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ABSTRACT 
 
Water pollution and freshwater scarcity have emerged as critical global 
environmental issues with consequences for public health, ecosystem integrity, 
and sustainable development. Accelerated urbanization, demographic 
expansion, industrial growth, and intensified agricultural practices have 
increased freshwater demand and exerted unprecedented stress on global water 
resources. Within this context, a major and growing concern is the proliferation 
of Emerging Contaminants (ECs), also referred to as Contaminants of 
Emerging Concern. These substances, predominantly of anthropogenic origin, 
are often neither comprehensively regulated nor systematically monitored, 
despite mounting evidence of their ecological and toxicological relevance. 
 
Representative classes of ECs include pharmaceuticals, personal care products, 
disinfection by-products, industrial additives, surfactants, per- and 
polyfluoroalkyl substances (PFAS), pesticides, microplastics, heavy metals, 
and engineered nanomaterials. Conventional water and wastewater treatment 
technologies generally exhibit limited removal efficiencies for many of these 
compounds. Consequently, ECs are frequently detected in the effluents of 
wastewater treatment plants, as well as in sediments and surface waters located 
downstream of urban and industrial areas, thereby promoting their 
recirculation within the hydrological cycle. 
 
In recent years, filtration materials based on graphene oxide (GO) and its 
derivatives have demonstrated adsorption performances comparable to, or 
surpassing, those of traditional sorbents, and thus represent a promising 
strategy for the mitigation of EC pollution. Nevertheless, the rapidly expanding 
number of ECs, coupled with their pronounced structural and chemical 
heterogeneity, poses a substantial challenge to the experimental design and 
optimization of GO-based adsorbents with tailored and sufficiently high 
pollutant-binding capacities. 
 
To address this limitation, computational approaches, such as virtual screening 
(VS) and molecular dynamics (MD) simulations, offer an efficient means to 
evaluate the interactions of thousands of candidate molecules with GO-based 
materials and to identify those exhibiting the most favorable binding 
characteristics. These methodologies can significantly accelerate the rational 
development of novel graphene oxide derivatives with enhanced filtration 
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performance. In this framework, the present doctoral thesis aims to exploit 
established computational protocols traditionally employed in biophysics and 
adapt them to material science applications, thereby establishing a robust 
multiscale computational pipeline for the systematic investigation of EC@GO 
interactions. 
 
An in-house structural database comprising approximately 2000 emerging 
contaminants was constructed based on recent literature. One-dimensional 
molecular descriptors were extracted from existing databases and subsequently 
converted into three-dimensional representations by explicitly accounting for 
the correct stereochemistry and protonation states at environmentally relevant 
pH values. Then, a scalable graphene oxide model was developed on the basis 
of experimental data and commercially available LayerOne products, yielding 
a library of GO structures with varying degrees of oxidation. 
 
A virtual screening campaign, followed by all-atom molecular dynamics (AA-
MD) simulations, was performed to comprehensively sample the material 
surface and to quantify and rank the interactions within each EC@GO pair. 
Specifically, the protocol employed a grid-based docking strategy to ensure 
exhaustive exploration of the graphene oxide surface topology, generating more 
than 86000 initial poses, which were subsequently refined through cumulative 
MD simulations totaling approximately 29 microseconds. 
 
Binding free energies were computed using the MM-GBSA method combined 
with the GB-OBC2 implicit solvation model and further coupled with Normal 
Mode (NMODE) analysis to explicitly account for entropic contributions. The 
results indicate that adsorption is predominantly controlled by the relative 
orientation of the adsorbate on the heterogeneous GO surface rather than by 
its stereochemical configuration, as demonstrated by the largely conserved 
binding profiles across distinct stereoisomers. Inclusion of entropic terms 
proved essential to correct the size bias intrinsic to enthalpy-only scoring, 
revealing that high affinity ligands such as atorvastatin and bis(2-ethylhexyl) 
phthalate incur substantial thermodynamic penalties due to conformational 
rigidification upon adsorption. 
 
The final thermodynamic ranking on highly oxidized graphene oxide (GOX8-
P935) indicates a predominance of hydrophobic and stacking interactions, with 
polycyclic aromatic hydrocarbons and plasticizers displaying the strongest 
affinities, while polar and anionic species are disfavored due to pronounced de-
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solvation penalties. Expanding this protocol to reduced graphene oxide 
(REGOX8-P980) reveals an enhanced binding affinity that is almost 
exclusively enthalpy-driven. The restoration of planar basal carbon domains 
not only maximizes surface contact for neutral molecules but also stabilizes 
specific positively charged drugs, such as azithromycin and propranolol, by 
providing geometrically unhindered binding pockets. However, the 
counterintuitive preference of positive compounds for the less electronegative 
REGOX8-P980 surface exposes the inherent limitations of representing the 
nanomaterial through a single random Lerf-Klinowski microstate. 
Consequently, a methodological evaluation demonstrates that reliable in silico 
affinity predictions require a more robust approach: energy minimization of 
static complexes fails to capture dynamic surface nesting; Quasi-Harmonic 
entropy calculations demand extensive sampling to match NMODE accuracy; 
and future computational models must average thermodynamic results across 
an ensemble of heterogeneous structural replicas to accurately reflect the 
macroscopic experimental reality. 
 
In a complementary effort, a library of linear PFAS molecules was 
parameterized using the Martini 3 coarse grain force field, by reproducing both 
their predicted and experimental physicochemical behavior. This coarse-
grained database was subsequently employed to simulate: (i) homogeneous 
solutions of PFOA and PFDoDA; (ii) a mixture of PFAS; and (iii) a mixture 
of emerging contaminants. For systems (ii) and (iii), simulations were carried 
out both in the presence and absence of graphene to investigate differential 
adsorption phenomena under conditions that approximate realistic 
environmental scenarios, providing mechanistic insights into competitive 
adsorption processes that would be prohibitively expensive to obtain using 
conventional all-atom molecular dynamics alone. 
 
We acknowledge the ISCRA initiative for awarding this project access to the 
LEONARDO supercomputer owned by the EuroHPC Joint Undertaking, 
hosted by CINECA (Italy). Alessandro Calza is funded by the European Union 
– Next Generation EU under the Italian National Recovery and Resilience Plan 
(PNRR M4C2, Investment 1.4, Notice n. 3138 of 16/12/2021, CN00000013, 
CUP J33C22001170001), as part of the ICSC SPOKE 6 “Multiscale Modelling 
and Engineering Applications”, Flagship Project FP1 “Advanced Materials and 
New Devices” – WP1: Simulations of Complex Multiscale and Multiphysics 
Models. 
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CHAPTER 1: INTRODUCTION 
 
This dissertation is structured into five chapters, organized as follows. 
 
Chapter 1 introduces the current state of research on emerging contaminants 
(Subsection 1.1). Subsections 1.2 and 1.3 provide an overview of the 
physicochemical properties and technological applications of carbon 
nanomaterials and graphene oxide, with particular emphasis on their use as 
adsorbent materials for wastewater treatment. The specific objectives of the 
thesis are defined in Subsection 1.4.  
 
Chapter 2 details the methodologies adopted for the development of the 
pollutant database (Subsection 2.2) and the graphene oxide database 
(Subsection 2.3), hereafter referred to as EC-DB and GO-DB, respectively. 
These databases constitute the foundation for the analyses presented in the 
subsequent chapter. 
 
Chapter 3 describes the virtual screening workflow, which comprises molecular 
docking, all-atom molecular dynamics simulations, and binding affinity 
calculations (Subsection 3.3).  
 
Chapter 4 presents all work related to coarse-grained modeling (Subsection 4.2 
and 4.3) and to the simulation of complex and realistic environments 
(Subsection 4.4) using the Martini 3 force field. 
 
