out for the present
investigations. All the simulations were performed adopting the Gromacs package
[40].

To capture the representative conformation for each system, geometric clustering
based on root mean square deviation (RMSD) was performed to identify similar
structures sampled during the MD simulation, using the cpptraj module as
implemented in AMBER16, choosing a cut-off of 0.7 A. The binding free energies
between the FAST-PETase and the 4PET substrate at different temperatures were
calculated by solving the linearized Poisson—- Boltzmann equation using the
molecular mechanics-generalized Born surface area (MM-GBSA) method,
implemented in the Amber16 code [41]. The igb flag value of 5, associated with a
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salt concentration of 0.1 M, was used. For the calculations, 200 frames of each MD
trajectory over the last 100 ns were analyzed.

Molecular docking. To investigate possible binding modes and substrate
interactions in the vicinity of the catalytic triad of the FAST-PETase protein (S160,
H237, D206), molecular docking simulations were performed using AutoDock
version 4.2 [42]. Each representative structure was prepared by assigning atom
types and adding Gasteiger charges to the FAST-PETase protein and 4PET substrate.
The docking area was established using AutoGrid. A size of 46x46x46 A®was chosen
and the grid was centered on the C, of S160. The Lamarckian genetic algorithm
(LGA) was used for the conformational search of the ligand. The docking
calculations were performed on the X-ray structure of the protein, with a population
size of 150, random initial position and conformation, local search rate of 0.6 and
2,500,000 energy evaluations. The final docked poses were grouped using an RMSD
tolerance of 2 A.

4.3 MD simulations of FAST-PETase apoform revealed
preorganization of the active site

As largely reported, molecular docking and molecular dynamics simulations can
play an important role also for corroborating conclusions validated by means of
experimental assays [17,43,44]. In the present study, we performed 300 ns of MD
simulation on apoform FAST-PETase at 30 and 50°C, starting from the
crystallographic structure of the enzyme. During the simulation, an equilibrated
trend of RMSD has been observed for both temperatures. The analysis of
representative geometries arising from the hierarchical clustering procedure
indicated that conformational homogeneity was kept by the system with respect to
the X-ray structure in both cases (Figure 4.2).
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Figure 4.2: On the top, superposition of geometries obtained from the hierarchical clustering
and root mean square deviation values calculated for backbone atoms, on the bottom-left,
of apo-form FAST-PETase trajectory, carried out at 30 °C and 50 °C. On the bottom-right the
variation of per-residue SASA (A SASA= SASArast-petase 30 °c ~-SASAFAST-PETase 50 °C)-

However, some differences, in terms of conformational behavior, were observed for
FAST-PETase at the selected temperatures. In particular, the analysis of RMSD
calculated for backbone atoms of the protein highlighted a slight shifted trend in the
case of 50°C with respect to 30°C, with values oscillating in proximity of 1.2 and 1 A
(Figure 4.2), respectively. The RMSD trend calculated for the wtPETase enzyme
revealed instead values centered to about 2 A, at 30 and 50°C, which can be linked
to the higher stability of the mutated enzyme [27]. The obtained RMSD trend for the
wtPETase is further in agreement with the recently published results on the
R103G/S131A mutated enzyme, observed in 500 ns of MD simulation [32]. Despite
the visual inspection of MDs trajectories did not highlight any relevant variation of
FAST-PETase secondary structures, the analysis of root mean square fluctuation
plot (RMSF; Figure 4.3A) revealed some differences. The protein at 30°C showed a
major fluctuation in proximity of loop E204- P210, caused by a major re-orientation
of D206 and, consequently of the loop itself. This solvent-exposed residue of the
catalytic triad (S160-H237-D206) tended to re-orient its carboxylate group during
the simulation, due to hydrogen bond interactions with water molecules, and some
variations of the distances involving the catalytic residues. Such conformational re-
organization was indeed observed in the principal component analysis (PCA) of
FASTPETase at 30°C (Figure 4.3B), which highlighted how the loop E204-P210 is the
main shifting region of FAST-PETase. It is interesting to point out that from the
comparison between the two considered temperatures, several higher peaks were
observed for the MDs of apoform protein at 50°C. In first instance, slightly higher
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values were registered for the amino acids of the catalytic triad, due to water-
bridged hydrogen bonds with surrounding W159 and W185 amino acids. More
interestingly, the regions involved in major fluctuations correspond to the
antiparallel B-sheet of V52-T56 and V106- D112 and loops in the segment A65-G79.
In addition, the PCA calculated at 50°C revealed movements of Q237-M262 and
K233-N246 a-helices, with latter peptide sequence corresponding to one of the
regions where machine-learning suggested mutation occurred [27]. Such
fluctuations generated a network of vicinal grooves in the protein cleft, where the
substrate is supposed to bind, and the reaction takes place. The presence of these
grooves, extended on the solvent-exposed side of the protein (see shaded areas in
Figure 4.3C), made the FAST-PETase richer of sites to accommodate 4PET substrate
and expanded the enzyme surface available for protein-substrate interactions
(Figure 4.3).
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Figure 4.3: A) RMSF plot and B) PCA visualization obtained for apoform FAST-PETase
molecular dynamics simulation at 30 and 50 °C. C) Surfaces of representative clustered
geometries obtained for apoform FAST-PETase from molecular dynamics simulations at 30
and 50 °C. Red and blue areas are localized in the presence of O and N atoms, respectively,
while gray and white indicate C and H, respectively.

A number of these pockets were thus filled by a higher number of water molecules
due to the higher kinetic energy generated by the different temperatures, as further
confirmed by the calculation of solvent-accessible surface area (SASA) at 30 and
50°C, reported in Figure 4.2.

A consequence of this movement might be represented by the more frequent
interactions with the solvent-exposed amino acids that led to the spreader
fluctuations of many of the above-mentioned regions of the protein, keeping the
loop E204-P210 in similar orientation for the entire dynamics at 50°C.
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The observed behavior led us to hypothesize that the higher temperature might favor
the pre-organization of the active site, which at 50°C is tailored to bind and react
with the substrate. This fact was further confirmed by analyzing MD trajectories of
4PET binding systems, as will be shown in the next paragraph.

4.4 FAST-PETase promotes solvent-inaccessible
conformation of 4PET that can be relevant for the
catalysis

In the following section, the comparative analysis of FASTPETase: 4PET binary
complex at 30 and 50°C is presented. As mentioned in the Methods section, the
starting protein-substrate complex was chosen from the docking pose having the
best binding energy of -3.4 kcal mol™ and was later subjected to MDs at 30 and 50°C.
This protocol represents an alternative to that already applied in similar systems,
where, to obtain multiple orientations of the substrate in the active site of both wild-
type and double mutant PETases, multiple PET orientations were predicted by
induced fit docking (IFD) [26,29].

Very interestingly, the FAST-PETase:4PET binary complex showed a different
structural behavior as a function of the selected temperature. In accordance with
the results obtained for the apoform, RMSD analysis of the protein-substrate
complex evidenced a shift to higher values in the case of 50°C (~1.5 vs. ~1.0 A for
30°C; Figure 4.4). RMSF plots indicated that the E204-P210 loop and V211-P217
portion of the adjacent helix significantly fluctuated at 50°C during the simulation
(Figure 4.5).
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Figure 4.4: On the top, superposition of geometries obtained from the hierarchical clustering
and root mean square deviation values calculated for backbone atoms, on the bottom, of
FAST-PETase-4PET trajectory, carried out at 30 °C and 50 °C.
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Figure 4.5: A) RMSF plot and B) PCA (top and bottom) visualization obtained for FAST-
PETase:4PET molecular dynamics simulation at 30 and 50 °C.

The movement of the above-mentioned loop resembles an open—closed
conformation with respect to the opposite P85- R90 loop; this gives birth to the
active-site cleft, which is strictly correlated to the ability of the enzyme to
accommodate the substrate and which characterizes FAST-PETase protein. Such a
cleft’s width was approximately 9 A for both considered temperatures (Figure 4.6A
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and B)and 0.5 A larger than in the case of wtPETase [15] and of other cutinases that
were previously compared to the wild-type enzyme [26]. This larger cavity allowed
conformational rearrangement of the 4PET substrate within the protein binding site.
Indeed, during the simulations, several conformations were observed for the
substrate. At 30°C, the aromatic groups of 4PET tended to establish intramolecular
T-Tt interactions in a range of 4-6 A, characterizing a wrapped form of the substrate
as observed in the radial distribution functions (RDF) calculated for centroids of the
4PET aromatic rings (Figure 4.6C). The analysis of simulation at 50°C showed,
instead, a different conformational arrangement of the substrate, which passed
from a wrapped form to an unwrapped one (W-shape) after 100 ns of MDs. Such
behavior was further confirmed from the occurrence of longer head-to-tail distance
of the substrate, which was measured considering the terminal -CH,OH groups of
the 1st and 4th monomer of the model substrate (Figure 4.6D). Indeed, using a cut-
off head-to-tail distance of 15 A, the wrapped-like conformations have been
observed for 78% of the FAST-PETase:4PET simulation at 30°C, while W-shaped like
ones for a total of 28%. At 50°C, the wrapped-like and the Wshaped-like
conformations were differently populated, as evidenced by the estimated
frequencies of 45 and 55%, respectively. The W-shaped of 4PET conformation here-
presented for FAST-PETase resembled the conformations observed in previously
published experimental-computational works, devoted to study of wtPETase or
some of its mutations with PET models [26,28,29]. It is interesting to note that the
occurrence of such conformation can be obtained only by considering an adequate
number of model monomers (>2) [26,28,29]. DFT optimizations (B3LYP-D3/6-
31G(d,p) for all atoms, SMD implicit solvent model, € = 78) of 4PET conformations
revealed a marked tendency of the molecule to adopt a wrapped form in solution.
[45-49]
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Figure 4.6: Focus on the enzymatic cleft in the presence of 4PET substrate, obtained from
the representative clustered geometry of FAST-PETase-4PET simulations at A) 30 and B)
50 °C. C) RDF calculated for the center of masses of aromatic ring—ring pairs of 4PET. D)
frequency of head-to-tail distance and E), F) RDFs calculated for centers of masses of
aromatic ring-ring pairs of 4PET and Y87, W159 and W185 obtained for enzyme-substrate
complexes at the two selected temperatures.

To evaluate the energy of W-shaped form at DFT level of theory, it was therefore
necessary to keep fixed the dihedrals of the substrate ester groups. The comparison
of relative energies revealed that, in such a state, the 4PET lies at 10.2 kcal mol”
higher than the optimized wrapped one (Figure 4.7).

Figure 4.7: Structures of W-shaped (constrained) and the wrapped conformations. The
latter has been obtained from unconstrained DFT optimization of the former.
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This suggests that the enzyme can promote the occurrence of the substrate’s
conformation that is otherwise inaccessible, which may have an impact on the
hydrolysis of the polymer, as will be highlighted in the next sections of this
paragraph. In addition, all the MD simulations performed on the wtPETase:4PET
system did not show such a W-shaped conformation also, either performing
replicas or extending the molecular dynamics to longer simulation time, that is, 300
ns.

When lying in the more open W-shaped form, 4PET enters into contact with different
solvent-exposed residues that comprise the binding site of FAST-PETase (Figure
4.6E and F). Among these, are of particular interest those implicated in the
formation of stacking interactions (face to face or point-to-face) that allow the good
engagement by the protein counterpart. The most frequent interaction with the Y87
has been identified from the calculation of RDFs obtained for the 4PET aromatic
rings and theY87 phenol moiety, at 50°C. The peak resulting at around 4 A can be
reasonable linked to the presence of a frequent -t stacking occurring between
4PET substrate and the amino acid.

In analogy with the Y87, less frequent 1t—Tt interactions with the W159 and W185
were identified from RDF calculations, with highest peaks obtained in proximity of 5
A. w159, in addition, represents a key residue in proximity of the active site owing to
X1 of the consensus sequence G-X1-S- X2-G [15]. Interestingly, the RDFs at 30°C
highlighted a remarkably different behavior of 1-1t interactions occurring between
the 4PET and FAST-PETase enzyme. Indeed, for all the three considered pairs, five
times lower or 1 A distance-shifted peaks resulted. These results are a direct
consequence of the different conformations observed at the selected
temperatures, being the W-shaped conformation at 50°C more spread on the
protein surface than the wrapped form at 30°C. In addition, the resulting occurrence
of -1 interactions with the aromatic amino acids, led to hypothesize that Y87,
W159 and W185 support the detection from the solution, and the binding, of 4PET,
before the catalytic reaction and that, furthermore, the “antenna function” can be
favored by the temperature, as analogously discussed in recent review [28].
MMPBSA calculations further revealed a better binding affinity of the enzyme in the
W-shaped 4PET (AAE= 15 kcal mol™; Figure 4.8) in comparison with that in spiral-
shaped one, a trend that can be further related to the occurrence of a more frequent
protein-substrate interactions.
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Figure 4.8: Binding affinities calculated for 4PET substrate via MM-GBSA method, at 30 °C
and50°C.8

For the active site, the catalytic triad behavior was monitored in terms of relevant
distances between amino acids, like S160-H237 and H237-D206 (Figure 4.9). It is
possible to note that no remarkable differences emerged at 30 and 50°C. However,
in the case of the MD simulation at 50°C, the distance of OH moiety of S160 from N&
of H237 presented a larger span of values than the corresponding one at 30°C.

Ser160-His237 His237-Asp206

Figure 4.9: Gaussian distributions of OHsis0-NO237 and NeHu23-OG1p206 Values, obtained
from FAST-PETase-4PET simulations at 30 °C and 50 °C.

The obtained distances are anyway coherent with a suitable orientation of the
amino acid residues for the occurrence the catalysis since, as recently suggested,
the activation of S160 borne by the H237 can be mediated by water molecules
bridging the residues [9,30]. From the RDF analysis performed at both temperatures
and obtained as a function of the distance between the water oxygen and the side
chain of S160, it was possible to detect the different hydration shells starting from
2.5 A that are characteristic of extensive network of H-bonds with the closer water
molecules.

This behavior favors a different orientation of the aromatic amino acid, not observed
at 30°C, and increases the frequency of r—Tt stacking with 4PET, thus highlighting a
possible correlation to the more pronounced plasticity of the enzyme at 50°C (Figure
4.5B) evidenced at experimental level [27]. Upon the occurrence of this interaction,
the substrate and its eight carbonyl groups that can undergo to the catalytic
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mechanism in detail, resulted averagely at closer distance from the -OH group of
S160 and from the -NH- group of M161 backbone. According to the proposed
catalytic reaction, the former residue is the nucleophilic agent, while the latter is
deputed to generate the oxyanion hole for stabilizing the transition states and
intermediates, together with the cooperative action of -NH- group of Y87 [27,28].
Therefore, the OHsi60-C=04per and NHmie1-O=Csper were measured during the
simulations at 30 and 50°C, taking into account each target carbonyl group of 4PET
(Figures 4.10 and 4.11).
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Figure 4.10: OHs160-C=0yper distances obtained from FAST-PETase-4PET simulations at 30
°C and 50 °C.
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Figure 4.11: NHwmie1-O=Cper distances obtained from FAST-PETase-4PET simulations at 30
°C and 50 °C.

A cut-off of 5 A for both selected distances was later adopted to identify possible
catalytically productive conformations of 4PET. Overall, it turned out that, at 50°C,
the relative abundances of good orientations of the substrate are observed for both
OHs160-C=04per and NHw16:-O=Cuaper distances for many moieties that are involved in
the catalytic mechanism. More interestingly, at this temperature, the productive
distances were observed for both core- and terminal monomers, examining the
OHs160-C=04per distances (Figures 4.10 and 4.11), as consequence of the more
extended W-shape form. Such more frequent proximity of 4PET carbonyl groups to
the catalytic residues suggested that FAST-PETase enzyme, in these working
conditions, can increase the chances to catch the substrate productively for the
catalysis from the early step of the catalytic mechanism, where efficient
stabilization of transient intermediates is required. In absence of further indications
about the preference for core- or terminal-monomers of FAST-PETase, such results
can be nicely considered representative of, and can thus linked with, the enhanced
catalytic activity of FAST-PETase, which was experimentally observed and measured
in terms of yielded TPA and MHET monomers [27]. Furthermore, the W-shaped
substrate resulted in hydrogen-bond interaction with the solvent exposed guanidine
group of the R90, as evidenced by the RDF obtained for the center of mass of amino
acid side chain and the terminal ester group of 4PET (intense peak at 2.8 A at 50°C,
Figure 4.12A). On the contrary, the highest value at 30°C was found in proximity of
10 A (Figure 4.12A). A salt bridge occurring between K233 and E204 was observed at
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50°C as shown in Figure 4.12B. The charged side chains of the amino acids were
faced at 3 A for the 30% of molecular dynamics at 50°C, while the highest
percentage of 30% was obtained in proximity of 8 A at 30°C.
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20%

10%

r(A) r(A)

Figure 4.12: A) Frequency of distances measured for the salt-bridge between K233 and E204
residues and B) and RDF calculated for the center of mass of the guanidium side chain of
R90 and terminal OH group of 4PET obtained for FAST-PETase-4PET complex at 30 (yellow)
and 50 °C (orange).

The keeping of this interaction favored the W-shaped form at higher temperature,
thus highlighting the effectiveness of machine-learning-based K233N mutation
coupled to the selection of 50°C as working temperature. Indeed, during the MD
simulations on the wtPETase. W-shaped conformation of 4PET was not observed in
solution. In accordance with the above-discussed results, it was pointed out that an
increasing temperature can favor FAST-PETase:4PET interactions, promoting
accessibility to high-energy conformations of the substrate. To further verify this
hypothesis, three different molecular dynamics simulations of 150 ns were
performed on the 4PET in solution, at increasing values of temperature (30, 50 and
150°C). PET has a glass transition temperature above 70°C and for this reason it has
been suggested as a more favorable reaction condition for enzymatic PET hydrolysis
[50-53]. However, the choice of the temperatures higher than 50°C allowed to
evaluate the thermic stress on the conformation in absence of protein surroundings
to the selected substrate model.

Over the selected timeframe and under the temperature conditions, 4PET never
showed a conformation resembling Wshaped form, as can be evinced by FESs
calculated for PCA1 and PCA2 in Figure 4.13.
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Figure 4.13: Free energy surfaces related to PCA1 and PCA2 of 4PET substrate, obtained
from solvated 4PET simulations at 30 °C.

At 30 and 50°C there were three main free-energy wells/basins in the global free
energy minimum region, indicating mainly three stable wrapped states
characterized by -t staking interactions (A, B, and C; Figures 4.13 and 4.14) over a
range of ~4 kcal mol™.
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Figure 4.14: Free energy surfaces related to PCA1 and PCA2 of 4PET substrate, obtained
from solvated 4PET simulations at 50 °C.

The mutual local structural organization within the 4PET was analyzed in terms of
RDFs for each temperature, considering all four rings and their related distributions
(Figure 4.15).
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Figure 4.15: Radial distribution functions of ring-ring pairs, calculated for 4PET substrate,
obtained from solvated 4PET simulations at 30 °C, 50 °C and 150 °C.

It was interesting to note that, at an increasing temperature, a decreasing height of
the peaks of about 4 A can be observed, thus emphasizing that the temperature can
favor a conformational distribution shifted towards the extended conformation.
However, the analysis of FES at 150°C did not still present any W-shaped form of the
substrate (Figure 4.16), in analogy to those conformations observed for wtPETase
and for FAST-PETase at 30°C also.

PC1
0 G (kJ/mol) 13.7
[ (W —

Figure 4.16: Free energy surfaces related to PCA1 and PCA2 of 4PET substrate, obtained
from solvated 4PET simulations at 150 °C.

According to the simulations, the results underlined that 4PET in solution tends to
assume a wrapped conformation, to favor substrate-substrate hydrophobic
interactions, in agreement with the available structural information of the PET
polymer [54-56]. Due to its chemical composition, PET indeed tends to establish
intramolecular rt-tinteractions that are the main source of the polymer mechanical
properties [54-56].

Despite the use of a representative model, it is worth nothing that the here-
described simulations reasonably reproduced, at atomistic level, the
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conformational behavior that might be representative of what occurs in PET-based
material. Thus, the insights obtained from these simulations can represent indirect
evidence of the role played by FAST-PETase enzyme, which, with its engineered
protein architecture, owns a binding site that promote the access to more reactive
conformations, which would not spontaneously occur for the polymer itself. This
aspect is further in accordance with previous in silico works on other mutants of
wtPETase [28].

4.5 Replicas of apoform- and 4PET FAST-PETase
simulations at 30 °C and 50 °C.

The reproducibility of the conformational behavior observed for FAST-PETase, in
both apo and 4PET-bounded forms, was considered and preliminarily investigated.
In detail, 3x100 ns replicas of molecular dynamics were performed from input
geometry obtained from the heating step of the simulation carried out to
temperatures of 30 °C and 50 °C, following the same computational procedure
discussed in the main text (see Computational methodologies section).