Finally, Chapter 5 provides a synthesis of the principal findings of this research. 
With the exception of the concluding summary chapter, each chapter opens 
with a concise introductory section that delineates its scope, followed by 
descriptions of the methodologies and results. A comprehensive list of 
references is provided at the end of the thesis, following the conclusions. 
 

1.1 Emerging contaminants 
 
Water pollution and freshwater scarcity have emerged as critical global 
environmental challenges with implications for public health and ecosystem 
functioning. Rapid urbanization, demographic expansion, industrial growth, 
and high-intensity agricultural systems have collectively amplified freshwater 
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demand, imposing unprecedented stress on both surface water and 
groundwater reservoirs [1,2]. Superimposed on these anthropogenic drivers, 
climate change further intensifies hydrological stress by modifying precipitation 
patterns, increasing the frequency, severity, and duration of drought events, 
and reducing the natural recharge capacity of aquifers [3,4]. 
 
Collectively, these trends underscore the need to enhance water quality 
management and to implement more sustainable methods for wastewater 
treatment, recovery, and reuse. In response, regulatory bodies, such as the U.S. 
Environmental Protection Agency (EPA) and the European Union, are 
progressively reinforcing water governance frameworks by implementing more 
stringent quality standards and specifying concentration limits, monitoring 
frequencies, and analytical requirements for an expanding array of 
contaminants [5–8]. 
 
Within this context, increasing scientific attention is being directed toward so-
called Emerging Contaminants (ECs), also referred to as Contaminants of 
Emerging Concern (CECs) [9]. Representative categories encompass 
pharmaceuticals and personal care products (PPCPs), disinfection by-
products, industrial additives, surfactants, per- and polyfluoroalkyl substances 
(PFAS), pesticides, microplastics, heavy metals, and engineered nanomaterials 
[8,10–12]. In many instances, emerging contaminants do not represent newly 
synthesized chemicals; rather, they are known characterized substances for 
which recent advances in analytical chemistry and toxicological research have 
revealed environmental and public health implications that were not previously 
recognized [13]. Although these advances have substantially improved 
detection limits, facilitated detailed speciation, and enhanced monitoring of 
micropollutants, considerable knowledge gaps persist with respect to their 
environmental fate, transformation pathways, mixture effects, and long-term 
ecological and human health consequences [14].  
 
These substances, predominantly of anthropogenic origin, are often neither 
comprehensively regulated nor systematically monitored, despite mounting 
evidence of their ecological and toxicological significance. Typically occurring 
at trace concentrations in the nanogram to microgram per liter range (ng/L-
μg/L), they are frequently categorized as micropollutants [15]. Nonetheless, 
many ECs exhibit pronounced environmental persistence, attributable to their 
chemical stability, bioactivity, and resistance to conventional physicochemical 
and biological degradation processes. Chronic exposure to low concentrations 



Emerging contaminants 

 3 

of these compounds can elicit subtle yet meaningful responses in plants, 
animals, and humans, including disruptions of metabolic pathways, endocrine 
and hormonal dysregulation, and impairments of reproductive performance. 
Such effects may propagate through aquatic food webs, with the potential to 
alter community composition and compromise ecosystem structure and 
function [15–18]. Furthermore, these substances frequently co-occur as complex 
mixtures and undergo dynamic interactions both among themselves and with 
dissolved organic matter and resident microbial populations. Consequently, 
they can induce additive, synergistic, or antagonistic responses that often 
deviate from those predicted on the basis of single-compound toxicity assays. 
Robust ecological risk assessment of ECs is therefore methodologically 
challenging and requires integrative, long-term investigations that explicitly 
incorporate chronic, complex mixture exposure scenarios [19]. 
 
Within the broad spectrum of ECs, pharmaceuticals have attracted 
particularly intense scientific and regulatory attention. They rank among the 
most ubiquitous contaminants identified in municipal wastewater effluents and 
in surface waters. Currently, more than three thousand active pharmaceutical 
ingredients (APIs) are in use in human and veterinary medicine, including, but 
not limited to, antibiotics, antivirals, antifungals, antihypertensives, 
antidepressants, analgesics, and steroidal and non-steroidal hormones. 
Following administration, many APIs are excreted either partially 
unmetabolized or as pharmacologically active metabolites. In addition, 
transformation products formed during biological, chemical, or physical 
treatment processes (e.g., biotransformation, oxidation, photolysis) may retain 
biological activity or, in some instances, revert to the parent compound [20]. 
Persistent pharmaceuticals such as carbamazepine and diclofenac are 
repeatedly detected at concentrations that approach or exceed proposed or 
existing guideline values in treated effluents and receiving water bodies [21]. 
Even at trace concentrations, pharmaceuticals can interfere with endocrine, 
reproductive, and metabolic pathways in aquatic organisms. Chronic exposure 
has been shown to modify behavior, impair growth, and alter predator-prey 
interactions, thereby disrupting community structure, inducing ecosystem 
imbalances, and promoting the propagation of effects through trophic transfer 
and bioaccumulation [18]. 
 
Antibiotics constitute a particularly critical subcategory of pharmaceutical 
contaminants because their environmental persistence facilitates the emergence 
and spread of antimicrobial resistance. Sub-inhibitory concentrations of 
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antibiotics such as tetracycline and sulfamethoxazole can alter microbial 
community composition and function, selectively favoring resistant strains and 
enhancing the horizontal transfer of resistance genes within and among 
bacterial populations. This process intensifies both environmental and public 
health impacts associated with antibiotic resistance, reinforcing its recognition 
as a major global health and ecological challenge [22–24]. 
 
Alongside pharmaceuticals, per- and polyfluoroalkyl substances (PFAS) 
constitute a particularly persistent and hazardous subclass of emerging 
contaminants. These anthropogenic organofluorine compounds are extensively 
employed in industrial and commercial sectors owing to their pronounced 
surface activity, exceptional thermal stability, and high chemical inertness. 
Such properties underpin their widespread application in surface coatings, food-
contact materials, textiles, non-stick formulations, and firefighting foams [25]. 
Ironically, the same physicochemical characteristics confer extreme 
environmental persistence, facilitate long-range atmospheric and hydrological 
transport, and promote bioaccumulation and biomagnification in food chains. 
 
Within the broader PFAS category, perfluoroalkyl acids (PFAAs) are of 
particular concern because of their pronounced resistance to both abiotic and 
biotic degradation pathways and their ubiquitous detection across diverse 
environmental compartments, including surface waters, groundwater, soils, 
sediments, and biota [26,27]. An expanding body of toxicological and 
epidemiological evidence has linked PFAS exposure with adverse health 
outcomes, encompassing developmental toxicity, endocrine-disrupting effects, 
carcinogenic potential, and immunotoxicity [28]. Emissions from industrial 
manufacturing processes, inappropriate waste management and disposal 
practices, as well as diffuse releases from PFAS-containing consumer and 
industrial products, have collectively resulted in an almost global distribution 
of these compounds in environmental matrices. This widespread occurrence 
highlights the need for more stringent regulatory frameworks, alongside the 
development and implementation of advanced remediation strategies 
specifically tailored to PFAS removal and destruction [27]. 
 
The primary challenge in managing these diverse substances lies within our 
current sanitation infrastructure. Wastewater treatment plants (WWTPs) 
represent the core of these facilities and play a pivotal role in the protection of 
aquatic ecosystems; however, they were not originally designed to achieve 
efficient removal of ECs. Conventional WWTPs employ sequential physical, 
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chemical, and biological treatment steps that are primarily optimized for the 
removal of organic matter, nutrients, suspended solids, and pathogenic 
microorganisms [29,30]. As a consequence, the inherent design and process 
configurations of these systems constrain their capacity to effectively eliminate 
ECs. Emerging pollutants are therefore frequently detected in WWTP 
effluents, sewage sludge, sediments, and receiving surface waters, which 
promotes their persistence and recirculation within the hydrological cycle. 
 