In total, at this stage, 1.2 ps of molecular dynamics were obtained. Main attention
was focused on those structural parameters that were considered in the initial
phase of the investigation, such as RMSD, RMSF, and analysis of the population via
a hierarchical clustering procedure. At the equilibrium, the analysis of RMSD has
highlighted a reproducible trend for all the systems, as evidenced by an overall
variation of values in the range of 0.5 A (see Figure 4.17).
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Figure 4.17: RMSD and RMSF analysis of the replicas carried out for the investigated FAST-

PETase systems.

Some more evident shifts of RMSD occurred in the case of replica 1 of FAST-
PETase:4PET complex at 50 °C, up to 2.5 A. The main reason for such behavior can
be assignhed to the fluctuations of 25-35 terminal residues, which during the
simulations shifted more with respect to their initial position. However, the above-
described movements did not affect the general secondary structures organization
of the investigated systems. This is confirmed by the observation of superimposable

RMSD and RMSF trends.
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4.6 Conclusions

In this study, molecular dynamics simulations were employed to gain in-depth
atomistic insights into the interactions between FAST-PETase and a tetrameric PET
substrate (4PET). FAST-PETase, an engineered variant of PETase from I/deonella
sakaiensis, was desighed through machine learning approaches to enhance both
stability and hydrolytic efficiency. This enzyme demonstrates a significantly
improved ability to depolymerize PET, making it a promising candidate for
environmentally sustainable plastic waste management and biocatalytic recycling
strategies.

Our analyses revealed that the conformational behavior of FAST-PETase is strongly
dependent on temperature. At 50°C, the apoenzyme exhibits increased flexibility
and pronounced fluctuations, particularly near the active-site cleft, where substrate
binding occurs. These structural fluctuations create solvent-exposed grooves and
cavities on the enzyme surface that appear to facilitate the initial docking and
accommodation of 4PET. Such pre-organization of the active site is likely a key factor
contributing to the enzyme’s enhanced catalytic efficiency at its optimal working
temperature. Conversely, at lower temperatures, such as 30°C, the enzyme is less
flexible, leading to a more restricted active site and less favorable substrate
alignment.

Simulations of the FAST-PETase:4PET complex further highlighted how temperature
influences productive enzyme-substrate interactions. At 50°C, the increased
plasticity of the active site enhances its lipophilic character, stabilizing the aromatic
moieties of 4PET and promoting their orientation into catalytically favorable
configurations. Residues such as W185 and Y87 play a central role in anchoring the
terephthalic rings through hydrophobic and m-stacking interactions, ensuring that
the substrate is correctly positioned for catalysis. These interactions also favor the
formation of a W-shaped conformation of 4PET, characterized by an extended
arrangement of the substrate over the enzyme surface. This W-shaped
conformation, not observed in simulations with wild-type PETase or at 30°C,
positions the substrate in closer proximity to the nucleophilic S160 and the oxyanion
hole formed by M161, thereby enhancing the likelihood of productive catalysis.

The W-shaped conformation is further stabilized by a network of electrostatic
interactions, including a salt bridge between K233 and D204, reinforced by R90.
Density Functional Theory calculations indicate that this conformation corresponds
to a higher-energy, otherwise inaccessible state in solution (~12 kcal mol™" above
the wrapped conformation), confirming that FAST-PETase at 50°C actively promotes
substrate destabilization. This destabilization likely reduces the energy barrier for
bond cleavage, thus contributing to the improved hydrolytic activity observed
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experimentally. MD simulations of 4PET in solution at various temperatures (30, 50,
150°C) confirmed that the W-shaped conformation does not occur spontaneously,
highlighting the enzyme’s unique role in guiding the substrate into reactive
conformations.

Overall, these in silico findings are consistent with experimental data,
demonstrating that the structural pre-organization of FAST-PETase, combined with
the conformational plasticity of key mutated residues, contributes to an increased
production of monomers at elevated temperatures. The results provide a detailed
mechanistic explanation for the enhanced catalytic performance of FAST-PETase,
linking the dynamic behavior of the enzyme to substrate orientation, stabilization of
transition states, and formation of high-energy conformations conducive to
catalysis.

Beyond the mechanistic insights, our study underscores the potential of FAST-
PETase for industrial applications. By stabilizing reactive conformations of PET at
moderate temperatures (30-50°C), the enzyme allows for energy-efficient, scalable
processes that could reduce reliance on high-temperature chemical recycling
methods. These atomistic insights may inform future enzyme engineering efforts
aimed at further improving activity, specificity, and thermostability, ultimately
contributing to sustainable plastic recycling and mitigating the environmental
impact of PET accumulation.

In summary, this work provides a comprehensive atomistic view of FAST-PETase-
substrate interactions, emphasizing the interplay between enzyme flexibility,
substrate conformation, and catalysis. By integrating structural, dynamic, and
energetic analyses, our findings offer a robust foundation for ongoing theoretical
and experimental research aimed at optimizing PET degradation under mild,
environmentally friendly conditions, advancing both the science of biocatalysis and
practical strategies for a circular, sustainable economy.
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Chapter 5

Study of Non-Phenolic Substrate Oxidation at
the Type 1 Copper Center of Trametes
versicolor Laccase: Benzo[a]lpyrene and
Anthracene

In this chapter, we outline the catalytic properties of laccases and describe a
computational investigation aimed at elucidating their reactivity toward polycyclic
aromatic hydrocarbons (PAHSs).

Laccases (EC 1.10.3.2) are enzymes belonging to the multicopper oxidase family,
characterized by their ability to catalyze the oxidation of a wide variety of substrates,
including both phenolic and non-phenolic compounds. The detailed molecular
mechanism underlying their activity toward phenolic substrates is well-established,
supported by extensive experimental and computational studies. However, the
reactivity of laccases toward non-phenolic substrates, particularly polycyclic
aromatic hydrocarbons (PAHs), remains largely unexplored and represents a
significant subject of scientific inquiry. Understanding the oxidation mechanisms of
PAHSs is crucial not only for elucidating the catalytic capabilities of these enzymes
but also for assessing their potential applications in biotechnological and
environmental contexts, such as the degradation of persistent organic pollutants.

To investigate the oxidation mechanism of PAHs in greater detail, with a particular
focus on the activation of the sp? aromatic C-H bond, we performed a density
functional theory (DFT) study. The analysis focused on the oxidation of two
representative PAHs, anthracene and benzo[a]pyrene, using an extensive
computational model of the T1 copper catalytic site of the fungal laccase from
Trametes versicolor. This approach allowed us to gain in-depth insights into the
electronic interactions and key mechanistic steps involved in the catalytic process,
providing a more comprehensive understanding of PAH oxidation mediated by
laccases.
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Alsointhis work, single-letteramino acid abbreviations (D, E, F) are used throughout
the text for clarity, while three-letter abbreviations (Asp, Glu, Phe) are used in figures
and tables. Both notations refer to the same residues.

5.1 Introduction

Laccases (EC 1.10.3.2, oxygen oxidoreductases or multicopper oxidases) are
versatile enzymes belonging to the class of phenol-oxidases, widely distributed
across a broad range of organisms, including bacteria [1], fungi [2-6], plants, insects
[7]1, and marine species [8]. Their broad occurrence in nature reflects their
evolutionary importance in mediating oxidative processes essential for cellular
metabolism, structural remodeling, and environmental detoxification. These
enzymes catalyze the one-electron oxidation of a wide spectrum of substrates while
concomitantly reducing molecular oxygen to water, areaction thatis central to their
multifunctional catalytic behavior [9].

The laccase active site contains four copper ions arranged into three distinct types
of copper centers: Type 1 (T1 Cu), Type 2 (T2 Cu), and a binuclear Type 3 (T3 Cu),
which together form a trinuclear cluster (TNC), as illustrated in Figure 5.1.
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Figure 5.1: Schematic representation of the laccase catalytic site processing a phenolic
compound. The Type-1 Copper site (T1 Cu) is located at the surface of the substrate-binding
pocket and coordinates one copper atom with two histidine residues and one cysteine
residue. Two additional weakly coordinating residues occupy the axial position, typically
Phe or Leu for high-potential fungal laccases, and Met for low-potential bacterial laccases.
The Type 2 (T2 Cu) and Type 3 (T3 Cu) copper ions form the TNC, coordinated by eight
histidine residues and connected to T1 Cu through the highly conserved histidine—cysteine—
histidine (HCH) motif. Upon substrate oxidation at the T1 Cu site, electrons are sequentially
transferred along the HCH pathway to the TNC, where molecular oxygen is bound and
reduced to water.

The T1 Cu site is the locus of substrate oxidation and largely determines the redox
potential of the enzyme. Notably, the physicochemical properties of the amino acid
in the axial position of T1 Cu play a pivotal role in modulating this redox potential
[10], thereby influencing the efficiency of electron transfer from substrate to
enzyme. Electrons are subsequently relayed from T1 Cu to T2 and T3 Cu, which are
situated approximately 12-13 A away[11], culminatingin the reduction of molecular
oxygen to water at the TNC [12].
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Laccases exhibit a remarkable diversity of biological functions that are intimately
linked to their source organism. In fungi, laccases are key mediators of lignin
degradation, facilitating the recycling of organic matter in ecosystems, whereas in
plants, they contribute to lignin biosynthesis and defense against pathogens. In
bacteria, laccases participate in processes such as spore-coating, pigmentation,
and biofilm formation [13]. This broad spectrum of roles reflects their catalytic
versatility and substrate promiscuity, which allows them to oxidize an extensive
array of compounds. Typical substrates include phenolic and lignin-related
molecules, yet laccases can also act on nhon-phenolic compounds such as amines,
alcohols, dyes [14,15], carbohydrates, metal complexes [16], and polymers[17,18].

The catalytic potential of laccases can be further amplified by the use of redox
mediators, small molecules that serve as electron shuttles to extend enzymatic
oxidation to otherwise recalcitrant substrates [19,20]. While the oxidation
mechanisms for phenolic compounds have been extensively characterized and
documented [19,21-26], the pathways for non-phenolic substrates remain less well
understood. Among these, polycyclic aromatic hydrocarbons (PAHs) have received
particular attention due to their environmental persistence, hydrophobicity, and
recognized toxicity [27,28]. PAHs are primarily generated from the incomplete
combustion of organic matter such as oil, coal, and natural gas, and are pervasive
pollutants in terrestrial and aquatic ecosystems. Bioremediation strategies utilizing
laccases offer a promising approach for mitigating the ecological impact of these
compounds.

Several studies have demonstrated the ability of fungal laccases, including those
from Trametes versicolor [29,30], Pleurotus ostreatus [31], and Coriolopsis gallica
[32], to oxidize PAHs. Subsequent research has sought to improve oxidation
efficiency by modifying the chemical nature of mediators [33-39] or by employing
immobilized enzyme systems [33,34,40-42], highlighting the interplay between
substrate accessibility and enzymatic performance. Beyond fungi [43-48], bacterial
laccases have also been explored for PAH degradation [46,49,50], offering
advantages in terms of thermal stability and pH tolerance, which are crucial
parameters for environmental applications.

Mechanistically, the rate-limiting step in laccase-catalyzed reactions is typically the
initial one-electron oxidation of the substrate [51,52], governed by the difference in
standard reduction potentials (E°) between T1 Cu and the substrate [53]. Phenolic
substrates achieve this through concerted electron-proton transfer, minimizing the
formation of high-energy intermediates. In T. versicolor laccase (TvL), this proton
transfer is facilitated by the acidic nature of the phenolic proton and by a proximate
aspartic acid residue [49]. In contrast, non-phenolic substrates such as PAHs
possess aromatic C-H bonds with markedly lower acidity, making proton transfer
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less favorable. Despite this, fungal laccases can oxidize PAHs even in the absence
of mediators, albeit with lower efficiency, implying alternative mechanisms for
facilitating proton and electron transfer. PAH oxidation by laccases involves a
sequence of six electron transfers to generate quinone products, as shown in Figure
5.2.
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Figure 5.2: The six-electron oxidation of ANT e BaP to quinone species catalyzed by
laccases. The IUPAC numbering shown is that relating to the BaP.56 The carbon atoms 6
and 10b in BaP correspond to the carbon 9 and 10 in ANT. The reaction evidenced in the box
is the focal point of the present investigation. The whole conversion requires at least two
water molecules.

The initial stage of PAH oxidation, involving the direct activation of the aromatic C-
H bond, is widely recognized as the rate-limiting step in laccase-catalyzed
reactions. This step is particularly challenging due to the high bond dissociation
energy and the low acidity of aromatic protons, which make the direct proton
transfer intrinsically unfavorable. Once the C-H bond is oxidized, the resulting
intermediates carry hydroxyl (C-OH) functionalities. These hydroxylated
intermediates exhibit lower redox potentials compared to the parent PAHSs,
rendering them significantly more reactive and facilitating the subsequent electron
transfer steps required to complete the full six-electron oxidation to quinone
products. This stepwise increase in reactivity illustrates how the enzyme
strategically exploits intermediate formation to overcome thermodynamic barriers
inherent to the oxidation of chemically inert substrates.

In this work, we aim to provide a detailed atomic-level understanding of the PAH
oxidation mechanism at the T1 Cu site of Trametes versicolor laccase (TvlL),
deliberately excluding the influence of redox mediators to isolate the intrinsic
catalytic properties of the enzyme. TvL is classified as a high-redox-potential
laccase (E°= 785 mV), a property largely attributed to the presence of a hydrophobic
residue in the axial position of the T1 Cu center, which stabilizes the oxidized copper
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state and facilitates electron transfer [53]. By focusing on the critical step of direct
aromatic C-H bond activation, we seek to elucidate the mechanistic principles
underlying this transformation. Insights gained from this study may also have
broader implications, including guiding the design of enzymatic systems for the
activation of sp® aliphatic C-H bonds, relevant in the enzymatic degradation of
synthetic polymers such as polyethylene [18].

Two representative PAHs were selected for computational analysis: anthracene
(ANT) and benzo[a]pyrene (BaP). These molecules were chosen for their
comparable reduction potentials in acetonitrile (886 mV for ANT and 712 mV for
BaP) [33,54,55] and their low aqueous solubility (0.045 mg L™ for ANT and 0.0016
mg L™ for BaP) [44]. Notably, fungal laccases, including TvL, efficiently catalyze the
oxidation of ANT, whereas BaP is largely resistant in the absence of mediators
[29,30,33,34] despite having a lower ionization potential (7.12 eV vs. 7.55 eV for ANT)
and a slightly less positive redox potential [32]. This apparent discrepancy highlights
the complex interplay between substrate accessibility, solubility, and enzyme-
substrate electronic interactions. Reaction conditions play a critical role in
modulating oxidation efficiency. For example, the addition of the surfactant Tween
80 improves BaP solubility and consequently enhances its oxidation yield,
underscoring the importance of both chemical and physical factors in laccase-
mediated PAH transformations.

Our investigation proceeds in two integrated stages. First, molecular docking
simulations are employed to characterize substrate binding orientations and to
identify key residues involved in stabilizing the PAH within the active site. This step
provides a structural framework and plausible geometries for subsequent
mechanistic studies. In the second stage, the oxidation mechanism is probed
through Density Functional Theory (DFT) calculations using a cluster approach
[56,57], based on the most representative binding poses obtained from docking.
This methodology allows for a detailed evaluation of electron and proton transfer
events, providing insights into the energetic and structural factors that govern the
catalytic efficiency of TvL toward challenging non-phenolic substrates.

5.2 Computational Details

Molecular Docking was performed using Glide, as implemented in Maestro
Schrodinger Suite software (Schrodinger Release 2020-3: Maestro, Schrodinger,
LLC, New York, NY, 2021). We tested the reliability of the docking protocol by
performing a molecular recognition of the known inhibitors, such as 2,2'-azino-
bis(3-ethylbenzothiazoline-6-sulfonic acid) (ABTS) and 2,6-dimethoxyphenol (2,6
DMP), into the binding site of TvL (PDB ID: 1KYA [58])More in detail, a flexible ligand
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extra precision (XP) docking was carried out, using the OPLS3 force field (see Figure
5.3). To have a more accurate estimation of ligand-binding affinities, Prime
Molecular Mechanics Generalized Born and Surface Area (MM/GBSA) calculations
were carried out[59]. Molecular Dynamics (MD) simulations assessed the stability
of substrate positioning within the pocket.

All DFT calculations have been performed with the TURBOMOLE 7.4 suite [60].
Geometry optimizations were performed using the pure GGA BP86 [61,62]
functional. The Rltechnique [63] was adopted to speed up calculations. Single point
energies on BP86-optimized geometries have also been recalculated using the
hybrid PBEO [64] functional. Basis sets of triple- plus polarization split valence
quality [65] (def-TZVP) were adopted for all atoms. Solvent effect is accounted for by
using the Conductor-like Screening Model (COSMO) approach [66]. Water solvation
has been considered by setting the dielectric constant equal to 80. In general, this
computational setting provides ground state geometry parameters in good
agreement with experimental X-ray values [67]. Charge distribution was evaluated
using Natural Bond Orbital (NBO) analysis using the PBEO functional. Geometry
optimizations were carried out with convergence criteria fixed to 107 Hartree for the
energy and 0.001 Hartree-per bohr for the gradient norm vector. D3 Grimme
empirical dispersion correction [68] was adopted. This theoretical scheme has
already been tested and successfully adopted in previous DFT investigations carried
outin our laboratory on various bioinorganic copper systems [69-71].

Molecular Dynamics details: two replicas of 100 ns were performed for the protein
in complex with ANT, starting from the best docking pose. By using AmberTools23
[72], the 3D system was placed in a 10 A cubic box containing a neutralized water
buffer with counterions. The system was described by the model from the general
Amber force field (GAFF) [73] and ff99SB [74] in combination with the TIP3P water
model [75]; proper restraints have been added to maintain proper coordinationin T1
Cu. Using the GROMACS 2020 package [76] the system was relaxed by applying
harmonic positional constraints on all atoms (50 kcal mol-1 A 2) using 5000 steps of
steepest descent (SD), followed by 5000 steps of conjugate gradient (CG). The
system was progressively heated for 10 ns at 300 K using the Langevin thermostatin
the NVT ensemble. The system was maintained at constant pressure with the NPT
ensemble at 1 bar pressure using the Berendsen barostat with a time constant tp =
2.0 ps. The 100 ns MDs were produced with an integration step of 2 fs and a cutoff
radius of 10.0, with the SHAKE algorithm coupling the Particle Mesh Ewald (PME)
summation method. The stability of the complex was verified by monitoring the T1
Cu - ANT distance, calculated with respect to the barycenter of the latter. To verify
the presence of water molecules in the proximity of T1 Cu, the radial distribution
function (RDF) was also calculated.
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5.3 Characterization of enzyme-substrate interactions

To reliably unravel the mechanism(s) of PAH oxidation, a preliminary study on PAHs
recognition by the enzyme is needed. Thus, molecular docking of BaP and ANT to
the TvL (1KYA [58]) was carried out, allowing to characterize the nature of the
enzyme-substrate interaction and to drive subsequent higher-level calculations.
Indeed, for each substrate, the best-energy pose was chosen as the starting point
for subsequent DFT calculations. The analysis of enzyme—substrate interactions
also allowed the selection of those residues to be included in our DFT model(s) (vide
infra). Furthermore, the obtained docking poses/scores for ANT and BaP provided
indications about similarities and/or differences in both their accommodation
mode within the binding pocket and their affinity towards TvL. More in detail, the
analyses of the five top-ranked poses for both ANT and BaP clearly indicate that they
both bind at the same site, in proximity to T1 Cu (see Figure 5.3).

2,6 DMP ABTS

o His?®s

%

Figure 5.3: The positions of each ligand in the TvL binding pocket.
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Almost all the poses for both ligands are superimposed on the first-ranked one
(Figure 5.4 top, yellow ligand structures), except for fewer stable dispositions, in
which the three-ring common scaffold of ANT and BaP is slightly rotated in the
pocket.

392 PHE
265

455 PHE
458 Casr ASN
G d 264
S PHE
332
PHE
( ASP \ 332
206 PRO LEU

U] | v
Charged negative
Glycine g';: PHE ‘ Lm (e
| 164 302 Hydrophobic | 162 :': . 206 455
Polar
o—aT-T
Solvent exposure

Figure 5.4: Top: a focus on the superimposition of the top-ranked five docking poses of ANT
(left) and BaP (right) to TvL (PDB: 1KYA). Bottom: interaction diagrams of the best pose
obtained for each substrate to TvL.

Considering the best pose resulting from the docking of each substrate (Figure 5.4),
we observed quite similar docking scores (kcal mol™), equal to -3.61 for ANT and
-4.07 for BAP.

The binding is driven by hydrophobic interactions mainly involving the same
residues in the two cases (Figure 5.2). Indeed, both ligands form intermolecular
interactions with residues H458, D206, 1455, L164, F265, G392, P391, F332, and
F162; for ANT, an additional interaction with Phe337 was detected, while BaP was
also found to interact with G334 and N264. We recall that H458 is also coordinated
with T1 Cu while D206 is responsible for proton transfer.

By using the MM/GBSA method, the binding energies of the two substrates slightly
diverged, with BaP binding favored by 4.8 kcal mol™ over ANT.
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5.4 Exploration of the most likely mechanism with a
minimal T1 Cu model

The structures of the experimentally observed quinone species, resulting from ANT
and BaP oxidation by laccases, support the mechanistic proposalreported in Figure
5.2, which involves six consecutive mono-electronic oxidation steps [52]. The C-H
bonds involved in oxidation are those at the centrally fused benzene rings, namely
C10and C9 for ANT, and C6 and C12 for BaP (according to IUPAC numbering, Figure
5.4). This mechanism is similar to that reported for the degradation of BaP by P450
peroxidase [77].

The oxidation mechanism consists of three different stages. The first stage involves
the two-electron oxidation of the C-H bond, resulting in the formation of phenolic
analog intermediates (6-OH BaP and 10-OH ANT). During this stage, the oxidation
state of the carbon atom goes from -1 to +1. Subsequently, in the second stage, a
successive oxidation occurs, leading to the generation of a di-hydroxy intermediate,
which then undergoes further oxidation to quinone species.

Our DFT investigation is focused on the first stage, i.e. the two-electron oxidation of
the C-H bond to C-OH, since it is the most critical (and thus relevant) of the whole
catalytic cycle (Figure 5.4). This stage has been fully characterized following a two-
step procedure, in which two T1 Cu models of increasing complexity have been
used. In an explorative phase, a minimal model (Figure 5.5) has been scrutinized to
provide a thermodynamic picture for the first oxidation, taking BaP as a case study.
Indeed, different mechanistic alternatives can underlie this reaction, as also
proposed in a previous investigation by Guan et al [50].
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Figure 5.5: Right: structure of the minimal model used for our preliminary calculations, also
providing details on the T1 Cu first coordination sphere. Left: structure of the extended
cluster model used in this investigation. This model includes 14 residue side chains plus
Cu(ll), the ligand, and five water molecules (W1-5). The approach of the W4 oxygen atom to
the BaP/ANT carbon atom involved in the reaction, defines the reaction coordinate for the
first mono-electronic oxidation.

The minimal model only includes the first coordination sphere of T1 Cu, along with
the side chain of D206. Three different scenarios for the early oxidation were
considered (Figure 5.6):

(A) Oxidation of the ligand at C6 with the formation of a radical cation species;

(B) Hydrogen atom transfer (HAT) process from BaP with the protonation of the D206
side chain;

(C) Oxidation of BaP with the concomitant nucleophilic attack of a water molecule
and the protonation of the D206 side chain.
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Figure 5.6: DFT energies (in kcal mol—1) for the first oxidation of BaP, computed using the
minimal model, are reported in blue. Results are based on three mechanistic hypotheses:
(A) monoelectronic oxidation with the formation of a carbocation, (B) HAT process with the
formation of a neutral radical species and protonation of D206, (C) nucleophilic attack on
the carbocation by a water molecule, and protonation of D206. All shown energy values are
obtained from single point calculations at the PBE0-D3/TZVP/COSMO level on BP86-
D3/TZVP/COSMO-optimized geometries.

Considering both the first and second hypotheses, we calculated too high reaction
energies (>45 kcal mol™) for these reactive channels to be feasible, so these
mechanistic possibilities have been ruled out and excluded from subsequent
calculations. According to the third hypothesis, an intriguing intermediate was
obtained in which the reactive carbon, undergoing the nucleophilic attack by water,
transiently adopts a sp® geometry. The estimated reaction energy of 15.6 kcal mol™
suggests that this is the most likely reactive channel for the first oxidation, being
thermodynamically feasible.

5.5 Detailed mechanism characterization using an
extended model

In a second step, the investigation proceeded by switching to a more
comprehensive T1 Cu cluster model (denoted as extended model herein, see figure
5.5), which was used to (i) recalculate and refine the most likely mechanism
previously elucidated using the minimal model, (ii) investigate the second oxidation,
(iii) complete the calculated energy profiles by also providing kinetic information,
(iv) compare the results obtained for BaP with those for ANT to highlight eventual
differences in reactivity between the two, and (v) provide a detailed characterization
of the structures of all the species involved in the first two-electron oxidation. The
extended model was built considering the interaction pattern of the bulkier
substrate, i.e. BaP, with the enzyme, as obtained from molecular docking. It thus
incorporates the eight residues mainly involved in the ligand-TvL interaction and an
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additional six residues to ensure the complete coordination of T1 Cu, resultingin a
total of 14 residues.

For structural simplification, each residue was restricted to its side chain,
originating from the Ca position, unless it exhibited contiguous connectivity (N264—
F265 and G392-P391). The total charge of the model is zero. Since water is directly
involved in the most likely mechanism, as suggested by preliminary calculations on
the minimal model, our extended model also incorporates five water molecules
(W1-5) strategically positioned between the D206 side chain and the substrate,
forming a “Grotthuss-like” channel to assist proton transfer. Remarkably, the
presence and persistence of water molecules in the T1 Cu proximity, in between the
metal center and the substrate, was confirmed by MD simulations (see Figure 5.7).
W4 is placed in proximity to the reactive C-H bond of both substrates. A visual
examination of the model reveals that the C-H bond is in the vicinity of both the Cu
T1 (which willundergo reduction by the substrate) and the side chain of D206 (which
will accept the proton from the substrate).
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Figure 5.7: Analysis of MD simulations (two replicas) of the enzyme-substrate complex
(taking ANT as an example), performed starting from the best docking pose. Left: Distance
calculation between ANT and T1 Cu. During both simulations, the substrate maintains
essentially the same positioning within the pocket and a distance from T1 Cu similar to the
initial conformation. Right: RDF analysis for the T1 Cu and water molecules, calculated for
each replica along the entire simulations. This result confirms the presence of water
molecules in the first hydration sphere of T1 Cu (2 - 4 A°) in between the metal and the
substrate.

By scanning the potential energy surface (PES) along the reaction coordinate for
both ligands, we identified the transition state geometry and evaluated the
activation barriers associated with both first and second one-electron oxidation
(see Figure 5.8).
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Figure 5.8: Molecular motions along the reaction coordinates for the first (left) and second
(right) oxidation steps of BaP. The observed atomic displacements in BaP are equally
observed in ANT. The dotted line indicates the interatomic distance explored in the PES
scan. The red arrows indicate the atomic displacements observed during the PES scan.

The characterized mechanism is sketched in Figure 5.9. The DFT optimized starting
species (R-Cu(ii)) are in S = V2 state and are substantially similar for the two
substrates (see Table 5.1) as might be expected based on the small differences
between BaP and ANT.

R-Cull) R-Cull) Int:|:;redi InternI:edi

ANT BaP ate Cu(l) ate Cu(l)
BP86 PBEO BP86 PBEO BP86 BP86
Cu-Ny 1.974 1.965 1.972 1.959 1.990 1.992
Cu-Ny 1.975 1.979 1.978 1.976 2.067 2.067
Cu-Sc 2.155 2.142 2.151 2.139 2.192 2.192
Cu-He 2.567 2.604 2.630 2.635 2.541 2.539
Cu-H, 2.708 2.801 2.720 2.824 2.725 2.715
Cu-C 8.210 8.674 8.385 8.614 8.505 8.740
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R-Cu(ll) Int-Cu(l)

ANT BaP ANT BaP

BP86 PBEO BP86 PBEO BP86 PBEO BP86 PBEO

Cu 0.43 0.50 0.43 0.49 0.12 0.00 0.13 0.00
Sc 0.45 0.43 0.45 0.43 0.08 0.00 0.09 0.00
NHi 0.03 0.03 0.04 0.03 0.00 0.00 0.00 0.00
NHi 0.03 0.03 0.03 0.03 0.00 0.00 0.00 0.00

Ligand 0.00 0.00 0.00 0.00 0.80 1.02 0.75 1.01

Table 5.1:NBO spin population (in electrons) for R-Cu(ll) large models computed at BP86
and PBEO level using optimized BP86/TZVP/D3/Cosmo geometries. Large model optimized
T1 Cu coordination sphere Cu-ligand bond distances (in A) for the reactant R-Cu(ll) at
BP86/TZVP/D3/Cosmo and PBEO/TZVP/D3/Cosmo level of theory; for the Int-Cu(l) at
BP86/TZVP/D3/Cosmo. The Cu-Hr and Cu-H, distances refer to the distances between
copper (Cu) and the hydrogen (H) atoms of the side chains of hydrophobic residues,
specifically phenylalanine (F) and isoleucine (I), within the first coordination sphere of T1
copper. These distances are calculated based on the shortest distance between one of the
hydrogen atoms within the side chain (see figure above).

Indeed, the two substrates are accommodated similarly within the binding pocket,
with the ANT molecular plane slightly bent compared to that of BaP by
approximately 14 degrees. The T1 Cu site shows the typical trigonally distorted Cs,
structure, characterized by an unusually short Cu-Sc bond [78,79]. The carbon atom
belonging to the carboxylic acid group of the side chain of D206 is distant from T1
Cu 7.7 A(BaP)and 7.1 A (ANT).
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Figure 5.9: Proposed mechanism for the two-electron oxidation of ANT and BAP catalyzed
by TvL based on DFT calculations on the extended model. Energy differences (in kcal mol-1)
at the PBE0O-D3/TZVP/COSMO level are derived from single-point calculations on BP86-
D3/TZVP/COSMO optimized structures. The structures of the various forms (reactant R-
Cu(ll), Cu(l)/Cu(ll) intermediate Int—-Cu(l) and Int—-Cu(ll), and product P-Cu(l)) are depicted
on the side, considering BaP as example TS1 and TS2 refer to the transition states along the
pathway and are associated with the first and second ET from the ligand to T1 Cu. Initially,
the ligand is located in the binding pocket near T1 Cu and D206. The latter assists a proton
transfer from the substrate, facilitating the ET. The proton transfer is mediated by at least one
solvent molecule. The 1e oxidized form of the ligand has a tetrahedral carbon carrying an
alcohol function. In the second step, T1 Cu is re-oxidized and D206 deprotonated obtaining
a S = 0 broken-symmetry state. Then, in the second electron/proton transfer, T1 Cu is
reduced and the D206 side chain protonated again with the formation of a mono-hydroxy
product.

Cu and Sc spin densities in the Cu(ii) equilibrium structures are on average 0.50 and
0.43, respectively, in line with previous DFT investigations. The Cu—C distances with
the carbon atom formally under oxidation are 8.4 A (ANT) and 8.5 A (BaP) (Figure
5.5).

The first oxidation step is a concomitant electron/proton transfer during which we
observe the:

(1) electron transfer from the substrate to T1 Cu;
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(2) nucleophilic attack of W4 to the substrate mono-oxidized carbon atom. W4 isin
a suitable position for nucleophilic attack with a C-O internuclear distance of
3.851 A and 3.218 A for ANT and BaP, respectively;

(3) protontransfer from W4 to W3 and then from the latter to the side chain of D206;

(4) approaching W5 in proximity to the substrate, positioning suitably to serve as a
bridge in the subsequent oxidation process.

This initial step changes the hybridization of the central carbon atom of the
substrate from sp? to sp?, with the formation of a radical intermediate featuring a
tetrahedral carbon carrying an alcohol function (Int-Cu(i)). This induces a slight
bending of the system, as depicted in Figure 5.10. This structural feature is in line
with the Jahn-Teller distortion observed for the benzene radical cation by ab Initio
molecular dynamics [80]. T1 Cu is reduced with no spin population on Cu and Sc
and with Cu-Ny and Cu-Sc distances similar to those of T1 Cu(ll) [81]. The radical is
entirely delocalized among the carbon atoms on the substrate, as illustrated in
Figure 5.10. In both substrates, particularly with ANT, we observe the localization of
a substantial portion of the spin population on the C10 atom positioned opposite to
the C6-0OH, consistent with the electronic structure of the anthracene radical cation
[79,80]. This carbon atom will ultimately be responsible for the formation of the final
quinone species in the 6-electron oxidation process (Figure 5.2).
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Figure 5.10: On the top: molecular shape and below spin populations of mono-oxidized
ligand in the Int-Cu(l) intermediate for ANT and BaP. The highlighted areas in yellow on the
carbon atoms are qualitatively proportional to the PBEO spin population on that nucleus. At
the bottom, the total spin density for R—Cu(ll) and Int-Cu(l) is shown, computed from the
PBEO level wave function at the minimum geometry.

The structures of the TS1 transition states (Figure 5.11) for both substrates exhibit
remarkable similarity, with their electronic structure being defined by a copper spin
population, enabling us to attribute the redox state to Cu'°.
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Figure 5.11: Geometries of the first and second transition state (TS1 and TS2) along the
reaction coordinates for the first and second oxidation steps. In both cases the NBO spin
population computed at PBEO/TZVP/D3 COSMO =80 DFT level of the copper ion is
compatible with the Cu'? redox state. In the case of TS1 for BaP, a spin population of 0.6 is
observed on the ligand, indicating that Cu is slightly more reduced compared to ANT.

The reaction profiles for ANT and BaP during the first ET exhibits remarkable
similarity. The values show minimal deviation between BP86 to PBEO results (Tables
5.2 and 5.3). On average, the estimated activation energy remains constant at
approximately 30 kcal mol™, indicating a kinetically impeded process. This result
suggests that, even invoking the most likely mechanism among those investigated,
PAH first oxidation is not effective.

TS1 TS2
ANT BaP ANT BaP
Cu-Nn 2.002 1.996 2.001 1.972
Cu-Ny 2.007 2.047 2.017 1.977
Cu-Sc 2.184 2.193 2.186 2.156
Cu-Hr 2.594 2.630 2.532 2.608
Cu-H, 2.702 2.814 2.612 2.673

Table 5.2: Transition state Cu-X (in A°) optimized bond distances at BP86/TZVP/D3/COSMO
level.
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Level of BP86 PBEO
theory
TZVP/D3/Cosmo TZVP/D3/Cosmo
ANT BaP ANT BaP
AE* 31.1 29.1 29.7 30.3
AE; 10x 26.4 20.1 18.1 14.8
AE,* 19.3 28.1 27.9 30.5
AE; 0x -48.8 -31.7 -46.8 -27.5

Table 5.3: Reaction energy barriers (in kcal mol™) computed at BP86/TZVP/D3/Cosmo level
and PBEO/TZVP/D3/Cosmo level from BP86/TZVP/D3/Cosmo level optimized geometries.
AE# and AE,* are the energy barrier between the R-Cu(ll) and Int-Cu(l) (AE+*) and between
Int-Cu(ll)/P-Cu(l).

At this stage, the model exhibits one fewer water molecule due to the dissociation
of W4 (one proton migrates to the D206 side chain, while the OH-ion is how bound
to the substrate). The second substrate oxidation requires the restoring of a Cu(ii)
center, with an electron transfer towards the TNC from the reduced T1 Cu(i), and the
deprotonation of the D206 side chain. This step was modeled simply by removing
one electron from the system and the proton from the D206 side chain and finally
re-optimizing the geometry. The resulting structure (Int—Cu(ii)) is a S = 0 broken
symmetry solution, in which one unpaired electron is localized on T1 Cu(ii) and the
other on the mono-oxidized substrate. The second 1e oxidation of the substrate,
shown in Figure 5.9, involves a hydrogen atom abstraction from the C-H bond of the
tetrahedral carbon atom of the radical species during which we observe the:

(1) reduction of T1 Cuj;

(2) proton transfer from the substrate to the D206 side chain via the W5 water
molecule;

(3) formation of the hydroxy derivative of the substrate.

Again, we evaluated the activation energy of this step for both substrates by
scanning the PES of each system along the reaction coordinate that identifies the
overall process. During the second electron transfer process, the activation energy
barrier for ANT, albeit slightly, is lowered by 2.1 kcal mol™ compared to that
computed for BaP. Furthermore, the reaction energy for ANT is significantly more
negative, surpassing that of BaP by as much as 19.3 kcal mol™".

The overall energy profiles depicted in Figure 5.9 are compatible with a kinetically
hindered process, since they entail activation barriers as high as 30 kcal mol™ for
both BaP and ANT. In general, extended cluster models such as those adopted here
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are inherently more precise in the description of the real system, encompassing
first- and second-coordination sphere effects [57]. Nevertheless, large models with
a consistent number of constraints may result, in some cases, in artifactual rigidity
during geometry optimizations, which could result in slightly overestimated energy
barriers. In any case, even accounting for hypothetical overestimation of barriers,
our calculations clearly suggest that direct PAH oxidation (i.e. in the absence of
mediators) should be minimal. This agrees with the observation made by Johannes
and Majcherczyk [34] that the initial oxidation step (resulting in the formation of a
radical species) is endergonic, as the standard reduction potential of the
PAH */PAH pair is more positive than that of T1 Cu, rendering it kinetically
unfavorable. Such a process may remain chemically feasible if a subsequent
irreversible step removes one of the reaction products, in this case, the reactive
intermediate PAH " * radical species.

Our results nicely match the low yields reported in the literature for BaP oxidation by
TvL (and by other fungal laccases as well, see Table 5.4), which indicate that the
process is reasonably characterized by high activation barriers approaching the
threshold beyond which a reaction becomes kinetically unfeasible.
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. % %
Experimental

Organism condition with no ox ox Reference
mediator
ANT BaP
27 °C, pH=5,
Trametes versicolor 85% <2% (Collins etal. 1996)

Tween80, 24h

(Majcherczyk, Johannes,

Trametes versicolor pH 5.0, RT, 72h 18% 19% .
and Huttermann 1998)

Marasmius
quercophilus pH 4.5 30% (Farnet et al. 2009)
uer nu

pH 4.5, 73.8 5.3 (Johannes and Majcherczyk

Trametes versicolor
% % 2000)

Tween80

Pycnoporus PHS, )
, , 65% (Canas et al. 2007)
cinnabarinus Tweens80
Immobilized
) (Dodor, Hwang, and Ekunwe
Trametes versicolor enzyme, pH 4.5, 17% 19% 2004)
Tween80
Rigidoporus .
. pH 4.5, 30°C, 72h 9% (Cambria et al. 2008)
lignosus
Pleurotus ostreatus (Natalia N. Pozdnyakova et
pH 4.5 0%
D1 al. 2006)
yellow laccase from pH 6 (N.N. Pozdnyakova,
Pleurotus ostreatus 95% Rodakiewicz-Nowak, and
D1 Tween80 Turkovskaya 2004)

Table 5.4: Summary of the ANT and BaP oxidation experiment with fungal laccases in the
absence of a mediator. % ox refers to the percentage of oxidized quinone product with
respect to the control without enzyme
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Conversely, on the basis of our energy profiles, we could not rationalize the higher
yields observed for ANT oxidation. Consequently, additional remarks are needed,
specifically delving into the ANT and BaP oxidation experiments already present in
the literature [82]. For instance, as it follows from Table 5.3, the presence of a
surfactant (such as Tween 80) can enhance ANT oxidation yields by TvL and other
laccases. This is intriguing in light of the recent suggestion by Yang et al [83]. that
Tween 80 may also act as a mediator, facilitating substrate oxidation. It is thus
possible to suppose that in some cases, depending on different combinations of
substrate nature and experimental conditions, oxidation is favored not so much by
an effective positioning of the substrate in the ligand-binding pocket, but by the
presence of the surfactant, which may act as a mediator.

5.6 Conclusions

The present study provides a comprehensive insight into the oxidation of
anthracene (ANT) and benzo[a]pyrene (BaP) by the T1 Cu catalytic site of Trametes
versicolor laccase (TvL), shedding light on the complex molecular mechanisms
underlying these reactions. To date, the majority of computational studies on
laccases have primarily focused on the reactivity of the T2/T3 trinuclear cluster
[7,50,81], while the T1 Cu site, which is responsible for substrate oxidation, has
received considerably less attention. Furthermore, previous mechanistic studies
often analyzed substrate oxidation without explicitly modeling the interaction
between the substrate and the enzyme’s binding pocket, leaving a significant gap in
our understanding of the enzymatic environment’s role. In this context, the present
work represents a pioneering investigation, providing for the first time mechanistic
insights into the oxidation of aromatic hydrocarbons at the T1 Cu site.