In light of these limitations, the retrofitting and upgrading of existing WWTPs 
with advanced or hybrid treatment technologies has become a central focus of 
both scientific research and environmental policy. Among the most extensively 
studied and increasingly implemented approaches are advanced oxidation 
processes (e.g., ozonation, ultraviolet irradiation, photocatalysis), membrane-
based separation technologies, and adsorption processes, particularly those 
employing activated carbon [31–34]. Despite these technological developments, 
no single treatment technology currently provides complete, reliable, and 
broad-spectrum removal of all relevant classes of ECs: the performance of any 
given process is strongly dependent on the physicochemical characteristics of 
the target contaminants, the configuration and operational conditions of the 
treatment system, and local environmental variables, thereby making the 
conception of a universally applicable and optimally effective treatment 
solution highly challenging [33,34]. 
 

 
Figure 1: Origin and transport of emerging contaminants (ECs). ECs resist standard wastewater 
treatments and enter the environment, leading to chronic exposure, bioaccumulation, and cascading 
effects on ecological and human health. 
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1.2 Carbon nanomaterials 
 
Over past decades, advances in nanoscience and nanotechnology have 
fundamentally reshaped strategies for environmental remediation. Significant 
progress in the design, synthesis, and post-synthetic modification of 
nanostructured materials has enabled the development of highly engineered 
platforms to confront escalating global challenges associated with water 
scarcity and contamination [35]. Nanomaterials have assumed a central role in 
this technological evolution because their characteristic dimensional regime, 
typically on the order of 1-100 nm, confers physicochemical properties that 
differ from those of their bulk analogues [36]. Their exceptionally high surface 
area to volume ratio provides a dense array of accessible active sites, thereby 
enhancing performance in adsorption, heterogeneous catalysis, and membrane-
based separation processes [37]. In addition, their tunable surface chemistry 
provides opportunities to engineer materials capable of selectively capturing or 
degrading trace-level contaminants that are resistant to conventional 
treatment technologies. The broad range of available synthetic methodologies 
affords precise control over the morphology, porosity, surface functionality, and 
physicochemical stability of nanomaterials. Consequently, these systems can 
be tailored to exhibit optimized pore structures, hydrophilicity/hydrophobicity 
balance, and thermal or chemical robustness, yielding multifunctional 
platforms with relevance to catalysis, energy storage, biosensing, and 
environmental purification [38]. 
 
Within the diverse class of nanostructured materials, carbon-based 
nanomaterials have demonstrated particularly high efficacy owing to their 
intrinsic chemical stability, versatile surface chemistry, and facile integration 
into composite architectures with polymers, metals, and metal oxides [39]. 
Carbon nanomaterials such as activated carbon (AC), carbon nanotubes 
(CNTs), fullerenes, and graphene are widely employed as adsorbents because 
of their high specific surface areas, extended π-electron conjugation, and 
superior mechanical resilience. Although AC has long served as the industrial 
benchmark for the removal of organic pollutants, novel carbon nanostructures 
frequently surpass AC in both adsorption capacity and kinetics, largely due to 
more precisely engineered pore architectures and a higher density and diversity 
of surface functional groups [40]. These materials can immobilize heavy metals, 
pharmaceuticals, pesticides, and PFAS through multiple interaction 
mechanisms, including electrostatic attraction, covalent or coordination 
bonding, hydrogen bonding, and π-π stacking interactions [41]. In addition, the 
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intrinsically high electrical conductivity and pronounced chemical inertness of 
numerous carbon-based materials permit their efficient integration into 
electrochemical and photocatalytic systems, where they can promote 
synergistic pollutant degradation while concurrently functioning as active 
elements in sensing platforms [42]. 
 
Within this class of materials, graphene and its derivatives have gained 
attention owing to their remarkable and frequently unrivaled physicochemical 
properties. Graphene is composed of a single atomic layer of sp2-hybridized 
carbon atoms organized in a two-dimensional hexagonal honeycomb lattice, 
constituting the fundamental structural motif of several other carbon allotropes 
[43]. It is widely recognized as one of the strongest and most versatile materials 
identified to date, featuring a theoretical specific surface area of approximately 
2630 m2 g-1, a Young’s modulus on the order of 1 TPa, and a high thermal 
conductivity exceeding 5000 W m-1 K-1 [44,45]. Its high optical transmittance 
(~98%), mechanical flexibility, and exceptional charge carrier mobility further 
support its application across a broad spectrum of fields, including energy 
storage and conversion, nanoelectronics, biomedicine, and environmental 
remediation technologies [46–48]. 
 
Synthetic methodologies for graphene-related materials (GRMs) are 
conventionally classified into top-down and bottom-up routes. In top-down 
approaches, graphene sheets are generated via the exfoliation of bulk graphite, 
typically through mechanical, chemical, or electrochemical techniques that 
disrupt the van der Waals forces responsible for interlayer cohesion in stacked 
graphene. By contrast, bottom-up strategies assemble graphene architectures 
from molecular or atomic precursors in the gas or liquid phase, such as 
methane, ethanol, or aromatic hydrocarbons, most commonly through chemical 
vapor deposition (CVD), pyrolysis, or related high-temperature processes [49]. 
 

1.3 Graphene oxide in wastewater remediation 
 
Among GRMs, graphene oxide (GO) constitutes the most extensively 
investigated derivative for adsorption-driven purification processes. GO is 
typically obtained via the oxidative exfoliation of graphite using chemical 
protocols initially developed by Brodie and subsequently modified by 
Staudenmaier, Hofmann, and Hummers [50–52]. The resulting material is 
enriched in oxygenated functional groups, mainly hydroxyl, epoxy, carbonyl, 
and carboxyl moieties, distributed on both basal planes and sheet edges [53]. 
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These functionalities confer pronounced hydrophilicity and favorable 
dispersibility in aqueous media, thereby improving compatibility with water-
based systems as well as with polymer matrices [54]. Conversely, the 
introduction of such functional groups substantially diminishes the intrinsic 
electrical conductivity of the graphene lattice, which can be partially recovered 
by chemical reduction to yield reduced graphene oxide (rGO) [55–57]. 
 
Comparative investigations of GO produced via distinct synthetic routes reveal 
differences in structure and properties [58–62]. Brodie-type GO (bGO) 
typically exhibits a lower density of structural defects, a more homogeneous 
spatial distribution of functional groups, and superior mechanical integrity [63]. 
In contrast, Hummers-type GO (hGO) generally contains a higher 
concentration of carboxyl functionalities but also displays enhanced lattice 
disruption and sheet fragmentation [64]. These structural disparities influence 
not only the electronic and mechanical behavior but also modulate adsorption 
capacity and selectivity toward specific contaminants [65]. 
 
GO and related materials function as highly efficient sorbents through a 
combination of concurrent interaction mechanisms. The oxygenated surface 
groups impart negative surface charge over a broad pH range, which promotes 
electrostatic attraction toward cationic species, including heavy metal ions and 
cationic dyes [66]. These functional groups also serve as coordination and 
binding sites enabling hydrogen bonding and metal ion complexation, whereas 
the residual sp2-hybridized aromatic domains facilitate π-π stacking and van 
der Waals interactions with aromatic contaminants, such as pharmaceuticals, 
personal care product residues, and polycyclic aromatic hydrocarbons [67–71]. 
The coexistence of these multiple binding pathways underlies the high 
adsorption capacities reported for GO-based sorbents across a wide variety of 
pollutants, encompassing organic contaminants (e.g., PAHs, halogenated 
solvents, plasticizers, and endocrine-disrupting hormones), inorganic ions, and 
engineered or incidental nanoparticles [72–74]. 
 
The introduction of additional functionalities via the formation of hybrid 
nanostructures has further broadened the application space of GO-based 
adsorbents. Metal and metal oxide nanoparticles, including TiO2, ZnO, and 
Fe3O4, can be immobilized on GO surfaces to impart photoactivity, magnetic 
responsiveness, or catalytic properties. Such hybrid systems enable combined 
adsorption and in situ degradation of persistent organic pollutants under light 
irradiation, thereby offering more sustainable alternatives to conventional 
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treatment based solely on separation [75–78]. Nonetheless, important questions 
remain regarding the environmental fate, long term stability, recyclability, and 
potential nanotoxicological impacts of GO and its hybrids, which are active 
areas of ongoing research [79–81]. 
 
A particularly important recent advancement is the incorporation of graphene 
oxide into polymeric matrices to produce mechanically robust, reusable, and 
easily processable composite adsorbents. These polymer-GO systems can be 
engineered to exhibit tunable porosity, well-defined surface chemistry, and 
enhanced structural integrity, thereby enabling efficient recovery and 
regeneration. The resulting combination of properties makes these materials 
suitable for both large scale wastewater treatment applications and 
decentralized or point of use water purification systems [61,82–84]. The 
incorporation of GO into polysulfone (PSU) matrices has proven especially 
effective for the removal of complex mixtures of contaminants. In particular, 
PSU-GO hollow fiber architectures have demonstrated outstanding adsorption 
performance toward organic micropollutants, including bisphenol A, 
ciprofloxacin, ofloxacin, and a range of endocrine-disrupting compounds, as 
well as metal ions (Pb, Cu, Cr(III)) and per- and polyfluoroalkyl substances 
(PFAS) [85,86]. These materials exhibit adsorption capacities that are 
comparable to or exceed those of granular activated carbon (GAC), the current 
industrial benchmark, achieving adsorption performance 3 to 7 times higher 
than GAC for heavy metals and short chain PFAS, while preserving 
mechanical robustness and operational stability. 
 
Within this context, an innovative strategy involves the implementation of a 
closed-loop system for the recovery and reutilization of industrial membrane 
production waste [87]. Offcuts generated during the fabrication of polysulfone 
and PSU-GO hollow fiber membranes have been effectively upcycled into 
granular PSU and PSU-GO adsorbents specifically engineered for water 
treatment applications. These millimetric granules exhibit high adsorption 
efficiencies in tap water contaminated with lead, diclofenac, and 
perfluorooctanoic acid (PFOA). This closed-loop valorization route, which 
transforms manufacturing residues into high-value adsorbent materials, 
constitutes a circular economy approach designed to minimize plastic waste 
while concurrently enhancing water purification technologies. By means of such 
upcycling strategies, the life cycle of membrane materials is prolonged, overall 
energy demand is reduced, and waste management costs are diminished, 
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thereby promoting more sustainable industrial practices aligned with emerging 
environmental regulations and policy frameworks. 
 

 
Figure 2: Graphene oxide structures and PSU-GO fibers. (A) Brodie and Hummer GO exhibit 
distinct structural properties, conventionally described by the Lerf-Klinowski model with random surface 
functionalization. (B) Schematic of a filtration cartridge utilizing pristine and upcycled porous PSU-GO 
hollow fibers, adapted from [85,87]. 

 

1.4 Aim of the thesis 
 
The rapid proliferation of emerging contaminants poses a substantial risk to 
aquatic ecosystems and public health. Despite notable progress in the 
development of graphene-based and other nanostructured adsorbents, their 
large scale deployment is still hindered by the absence of a universal treatment 
technology capable of efficiently removing a chemically and structurally diverse 
array of pollutants. Because each contaminant class exhibits distinct 
interaction patterns with graphene oxide and other carbonaceous materials, 
the optimization of adsorbent design requires a detailed elucidation of the 
physicochemical driving forces that govern adsorption at the molecular scale. 
 
In this context, computational modeling constitutes a powerful, yet 
comparatively underutilized, approach for expediting the rational design of 
next-generation adsorbent materials. Molecular simulation techniques, 
traditionally applied in computational biophysics to study ligand-protein 
recognition, afford atomistic resolution insight into the energetics, 
conformational landscapes, and thermodynamic signatures underlying 
adsorption phenomena. By adapting methodologies such as molecular docking 
and molecular dynamics (MD) simulations to problems in materials science, it 
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becomes feasible to characterize pollutant-adsorbent interactions in silico, 
elucidate the predominant binding mechanisms, and predict adsorption 
efficiencies prior to experimental validation. Such predictive frameworks have 
the potential to reduce the time, cost, and resource demands associated with 
conventional empirical screening campaigns. 
 
To this end, the primary objective of this thesis is to develop and validate a 
multiscale, semi-automated computational screening pipeline to support the 
design of GO-based adsorbents for the removal of emerging contaminants from 
wastewater. The project seeks to integrate and optimize a suite of 
computational tools, including molecular docking, all-atom and coarse-grained 
MD simulations, into a coherent workflow capable of screening thousands of 
environmentally relevant pollutants. Through this strategy, the work aims to 
elucidate the molecular determinants of adsorption on GO surfaces, 
discriminate between weak and strong binders, and identify structural and 
chemical motifs that enhance adsorption performance. 
 
Ultimately, the resulting computational platform is intended to serve as a 
predictive tool to guide the experimental synthesis, modification, and 
functionalization of graphene-based nanomaterials. By closely coupling 
molecular modeling with environmental nanotechnology, this research seeks to 
establish a new framework for virtual materials design, one that accelerates 
discovery, supports the development of sustainable remediation strategies, and 
provides a robust foundation for high-throughput assessment of pollutant-
adsorbent interactions across diverse chemical classes. 
 

 
Figure 3: Aim of the thesis. The sequential pipeline leverages literature data, molecular 
docking, and MD simulations at multiple resolutions to understand the specific binding driving 
forces on graphene oxide models, supporting the rational, simulation-guided optimization of 
GO-based nanomaterials for wastewater treatment. 
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CHAPTER 2: DATABASE DESIGN 
 
The present chapter describes the construction and characterization of two 
proprietary molecular databases. First, the emerging contaminants database 
(EC-DB) is introduced. This library comprises 435 unique parent compounds 
which, upon consideration of all associated protomers and stereoisomers, 
expand to approximately 2000 discrete molecular entities. These structures are 
classified into four principal categories: pesticides, pharmaceuticals, industrial 
chemicals, and priority pollutants.  
 
Subsequently, the graphene oxide database (GO-DB) is presented. This library 
consists of four graphene oxide models exhibiting distinct degrees of oxidation, 
designed to represent the commercial LayerOne reference materials GOX8-
P935, REGOX8-P980, REGOX8-P995, and REGOX8-P999. For all entries in 
both databases, force field parameters were generated using the AMBER 
GAFF2 force field, thereby enabling their integration into virtual screening 
pipelines and molecular dynamics simulations. The majority of the results 
described in this chapter were obtained using in-house Bash and Python 
scripts, which were developed to reduce manual intervention and enhance 
workflow reproducibility. 
 

2.1 Methods 
 
2.1.1 The PubChem Database 
 
The initial phase of the project relied extensively on existing repositories to 
retrieve one dimensional (1D) molecular descriptors for each compound 
included in the pollutant library. In particular, the PubChem database was 
employed as the primary source of molecular descriptors and physicochemical 
properties. 
 