The study integrates multiple computational approaches, combining molecular
docking with Density Functional Theory (DFT) calculations on progressively detailed
T1 Cu models. In the first stage, molecular docking simulations were employed to
explore the binding of ANT and BaP within the T1 Cu pocket. The results revealed
that both PAHs can interact effectively with the enzyme’s active site, exhibiting
comparable affinities, with a slightly higher binding preference observed for BaP
relative to ANT.

Subsequently, DFT calculations using a minimal cluster model of T1 Cu enabled the
investigation of different mechanistic hypotheses previously proposed for the initial
one-electron (1e”) oxidation step, which represents the most critical stage of
catalysis. These calculations allowed us to identify the mechanistic pathway most
likely to occur under physiological conditions. Our findings indicate that the only
thermodynamically feasible route involves a water molecule acting as a nucleophile
toward the oxidized carbon of the substrate. This role of water is further
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corroborated by Molecular Dynamics (MD) simulations, which consistently show
the presence of water molecules in the T1 Cu pocket, positioned between the
copper center and the ligand.

To evaluate the kinetic feasibility of this pathway, an extended DFT model was
employed, providing complete energy profiles for the two-electron (2e7) oxidation of
both ANT and BaP. In the absence of redox mediators, the oxidation of both
substrates is characterized by high activation barriers, and no energetic preference
emerges for either substrate. These results underscore the inherent difficulty of
direct PAH oxidation and highlight the potential importance of mediators in
facilitating the process.

These findings pointto the necessity for future studies to investigate the specific role
of mediators of diverse chemical nature in laccase-catalyzed oxidation, particularly
at the molecular level. The mechanistic understanding of mediator oxidation by T1
Cu, followed by electron transfer to various PAHs, remains largely unexplored in the
literature. The present computational study establishes a solid foundation for
addressing this knowledge gap and provides a framework for more detailed
investigations.

Finally, this work delivers novel insights into the C—H bond oxidation mechanism by
laccases, offering mechanistic principles that can be generalized to other classes
of hydrocarbons. These insights have the potential to inspire future theoretical and
experimental studies on the enzymatic oxidation of a wide range of aromatic
pollutants, as well as on hydrocarbon-based materials such as plastics, thus
broadeningthe scope and applicability of laccase biocatalysis in environmental and
industrial contexts [84].
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Chapter 6
Polyethylene-Degrading Laccases:

Comparative Insights into Redox Properties
and Enzyme-Polyethylene Interaction

The following section explores the oxidation of low-density polyethylene (LDPE) by
different laccases and presents a computational investigation aimed at elucidating
the redox properties and enzyme—polymer interactions that govern their catalytic
activity. Since the early 2000s, both bacterial and fungal laccases have been
identified that are capable of degrading non-phenolic substrates, most notably
polycyclic aromatic hydrocarbons (PAHs) and, more recently, polyethylene (PE) and
other plastic polymers. In these studies, it has generally been observed that certain
microorganisms can grow by utilizing such substrates as sources of carbon and
electrons, even though these compounds do not represent their preferred
metabolites under natural conditions. While research on PAHs has advanced to the
point of clarifying the oxidation mechanism at the atomic level, the situation for PE
and other plastic polymers remains less understood. In these cases, not only is the
oxidation mechanism unknown, but even the fundamental aspects of substrate
binding have yet to be elucidated. The present study is therefore focused on
addressing this latter issue.

Laccases able to oxidize LDPE are considered a promising tool for bioremediation.
To understand and improve their activity toward PE, it is essential to take into
account two main factors: the enzyme’s redox potential and the manner and
strength of its interaction with the polymer. Notably, the formation of a stable
laccase—PE complex may facilitate electron transfer even under thermodynamically
unfavorable conditions, without the need for redox mediators. Since, as far as we
are concerned, there are no investigations regarding the structure of this complex,
in this study, we compared the redox properties and LDPE-binding characteristics
of three PE-oxidizing laccases: a high-redox potential fungal laccase from Trametes
versicolor, a low-redox potential bacterial laccase from Bacillus subtilis, and the
recently characterized LMCO2 from Rhodococcus opacus R7. Our analyses
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confirmed that LMCO2 is a low-potential laccase (E° = 413 mV), consistent with
other bacterial variants. Using advanced computational modeling, we simulated
the interactions of these laccases with an extended LDPE model, highlighting the
criticalrole of hydrophobic residues surrounding the T1 copper site in stabilizing the
enzyme—polymer complex. Remarkably, a methionine-rich loop in LMCO2 appears
to enhance complex formation with LDPE, potentially facilitating electron transfer
despite its low redox potential. These findings emphasize the necessity of
comprehensive computational strategies to investigate enzyme—polymer
interactions beyond simplified models. By identifying key structural determinants
for LDPE binding, this work provides valuable insights for rational enzyme
engineering and future mutagenesis efforts aimed at enhancing laccase activity
toward polyolefin degradation.

6.1 Introduction

The rapid expansion of global plastic production in recent years has led to
widespread environmental accumulation, contributing approximately 3.4% to
global greenhouse gas emissions. In 2022, worldwide synthetic plastic production
reached 400 million tons, with polyolefins, including polyethylene, polypropylene,
and polystyrene, accounting for more than 60% of the total output (Plastics Europe
(Ed.), 2023. Plastics — the Facts, 2023 ed., Plastics Europe, Accessed 02 August
2024). The widespread accumulation of these highly recalcitrant polymers in natural
environments has led to mounting ecological concerns, including long-term
persistence in soils and aquatic systems, physical hazards to wildlife, and chemical
leaching that can disrupt ecosystems. Consequently, there is an urgent need to
develop sustainable and efficient strategies for mitigating plastic waste.

Microorganisms have evolved to cope with the presence of synthetic polymers,
deploying enzymatic machinery capable of attacking and degrading plastics. This
microbial degradative potential is driven by enzymes adapted to recalcitrant
substrates, which catalyze the cleavage of strong C-C and C-H bonds present in
polyolefins. Enzymatic approaches are particularly appealing because they can
complement conventional recycling methods by enabling selective
depolymerization under milder and environmentally friendly conditions [1-4].
Several enzyme classes have been investigated for polyethylene degradation,
including manganese peroxidases, lignin peroxidases, lipases, esterases, and
laccases [3-8]. Among these, laccases have garnered special interest due to their
oxidative versatility and ability to act on a wide array of nonphenolic and recalcitrant
substrates, including lignin and polyolefins.

Laccases (benzenediol: oxygen oxidoreductase, EC 1.10.3.2) are blue multicopper
oxidases that catalyze substrate oxidation in conjunction with the four-electron
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reduction of molecular oxygen to water. They are widely distributed across bacteria,
fungi, plants, and insects, with biological functions that vary depending on their
source. Bacterial laccases, in particular, are often favored for bioremediation
because of their enhanced stability under harsh environmental conditions,
including elevated temperatures and alkaline pH, which are frequently encountered
in industrial and environmental contexts [9]. Catalysis relies on four copper atoms:
one type | (T1) paramagnetic copper, responsible for the characteristic blue color;
one type Il (T2) paramagnetic copper; and two type lll (T3) diamagnetic, spin-
coupled copper atoms. Substrate oxidation occurs at the T1 site, while O, reduction
is mediated at the T2/T3 cluster [10-12]. Despite highly conserved structures,
laccases display a broad spectrum of redox potentials (E° vs. NHE), ranging from
+430 to +800 mV. Typically, white-rot fungal laccases exhibit higher potentials than
bacterial or plant laccases [13].

Enzymes capable of oxidizing LDPE have been identified in fungi [6,14-22], bacteria
[23-34], and, more recently, even in shrimp [35]. The oxidation products generally
include organic acids and polymer fragments containing hydroxyl and carbonyl
groups, indicating a conserved oxidative mechanism across species [5,6,15,23-25].
Nonetheless, the differencesin redox potentials amongthese laccases suggest that
the mode of interaction with LDPE may significantly influence reaction efficiency,
particularly in the context of C-H bond activation in nonphenolic substrates [36—
38]. Therefore, understanding both the redox properties of laccases and their
binding modes to LDPE is crucial for elucidating reaction mechanisms and
designing effective enzymatic degradation strategies [4,39].

The role of mediators in PE oxidation is similarly complex. Some laccases strictly
require mediators to catalyze polymer oxidation, others exhibit enhanced efficiency
in their presence, while certain enzymes operate independently of mediators
[24,29]. The variability in mediator dependence further highlights the need to
understand enzyme-substrate interactions at a molecular level.

To address these knowledge gaps, we conducted a multiscale computational study,
employing molecular docking and molecular dynamics (MD) simulations to
characterize the interactions between PE-oxidizing laccases and a realistic LDPE
model. Two well-characterized laccases with available 3D structures were initially
selected: the high-redox potential fungal laccase from Trametes versicolor (TvL, T1
E° = 790 mV) [40], capable of oxidizing LDPE even without mediators (albeit at
reduced catalytic efficiency), and the low-redox potential bacterial laccase from
Bacillus subtilis (BsL, T1 E° = 455 mV) [41], which requires mediators to perform
LDPE oxidation (Figure 6.1).
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Additionally, we included the bacterial laccase LMCO2 from Rhodococcus opacus
R7. The story of this bacterial strain is closely tied to a significant environmental
event. This Gram-positive, G-C rich bacterium was isolated from the contaminated
site of Trecate, Italy, following the 1994 oil spill. The soil at the site was heavily
polluted with a mixture of diverse PAHs and phthalates.

This particular R7 strain was identified for its crucial ability to degrade PAHs and
alkanes found in the contaminated soil. Its discovery aligns with the general
characteristics of the Rhodococcus genus, which is widely distributed in nature
(soil, fresh, and marine habitats) and known for its remarkable metabolic versatility.
Members of the genus, like R7, thrive across a range of temperatures (4-35 oC) and
possess a multiplicity of catabolic genes, high redundancy, and sophisticated
regulatory networks.

Like other Rhodococcus species that metabolize diverse compounds such as
hydrocarbons, nitroaromatics, and steroids, R. opacus R7 has been specifically
noted for degrading a broad spectrum of metabolites including PAH, alkylbenzenes,
n-alkanes (C12-C30), naphthenic and carboxylic acids, and even plastic polymers.
Its isolation marked an important instance of a naturally occurring microbe
possessing the genetic toolkit necessary to bioremediate the complex pollutants
left by the Trecate oil spill.

The enzymes LMCO2 and LMCOS were identified by transcriptomic analysis of R.
opacus R7 when it was grown on polyethylene as its sole source of carbon and
electrons. The enzymes are multi-copper oxidases and have different functional
features: LMCO2 is most active at 65 °C and pH 7.0, while LMCOS3 is most active at
80 °C under acidic conditions. Both are thermostable and active on both phenolic
and non-phenolic compounds.

Crucially, LMCO2 and LMCO3 showed oxidative activity on untreated low-density
polyethylene within a short time frame (24-48 h). This degradation was confirmed
by advanced spectroscopy and mass spectrometry, which revealed the production
of previously undescribed alkyl compounds and oxygenated products like ketones,
alcohols, and carboxylic acids.

Focusing on LMCOQOZ2’s, its PE-oxidizing activity appears independent of mediator
presence, raising two possibilities: either LMCO2 exhibits an unusually high redox
potential for a bacterial enzyme, or it possesses unique structural features that
enhance its affinity for LDPE. One candidate structural determinant is a
hydrophobic methionine-rich loop (Met-loop) located near the T1 site [29,42]. Met-
rich loops and inserts are recurrent motifs in prokaryotic laccases and multicopper
oxidases, including the E. coli Copper Efflux Oxidase (CueQ) [43-48]. Although their
precise roles remain under investigation, Met-rich motifs have been implicated in
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processes such as pigmentation, toxin oxidation, and copper homeostasis [49-52].
Regarding this last point, the CotA gene in Bacillus subtilis is known to encode a
laccase that plays a vital role during the sporulation phase of the bacterium.
Specifically, the CotA laccase is involved in the homeostasis of both copper and
H202. Also CotAis believed to participate in generating the brown spore pigment, a
substance resembling melanin that provides defense against UV radiation.

In CueO, the Met-loop has been shown to facilitate binding to hydrophobic surfaces,
such as carbon nanotubes, suggesting a potential analogous role in LDPE binding
[4,53].

Rhodococcus opacus R7 Trametes versicolor Bacillus subtilis
LMCO2 1KYA 3ZDW
(AlphaFold 2)
222 261 151 168 207 232
-GGMPMSGMGMHGGMSGMGMGAVTDANPLGADTGDVEYFY- “WYHVAAKLGPAFPLGADA- -FYPSAPENPSPSLPNPSIVPAFCGET-

Figure 6.1: 3D structures of the three laccases investigated in the present study: LMCO2
from Rhodococcus opacus R7 (left, AlphaFol2 model), the fungal laccase from Trametes
versicolor (middle, TvL, PDB ID: 1KYA) and the bacterial laccase from Bacillus subtilis (right,
BsL, PDB ID: 3ZDW). The methionine-rich loop (Met-loop) of LMCQO?Z2 is highlighted in red,
with Met side chains surrounding the T1 site shown as sticks. In the other two systems, in
the same position, two significantly different loops with low structural identity and the total
absence of methionines are present and have been highlighted in red too.

Overall, this work represents the first comprehensive computational study
combining structural, redox, and binding analyses of laccases interacting with a
realistic LDPE model. Integrating these aspects, one can provide mechanistic
insights into enzymatic PE oxidation and establish a foundation for the rational
design of improved laccases for sustainable bioremediation. Furthermore, the
study sets the stage for future experimental and computational investigations into
the role of structural motifs, mediator effects, and enzyme-substrate dynamics in
polyolefin degradation.
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6.2 Materials and Methods: experimental part

In collaboration with Professor Di Gennaro’s group from the Department of
Biotechnology and Biosciences at the University of Milano-Bicocca, the purification
of the recombinant LMCOs was carried out. Recombinant production of LMCO2
was performed using Rhodococcus erythropolis AP cells carrying pTipQC2-LMCO2
as described in Zampolli et al. 2023. Briefly, LMCO2 was produced in 1.5 L Luria
Bertani broth (5 g L' yeast extract, 10 g L' tryptone, and 250 pM CuSOQ,)
supplemented with chloramphenicol. Cells were induced in the exponential phase
by the addition of 1 ug mL™ thiostrepton, and proteins were extracted as previously
described[29]. Recombinant LMCO2 was purified from the soluble fraction of R.
erythropolis AP cells using a 5 mL HIS-TRAP high-performance column (Cytiva,
Marlborough, US) and an NGC Quest Plus Chromatography System (Bio-Rad)
according to the methods previously described [54]. Fifteen fractions were
collected and tested for their ability to oxidize 2,6-dimethoxyphenol. Fractions
exhibiting the desired activity were pooled, concentrated using Amicon Ultra-15
centrifugal filters (Merck- Millipore, MW cut-off: 30 kDa), and then buffer-exchanged
in 150 mM Tris-HCL buffer (pH 7.0) with 50 mM KCLl using a PD10 column. The
fractions were subsequently stored at 4°C.

In collaboration with Professor Di Rocco’s group at the University of Modena and
Reggio Emilia, we determined the redox potential by spectroelectrochemistry. All
experiments were carried out in a homemade OTTLE (optical transparent thin layer
spectroelectrochemical) cell as detailed before [55,56]. The three-electrode
configuration included a gold mini-grid working electrode (Buckbee-Mears), a silver
chloride micro-reference electrode (AMEL Electrochemistry), which was separated
from the working solution by a Vycor set, and a platinum wire as the counter
electrode. The reference electrode was calibrated against a saturated calomel
(HgCl) electrode before each set of measurements. All potentials are referenced to
the SHE (standard hydrogen electrode). Potentials were applied to the OTTLE cell
using an Amel model 2053 potentiostat/galvanostat. A circulating water bath kept
the temperature constant, while a micro-thermocouple monitored the temperature
of the OTTLE cell. UV-vis spectra were recorded using a Varian Cary C50
spectrophotometer. The OTTLE cell was flushed with argon gas to create an oxygen-
free environment within. Experiments were carried out using 1 ml samples of 0.7
mg/mL LMCO2 in 150 mM Tris-HCL buffer (pH 7.0) with 50 mM KCL. Potassium
hexacyanoferrate(lll) (1.6 mM) serves as a mediator. The spectroelectrochemical
studies were repeated three times, and the resulting redox potential value is
consistent within 4 mV.
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6.3 Computational Details

Molecular dynamics simulations. The 3D structures of TvL (PDB ID: 1KYA) and BsL
(PDB ID: 3ZDW) were retrieved from the Protein Data Bank, while the LMCO2
structure was predicted using AlphaFold2 [57], with metal content added by
superimposing it onto BsL. The LMCO2 model showed high confidence [29], except
for the N-terminal tail (omitted) and the flexible Met-loop (residues 222-261). MD
simulations were performed using GROMACS 2020[47,58] with the Amber ff14SB
force field [59], TIP3P water model [60], and Li and Merz parameters for divalentions
[61], applying restraints to maintain copper coordination. Systems were minimized
(harmonic positional constraints: 50 kcal mol-1 A2, 5000 steps steepest descent
and conjugate gradient) and equilibrated at 300 K (NVT, 20 ns) and 1 bar (NPT,
Berendsen barostat, tp=2 ps). Simulations were run with a 2 fs integration step and
the SHAKE algorithm, using 100 ns for TvL and BsL, and 400 ns for LMCO2, to refine
the AlphaFold2 model and sample Met-loop flexibility. Representative clusters
(cutoff=2.5 A) were identified and used for molecular docking [62,63]. The LDPE
ligand (modelled as branched C1o0H202) was prepared by folding a linear chain in 100
ns MD using General Amber Force Field (GAFF), following published approaches
[39]. After docking, the lowest-energy laccase-PE complexes underwent 1000 ns
MD simulations in triplicate. Since all replicas showed consistent behavior, only one
per system is discussed in the main text, with details on the others provided in the
Sl. Binding free energies were calculated using the linearized Molecular Mechanics
Poisson-Boltzmann surface area (MM-PBSA) equation method (AmberTools23,[64])
with an igb flag value of 5 (0.1 M salt concentration): a total of 100 frames per
trajectory were analyzed after 200 ns of stable ligand binding.

Molecular docking. AutoDock vina [65] was used to perform molecular docking
simulations, to study the possible binding modes and interactions of PE in proximity
to the catalytic site (T1). The most representative clustered geometries of each
enzyme, deriving from a previous MD round (see previous paragraph) were prepared
by assigning atom types and adding Gasteiger charges. The docking area was
established using AutoGrid. A size of 50x50%50 A was chosen, and the grid was
centered on the Ce atom of H458. Lamarckian Genetic Algorithm (LGA) was used
for the conformational search of the substrate, to allow for a (at least partial)
sampling of the PE conformational space within the enzyme pocket. Docking
simulations of PE were performed, with a population size of 150, random initial
position and conformation, local search rate of 0.6, and 2,500,000 energy
evaluations. The final docked poses were clustered using an RMSD tolerance of 2 A.
The top-ranked pose obtained for each enzyme-PE system was chosen for another
extensive round of MD (see previous paragraph).
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QM/MM simulations were performed using the sander.MPI module of the Amber20
package [66]. The system was first minimized, and the reactant structure was
equilibrated for 50 ps in the NVT ensemble using a Langevin thermostat at 300 K,
with an integration timestep of 1 fs. The QM region, comprising the T1 copper site, a
five-carbon fragment of PE, D256, and two water molecules, was described using
xTB [67]. This method has previously been shown to be essential in the initial stages
of the calculation to rapidly identify the lowest-energy pathway. The remaining
atoms were treated classically using the ff14SB force field [59]. The product
structure was obtained via steered MD, and subsequently equilibrated for an
additional 50 ps. The resulting reactant and product structures in the enzyme were
then used to determine the Minimum Free-Energy Pathway (MFEP) within the
enzymatic environment.

Minimum Free-Energy Path (MFEP) was obtained using an in-house
implementation of the string method [68], following a common protocol for all three
systems studied. The progress of the reaction was monitored through three
collective variables (CVs) directly involved in the proton transfer. The QM region was
described using the xTB method. The string consisted of 64 nodes, with the initial
and final nodes defined by the CVs obtained from the QM/MM minimization and 50
ps equilibration of the reactants and products. Initial coordinates for the
intermediate nodes of the string were generated by linear interpolation of the CV
values between the reactant and product structures.