PubChem is a publicly accessible repository of chemical substances and 
associated biological activity data, established in 2004 by the U.S. National 
Institutes of Health (NIH) [88]. It has since evolved into one of the largest 
open-access chemical databases worldwide, comprising more than 60 million 
unique chemical structures. It integrates data from a broad range of 
contributors, including academic laboratories, governmental organizations, 
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pharmaceutical companies, chemical suppliers, scientific publishers, other 
chemical databases (e.g., ChEMBL, DrugBank), and regulatory authorities 
such as the U.S. Food and Drug Administration (FDA) and the Environmental 
Protection Agency (EPA) [89]. 
 
A central feature of PubChem is its automated standardization workflow, 
which validates and normalizes all deposited chemical structures. For each 
standardized structure, PubChem automatically calculates a series of molecular 
properties (e.g., molecular weight, molecular formula, and partition coefficient 
logP) and generates chemical descriptors, including IUPAC names, canonical 
and isomeric SMILES, InChI, and InChIKey identifiers. Lastly, each 
chemically unique standardized structure is also assigned a unique Compound 
Identifier (CID). When a structure is processed, standardized, and determined 
to be novel within the database, a new CID is generated and associated with 
that compound [90]. 
 
In the context of the present retrieval pipeline, the following data fields are 
extracted from PubChem: CID, traditional and IUPAC names with associated 
synonyms, molecular formula, isomeric SMILES, InChIKey, and XlogP. 
 
2.1.2 Molecule string notations 
 
SMILES (Simplified Molecular Input Line Entry System) is a linear notation 
used to describe the structures of chemical species in the form of concise ASCII 
strings [91]. Developed in the late 1980s, SMILES remains the most widely 
adopted linear representation in cheminformatics because it enables 
computationally efficient storage, manipulation, and comparison of molecular 
structures. 
 
In standard SMILES notation, atoms are represented by their elemental 
symbols. Elements belonging to the “organic subset” (B, C, N, O, P, S, F, Cl, 
Br, and I) may be written without square brackets when they possess the 
appropriate number of implicit hydrogen atoms. Atoms with explicitly specified 
hydrogen atoms, formal charges, or other non-standard valence states, as well 
as elements outside the organic subset, must be denoted within square brackets 
(e.g., [Au], [Fe], or [nH] for an aromatic nitrogen atom bearing an explicit 
hydrogen). 
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Covalent bonds are encoded using specific symbols: - for single bonds (which 
may be omitted by default), = for double bonds, # for triple bonds, and : for 
aromatic bonds. For instance, benzene is represented as c1ccccc1, where the 
lowercase c indicates aromatic carbon atoms, and the digit 1 marks the start 
and termination of a ring closure. 
 
Isomeric SMILES extend the standard notation by incorporating 
stereochemical information, thus enabling the representation of defined 
stereoisomers of a given molecular framework. Two principal classes of 
stereochemistry are captured in isomeric SMILES: 
 
Tetrahedral chirality 
SMILES employs a local chirality convention based on the order in which 
atoms appear in the string, rather than on an absolute numbering system such 
as the Cahn-Ingold-Prelog (CIP) rules. The symbols @ and @@ indicate 
alternative configurations at stereogenic centers (commonly corresponding to 
clockwise and counterclockwise arrangements relative to the specified atom 
order), and they permit the partial or full specification of stereochemistry as 
required. For example, C[C@H](O)CC encodes (S)-butan-2-ol. 
 
Geometric isomerism (double bond stereochemistry) 
The configuration about double bonds is specified using directional bond 
symbols / and \, which denote the relative spatial orientation of substituents. 
For example, F/C=C/F or F\C=C\F denotes the trans (E) isomer of 
difluoroethene, where the fluorine atoms reside on opposite sides of the C=C 
bond, whereas F/C=C\F denotes the cis (Z) isomer, in which the fluorine 
atoms are located on the same side of the double bond. 
 
Nonetheless, SMILES can encode an identical molecular structure in multiple 
distinct ways, leading to redundant, non-canonical representations. To address 
the lack of inherent canonicalization in SMILES, an alternative notation, the 
International Chemical Identifier (InChI), was developed. InChI is a 
standardized textual descriptor for chemical substances, officially released by 
IUPAC in 2005 [92]. In contrast to SMILES, each unique chemical structure 
corresponds to a single, unambiguous InChI string. 
 
InChI is organized into a hierarchical, layered architecture comprising up to 
six distinct informational layers: 
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Main layer (M): contains the molecular formula, the atom connectivity 
graph (excluding bond order), and hydrogen connectivity. This is the only 
mandatory layer and must be present in every InChI; 
Charge layer (Q/P): encodes formal charge and protonation state, which is 
critical for accurately representing ionizable compounds; 
Stereochemical layer (B/T/M/S): describes stereochemistry, including 
double-bond geometry (sub-layer /b), tetrahedral stereocenters (sub-layer /t), 
and inverted stereochemistry (sub-layer /m); 
Isotopic layer (I): Specifies the isotopic composition of atoms (e.g., 
enrichment in ¹³C or ²H); 
Fixed-H layer (F): Represents hydrogen atoms that are fixed and not in 
equilibrium with the solvent, thereby capturing a specific tautomeric or 
protonation state; 
Fixed/Isotopic combination layer (FI): Integrates the fixed-hydrogen and 
isotopic information to yield a fully specified structure. 
 
Prior to InChI generation, input structures are subjected to a normalization 
step in which they are mapped onto a standardized parent structure. This 
procedure reduces the likelihood of generating distinct InChI identifiers for 
different tautomeric forms or closely related protonation states. For example, 
both acetic acid and its conjugate base, acetate, are normalized to the neutral 
acetic acid form. An illustrative InChI string is InChI=1S/C2H6O/c1-2-
3/h3H,2H2,1H3, which encodes the molecular structure of ethanol.  
 
As InChI gained widespread adoption in major chemical databases, it became 
evident that full InChI strings are often excessively long for efficient web 
searching and indexing. In response, the InChIKey was introduced in 2007 as 
a derivative identifier. The InChIKey is a condensed, fixed-length (27 
character) digital representation of the corresponding full InChI, generated via 
the SHA-256 hashing algorithm. In contrast to InChI, the InChIKey is not 
designed to be human-readable; rather, it serves as a compact, standardized 
key for chemical structure identification. For instance, the InChI string for 
ethanol given above is converted to the InChIKey LFQSCWFLJHTTHZ-
UHFFFAOYSA-N.  
 
Because InChIKey generation is governed by a rigorously standardized 
algorithm, two independent chemical databases that contain the same chemical 
entity will derive identical InChIKeys, thereby facilitating robust cross-
database integration and record matching [93]. This property renders the 
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InChIKey particularly advantageous for the rapid identification of identical 
structures and for the efficient retrieval of closely related compounds (e.g., 
those differing only in charge state or stereochemical specification) across 
heterogeneous chemical information resources. 
 
Although it is not a molecular notation in the strict sense, a key molecular 
descriptor that is also provided by PubChem is XlogP, an estimate of the 
n-octanol-water partition coefficient. The partition coefficient (logP) 
characterizes the equilibrium distribution of a compound between n-octanol 
and water and is widely employed as a quantitative measure of lipophilicity or 
hydrophobicity: higher logP values correspond to increased lipophilicity, 
whereas lower (including negative) values reflect increased hydrophilicity. 
 
The most widely adopted computational method for predicting logP is 
XLOGP3, which was developed via linear regression using a training set of 
approximately 8000 organic compounds with experimentally determined logP 
values [94]. XLOGP3 implements an additive atom-type approach: it predicts 
logP by summing the contributions of predefined atom types present in the 
molecule and subsequently refines this initial estimate by applying correction 
factors derived from comparisons with experimentally measured logP data. 
 

 
Figure 4: Structural identifiers of ibuprofen. PubChem database entry displaying the 2D molecular 
structures of ibuprofen enantiomers, alongside essential chemical identifiers such as its IUPAC name, 
SMILES, and InChI strings used for compound characterization. 
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2.1.3 Quantum Mechanics (QM) and AMBER parametrization 
 
The development of both structural databases also required the application of 
quantum mechanical (QM) methods for parametrization, thereby ensuring that 
each molecule is suitable for use in molecular dynamics simulations. Quantum 
mechanics describes subatomic entities, including electrons, in terms of both 
particle-like and wave-like behavior, which leads to intrinsic non-locality and, 
consequently, to the fundamental indistinguishability of individual electrons. 
 
According to Heisenberg’s uncertainty principle, the position of an electron 
cannot be determined exactly; instead, the electron is characterized by a 
probability of being found at a given point in space. This probability 
distribution is described by the wave function, which constitutes the solution 
of the time-independent Schrödinger equation: 
 

𝐻𝜓(𝑥, 𝑦, 𝑧) = 𝐸𝜓(𝑥, 𝑦, 𝑧) (1) 
 
Where: 𝐻 is the Hamiltonian operator, 𝜓 the wave function (eigenfunction) 
and 𝐸 the energy of the system. The Schrödinger equation can be solved 
exactly only for hydrogen-like atoms, that is, for one-electron (monoelectronic) 
systems. For systems of greater complexity, it is necessary to introduce 
approximations in order to render the problem solvable. 
 
The first fundamental approximation is the Born-Oppenheimer (BO) 
approximation, which enables the separation (decoupling) of electronic and 
nuclear motion [95]. Since nuclei are much heavier than electrons, their kinetic 
energy is smaller by a factor of approximately 105, and the electronic motion 
can thus be treated in the presence of an effectively fixed nuclear framework. 
Within this framework, the nuclear kinetic energy operator can be neglected, 
and the internuclear repulsion term can be regarded as a constant for any given 
nuclear geometry: 
 

𝛹total = 𝜓nuclear𝜓electronic (2) 
 
This facilitates the partitioning of the Hamiltonian operator into distinct 
electronic and nuclear components, thereby allowing the resulting reduced and 
effectively decoupled subsystems to be treated independently: 
 

𝐻𝑒 + 𝑇𝑛 (3) 
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𝐻𝑒𝜓𝑒 = 𝐸𝑒𝜓𝑒 (4) 
 
Still, even upon neglecting the nuclear kinetic energy term, no closed-form 
analytic solutions are available for many-electron systems because of electronic 
correlation effects. The Hartree-Fock Self-Consistent Field (HF-SCF) method 
is an ab initio, iterative procedure that further simplifies the electronic-
structure problem by treating electro-electron repulsion within a mean-field 
approximation, in which the effect of the remaining n - 1 electrons on a given 
electron is represented by an average potential. In contemporary quantum 
chemistry, a variety of post-HF methods have been developed that provide 
systematically improved approximations to the exact electronic wave function 
and energy.  
 
In practice, molecular and atomic orbitals are expanded in a basis set using 
the linear combination of atomic orbitals (LCAO) approach [96]: 
 

𝛷 = ∑ 𝑎𝑖𝜓𝑖

𝑁

𝑖=0
(5) 

 
Where Φ is the newly composed molecular orbital, and 𝜓 and 𝑎 are the atomic 
orbitals considered and their coefficients. Gaussian-type orbitals (GTOs) 
currently constitute the most widely employed basis sets in electronic structure 
calculations, owing to their substantial computational advantages over the 
original Slater-type orbitals (STOs). 
 
A particularly convenient class of basis sets is the family of split-valence basis 
sets introduced by Pople [97], in which core and valence orbitals are treated 
differently. The conventional notation for these basis sets is X-YZG. In this 
notation, X denotes the number of primitive Gaussian functions contracted to 
form each core atomic orbital basis function. The symbols Y and Z indicate 
that each valence orbital is represented by two contracted basis functions, the 
first being a linear combination of Y primitive Gaussians and the second a 
linear combination of Z primitive Gaussians. The use of two integers after the 
hyphen therefore signifies that the basis set is a split-valence double-zeta basis 
set. Split-valence triple- and quadruple-zeta basis sets are also employed, and 
are denoted as X–YZWG, X–YZWVG, and so forth. Pople-type basis sets may 
additionally incorporate polarization functions (e.g., 3-21G∗), which increase 
the flexibility of the basis set in describing the anisotropy of the electron 
density [98]. A single asterisk indicates that polarization functions are included 
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only for atoms beyond the first period, whereas a double asterisk signifies that 
polarization functions are also added to hydrogen atoms. Furthermore, to 
improve the description of the diffuse tail region of atomic orbitals far from the 
nucleus, diffuse functions are often appended to the basis set; these are denoted 
by a + symbol (e.g., 3-21+G∗) [99]. 
 
Since MD simulations, discussed in greater detail in Chapter 3.1.2, are 
performed using the AMBER25 package [100–102] in conjunction with the 
GAFF2 force field [103], the parametrization of the system was carried out 
following the standard three-step AMBER protocol [104], as outlined below. 
Any deviation from this established procedure would lead to inconsistencies in 
the derived partial charges relative to those of other molecular entities (such 
as amino acids, water, etc.) already parametrized within the AMBER/GAFF 
framework [105], thereby undermining the transferability and internal 
consistency of the overall model. 
 
1. QM geometry optimization at the HF/6-31G* level 
A QM geometry optimization is carried out in vacuo at the Hartree-Fock level 
with the 6-31G* basis set using Gaussian 16 [106]. This procedure yields the 
optimized, minimum-energy three-dimensional conformation that is 
subsequently employed as the reference structure for all downstream 
parametrization steps. Notably, the HF/6-31G* wavefunction was adopted 
historically not because it provides superior intrinsic accuracy, but because it 
systematically overestimates the gas-phase dipole moment by approximately 
20%. This systematic overestimation compensates for the fact that RESP 
charges derived from gas-phase calculations are intended for use in 
condensed-phase (solvated) systems during MD simulations [107]. In the 
absence of this overestimation, the resulting partial charges would tend to 
underestimate electrostatic interactions in aqueous or protein environments, 
which in turn would degrade the reliability of predicted binding affinities and 
other molecular properties. 
 
2. Restrained Electrostatic Potential (RESP) charge derivation 
Based on the optimized geometry, partial atomic charges are derived using the 
RESP (Restrained Electrostatic Potential) method applied to the HF/6-31G* 
electronic density [105]. RESP is a regularized charge-fitting approach in which 
atomic charges are determined by fitting to the Merz-Kollman (MK) 
electrostatic potential (ESP) [108]. Instead of assigning charges empirically, 
RESP minimizes the deviation between the QM-calculated ESP and the ESP 
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generated by a set of atom-centered point charges. In addition, RESP 
incorporates symmetry and chemical equivalence constraints: for example, 
hydrogen atoms bound to the same carbon are constrained to have identical 
charges, reflecting their equivalent local chemical environments. 
 
3. Atom-type assignment and force-field parameter generation 
In the final stage, atom types and the corresponding force-field parameters are 
assigned automatically using the Antechamber [104] module distributed with 
AmberTools [102]. Antechamber infers bond connectivity and atom types from 
the local chemical environment, including hybridization state, ring 
membership, and functional group identity, and it groups atoms that are 
chemically analogous. Furthermore, it detects any missing force-field 
parameters (bond, angle, dihedral, and van der Waals terms) that must be 
supplied manually. Upon successful completion of the parametrization 
workflow, the following output files are produced: (i) an frcmod file, which 
contains any bond, angle, and dihedral parameters that supplement or extend 
the standard GAFF2 library; (ii) a prepc file, which encodes the molecular 
geometry, atom types, and partial charges; (iii) parm7 and rst7 files, which are 
AMBER topology and coordinate files, respectively, suitable for direct use in 
MD simulations; and (iv) a PDB file corresponding to the QM-optimized 
structure. 
 