6.4 Redox Potentialin Laccases

LMCO2 is a low-potential laccase. To allow for a meaningful and fair comparison of
laccase behavior with respect to PE oxidation, it is of primary importance to
consider their redox potential. In this regard, it was first experimentally measured
the redox properties of freely diffusing laccase LMCO2 using UV- visible
spectroelectrochemistry. Figure 6.2 depicts the electronic spectra for LMCO2
collected at different applied potentials in the OTTLE cell at 25°C and pH 7.
Monitoring the absorbance at 607 nm at each applied potential revealed the
approach to equilibrium between the oxidized and reduced forms of the protein.
Data points were gathered in both the reducing and oxidizing directions, and the
absorbance of the fully oxidized protein was measured again at the end of the
experiment to detect any protein degradation. The Nernst plot (Figure 6.2, insets)
shows a linear slope similar to the theoretical value of RT298/F= 0.059V, consistent
with the one-electron Cu?*>Cu* reduction [69,70] of the type | copper center present
in LMCO2. The E® values for the Cu?/Cu* couple, determined from the
corresponding Nernst plot (inset to Figure 6.2), were calculated to be 4134 mV (vs.
SHE) for LMCO2. This result shows that LMCO2 has a “canonical” potential for a
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bacterial laccase, as it falls within the typical range of redox potentials measured for
this class of enzymes in these organisms, and is thus similar to that of BsL, which,
however, requires a redox mediator to oxidize LDPE. (Figure 6.2, right). This finding
allows us to rule out the possibility that LMCO2 possesses an unusually high redox
potential compared to other bacterial laccases. Therefore, the observed difference
in its behavior in PE oxidation, compared to BsL, likely arises from a distinct mode
of interaction and binding affinity toward the polymer.
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Figure 6.2: Left: electronic spectra of LMCO?2 laccase recorded at various potentials in
spectroelectrochemical experiments carried out with an OTTLE cell at 25 °C. Conditions:
0.7 mg/mL LMCQ2 laccase in 150 mM Tris-HC! buffer (pH 7.0) containing 50 mM KCl and
1.6 mM potassium hexacyanoferrate(lll) as mediator. Inset depicts the Nernst plot of redox
titration versus SHE, where X represents [(Axox — A o) /(AT 50x— Arox)] With absorbance of the
oxidized form at A.x= 607 nm. Titration has been performed in triplicates, with one
representative titration presented. Right: standard redox potential of the T1 site of laccases
(in mV) from various organisms with values decreasing progressively from the highest
positive value downward. The values in the dark gray area correspond to high-potential
fungal laccases, while those in the light gray area represent bacterial or plant laccases. The
three highlighted values refer to the systems considered in this study: 790 mV for Trametes
versicolor [40], 455 mV for Bacillus subtilis [41], and 413 £ 4 (vs. SHE) mV for LMCQOZ2.

6.5 Nature of the laccase-PE recognition

To gain insights into the binding mechanism of LDPE, we initially carried out
molecular docking simulations using an LDPE branched alkane model (C100H202)
as the substrate, referred to as ’PE’ for simplicity throughout (in Figure 6.3).
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Figure 6.3: A) LDPE branched model CiooH20. (referred to as PE) is considered in this
investigation. In positions 12, 33, 55, C6 branches are inserted. B) Root mean square
deviation (RMSD, in A) over the PE folding trajectory. C) Structure of the most representative
cluster of folded PE obtained with 100 ns MD simulation at 302K in explicit water.

This choice of LDPE model was made after systematically folding PE structures of
increasing size, ranging from 12 [71,72] to 150 carbon atoms, and subsequently
docking them onto the LMCO2 laccase structure. This range of alkane sizes also
makes the calculation computationally feasible and, with a view toward future DFT
studies, allows us to test lower molecular weight PE models. These simpler models
can still effectively represent the binding pose of a higher molecular weight ligand
within the enzyme's binding pocket.

The resulting complexes were then analyzed by evaluating their substrate affinity
through MMPBSA calculations. Based on the results summarized in Table 6.1, the
chosen model emerged as the most suitable candidate [73], as it ensures a balance
between a realistic description of the bulk material and the reduction of
computational complexity. More specifically, this model allows for the preservation
of the system’s intrinsic symmetries while limiting numerical artifacts, thus
providing a reliable compromise between structural realism, methodological
accuracy, and computational feasibility.
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Table 6.1: Binding free energy (AG) values obtained by MMPBSA analysis for PE models of
increasing size, ranging from C12 to C150. While larger structures (C125 and C150) exhibit
the most favorable binding energies, the C100 model (in yellow) provides an optimal
balance between affinity and computational feasibility, making it the representative
structure chosen for subsequent analyses.

The model dimension is suited to interact with the binding pocket and its outer
regions, thus considering a substantial portion of the protein surface surrounding
the T1 site. This approach enables us to focus on the laccase-PE affinity and binding
modes at the most relevant region, specifically near the T1 site, where PE is
expected to be located for the electron transfer process to occur. In other words, our
study aims to address whether a specific laccase, in the vicinity of the T1 site, is
inclined to bind the PE, and which structural determinants underpin this
phenomenon. We proceeded with a comparative analysis of all three selected
systems to pinpoint eventual differences/similarities in both binding features and
dynamic properties.

Examining the region surrounding T1 in the three enzymes, itis evident that the most
significant difference can be attributed to the physicochemical nature and length of
a specific loop (highlighted inred in Figure 6.1). In LMCO2, as previously mentioned,
this pertains to the Met-loop (whose structure has never been resolved
experimentally due to its dynamic nature), which has a notable length of 39 residues
and an overall hydrophobicity percentage of 69.2%. Upon analyzing the sequence,
it is possible to identify two regions of approximately equal length: a non-polar
region comprising 20 residues, consisting of hydrophobic residues and glycine at
87.5 %, where 7 methionines are located, and another region richer in polar
residues, including three D and one E. The same region is occupied by a much
shorter loop (17 residues) in TvL, predominantly (76.5%) hydrophobic, and by a 25
residues-long loop in BsL, which is less hydrophobic in composition (44%) with
polar residues distributed uniformly along the sequence.

Molecular docking was performed using the most representative cluster structures
obtained from MD simulations of each enzyme in its free form, with two main
objectives: (i) to verify that PE can bind near the T1 Cu site, and (ii) to use the best
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docking poses as the starting point for subsequent, extensive MD simulations of
each laccase-PE complex. Indeed, the presence of flexible loops near the catalytic
site, along with the inherent flexibility of PE, makes the static representation derived
from molecular docking insufficient for providing a comprehensive and accurate
depiction of the enzyme-substrate interaction. Points (i) and (ii) should allow us, in
principle, to highlight whether the differences in the surroundings of T1 in the three
enzymes (such as the nature of the above-described loops) may have any effect on
the binding modes and energy of the used PE model. We observed that in the best
docking pose for each case, PE binds in proximity to T1, rearranging its structure to
fit the shape of the catalytic pocket and occupying the pocket either fully or partially
(Figure 6.5A). The T1 Cu - PE distance decreases in the order LMCO2 (8.8 A) > TvL
(6.2 &) > BsL (4.3 A) but the calculated docking scores are comparable among the
three enzymes (Figure 6.5B and Table 6.2 for further details). Indeed, docking scores
of -5.0 kcal mol™, -4.5 kcal mol”, and -4.2 kcal mol” were obtained for TvL, LMCO2,
and BsL, respectively, with very low variation among the first 9 predicted PE docking
poses (Table 6.2). Remarkably, this picture was not confirmed by MD simulations of
the three enzyme-PE complexes (Figure 6.5C and D). Energetically, as indicated by
free energy estimates obtained via MMPBSA, the complexes show distinct
behaviors: LMCO2 and TvL bind PE with similar affinities, while BsL exhibits
significantly weaker binding. Routine trajectory analyses, such as Root Mean
Square Fluctuation (RMSF) of each residue and Root Mean Square Deviation (RMSD)
of backbone atoms (Figure 6.5E and F), reveal that all three enzymes maintain
stability upon binding with PE, since a trend of balanced RMSD was observed in all
systems.

Additionally, reduced flexibility is observed in certain regions of LMCO2 and TvL
upon PE binding, whereas no significant changes in flexibility are detected in BsL,
as suggested by RMSF profiles. More specifically, in the case of LMCO2, the Met-
loop is the protein region that exhibits the greatest flexibility by adopting closed and
opentransient conformations (Figure 6.4), a result consistent with previous findings
[45,46].
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CLOSED

Figure 6.4: Open and closed conformation of the Met-loop observed along MD trajectories
for LMCO2.

Indeed, in bacterial laccases, substrate processing can occur with or without a
flexible Met-loop. This loop alternates between open and closed states, exposing
the T1 copper site for substrate interaction in the open state and limiting access in
the closed state [45,46].

LMCO2
POSE SCORE (kcal/mol) DISTANCE FROM THE BEST POSE
RMSD Lb RMSD u.b
1 -4.5 0.000 0.000
2 -4.3 1.650 9.700
3 -4.3 1617 9.598
4 4.3 1.876 9.756
5 -4.3 1.868 10.305
8 -4.2 2.028 9.836
7 -4.2 1.708 7.996
8 4.2 1.663 7.638
9 -4.2 2.126 10.257
TvL
POSE SCORE (kcalimol) DISTANCE FROM THE BEST POSE
RMSD|.b RMSD u.b
1 5.0 0.000 0.000
2 -4.9 1.908 9.059
3 -4.9 2.083 8.801
4 -4.9 1.498 12.202
5 -4.9 2.160 12.691
8 -4.9 2,608 8.070
7 -4.8 1.291 2.654
8 -4.8 2.071 9.890
9 -4.7 2.441 13.263
BsL
POSE SCORE (kcalimol) DISTANCE FROM THE BEST POSE
RMSD L.b RMSDu.b
1 4.2 0.000 0.000
2 -4.0 2799 8717
3 -4.0 3.327 9.992
4 -4.0 3.965 12.005
5 3.9 4.040 12.568
8 3.9 2.299 10.462
7 -39 3.560 10.608
8 -3.8 4.073 9.519
9 -3.8 4110 10.875

Table 6.2: Results of molecular docking simulation regarding the LDPE-laccase
interaction in the selected three case studies. Docking scores are in kcal mol”,
RMSD values in A.
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Figure 6.5: A) Best docking pose obtained for each laccase (LMCOZ2 in yellow, TvL in light
green, and BsL in light blue). The distance between T1 Cu and the PE center of mass is also
reported (in A). The Met-loop and those found in the same enzyme region in both TvL and
BsL are highlighted in red; B) Docking scores (in kcal mol’) associated with PE binding to the
three laccases; C) Most representative cluster of the PE-laccase complex obtained from MD
simulations; D) MMPBSA free energy estimate (in kcal mol”) for PE binding to each laccase,
calculated over MD trajectories; E) RMSF (in A) calculated from MD trajectories of the three
enzymes, before and after complexation with PE. The Met-loop region in LMCQO?2 (and that
ofthe corresponding loops in TvL and BsL) is highlighted; F) RMSD calculated over the whole
MD simulations for the three laccases in complex with PE; G) Focus on the Met-loop region
in LMCO2, showing RMSF changes upon PE binding, together with a representation of the
eigenvector corresponding to PC1 in both LMCQOZ2 and LMCOZ2-PE systems; H) Monitoring
of the T1 Cu— PE distance (in A) over MD trajectories for the three laccases.

These conformations have been shown to regulate substrate access to the binding
pocket, so we may infer that they can also drive PE access close to T1. Indeed, we
found that Metloop fluctuation is significantly reduced in the presence of PE (Figure
6.5G). This variation was further analyzed through principal component analysis
(PCA), where the first eigenvector is associated with the movement of the Met-loop
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in both the free enzyme and the PE-bound complex (Figure 6.5G). Nevertheless, the
extent of the loop displacement is notably diminished in the complex. Regarding
TvL, the loop corresponding to the Met-loop in LMCO2 does not exhibit significant
structural flexibility, nor does it undergo any changes in mobility upon binding with
PE. A mobility variation, however, is observed in the region between residues 300-
310, which also corresponds to a loop approaching the T1 site, although this effect
is less pronounced. Similarly, Met-loop is way more flexible than that found in BsL
in the same region. In this latter case, the 310-320 region is quite dynamic, but, as
described later, this is not predicted to have a functional role in PE affinity, and its
RMSF profile remains unchanged upon binding. Furthermore, BsL differs from the
other two proteins not only in its affinity for PE but also in the average distance at
which PE is maintained relative to the T1 site during the simulation.

In both LMCO2 and TvL, PE remains bound near the T1 site (between 5 and 10 A)
over MD simulation. In contrast, in BsL, PE is initially positioned near the T1 site in
the docking pose, but it drifts significantly away from the catalytic center during
simulations, stabilizing at a distance of about 20 A from the T1 site (Figure 6.3H).

To rationalize these observations, we conducted a more detailed analysis of the
interactions between PE and the three enzymes, considering both those identified
from molecular docking and how this interaction pattern changed throughout MD
simulations.

The 2D interaction patterns of the best docking poses show that nearly all residues
involved form hydrophobic interactions, consistent with the non-polar nature of PE.
In LMCOZ2, the most stable pose positions PE near the T1 site, interacting fully with
the pocket but without engaging the Met-loop (Figure 6.5A). In the case of LMCO2,
molecular docking identifies as the most stable pose a complex in which PE is
positioned near the T1 site, fully interacting with the binding pocket but without
engaging the Met-loop (Figure 6.5A, no red-bordered circle appears in the diagram).
The interaction is predicted to be primarily mediated by other regions on the protein
surface where the T1 Cu?* is exposed (such as residues in the 214-220, 170-173,
and 493-508 regions). However, as the system evolves in MD starting from best
docking pose, the Met-loop rearranges to interact strongly with PE, keeping it
persistently near the active site. Indeed, initially, the Met-loop and PE are at a
distance of 8.8 A, which quickly decreases to an equilibrium distance of around 2 A
after about 200 ns, indicating that a close and stable contact between the Met-loop
and the substrate is formed until the end of the simulation (Figure 6.5B). This is
mainly evidenced by the absence of water molecules in the Met-loop’s first
hydration shell, indicating that water does not mediate their interaction and that PE
significantly shields the Met-loop from bulk water (Figure 6.5C). Additionally, this is
confirmed by evaluating the van der Waals (vdW) contribution (derived from
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MMPBSA free energy decomposition) of the residues within 5 A of the substrate,
many of which belong to the Met-loop (Figure 6.5D, red region). These observations
help rationalize the previously described loss of Met-loop flexibility upon substrate
binding. Notably, M224, M229, and M241, part of the hydrophobic half of the loop,
form strong van der Waals interactions with PE. Moreover, the binding is also
stabilized by other regions of the protein that are not part of the Met-loop but
contribute to the interaction with PE through the exposure of hydrophobic residues,
with Y414, W416, and Y501 contributing the most. In other words, PE is stably
embraced by the Met-loop, and the PE/Met-loop couple is immobilized close to the
catalytic site also thanks to the additional assistance of surface-exposed
hydrophobic hooks. This result suggests that the Met-loop may enhance binding to
PE, aligning with previous studies that indicate its role in increasing affinity for
hydrophobic materials [51].

Figure 6.6: Detail of the AlphaFold 2 model predicted for PsLAC. T1 Cu?*" coordinating
residues are reported in magenta, while the surface-exposed methionine residues in T1
proximity are colored in yellow.

Notably, the cold-adapted bacterial laccase PsLAC, which, like LMCO2, does not
require mediators to oxidize LDPE, [24] is also characterized by a T1 site that is
particularly rich in methionine residues (Figure 6.6). We may thus infer that this
feature could serve as a significant driving force for PE oxidation, and we intend to
further investigate this through mutagenesis experiments.
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Figure 6.7: A) 2D interaction diagrams obtained from the best docking poses of PE to
LMCO2, TvL, and BsL. Red portions of the ligand are not involved in contacts with the protein
(i.e. are found outside the catalytic pocket). Red-bordered residues are those belonging to
the Met-loop in LMCOZ2 or in the loop found in the same region in TvL and BsL, for simplicity
labeled as “T1 loop” in the interaction legend; B) Monitoring of the Met-loop — PE distance
(in A) over MD trajectory for the LMCOZ2-PE complex; C) Water RDF considering Met-loop
surroundings in LMCQZ2; D-F) MMPBSA decomposition for PE binding free energy to each
laccase (D: LMCO2, E: TvL and F: BsL), focusing on the vdW contribution (if any, kcal mol”)
of residues found in a cutoff of 5 A with respect to PE. Residues characterized by the larger
vdW contributions (more negative than -6 kcal mol”) have been mapped onto the protein
surfaces (Met-loop or loop in the corresponding region highlighted in red), as well as
eventual acidic residues involved in vdW contacts (i.e. D213 in LMCOZ2, D206 in TvL and
E231in BsL). The position of the T1 copper (buried by the protein surface) is also indicated.

In the case of TvL, docking results suggest that PE is only partially enclosed by the
binding pocket, with a portion remaining exposed. In this case, and differently to
what was observed with LMCO2, in the best docking pose several residues of the
loop (corresponding to the LMCO2 Met-loop) are involved in the interaction,
primarily hydrophobic in nature (Figure 6.7A). Then, by monitoring TvL-PE
interactions along MD, a structural evolution of the complex is observed, leading to
the complete insertion and adhesion of PE to the binding pocket. While in LMCO2
the Met-loop plays a key role in anchoring PE and holding it near the T1 site, in TvL,
the stability of the complex is instead driven by multiple interactions with
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hydrophobic residues that are strategically ’delocalized’ on an extended surface
surrounding the T1 site (Figure 6.7E).

For BsL, the situation is almost the opposite of what was described in the previous
two cases. In fact, the docking results show that PE is located in proximity to Cu T1,
establishing several interactions with the loop 207-232, and is fully enclosed within
the binding pocket (Figure 6.7A). However, during the simulation, PE moves away
from T1 and exits the pocket, while primarily maintaining interactions with the
aforementioned loop, with which it strongly interacts (similarly to what is observed
with the Met-loop in LMCO2). In this case, however, the loop tends to stabilize PE in
a region that is distant from T1 (about 20 A away), and this same behavior is
observedin all the replicas (Figure 6.5H). The number of contacts PE forms with the
surface of the protein in BsL, and with them the number of effective hydrophobic
interactions, is significantly lower compared to the other two cases (Figure 6.7F),
and this explains the less favorable AG MMPBSA value calculated during the
dynamics. This also suggests that the total or near-total insertion of the substrate
into the binding pocket, near T1, is crucial for promoting favorable interactions.

6.6 Potential Mechanistic Roles of PE Binding in Laccase
Activity

Substrate oxidation mediated by laccases occurs through two fundamental
chemical processes, regardless of the substrate‘s nature, namely electron transfer
(mediated by T1 Cu?"*) and proton transfer steps. Clearly, the oxidation mechanism
differs between phenolic and non-phenolic substrates. For non-phenolic
substrates, specifically, a source of oxygen atoms is required to obtain any kind of
oxidized product in addition to an acidic residue side chain to assist assist proton
transfer Recently, it has been proposed that water molecules may serve this
purpose, as shown in the case of benzo[a]pyrene oxidation by TvL [38]. In particular,
water is expected to intervene between the substrate and the T1 center, possibly
near an acidic residue (see below). Given the strong interaction observed between
PE and both LMCO2 and TvL, along with significant substrate adhesionin the binding
pocket, we explored whether water could access the region between PE and the
catalytic center in these cases. We calculated the RDF for water near the T1 center
and found that, in all three cases, there is persistent water in the first hydration shell
of the active site, specifically between T1 and PE, suggesting that water molecules
play a key role in mediating interactions in this region (Figure 6.8A). This finding
supports a possible active role of water molecules, following the hypothesis
previously proposed in the literature.

183



LMCO2-PE Bal-PE

RDF
LMCOZ-PE TvL-PE & BsL-PE

&
Distance (A)

0 200 400 600 BOD 1000
Time (ns)

C b BsL-PE
0 D 0
U 5 i 5 5 o

- E213---PE
- z, D203 & =,
£ H ‘ pa; 8
Q { 8 E202 ) 5 1

D208 B ; 2 :

a g 10

ps -(b E213 s NW M#

A - et i el |

[ an o4

o 200 400 600 BOO 1000 o 200 400 600 8O0 1000
Time (ns) Time (ns)

Figure 6.8: A) Water RDF in T1 Cu proximity for the three systems, with a focus on the T1-PE
region highlighting the presence of water molecules between them, considering a
representative frame taken from the most populated cluster of each enzyme-PE complex.
B) Detail on acidic residues in the most representative cluster structure for LMCQOZ2 in
complex with PE, together with the monitoring of their distance (in A) with respect to PE over
MD simulation. A more detailed picture is also reported, showing the close PE - Met-loop
contact and the short relative distances (in A) between PE, D213, water molecules, and T1;
C-D) Detail on acidic residues in the most representative cluster structure for TvL (C), and
BsL (D), and monitoring of their distance (in A) with respect to PE.