2.2 Emerging contaminants database (EC-DB) 
 
Initially, a list of compound names was retrieved from Yang et al. [109] and 
categorized into three classes: pesticides, pharmaceuticals, and industrial 
compounds. A fourth class, hereafter referred to as priority compounds, was 
also defined. This group comprises selected molecules drawn from all three 
aforementioned categories and was established on the basis of prioritization 
criteria reported in the literature. The original list was used without 
modification and therefore contains redundant entries and occasional 
grammatical inconsistencies in the compound names. 
 
The name list was subsequently processed using the following in-house 
workflow. For each compound, its name was screened and corrected for 
grammatical errors, then queried in the PubChem database via the pubchempy 
interface. The corresponding CID, traditional and IUPAC names (including 
synonyms), molecular formula, isomeric SMILES, and InChIKey were retrieved 
and stored. These metadata were then recursively cross-compared across all 
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entries in this initial database in order to remove redundancies present in the 
original list. 
 
The isomeric SMILES were then processed with RDKit [110] to generate an 
initial three-dimensional (3D) structure for each compound (origin.pdb). 
Stereoisomerism and protonation states were addressed by two parallel 
procedures. Stereoisomer enumeration was performed using the 
EnumerateStereoisomers function implemented in RDKit, employing the 
SMILES string and the parameter set reported in Table 1. The parameter 
values were selected to mitigate combinatorial explosion and to prevent the 
generation of non-physical structures. Combined with the intrinsic structural 
curation and classification implemented in PubChem, this strategy ensures 
that the resulting enumerated molecules correspond to commercially available 
species and, for example, allows discrimination between racemic drug 
formulations and the specific pharmacologically active stereoisomer. 
 
Table 1: Parameters for isomer generation. Summary of RDKit settings used to enumerate 
stereocenters and generate 3D coordinates, ensuring the exclusion of duplicates and sterically impossible 
isomers.

 

While stereoisomer generation is fully automated, the protonation step is only 
partially automated and still requires manual intervention. The appropriate 
protonation state is selected by comparing experimentally reported pKa values 
with those predicted using the Chemaxon [111] software suite. In line with the 
sustainability-oriented scope of this work, all protomeric states relevant within 
the pH range 5-9, typical of environmental studies [112–117], were considered. 
 
The initial structure, origin.pdb, is used as input and manually edited with 
GaussView 6 [118] and Avogadro 2 [119] to generate the desired protonation 
state. The resulting protonation-adjusted molecule is stored in a standardized 
format: 
 

molecule_charge_protomer_template.pdb 
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where molecule denotes the compound name (e.g., aspirin, acetylsalicylic-acid), 
charge is encoded as a letter plus the net charge (e.g., N = 0, M1 = −1, P1 = 
+1, P2 = +2), and protomer is an integer index (1, 2, …) distinguishing 
different protomers with the same net charge. For example, 
aspirin_M1_1_template.pdb corresponds to the first negatively charged 
protomer of aspirin. As implied by this nomenclature, the generated protomer 
template does not contain stereochemical information and is used solely as a 
protonation reference. 
 
Protonation is propagated to all stereoisomers via an automated, template-
driven hydrogen transfer protocol. The template molecule (with the selected 
protonation state) and the target stereoisomer are simultaneously loaded and 
spatially aligned using only heavy atoms, thereby ensuring structural 
correspondence independent of hydrogen positions. Hydrogen connectivity is 
then mapped by associating each hydrogen atom with its bound heavy atom, 
and discrepancies between the template and target are identified in terms of 
excess or missing hydrogens at each heavy-atom site. Surplus hydrogens in the 
target are removed, whereas missing hydrogens are explicitly added by copying 
the corresponding atoms and bonds from the template. The initial coordinates 
of the added hydrogens are inherited from the aligned template and translated 
by 1 Å to mitigate steric clashes. 
 
The resulting protonated three-dimensional structures are subsequently 
subjected to geometric optimization using Open Babel’s Universal Force Field 
(UFF) [120,121] energy minimization (500 steps; convergence threshold of 0.01 
kcal/mol). A post-processing step then removes any hydrogens automatically 
introduced during optimization owing to Open Babel’s valence rules. This 
workflow ensures that the final structures preserve the protonation pattern of 
the template while maintaining the stereochemical configuration of each target 
stereoisomer. 
 
The final naming scheme for each processed structure is: 
 

config_molecule_charge_protomer 
 
where config encodes the E/Z, R/S, or U (unassigned) stereochemical 
descriptors. Once the curated set of correctly protonated 3D structures has 
been generated, each compound is parametrized according to the standard 
AMBER protocol, as detailed in the Methods 2.1.3 section. The database is 
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then finalized by organizing the directory structure for each molecule and 
removing superfluous temporary files. 
 
The resulting collection of parent pollutants comprises 435 unique compounds, 
categorized into 74 pesticides, 141 industrial chemicals, and 220 personal care 
products. Within this total, a curated subset of 53 molecules has been 
designated as priority compounds. Accounting for all stereoisomers and 
protomeric forms of these 435 parent structures, the complete EC-DB database 
expands to contain approximately 2000 distinct molecular entries. A schematic 
overview of the EC-DB construction workflow is provided in Figure 5. 
 

 
Figure 5: Workflow for the development of the Emerging Contaminants Database (EC-
DB). An unfiltered list of priority compounds (pesticides, pharmaceuticals, and industrial chemicals) 
undergoes in-house filtering, protonation state assignment, and stereoisomer enumeration. Subsequent 
structural optimization and finalization yield a curated database of approximately 2000 molecules with 
optimized parameters. 

 

2.3 Graphene oxide database (GO-DB) 
 
To ensure the industrial relevance and reproducibility of the EC-DB, graphene 
oxide structures were constructed in relation to four commercially available 
LayerOne products (LayerOne AS, Oslo, Norway): GOX8-P935 [122], 
REGOX8-P980 [123], REGOX8-P995 [124], and REGOX8-P999 [125]. These 
commercial materials were used as reference benchmarks to define four distinct 
oxidation regimes, ranging from highly oxidized to nearly pristine graphene. 
 
The O/C ratios of the resulting computational models (0.43, 0.19, 0.07, and 
0.02) display slight deviations from the bulk technical specifications reported 
by the manufacturer. Such discrepancies are intrinsic to atomistic modeling, in 
which stoichiometry is constrained by a finite number of atoms and the specific 
local arrangement of functional groups, rather than reflecting the macroscopic, 
ensemble-averaged composition characteristic of bulk powders. Despite these 
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local deviations, the models faithfully reproduce the relative ordering of O/C 
ratios and the qualitative surface chemistry trends of the reference products, 
thereby providing a structurally consistent library suitable for investigating 
adsorption mechanisms across a broad range of pollutants. 
 
In contrast to small molecules, GO is not parameterized as a single rigid entity 
but is instead constructed by combining multiple functional groups (FGs), in 
line with the widely adopted Lerf-Klinowski structural model [53], in which 
different oxygen-containing groups are randomly distributed on the graphene 
basal plane and edges. Representative GO functional groups, namely epoxides, 
carboxyls, hydroxyls, and carbonyls, were parameterized following standard 
AMBER protocols  using a set of graphene nanoflakes functionalized with (i) 
an individual, unique FG and (ii) multiple FGs simultaneously, in order to 
capture charge delocalization effects. 
 