Notably, in BsL - where the PE model positions itself farther from T1 compared to
TvL and LMCO2 - a higher number of water molecules is observed in this region.
These water molecules may help compensate for the increased T1-PE distance and
contribute to maintaining oxidative activity.

As previously mentioned, proton transfer is a crucial step in the oxidation
mechanism and it is typically facilitated by the presence of acidic residues near
both the T1 center and the substrate, as suggested for D206 in TvL [74]. We therefore
investigated the presence of acidic residues capable of interacting with PE or
located in proximity to both the substrate and the T1 center.

We observed that in LMCO2 the Met-loop maintains the substrate in proximity to
acidicresidues (in particular D213/232/246/253/258/424 and E504) surrounding T1,
thus potentially enhancing the overall oxidation mechanism by promoting proton
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transfer (Figure 6.8B). Interestingly, most of them are part of the polar half of the loop
itself. More in detail, from the inspection of a significant frame (taken from the most
populated cluster), we observed a particular structural configuration in which: a) the
side chain of D213 interacts with a CH, group of the PE via two water molecules; b)
this CH, groupis, in turn, only 6 A away from the T1 Cu? (Figure 6.8B). In this specific
scenario, we can hypothesize that a concerted Proton/Electron Transfer (PCET)
mechanism may occur, exactly as proposed in the literature [38,74]. These results
suggest a model for LMCOZ2 reactivity towards PE oxidation, where the polymer is
initially anchored by the Met-loop, positioning it near several acidic residues.This
increases the residence time of the LMCO2- PE complex, creating favorable
conditions for a potential PCET to occur, which, based on the reduction potentials,
is likely to proceed slowly. Further mechanistic details will be required to confirm
that this mechanism also applies to PE as a substrate. A similar situation is also
observed in the case of TvL: here, D206 is located near the PE (Figure 6.8C) and, in
turn, is close to the T1 Cu?'. This acidic residue is the one identified in the TvL
laccase as responsible for proton transfer [75].

Acidic residues are also found near the PE when bound to BsL. In fact, similar to
LMCO2, the loop corresponding to the Met-loop contains certain residues (E202,
D203, E213, E231, and D331, Figure 6.8D) that could facilitate the proton transfer
process. Specifically, E213 and E231 are located at a distance oscillating between
5 and 10 A from the PE. This oscillation observed in BsL, which is much more
pronounced than in TvL and LMCOQO2, is because the PE is less stably bound to the
protein and is essentially anchored to the loop, which retains its flexibility even after
binding (unlike the Met-loop). In this scenario, where PE is positioned further away
from the T1 Cu site, the relative distances between the PE, acidic residues, and the
catalytic center could make a PCET process less likely compared to the other two
case studies. In BslL, where the substrate occupies the binding pocket less
persistently, we infer that this allows more space for a mediator to access the
binding site and assist in ET. On the other hand, in LMCO2 and TvL, where the
substrate occupies the binding pocket more stably and remains close to the T1 site,
conditions seem more favorable for a potential PCET mechanism, even in the
absence of a mediator. Therefore, we suggest that the mediator in BsL may play a
more critical role in PE oxidation, while in LMCO2 and TvL, the substrate’s proximity
to T1 may facilitate oxidation without the need for a mediator.
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6.7 Prospects

We hypothesized studying the same C-H activation mechanism (as described in the
previous Section 6.2 [38]) also in laccases with aliphatic substrates (Figure 6.9
hypothesized mechanism).
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Figure 6.9: Hypothesized mechanism of C-H bond activation in aliphatic substrates:
protonation of the aliphatic carbon, formation of a carbocation intermediate, and
nucleophilic attack of water leading to the formation of an alcohol.

We proceeded with the determination of the MFEP using the string method
combined with QM/MM for the LMCO2 system, with the QM region described using
XTB and only T1 Cu2+, including the residues essential for the first mono-electronic
oxidative step (the QM region is shown in Figure 6.10).
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Figure 6.10: Representation of the QM region selected for the QM/MM simulations of the
laccase system. The QM region includes the T1 copper site (Cu27, the relevant residues
(H458, H455, H402, D256), and a fragment of PE and two water molecules. Atoms included
in the QM region are highlighted, while the remaining enzyme and solvent environment are
treated at the MM level.

Unfortunately, the calculated energy barrier for this pathway was around 45 kcal
mol™", which is excessively high and therefore indicates that the mechanism is not
kinetically plausible. As a result, this reaction route cannot be considered a reliable
hypothesis.
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QM/MM calculations using the string method did not prove to be productive, and
several possible issues related to the application of this approach were considered.
Alternative catalytic mechanisms were hypothesized, but the calculations failed to
reach convergence. At present, attention has focused on three possible causes: (i)
adopting a QM cluster approach to verify whether the method is more suitable for
this system, (ii) the possibility that the problem originates from the initial enzyme
model generated by AlphaFold, and (iii) the hypothesis, that the laccase LMCO2 is
unable to degrade PE without prior pre-oxidation; consequently, the step we
attempted to study may not be reliable. As an additional alternative, testing the
mechanism with another laccase, such as that from Trametes versicolor, is also
being considered.

From a chemical standpoint, the key issue in attempting to translate the mechanism
observed for the oxidation of BAP to the case of PE lies like the substrate. Since
laccases invariably catalyze one-electron oxidation steps, the corresponding
process on PE would generate a radical center on an aliphatic carbon. Such a
speciesis notoriously unstable and likely difficult to stabilize by LMCO2, making this
pathway mechanistically unfavorable.

These findings represent an initial step in a mechanistic investigation of PE
degradation by LMCO2. A natural extension of this work would involve considering
a more complete model that also includes the T2 and T3 sites of the enzyme.
However, the present results already suggest an alternative possibility: laccases
may not directly catalyze the activation of sp3 C-H bonds, but rather the oxidation
of alcohol functionalities. These groups could arise from the partial oxidative
degradation of PE surfaces by molecular oxygen, a process thatinevitably occurs to
some extent. Indeed, literature reports consistently show that many laccases
display significantly higher activity on pre-oxidized PE, i.e. materials containing
alcohol (-OH) or ketone groups.

This observation opens a new perspective for future studies: instead of starting from
pristine PE models, it may be more realistic to investigate laccase activity using pre-
oxidized PE models as substrates.
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6.8 Conclusions

In this study, we explored the activity of different laccases through a comparative
analysis of their redox potential and their capacity to interact with PE. The enzymes
investigated represent a diverse group of natural laccases with proven or potential
activity against LDPE, including a high-redox potential fungal laccase (TvL), a low-
redox potential bacterial laccase (BsL), and LMCO2, whose redox features had not
been previously characterized. By experimentally determining the redox potential of
LMCO2, we classified it as a low-potential laccase, consistent with the canonical
range of bacterial counterparts. This finding excluded the possibility that LMCO2’s
ability to act without a mediator is due to an unusually high redox potential and
instead highlighted the importance of distinct binding modes in enabling its activity.

Our analyses revealed that PE-laccase interactions are strongly influenced by the
hydrophobic residues located around the T1 copper site, as well as by the
conformational plasticity of the polymer, which behaves like a wax-like chain
capable of adapting to the enzyme’s binding pocket. Both TvL and LMCQO2 displayed
stronger and more extensive contacts with PE than BsL, suggesting that binding
efficiency is a decisive factor in modulating catalytic outcomes. In particular,
LMCO2, despite being a low-redox potential enzyme, possesses a methionine-rich
loop (Met-loop) that acts as an anchoring element, stabilizing PE near the T1 site for
prolonged time intervals. Such a stable enzyme polymer complex could
compensate for the unfavorable thermodynamics of electron transfer in the
absence of mediators, thereby explaining the unique behavior of LMCO2 compared
to BsL.

These results indicate that the oxidation of PE cannot be explained solely in terms
of redox potential but must also consider the mode and stability of enzyme-—
substrate binding. Beyond the specific case studies presented here, our work
establishes a generalizable computational framework for the investigation of PE-
oxidizing enzymes. Detailed structural information on enzyme—-polymer interactions
remains challenging to obtain experimentally; therefore, computational methods
represent a valuable complement, as already demonstrated in studies on lytic
polysaccharide monooxygenases (LPMOs) interacting with crystalline cellulose and
chitin [74-77].

Importantly, our study pioneers the use of a more realistic PE model to explore
enzymatic oxidation while maintaining manageable computational costs. We also
demonstrate that static approaches such as molecular docking, even when applied
to either simplified linear hydrocarbons or more complex polymer fragments, are
insufficient to capture the dynamic and subtle determinants of enzyme-PE
interactions. In some cases, purely static models may even lead to misleading
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conclusions, as illustrated by the behavior of BsL in our analyses. By integrating
molecular dynamics simulations, we were able to employ a sufficiently large PE
model that included not only the polymer chain but also a significant portion of the
protein environment near the binding site. This approach made it possible to identify
the residues that support polymer anchoring in the vicinity of the T1 copper center,
while at the same time revealing acidic residues that are likely to participate in
proton transfer during the reaction. In addition, it provided the means to evaluate
how water molecules can access the T1 pocket, a feature that may play a
nucleophilic role and thus significantly influence the oxidation mechanism.

Collectively, these insights provide a valuable framework for guiding future
mutagenesis studies aimed at improving laccase activity toward PE. They also
contribute to rationalizing the observed variability in enzymatic performance across
different laccases. We expect that the computational strategy presented here will
inspire experimental validation and new investigations, advance our mechanistic
understanding of laccase-mediated polymer oxidation, and promote the design of
more efficient biocatalysts for plastic bioremediation.
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SECTION 2

Computational Studies on Metalloenzymes for
Biodegradable Waste Valorization.

The second section of Chapter 3 provided a concise overview of the results obtained
from two studies, corresponding to Papers IV and V. This chapter presents a detailed
investigation of these works, currently in progress, focusing on two metalloenzymes
involved in the degradation and valorization of biodegradable waste. The analyses,
based on classical molecular dynamics (MD) simulations, explore the structural
dynamics, substrate interactions, and catalytic properties of two key enzymatic
systems: the CYP152 family of cytochrome P450 peroxygenases and the bacterial
lytic polysaccharide monooxygenase (LPMO) SmAA10.
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Chapter 7

Rational Desigh of CYP450SPa Mutants for
Enhanced Lipid Waste Conversion: Dynamic
Comparison with OleTJE

Here, the CYP152 enzyme family is examined, with a focus on the design and
analysis of mutant variants to develop biohybrid systems with improved catalytic
performance.

The CYP152 family, part of the bacterial cytochrome P450 superfamily, includes
metal-dependent enzymes such as SPa, BSB, and OleTJE, which are characterized
by their ability to function as self-sufficient peroxygenases. These enzymes directly
utilize hydrogen peroxide (H,O,) in the catalytic cycle, without requiring external
redox partners or proton sources, thereby simplifying the process and increasing
efficiency. The CYP152 class is capable of enzymatically converting fatty acids,
derived from waste marine biomass, into terminal alkenes through oxidative
decarboxylation, as well as producing hydroxylated fatty acids via a- and B-position
hydroxylation. These reactions make CYP152 enzymes particularly suitable for the
synthesis of sustainable, second-generation biofuels with low environmental
impact. The unique properties of these enzymes position them as promising tools
in synthetic biology and in the valorization of organic waste, contributing to the
transition toward a circular and sustainable economy. However, effective industrial
application requires enzyme optimization to withstand non-natural operating
conditions. The development of hybrid biosystems, combining different biological
scaffolds, can enhance catalytic activity and stability compared to native proteins.
In this context, computational methods serve as essential tools to support enzyme
engineering.

In this study, three mutant variants of the wild-type CYP152SPa enzyme were
designed and analyzed through MD simulations to develop biohybrid systems with
enhanced enzymatic performance. The simulations conducted both in the apo form
and in the presence of the fatty acid substrate C16:0, enabled exploration of the
conformational landscape of the enzymes and their interactions with the molecular
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environment and ligand. Detailed analysis of the MD trajectories allowed
identification of the most stable conformation for each variant and assessment of
the individual mutations’ impact, intending to select the system exhibiting the best
catalytic and stability properties for biotechnological applications.

7.1 Introduction

The growing need to reduce global greenhouse gas emissions to preventirreversible
climate change has made the development of alternative and sustainable energy
sources increasingly urgent [1]. In this context, second-generation biofuels, derived
from non-edible biomass and organic waste, represent a promising solution
compared to first-generation biofuels [2], whose production competes with food
crops, thereby reducing food availability and the net effectiveness in terms of CO,
reduction [3].

Among the most abundant and underutilized waste materials are fishery by-
products, such as fish scales and crustacean shells, which amount to
approximately 7 million tons per year and are particularly rich in lipids and fatty
acids [4,5]. These components can be converted into high-value-added compounds
through low-impact biotechnological processes. In particular, metal-dependent
oxidative enzymes, such as bacterial cytochrome P450s (CYPs), have proven to be
key tools in the valorization of lipid-rich waste due to their ability to convert fatty
acids into alkenes, alkanes, and alcohols [6-8].

Cytochrome P450 enzymes of the CYP152 family, the focus of this study, exhibit
specific hydroxylation and decarboxylation activities on fatty acids. Notably,
P450SPa (CYP152B1) catalyzes selective hydroxylation at the Ca position [9],
P450BSB (CYP152A1) hydroxylates both the Ca and CB positions [10], and
P4500LeTJE (CYP152L1) predominantly catalyzes the oxidative decarboxylation of
fatty acids to produce terminal alkenes, with higher catalytic efficiency compared
to other members of the family (see Figure 7.1) [11,12].
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Figure 7.1: Representation of the enzymatic reactions involved in the transformation of fatty
acids into functionalized derivatives, such as hydroxylated fatty acids (via hydroxylation
reactions) and alkenes (through decarboxylation processes with CO, released as a
byproduct). Each reaction is catalyzed by specific cytochromes, indicated with the
acronyms SPa, BSB3, and OleTJE, shown above the respective arrows.

Cytochromes of the CYP152 class, such as P450SPa, utilize H,O, as a cofactor in
the so-called peroxide shunt, thereby bypassing the use of molecular oxygen typical
of the classical CYP catalytic cycle [13-15]. This enzymatic subclass catalyzes
hydroxylation reactions (at the a or B position) and oxidative decarboxylation,
yielding terminal alkenes that are suitable for use as biofuels [16,17]. Enzymes like
P4500LeTJE exhibit higher catalytic efficiency compared to P450SPa, making the
latter an ideal model for targeted enzyme engineering [18,19].

Furthermore, the reuse of fatty acids derived from food waste [20-22]. or agro-
industrial residues [23], including oily waste and palm oil mill effluent (POME) [24],
represents an effective strategy to reduce both solid and liquid waste as well as
greenhouse gas (GHG) emissions [25]. Due to their hydrophobic nature, fatty acids
can serve as substrates in highly selective enzymatic reactions [26,27], contributing
to the production of fuels and chemicals traditionally derived from petrochemical
sources [28,29].

In the framework of the circular economy, the ability to convert waste into valuable
resources aligns with a sustainable vision of industrial processes, overcoming the
still-dominant linear production model [30-32]. For these technologies to achieve
industrial relevance, however, oxidative enzymes must be optimized to function
under non-natural operational conditions, with enhanced catalytic activity.

Bacterial CYP enzymes offer numerous advantages: they are soluble, catalytically
self-sufficient, and amenable to modulation through protein engineering
techniques. Additionally, they can be integrated with other biological scaffolds to
create more efficient hybrid biosystems [33], expanding the range of compatible
substrates and reaction conditions [34,35].
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This research project aims to support the rational design of metal-dependent
oxidative enzymes capable of transforming recalcitrant substrates found in lipid-
rich marine biomass into second-generation biofuels. Specifically, the work will
focus on:

— Structural and dynamic analysis of CYP450SPa, in comparison with the more
catalytically active P4500leTJE;

— Computational design and simulation of P450SPa mutants to improve catalytic
performance;

— Evaluation of the influence of specific mutations on structure and function;

— Application of computational techniques such as MD simulations to investigate
structural stability and enzyme—-substrate affinity.

MD simulations will enable the exploration of the conformational landscape of the
enzymes in explicit solvent, allowing for the identification of representative
structures through trajectory clustering. These data will guide the de novo design of
PAMETs (peptidic artificial metalloenzymes) optimized for biomass valorization [36—
38]. This work represents a strategic step toward the development of more efficient
hybrid biosystems [39], capable of operating under non-physiological conditions,
contributing to the advancement of renewable enzyme-based technologies.

7.2 Computational Details

The initial coordinates for the CYP450SPa protein were obtained from the available
crystal structure with PDB ID: 3AWM [40]. Classical MD simulations were performed
on apo systems, including: the wild-type protein (WTf); a single mutant at position
173 (G173F, M1f); a single mutant at position 288 (F288A, M2f); and a double mutant
at both positions (G173F/F288A, M12f). In these systems, the ligand (C16:0 fatty
acid) was manually removed.

For substrate-bound systems, simulations were performed on the same four
constructs (WT, M1, M2, and M12), preserving the substrate coordinates (C16:0)
fromthe SAWM PDB file. All mutations were introduced using UCSF Chimera version
1.16 [41]. The protein systems were solvated in a cubic box with a 10 A buffer using
TIP3P water molecules and neutralized with counterions [42].

Classical MD simulations were carried out for 200 ns per system, in triplicate,
yielding a total simulation time of 4,8 ps. Input files were prepared using the
GROMACS software package [43]. The CHARMMS36 force field [44] (July 2022
update) was employed, with TIP3P water. To preserve the correct coordination of the
heme iron, specific “special bonds” [45] were defined between the ferricion and the
deprotonated cysteine residue (CYM).
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Both apo and substrate-bound solvated systems were subjected to initial
minimization and relaxation using positional harmonic restraints (50 kcal mol™" A~?)
on all atoms. The minimization protocol included 5000 steps of steepest descent
(SD) followed by 5000 steps of conjugate gradient (CG). Systems were then gradually
heated to 303.2 K over 20 ns under NVT conditions using a Langevin thermostat.
Equilibration proceeded under isobaric conditions (1 bar) using the NPT ensemble
with a Berendsen barostat (tp = 2.0 ps). Production runs were performed for 200 ns
with a 2 fs integration timestep, using the SHAKE algorithm to constrain bonds
involving hydrogen atoms and the Particle Mesh Ewald (PME) method for long-range
electrostatics [46]. A geometric RMSD-based clustering analysis (GROMOS
algorithm [47], 3 A cutoff) was applied to identify the most populated representative
conformations for each system.

Additionally, 200 ns MD simulations, also in triplicate, were performed for the OleTJE
protein (PDB ID: 4L54 [48]) in both apo and substrate-bound states (using the same
C16:0 coordinates as in 3AWM), contributing an additional 0,6 pys of simulation
time. This brought the total simulation time to 5,4 ps. All simulation conditions for
OleTJE were kept identical to those used for SPa and its variants to ensure dynamic
comparability across systems.

7.3 Study of Access Pathways to the Active Site and
Implications for Mutagenesis.

The X-ray crystallographic structure of CYP450 SPa (PDB: 3AWM) [40] was used as
the starting model for classical molecular dynamics simulations. As with all
bacterial cytochromes P450, its structure is characterized by the presence of a
porphyrin-type heme ring (Figure 7.2). Thanks to the well-defined position of the
active site within specific domains, these enzymes are highly amenable to targeted
manipulations. As previously mentioned, this class of bacterial cytochromes P450
is interesting due to its ability to function as peroxygenases (CYP152).
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Figure 7.2: Chemical structure of the porphyrin ring of cytochrome P450. Four planar bonds
coordinate the iron with the nitrogen atoms of the porphyrin and two axial bonds located
above and below the plane of the ring. In this case, the axial ligands are the sulfur atom of a
cysteine and a water molecule

This enzymatic subclass is capable of converting fatty acids through oxidative
decarboxylation and, via hydroxylation at the a and B positions, produces
hydroxylated fatty acids and/or terminal alkenes. The initial crystallographic
structure of P450SPa was superimposed onto those of other enzymes, P450BS]3
(PDB ID: 1LZO [49]) and P4500LeTJE (PDB ID: 4L40 [48]), see Figure 7.3, to highlight
key structural differences that enable improved positioning of the fatty acid within
the catalytic pocket. Considering OleTJE’s ability to catalyze not only hydroxylation
reactions at the a or B positions but also fatty acid decarboxylation, many studies
have sought to replicate this activity in other CYP152 systems through targeted
mutagenesis.

In particular, the introduction of a histidine residue at position 85, considered
fundamental in OleTJE for its role as a proton donor in the decarboxylation reaction,
has been proposed as a promising strategy. However, the outcomes of these
attempts have been limited. For example, in BSB, the insertion of a histidine at the
analogous position did not lead to a significant increase in decarboxylase activity.

Arginine, located at positions 241, 242, and 245 in SPa, BSB, and OlelJE,
respectively, has proven to be a key residue, with its mutation resultingin a complete
loss of catalytic activity [50]. Visual analysis identified two possible access
channels for fatty acids, located on the enzyme’s front side near residue R241,
which appears to be primarily responsible for the enzyme’s catalytic activity [51].

From structural superposition, other residues such as G173 and F288 were also
found to be indirectly involved in this reaction, playing a key role in enhancing the
catalytic activity of CYP152SPa.
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Figure 7.3: Superposition of the 3 crystal structures, SPa (orange), BSB (beige), and OeTJE
(white).

In the SPa system, tunnels and their connected cavities were identified using the
software Caver Analyst 3.0 [52]. These data were then compared with those from
the BSB and OLeTJE systems to highlight any structural differences. The main
objective of this analysis was to identify the preferential pathway of water molecules
toward the catalytic site, which is presumed to coincide with the substrate access
route to the active site.

Specifically, as shown in Figure 7.4, the highest-priority tunnels are highlighted in
blue: in the BSB and OleTJE systems (channel 2), this represents the preferred
pathway followed by the substrate, whereas in SPq, the tunnel corresponding to this
route (channel 1) does not appear to be the primary one. Starting from the identified
tunnels, the largest connected cavities were then calculated to verify the possible
ligand access sites (see Figure 7.4B).
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Figure 7.4: A) Graphical representation of the Tunnel, top, and cavity, bottom. B) The probe
radius chosen for the cavity calculation is 2.3 A.

Based on structural data, three mutant systems were designed starting from SPa:
the first, named M12, carries two simultaneous mutations compared to the wild
type (WT, SPa), namely G173F and F288A; the second, M1, contains a single
mutation at position 173 (G173F); the third, M2, a single mutation at position 288
(F288A).

The mutations in the M12 system were hypothesized following the structural
superposition of the three CYP152 enzymes (Figure 7.3). In particular, the
replacement of glycine with the bulkier phenylalanine at position 173 was intended
to create a steric effect that pushes the substrate closer to the heme group, thereby
improving alignmentwith the catalytic center and potentially increasing the reaction
efficiency. Conversely, the substitution of phenylalanine with a smaller alanine at
position 288 aims to reduce steric hindrance, facilitating substrate access to the
active site and allowing a more proper positioning near the catalytic center.

To support these hypotheses, prior to molecular dynamics simulations, a tunnel
and cavity analysis was performed for the M12 system, comparing it with the wild
type and OLleTJE systems (Figure 7.5). In the M12 system, a tunnel similar in both
priority and trajectory to that of OleTJE was identified, which is instead very different
from the one present in SPa. Moreover, the analysis highlighted the formation of a
new cavity near the heme cofactor in the M12 system, absent in the wild-type
structure, which could represent a new access site for the ligand.

The M1 and M2 systems were mainly selected to evaluate the individual contribution
of each mutation on the structural and functional behavior of the enzyme.
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Figure 7.5: Graphical representations of the Tunnels and cavities in M12.. Compared with
the wild Type and OleTJ system

7.4 Structural stability analysis of the enzymes in the
absence of ligands via molecular dynamics

MD simulations lasting 200 ns were performed for all systems in their free (apo)
form. The trajectory analysis revealed excellent protein stability throughout the
entire simulation.

In all systems, the porphyrin ring contains a central Fe** cation. The iron is
coordinated to the four nitrogen atoms of the porphyrin’s pyrrolic rings, while a
thiolate cysteine provides the fifth (proximal) ligand, and a water molecule,
positioned about 2.1 A above the heme iron, acts as the sixth (distal) ligand. This
arrangement results in a hexacoordinated heme group in the CYP152 enzymes, as
shown in Figure 2. To maintain a consistent coordination sphere and position during
the entire simulation, a restraint was applied to residue CYM361 before the
minimization phase.

The MD trajectory analysis revealed high structural homogeneity of the protein
during the simulation. This finding was also confirmed by the RMSF plot analysis,
which shows similar fluctuations for all four free systems, with maximum values
around 6 A located in amino acids of the chain’s terminal region. Regarding the
mutations, the RMSF profile overlay highlights that the substitution of glycine with
phenylalanine at position 173 (G173F) increases the local flexibility of the protein,
affecting its molecular motions. This result was expected considering the larger size
of phenylalanine compared to glycine. Conversely, the mutation at position 288
does not appear to alter the flexibility of the surrounding residues.
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Interestingly, in the M12 system, the fluctuation at position 173 is less pronounced
compared to the M1 system, suggesting that the presence of alanine at position 288
confers greater rigidity to the overall system (Figure 7.6).
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Figure 7.6: Overlay of RMSF plots from MD simulations of the free-form CYP152 and its
mutants M1f, M2f, and M12f

7.5 Structural comparison between WT and M12

As previously mentioned, the system is quite stable, and the presence of the ligand
is expected to further stabilize it during the simulation. The rigidity of the complex s
confirmed in Figure 7.7B, where the protein chain appears almost perfectly
superimposed on the initial crystallographic structure. The trajectory was analyzed
to investigate the cause of the folding observed in the B-sheet near the
hexacoordinated cysteine at position 361 in the WT system; however, no significant
movements were detected during the simulation, leading to the conclusion that this
is a visualization artifact of the software.

A. 1 B.

0 50 100 150 200
Time (ns)

Figure 7.7: A) shows the RMSD overlap between the WT system (orange) and its apo form
(blue). B) displays the structural overlap between the WT system's representative MD
cluster (orange) and the corresponding X-ray structure (blue).
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Inthe M12 system, the RMSD values, although remaining around 2 A during the first
100 ns, tend to further stabilize in the second half of the simulation, settling around
1 A, as shown in Figure 8A. This trend is likely due to the introduced mutations; in
particular, the mutation at position 173 closes the channel where the fatty acid was
originally positioned, which during the simulation is shifted toward the entrance of
another channel, now made accessible by the substitution of phenylalanine at
position 288 with alanine (Figure 7.8B). Therefore, greater fluctuations are observed
in the first part of the simulation, attributable to the repositioning of the substrate
toward the new channel.
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Figure 7.8: A) shows the RMSD comparison between the M12 system (red) and the apo form
(cyan). B) presents a front view of the M12 system, with the substrate colored purple after
the MD simulation and light blue before the simulation.

In both systems, the substrate establishes specific interactions with the arginine
residue at position 241 (R241), which is essential for ligand recognition. In particular,
the 02 oxygen atom of the substrate’s carboxyl group forms a hydrogen bond with
the H-Ng group of the R241 side chain (Figure 7.9A), while the O1 oxygen interacts
with the HH21-N hydrogen of the same residue (Figure 7.9A).

01 paL~ NEgagy OZPAL- Ng2as

Dislance(ﬁ]
Distance (A)

Time (ns) Time (ns)

Figure 7.9: A) shows the distances between O1 of the substrate and Ne of Arg241, while B)
shows the distances between O2 of the substrate and the nitrogen atom of Arg241.

The most representative conformations of the WT and M12 systems are shown in
Figures 7.10A and 7.10B, respectively, clearly highlighting the different substrate
behaviors during the molecular dynamics simulations. In Figure 7.10A, it can be

208



observed that in the WT system, the fatty acid shifts toward an alternative channel
whose entrance is blocked by the phenylalanine at position 288. This displacement
is caused by polar and sterically bulky residues near glycine 173. Since access to
the second channel is hindered, the substrate fails to correctly position itself and
tends to fold onto itself (Figure 7.10C). In contrast, in the M12 system, the
substitution of phenylalanine with a smaller amino acid, alanine, frees the channel,
allowing the substrate to enter the correct catalytic site, as shown in Figure 7.10D.
Although the overall position and orientation of the substrate differ between the two
systems, in both cases, the carboxylgroup is oriented toward the side chain of R241,
within the heme binding pocket (Figures 7.10C and D).
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Figure 7.10: A) shows the side view of the WT system, highlighting the two channels of
interest. B) shows the side view of the M12 system with the same two channels. C) depicts
the orientation of palmitic acid in the WT system, while D) shows its orientation in the M12
system.

The analysis of the radial distribution function (RDF) revealed that the presence of
the substrate within the channel differently affects the first and second hydration
shells of the heme iron (~2 Aands A), calculated for Fe_HEME - Ow, in the WT and
M12 complexes (Figure 7.11). Specifically, when comparing the two systems, the
first peak is less intense in M12, suggesting that water molecules occupy the cavity
less often. This phenomenon is attributed to a better positioning of the substrate
within the channel, which, by increasing the lipophilicity near the HEME group,
pushes water molecules away from the porphyrin iron, thereby facilitating the entry
of hydrogen peroxide, responsible for the hydroxylation of the C16:0 fatty acid.
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This analysis represents the core of the project, as it demonstrates how the
introduced mutations improve the active site environment, optimizing substrate
interaction and potentially enhancing the enzyme’s catalytic efficiency.
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Figure 7.11: RDF overlay for FeHEME-Ow distances in the WT complex (orange) and M12
complex (red).

7.6 Assessment of the Contributions of the M1 and M2
Mutations

To evaluate the individual contributions of the mutations, 200 ns molecular
dynamics simulations were performed for both the M1 and M2 complexes. In the
case of M1 (Figure 7.12C), it is observed that the fatty acid, compared to its original
position, shifts towards an alternative channel, the entrance of which is blocked by
phenylalanine at position 288. This displacement is more pronounced than in the
wild type, due to the presence of the bulky phenylalanine at position 173, which
significantly directs the ligand sterically. However, the fatty acid is unable to access
the second channel, becoming trapped between the two phenylalanines at
positions 173 and 288, preventing proper substrate positioning for the reaction.

Conversely, in the M2 system, visual inspection of the most representative
conformation obtained from the MD simulation reveals that the substitution of
phenylalanine with alanine at position 288, while opening the channel the fatty acid
attempts to enter, does not allow optimal substrate positioning (Figure 7.12D). This
is attributed to the absence of the mutation at position 173, which plays a significant
role in promoting substrate displacement.
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Figure 7.12: A) shows the distances between O1 of palmitic acid (O1PAL) and N& of Arg241,
while B) shows the distances between O2PAL and N of Arg241. C) depicts the orientation of
palmitic acid in the M1 system, whereas D) shows its orientation in the M2 system.

Analysis of the distances between the substrate and residue R241 in both systems
shows that the behaviorin M2 is nonlinear; however, the interaction between the 02
oxygen of the substrate’s carboxyl group and the Ne atom of the R241 side chain
(Figure 7.12A), as well as between the O1 oxygen of the carboxyl group and the
backbone nitrogen of the same residue (Figure 7.12B), can still be confirmed. These
data indicate that the single mutations contribute, albeit modestly, to the optimal
positioning of the ligand.

The radial distribution function (RDF) analysis further highlighted that the presence
of the substrate in the channel differently affects the first and second hydration
shells of the porphyrin iron, calculated for FEHEME - Ow, in the M1 and M2
complexes (Figure 7.13). Comparing all four systems, minimal differences are
observed for M1 and M2 relative to the wild type; in fact, the most significant peak
variations occur only in the third hydration shell (~7 A).

This result provides additional support for the previously formulated hypothesis. It
cantherefore be concluded that the single mutations marginally influence substrate
positioning, whereas the synergistic effect of the two mutations in the M12 system
leads to an optimal substrate positioning with more pronounced effects.
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Figure 7.13: shows the overlay of the radial distribution functions (RDF) for all four
complexes, highlighting differences in the hydration shells around the heme iron. The
comparison reveals subtle variations in water molecule distributions among the
complexes.

Itis important to highlight that, based on the radial distribution function (RDF) data,
a continuous exchange of water molecules occurs throughout the simulation. The
graph shows that the iron atom is periodically surrounded by water molecules.
Water molecules are also present in the channel of the M12 system, as in all other
complexes. However, to observe this phenomenon in the first hydration shell of
M12, a longer simulation time would be required.

As discussed earlier, in the M12 system, the substrate properly positions itself
within the access channel. In contrast, in the wild type, the substrate cannot
efficiently enter the channel (Figures 7.10C and D) because the hydrocarbon chain
tries to move toward the active site but is sterically blocked by phenylalanine at
position 288. In the M1 system, the bulky phenylalanine at position 173 favors
substrate orientation toward channel 2; however, optimal positioning is prevented
by the blockage caused by F288 (Figure 7.12C). In the M2 system, where
phenylalanine at position 173 is replaced by glycine, a less favorable behavior
compared to M12 is observed. Despite the surrounding residues pushing the
aliphatic chain toward channel 2, the absence of the steric contribution from
phenylalanine limits correct substrate positioning, preventing it from optimally
settling as in the M12 system (Figure 7.12D).

Therefore, it remains evident that the mutations exert a synergistic effect, facilitating
the correct and stable positioning of the substrate within the active site.
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7.7 Evaluation of the Structural Dynamics of OleTJE, SPaq,
and M12

To further investigate this hypothesis, molecular dynamics simulations were
performed on the P450 OLleTJE system with two main objectives: (i) to verify whether
the overall dynamic behavior of OleTJE resembles that observed in the M12 mutant,
which showed the most promising results, as well as in the other two mutants; and
(ii) to assess the presence and extent of the movement of the loop comprising
residues G82-L86, to determine whether similar structural flexibility is also present
in OleTJE. This analysis is particularly relevant because the absence of a proton-
donating residue at position 85 in our system represents a potential limitation for
the decarboxylation reaction. If loop movementis also confirmed in OleTJE, it would
further strengthen the validity of our mutational strategy and suggest that, in a
favorable structural context such as that observed in M12, a targeted mutation at
position 85 could be a promising direction for the enzyme's functional optimization.
The 200 ns simulations were conducted for both the apo form of OleTJE (OleTJEf)
and the complex with palmitic acid (OleTJE), to compare OleTJE’s dynamic behavior
to that observed in our selected mutant M12 and SPaq, thus providing additional
validation of our results.

The obtained data were compared with those of the M12 system, clearly showing a
dynamic behavior fully comparable to that of OleTJE (Figure 7.14). This result
supports the conclusion that the mutations introduced at positions G173F and
F288A are critical for improving the catalytic efficiency of the CYP450SPa system.
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Figure 7.14: A) shows the orientation of palmitic acid in the OleTJE system (purple)
superimposed with the WT (orange) and M12 (red) orientations. B) displays the overlay of
the RDF profiles for OleTJE, WT, and M12.C) reports the distances between O1 of palmitic
acid (O1PAL) and Ne of Arg241. D) shows the distances between O2 of palmitic acid
(O2PAL) and N of Arg241.

The overlay of the RMSF profiles (Figure 7.15A) highlights, in the mutated M12
system, a pronounced peak localized at residues G82-L86, corresponding to a loop
that, as observed during the simulations, undergoes a significant displacement
compared to its positionin the WT system. Specifically, in the M12 system, this peak
is shifted by approximately 6 A. Notably, this loop contains a glycine at position 85,
whereas in OleTJE and BSB, the same position is occupied by histidine and
glutamine, respectively. This observation is particularly relevant for the engineering
of the enzyme’s decarboxylation activity. As previously mentioned, in the OleTJE
system, the histidine at position 85 acts as a proton donor and is involved in the fatty
acid decarboxylation reaction. However, in our models, the loop containing residue
85 is positioned too far from the active site in the WT form, potentially rendering an
isolated mutation at this position ineffective.
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Figure 7.15: A) shows the superimposition of RMSF profiles for WT, M12, and OleTJE. B)
presents the overlay of OleTJE and M12 RMSF profiles, highlighting the movement of the
loop.

In the M12 mutant, conversely, the loop movement toward the porphyrin ring
observed during the simulation suggests that residue 85, if suitably modified, could
be positioned near the heme group and assume a functional role in catalysis.
Although this mutation has not yet been introduced, these findings open promising
perspectives for a future targeted intervention at this site. In conclusion, this latest
analysis confirms the substantial overlap in dynamic behavior between M12 and
OleTJE.

7.8 Conclusions

The molecular dynamics simulations conducted in this work have provided new and
significant insights into the molecular mechanisms governing the activity of the
P450SPa enzyme. The comparative analysis of the designed mutants allowed the
identification of amino acid modifications capable of improving the catalytic
efficiency of the system, with particular emphasis on the double mutant M12
(G173F/F288A), whose dynamic behavior closely overlaps with that of the native
OleTJE system.

These results highlight how targeted and synergistic modifications can significantly
influence substrate positioning and the microenvironment of the active site,
indirectly modulating access to the heme group and the hydration of the catalytic
iron. In particular, the importance of correct substrate orientation and the role of the
dynamics of specific structural loops, including the one containing residue 85,
emerged; the potential involvement of this residue in the decarboxylation reaction
represents a future avenue of considerable interest.

The computational methodologies adopted are confirmed as effective tools to
guide the rational design of engineered enzymes with optimized characteristics.
Looking ahead, the next developments of the project are structured as follows
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I.  Furtherinvestigation of the dynamic behavior of the loop containing residue
85, aimed at evaluating the impact of targeted mutations on catalytic
functionality.

Il.  Extension of the approach to additional enzymes of the CYP450 family to
identify recurring structural patterns associated with specific activities.

1. Integration of experimental approaches for validation of computational
models and optimization of the most promising variants.

This research line, focused on the fine modulation of CYP450 activity, represents an
important step towards the valorization of natural biomass, particularly through the
selective transformation of fatty acids into higher-value products such as
hydrocarbons and biochemical intermediates useful for industrial and
environmental applications, including second-generation biofuels.
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Chapter 8

Molecular Dynamics of the Metallo-enzyme
Lytic Polysaccharide Monooxygenase (LPMO)
SmMAA10 and its interactions with B-chitin

This paragraph introduces the investigation of a bacterial Lytic Polysaccharide
Monooxygenase (LPMO), emphasizing its structural dynamics and key molecular
interactions during chitin degradation, explored through molecular dynamics
simulations.

Global warming and the increasing scarcity of fossil resources are driving both the
scientific and industrial communities to develop sustainable solutions for the
production of energy and materials. In this context, the valorization of biomass,
particularly non-edible organic waste, represents a promising strategy. Among the
various available residues, waste from the fishery industry, such as crustacean
shells, fish scales, and bones, is of particular interest due to its high chitin content.
Chitin is a natural polysaccharide that is abundant but highly crystalline and poorly
soluble, which makes its degradation and reuse challenging. In recent years, the use
of natural enzymes known as Lytic Polysaccharide Monooxygenases has opened
new possibilities for the efficient transformation of chitin into higher-value products
such as biofuels, bioalcohols, or platform chemicals for industry. These enzymes,
which contain a copper ion at the active site, are capable of cleaving chitin
oxidatively, thereby facilitating its degradation even under highly crystalline
conditions.

In this work, we employed molecular dynamics (MD) simulations to investigate the
behaviour of a bacterial LPMO, SmAA10, in the presence of a -chitin fragment. The
analysis focused on structural fluctuations, non-covalent interactions, and relevant
molecular motions. The trajectory analysis confirmed the overall stability of the
enzyme-substrate complex, with limited fluctuation and maintenance of copper
coordination throughout the simulation. Key interactions, such as hydrogen bonds
and t—Tt stacking, were identified as critical for molecular recognition. These
findings enhance our understanding of LPMO function and provide a useful
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foundation for protein engineering efforts aimed at improving enzymatic
performance for industrial applications in biomass valorization. Indeed, the
integration of computational techniques with experimental data represents a
strategic approach to accelerating the development of sustainable biocatalysts for
biomass transformation and environmental bioremediation.

8.1 Introduction

The growing concern over globalwarming and greenhouse gas (GHG) emissions has
driven the scientific and industrial communities to seek sustainable alternatives to
fossil fuels. In this context, the conversion of biomass into fuels and chemicals is
gaining increasing relevance [1]. The use of renewable resources of biological origin
represents a promising strategy to address the depletion of fossil reserves while
offering a carbon-neutral route for energy and chemical production [2,3].

Biomass, defined as renewable organic matter, can originate from a wide variety of
sources: wood and wood residues, crops and by-products, animal manure, food
industry waste, and sewage sludge [4]. The valorization of these resources can lead
to the production of advanced biofuels and high-value-added chemicals. In
particular, lignocellulosic waste and non-edible organic residues are considered
ideal feedstocks for the production of second-generation biofuels, as they do not
compete with the food supply chain [5]. Among the various types of biomass, a still
underexplored yet promising sector is represented by waste from the fishery
industry, such as crustacean shells, fish bones, and scales. This waste, with an
estimated global production of approximately 7 million tons per year [6]. contains
up to 40% chitin [7], a highly crystalline nitrogen-containing polysaccharide. Chitin,
composed of N-acetyl-D-glucosamine units linked by B-1,4-glycosidic bonds [8], is
one of the most abundant polysaccharides on Earth, mainly found in crustacean
exoskeletons and fungal cell walls [9,10]. However, its poor solubility and chemical
resistance make its degradation and valorization challenging. As a result, despite
an estimated production of over 10 million tons per year, most chitin is still
disposed of as waste [7].

In recent years, the bioconversion of chitin using specific microorganisms and
enzymes has emerged as an eco-friendly strategy to transform this waste into high-
value products, such as bioalcohols, chitooligosaccharides, and other derivatives
[11-13]. The enzymes involved in this process include chitinases, chitosanases,
chitin deacetylases, and, notably, LPMOs [14-17]. LPMOs represent a recently
discovered class of oxidative metalloenzymes characterized by a copper-
containing active site known as the histidine brace (shown in Figure 8.1), capable of
cleaving C-C and C-0O bonds oxidatively in crystalline substrates such as cellulose,
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hemicellulose, starch, and chitin [18,19]. First identified in 2010 (CBP21 from
Serratia marcescens) [20], they are now classified in the CAZy database under
auxiliary activities (AA) and grouped into several families: AA10 (bacterial) [21],
AA15 (insect), active on both cellulose and chitin [22], and AA9, AA11, AA13, AA14,
AA16 (fungal), mainly active on cellulose and hemicellulose [23-27], each with
varying substrate specificities.

HO Y160
HN__N
~\F
@ /w
H87 N __
HoN
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HN (o)
/

Figure 8.1: Schematic representation of the active site of the LPMO enzyme, known as the
histidine brace. The divalent copper ion (Cuz”) is coordinated by two histidine residues: H1,
which provides both the terminal amino group and the imidazole ring, and H87, which
contributes an imidazole ring. This coordination mode, known as the histidine brace, is
highly conserved among LPMOs. Additionally, the residue at position 160, which can be
either a tyrosine (Y) or a phenylalanine (F) depending on the enzyme, contributes to
stabilizing the active site environment.

This study focused on the characterization of a chitin-active bacterial enzyme
belonging to the AA10 subfamily [28,29], the Serratia marcescens LPMO (SmAA10,
formerly known as CBP21 [20]) Biotechnological interest in LPMOs has rapidly
increased due to their ability to enhance the degradation of recalcitrant
biopolymers, making them key players in biomass valorization and environmental
bioremediation applications [30]. The use of purified enzymes, as opposed to
traditional microbial fermentation, offers several advantages, including shorter
reaction times, higher yields, and improved process efficiency [31]. In this context,
optimizing LPMOs through protein engineering is crucial to tailor their properties for
industrial operating conditions.

Computational techniques, particularly MD simulations, are increasingly
recognized as essential tools for investigating enzyme-substrate interactions and
catalytic mechanisms at the atomic level [32,33]. These approaches enable the
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exploration of conformationalflexibility, substrate access pathways, and molecular
interactions governing catalysis, thereby providing key insights for the rational
design of more stable, specific, and efficient biocatalysts. The integration of
computational and experimental data thus represents a promising strategy to
accelerate the development of next-generation enzymes. In this work, theoretical
approaches are employed to investigate the molecular mechanisms of LPMOs, with
a particular focus on enzyme-substrate interactions and the still poorly understood
aspects of their reactivity. The ultimate goal is to provide a framework for future
studies, both computational and experimental, aimed at optimizing these
biocatalysts for applications in biofuel production and environmental
bioremediation.

8.2 Computational Details

We conducted a Classical Molecular Dynamics simulation lasting 200 ns at 302 K
for the LPMO sm10AA system in complex with a polymeric fragment of B-chitin
composed of 24 units x 5 chains x 5 layers. The structure was provided by the group
of Orio Malys from the Institut des sciences moléculaires de Marseille. The systems
were placed in an orthorhombic box witha 10 A margin from the protein, containing
TIP3P water molecules [34] and counterions to neutralize the total charge. For the
simulation, we used a combination of force fields ff14SB [35]/GLYCAM 06j [36], the
latter being the updated version of the GLYCAM force field, specifically designed for
simulating carbohydrates and glycoproteins. The Cu®** metal ion was described
using the nonbonded 12-6-4 LJ-Type model [37]. Finally, positional restraints with a
force constant of approximately 2 kcal mol'A® were applied to all Ca carbon atoms
of the chitin monomers to maintain the desired initial conformation during the
simulation.

The smAA10 and B-chitin complex was initially minimized and relaxed by applying
positional harmonic restraints on all atoms (50 kcal mol'D&z) with 5000 steps of
steepest descent (SD), followed by 5000 steps of conjugate gradient (CG). In the
second phase, the entire system was gradually heated to 300 K over 20 ns, followed
by 5 ns at 300 K using a Langevin thermostat in the NVT ensemble. The NPT
ensemble was then applied at a constant pressure of 1 bar using the Berendsen
barostat with a time constant tp = 0.1 ps. The production phase was carried out for
200 ns of molecular dynamics, selecting an integration time step of 1 fs, with the
SHAKE algorithm coupled (in all simulations, including preparatory ones) to the
Particle Mesh Ewald (PME) summation method [38]. Electrostatic and long-range
interactions were calculated with a cutoff of 12 A. The GROMACS 2021 package[39]
was used to perform the MD simulations.
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Molecular Dynamics Analysis: Once the structural stability of the LPMO enzyme
was verified through RMSD (Root Mean Square Deviation) and RMSF (Root Mean
Square Fluctuation) analyses, confirming that the system was stable with
consistent fluctuations well below 2 A, representative conformations of the system
were selected by performing clustering based on the RMSD of the entire trajectory.
The GROMOS algorithm [40] was used with a cutoff of 2 A based on RMSD to identify
the most populated representative conformations. It was verified that the
coordination of Cu®** was maintained by monitoring the minimum distance between
this ion and the polysaccharide fragment. Hydrogen bond (H-bond) analyses,
distance analyses, and the Radial Distribution Function (RDF) were performed
using the VMD visualization program [41] and the integrated tools in GROMACS
2021 [39] to identify non-covalent interactions between LPMO and B-chitin.

Principal Component Analysis (PCA) was performed using the cpptraj module [42]
of AntechamberTools 16 [43] to extract large-scale collective motions occurring in
the MD simulation of the complex, providing insights into the main conformational
changes along the MD trajectories.

8.3 Molecular Dynamics Simulations Setup

As widely reported in the literature, MD simulations play a crucial role in studying
enzyme-substrate recognition processes [44] In particular, for enzymes such as
LPMO SmAA10, which are involved in chitin degradation, these simulations allow
for a deeper understanding of the interaction mechanisms with the substrate and
help elucidate the polysaccharide chain cleavage process [28] thereby supporting
and complementing experimental observations [45]. In this study, we carried out
200 ns of classical MD simulation on the complex between SmAA10 and a
polymeric fragment of B-chitin composed of 24 repeating units arranged in 5 chains
and 5 layers. The initial crystallographic structure was kindly provided by the group
of Orio Malys (Institut des Sciences Moléculaires de Marseille). To preserve the
initial conformation of the B-chitin fragment during the simulation and prevent non-
physiological structural deviations, positional restraints were applied to the Ca
carbon atoms of the chitin monomers.

8.4 Conformational Stability of LPMO

Throughout the simulation, the Root Mean Square Deviation (RMSD) and Root Mean
Square Fluctuation (RMSF) analyses confirmed the overall structural stability of the
system. As shown in Figure 8.2A, RMSD values remained well below 2 A, indicating
high structural stability of the enzyme over the simulation timeframe. The RMSF
analysis (Figure 8.2B), computed for each residue of the LPMO, revealed a localized
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peak around 1.5 A at tyrosine residue 27, suggesting a region of increased local
flexibility. This behavior may be attributed both to the structural conformation of the
protein and to the solvent exposure of the residue, which could facilitate its

mobility.
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Figure 8.2: A) shows the RMSD trend of the entire LPMOQO structure over time, relative to the
initial conformation, with fluctuations consistently contained around 1 A. B) illustrates the
RMSF, which represents the flexibility of individual residues along the amino acid sequence.
Localized peaks are observed, particularly around residue 27, indicating more flexible
regions that are potentially involved in interactions with the solvent or the substrate.

Furthermore, the conformational analysis performed through geometric clustering
revealed substantial structural homogeneity throughout the entire simulation,
confirming the preservation of the enzyme’s initial conformation, as shown in Figure
8.3.
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Figure 8.3: Clustering Analysis of LPMQO. A) Structural representation of the protein
interacting with the substrate surface. B) Distribution of structures obtained through RMSD-
based clustering, highlighting a single predominant cluster. The plot shows a distribution
centered around 1.3 A, corresponding to the average distance from the centroid, as
summarized in the table below, which reports the main characteristics of the identified
cluster

8.5 Active Site Accessibility and the Role of Water

After confirming the maintenance of cu** coordination, the minimum distance
between the metal ion and the polysaccharide fragment was analyzed, showing
stable values around 5-6 A, as illustrated in Figure 8.4A. This result is consistent
with the expected catalytic mechanism, in which the presence of water molecules
intercalated between the metal site and the polysaccharide is essential to enable
hydrolysis.

Indeed, a critical aspect for catalysis is the accessibility of the copper coordination
site when the enzyme is bound to the substrate. If the copper ion were completely
shielded from the bulk solvent, it would also be inaccessible to potential reducing
agents required for electron transfer.
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Figure 8.4: A) Time evolution of the minimum distance between the Cu®*ionandthe B-chitin
fragment (shown in lilac) during the molecular dynamics simulation. The lines in various
shades of brown represent the minimum distances between Cu’* and key amino acid
residues involved in substrate binding. B) Spatial representation of water molecules
intercalated between the metal center and the B-chitin fragment, highlighting the formation
of a hydration layer at the active site. C) Radial distribution function (RDF) between Cu®*and
water molecules, showing a well-defined peak around 2.1 A, indicative of the stable
presence of solvent molecules within the first hydration shell of the copper ion throughout
the simulation.

The obtained model supports the existence of a tightly bound monolayer of water
molecules surrounding the copper ion (Figure 8.4C). The presence of these water
molecules was further confirmed by calculating the radial distribution function
(RDF), which highlights the presence of water in the first two hydration shells around
the copperion (Figure 8.4B).

8.6 Molecular Dynamics Simulations of Enzyme-
Substrate Interactions

The geometry of the LPMO active site did not undergo significant changes during the
simulation, and the enzyme remained stably bound to the polysaccharide fragment.
Based on this observation, we proceeded to identify the polar residues involved in
maintaining the interaction with the substrate through hydrogen bonding. The
identified residues are listed in Table 8.1. Subsequently, we analyzed the distances
between the most representative residues and the chitin monomers, confirming the
persistence of these interactions throughout the simulation period (Figure 8.4).
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DONOR |ACCEPTOR|OCCUPANCY
T84-Side 50.19%
H87-Side 41.89%
S31-Side 0.57%
E28-Side 68.87%
K53-Side 10.75%
K15-Side 0.19%
Q30-Side 8.30%
D155-Main 42.45%
Y27-Side 2.45%
R86-Side 25.28%
E28-Side 18.68%
S24-Side 19.06%
S54-Side 0.38%

Table 8.1: Hydrogen bonds observed in LPMOQO, highlighting specific donor-acceptor
interactions. % Occupancy refers to the frequency with which each hydrogen bond is
present throughout the molecular dynamics simulation. A higher percentage indicates a
more stable or persistent interaction.

To evaluate the presence of additional significant interactions beyond hydrogen
bonding, a radial distribution function (RDF) analysis was performed to investigate
potential Tt interactions. These analyses revealed a particularly relevant Tt
interaction between monomer 237 of B-chitin and tyrosine residue 27 of the protein,
as shown in Figure 8.5.
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Figure 8.5: A) Radial distribution function (RDF) between Y27 and monomer 237 of B-chitin,
showing a sharp peak at 4.5 A that indicates a preferred interaction distance. B) Three-
dimensional molecular representation of B-chitin and residue Y27, highlighting the m—mt

interaction.

230



8.7 PCA Analysis - Analysis of the Dynamic Movements of
the Complex

Finally, to identify the most significant concerted motions of the LPMO-chitin
complex, principal component analysis (PCA) was applied. This allowed
visualization of the main residue displacements near the B-chitin fragment, once
again highlighting the role of tyrosine residue 27 (Y27), previously identified.

An initial visual inspection of the simulation revealed a rotation of the enzyme
around the polymer, a motion attributable to hydrogen bonding interactions
between polar residues and the substrate. PCA confirmed that the predominant
mode of motioninthe complexis a dynamic capping rocking movement (Figure 8.6).
This adaptation enables the protein to cover the polysaccharide surface, enhancing
binding affinity and interaction stability. Such movement is frequently observed in
polysaccharide-binding enzymes, facilitating recognition of surface topology. The
capping mechanism can act as a switch, regulating access to the active site
similarly to gating mechanisms found in ion channels or regulated enzymes.

Figure 8.6: Principal Component Analysis (PCA) of the molecular dynamics trajectory of the
complex. The plot displays the projection of the sampled conformations onto the first two
principal components (PC1 and PC2), which capture the dominant concerted motions of
the system. The analysis highlights a prevailing rocking motion of the enzyme over the
polysaccharide surface (dynamic capping), accompanied by localized fluctuations,
particularly involving residue Y27.

In addition to the rocking movement, the analysis identified a mixed mode of
translational and oscillatory motions, which likely reflect the structural adaptation
required for specific substrate recognition, catalysis, and the maintenance of stable
contact with the polysaccharide surface.
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8.8 Conclusions

The increasing need to valorize renewable resources and biological waste has
driven attention towards innovative enzymes such as LPMOs, capable of
overcoming the recalcitrance of natural polymers like chitin. In this work, through
molecular dynamics simulations, we investigated the structural and dynamic
mechanisms governing the interaction betweenthe LPMO SmAA10 and a crystalline
fragment of B-chitin.

Molecular dynamics simulations performed on the LPMO SmAA10-B-chitin
complex revealed remarkable structural stability of the system, with low RMSD
deviation and limited local fluctuations, indicative of a well-preserved enzyme-
substrate interaction throughout the trajectory. The accessibility of the Cu®*
catalytic center was maintained due to the stable presence of structured water
molecules within the first hydration shells, an essential condition for catalytic
efficiency and availability to redox agents.

Intermolecular interactions, including persistent hydrogen bonds and a -1t
interaction between residue Y27 and chitin, were found to be crucial for complex
stability. Principal component analysis revealed the existence of concerted
dynamic modes, among which a rocking capping movement facilitates the
enzyme’s conformational adaptation to the polysaccharide surface, likely
associated with a dynamic modulation of substrate recognition and binding affinity.
Additionally, oscillatory and translational modes suggest a degree of structural
plasticity potentially functional for catalytic orientation along the polysaccharide
matrix. Overall, the obtained data support a dynamic and adaptive model of
enzyme-substrate interaction, where conformational flexibility plays a key role in
regulating active site accessibility and catalytic process efficiency.

These structural insights are fundamental to guiding protein engineering strategies
and the design of optimized biocatalysts. Looking ahead, frames extracted from the
molecular dynamics simulations may serve as input for EPR spectroscopy
simulations aimed at experimentally validating the coordination modes and
motions observed, thereby providing an even deeper understanding of LPMO
function and regulation under physiological and applied conditions.
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Conclusions

This doctoral thesis has deepened the study of substrate-enzyme interactions
through a multiscale computational approach, integrating methodologies from
force field-based theories to quantum chemistry, including molecular docking,
classical molecular dynamics, and quantum mechanical calculations based on
density functional theory (DFT). The main objective was to develop theoretical
protocols capable of supporting the rational design of efficient biocatalysts, with
potential applications in bioremediation and the valorization of renewable
resources.

Understanding enzymatic catalysis requires molecular detail that a single
computational technique cannot provide. The multiscale protocol applied here
modeled different stages of the catalytic process: docking predicted ligand-enzyme
recognition modes and provided realistic starting structures, MD simulations
characterized structural flexibility, active-site dynamics, substrate access
pathways, and interaction stability, while DFT calculations on cluster models of
catalytic sites probed the electronic structure, forming a theoretical basis for
optimizing enzymatic reactivity. Residue-level interaction analyses and MM-PBSA
binding affinity estimates offered further guidance for identifying mutagenic sites.

Overall, the findings provide mechanistic insights and practical guidance for
enzyme engineering. The strategies developed can be applied broadly to predict
and enhance biocatalyst performance in industrially relevant processes such as
plastic recycling, pollutant degradation, and biomass conversion.

The researchis organized in two main sections. The first part focused on degradative
enzymes involved in the depolymerization of non-biodegradable plastics, such as
PET and PE, including the effects of specific mutations. It also explored new
enzymatic targets of environmental interest, such as laccases, assessing their
dynamic behavior and ability to degrade unconventional hydrocarbon substrates.

The first study focused on FAST-PETase interactions with a tetrameric PET substrate
(4PET), providing new insights into polyethylene terephthalate depolymerization
and the role of enzyme flexibility. Molecular dynamics simulations revealed that at
50 °C the enzyme adopts a more plastic conformation in the active-site region
(Figure 4.6C), facilitating productive substrate alignment. Key residues W185,
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W159, and Y87 stabilize PET’s aromatic units through hydrophobic and m-stacking
interactions (Figures 4.6E-4.6F), promoting the characteristic “W-shaped”
conformation of 4PET. DFT calculations indicated that this high-energy, enzyme-
induced conformation facilitates ester bond cleavage, explaining the enhanced
hydrolytic activity of FAST-PETase (Figure 4.7). These results provide a rational basis
for engineering PET-recycling biocatalysts under mild conditions.

The second study investigated PAH oxidation, revealing mechanisms of anthracene
(ANT) and benzo[a]pyrene (BaP) oxidation by the T1 copper site of Trametes
versicolor laccase. Combining docking (Figure 5.3), molecular dynamics (Figure
5.7), and DFT, water was identified as a key nucleophile, and the energy profiles for
both substrates were outlined (Figure 5.8). High activation barriers (Figure 5.9) in the
absence of mediators highlight the need for further studies on mediator-assisted
oxidation.

The third study compared laccases with different redox potentials, providing
insights into polyethylene (PE) oxidation. In bacterial laccases such as LMCO2, low
redox potential does not limit activity; efficiency depends mainly on substrate
binding stability at the active site (Figure 6.2). Hydrophobic residues around T1
copper and PE conformability facilitate prolonged interactions, while a methionine-
rich loop anchors the polymer near the catalytic center (Figure 6.7). QM/MM
analyses suggested that direct C-H activation is kinetically unfeasible, indicating
LMCO2 likely acts on pre-oxidized groups. These findings show that laccase
efficiency relies more on stable enzyme-substrate complexes than on redox
potential, informing enzyme engineering and plastic bioremediation strategies.

Collectively, these studies demonstrate that enzyme activity is governed by
substrate binding and conformational dynamics, providing a rational basis for
enzyme engineering and strategies for plastic bioremediation.

The second part of the thesis focused on metalloprotein mutants aimed at
improving the conversion of fatty acids and aromatic compounds into high-value
intermediates through rational design guided by docking and molecular dynamics.
The fourth study analyzed the P450SPa enzyme, where targeted modifications,
particularly in the double mutantM12 (G173F/F288A), enhanced catalytic efficiency
(Figure 7.10B). Correct substrate positioning was critical for heme access and
hydration of the catalytic iron (Figure 7.13).

The final study examined interactions between LPMO SmAA10 and a crystalline 8-
chitin fragment. Molecular dynamics revealed a stable complex, maintained by
persistent hydrogen bonds, a key Tm-Tt interaction involving Y27, and water
molecules that ensure access to the Cu** catalytic center (Figure 8.4).
Conformational flexibility facilitated substrate adaptation and regulated catalytic
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efficiency, with concerted rocking and capping movements of flexible active sites
providing detailed mechanistic insights into enzyme-substrate recognition (Figure
8.6).

Collectively, these studies demonstrate that computationally guided enzyme
design can accelerate the development of sustainable biocatalysts. By integrating
theoretical predictions with experimental validation, this work provides a framework
for iterative optimization, supporting environmentally friendly chemical
transformations and improving biocatalyst performance.

In conclusion, this work demonstrates that the integration of multiscale
computational methodologies with experimental validation provides a powerfuland
versatile framework for investigating complex enzymatic systems and guiding the
rational design of efficient biocatalysts. The approaches developed here offer
mechanistic insights across multiple scales and hold broad potential for
sustainable chemical transformations, bioremediation, and industrial
biotechnology. By establishing a virtuous cycle of model refinement and empirical
validation, this thesis highlights the ability of computationally guided strategies to
drive the development of innovative catalytic solutions with reduced environmental
impact.
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