Partial charges for in-plane sp2 carbon atoms not directly bonded to any 
functional group were set to zero, consistent with literature reports indicating 
that the majority of the charge density is localized at the FGs [126–128]. 
Analogously to the generation of prepc files, a dedicated lib file specifying atom 
types and partial charges was created for each individual FG. The 
corresponding frcmod file describing the complete GO tile was then produced 
by manually refining the initial parameters suggested by the parmchk2 utility 
within AmberTools24 [102]. 
 

 
Figure 6: Parametrization of graphene oxide functional groups. 3D representations of graphene-
like flakes (left) featuring common graphene oxide moieties: carboxyl, hydroxyl, and epoxide groups. 
The corresponding 2D representation (right) detail the assigned partial atomic charges with the RESP 
method. 
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The construction of GO surfaces is performed through a sequential protocol: 
(1) generation of a pristine graphene lattice; (2) introduction of vacancy defects 
associated with the oxidation process; (3) surface functionalization with 
primary GO functional groups, namely epoxide, carboxyl, and hydroxyl 
moieties; (4) deprotonation of carboxyl groups to yield carboxylates; and (5) 
addition of missing terminal CH hydrogen atoms, with the optional inclusion 
of carbonyl groups. 
 
Steps 1-3 employ a combination of HierGO [129], a modular hierarchical 
software package for the generation of complex GO sheets originally 
parameterized for the OPLS-AA force field, and GOPY.py [130], an open-
source tool for the construction of simple graphene oxide models. The HierGO 
source code was modified and adapted to incorporate the atom types and 
parameters of the GAFF2 force field, whereas the lib files distributed with the 
original GOPY.py repository were used as a starting point for the AMBER-
compatible parametrization of each functional group. Steps 4 and 5 were 
implemented via in-house Python scripts. 
 
Initially, a graphene sheet is generated by specifying the percentage of vacancy 
defects, where 0% corresponds to an ideal, defect-free graphene surface. The 
chosen vacancy fraction reflects the oxidation state of the target GO system, 
with highly oxidized materials exhibiting a more defective carbon framework 
[65,131,132]. Vacancies are introduced at random positions using a mixed-size 
distribution (small, medium, and large) drawn from the HierGO hole library. 
The resulting graphene surface is subsequently cleaned by removing dangling 
carbon atoms and then functionalized using GOPY.py through the random 
placement of epoxide, carboxyl, and hydroxyl groups. The total number and 
relative proportions of these functional groups are selected to reproduce the X-
ray photoelectron spectroscopy (XPS) data of commercially available GO 
samples characterized by collaborators at ISOF-CNR [133,134]. 
 
Protonation states are then assigned by randomly converting 90% of the 
carboxyl groups to their corresponding carboxylate forms, reflecting the acidity 
and experimentally determined pKa values of GO edge functionalities in 
typical environmental and neutral pH conditions [135,136]. The Python 
workflow additionally supports manual control of deprotonation by allowing 
the user to specify individual carboxyl residues. Atom types are subsequently 
assigned to the preliminary GO structure, and the distinct fragments are 
assembled by forming covalent bonds between the different moieties via the 
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tleap bondbydistance command. Missing atoms, such as terminal CH 
hydrogens, are automatically added by tleap according to the definitions 
contained in the lib file templates. 
 
To verify the numerical stability of the constructed models, a short (1 ns) in 
vacuo molecular dynamics simulation is carried out. Carbonyl groups can be 
optionally introduced at this stage by substituting selected terminal CH 
hydrogens. Using this procedure, graphene oxide sheets of effectively infinite 
lateral dimensions and with diverse surface chemistries can be generated, 
making the approach suitable for a wide range of applications, including the 
study of interactions with small molecules and macromolecular complexes, as 
well as the optimization of GO-based adsorbent materials. A schematic 
overview of the entire GO-DB generation workflow is presented in Figure 7, 
together with the four LayerOne graphene oxide models. 
 

 
Figure 7: Workflow for the development of the LayerOne Graphene Oxide Database (GO-
DB). The workflow integrates experimental XPS data to guide the distribution of oxygenated functional 
groups (tile decoration) across defective carbon lattices. The final output is the LayerOne GO-DB, 
tailored for computational screening and molecular dynamics simulations. 
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CHAPTER 3: VIRTUAL SCREENING 
 
The two curated databases were integrated into the virtual screening (VS) 
workflow described in this chapter. In view of the expected computational cost, 
the screening was confined to priority compounds at pH 7, and the GOX8-
P935 and REGOX8-P980 models were selected owing to their predominant use 
in previous experimental studies. The workflow consists of two principal, 
sequential stages: (1) grid-based docking followed by all-atom molecular 
dynamics refinement, and (2) prediction of the binding affinities of the resulting 
EC@GO complexes. 
 
Because of the intrinsic stochastic character of the docking step, the VS 
protocol was systematically optimized to balance computational efficiency, 
predictive accuracy, and statistical robustness. Considering all combinations of 
the 53 priority pollutants, their stereoisomers, and the two graphene oxide 
models, the screening yielded approximately 2900 EC@GO complexes, 
corresponding to an aggregate simulation time of roughly 29 microseconds. 
 
The results demonstrate that adsorption is predominantly determined by the 
relative orientation of the ligand on the chemically heterogeneous GO surface, 
rather than by its stereochemical configuration, and that inclusion of entropic 
contributions is essential to correct the size dependence inherent to enthalpy-
only scoring functions. The final thermodynamic ranking reveals a prevalence 
of hydrophobic and π-π stacking interactions; polycyclic aromatic 
hydrocarbons and plasticizers display the highest affinities, whereas polar and 
anionic species are disfavored due to substantial de-solvation penalties. 
 
The resulting dataset provides both a rigorous methodological benchmark for 
computational high-throughput screening and a valuable decision-making 
framework for prioritizing subsequent experimental investigations. 
 

3.1 Methods 
 
3.1.1 Virtual screening and docking 
 
The methodologies discussed in this chapter originate from biophysics and are 
routinely employed in drug discovery workflows. These approaches have 
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subsequently been adapted and implemented in materials science, and, in the 
present context, applied to graphene oxide. Virtual screening (VS) techniques 
emerged as an adaptive response to the advent of high-throughput synthesis 
and screening technologies and currently constitute a core strategy for 
exploring vast regions of chemical space in contemporary drug discovery 
approaches [137]. 
 
VS encompasses a set of computational procedures designed to interrogate 
large libraries of small molecules in order to identify which candidates most 
likely bind to a given pharmacological target, typically a protein receptor or 
enzyme. The process is generally organized as a sequential and hierarchical 
pipeline aimed at filtering and prioritizing compounds that display suitable 
physicochemical, pharmacokinetic, and pharmacodynamic properties. 
 
Initially, a virtual library is curated and standardized into a single, machine-
readable format; molecular conformers are generated, and stereochemical 
inconsistencies as well as valence errors are corrected. Subsequently, 
computational methods are employed to estimate binding affinities, after which 
selected candidates proceed to experimental validation through in vitro and in 
vivo assays. The final output is a ranked list of molecules, where higher-ranking 
compounds exhibit an increased likelihood of manifesting measurable biological 
activity and ultimately progressing as drug leads. Thus, starting from a 
chemical space comprising billions of potential structures, VS seeks to identify 
a tractable subset of candidate molecules with putative activity [137–139]. 
 
Two principal VS strategies can be distinguished, which may be applied 
independently or in an integrated manner. Ligand-based virtual screening 
(LBVS) does not require explicit knowledge of the receptor structure; instead, 
it exploits information encoded in known ligands. In this approach, the virtual 
library is filtered using similarity search algorithms, quantitative structure-
activity relationship (QSAR) and related modeling strategies, machine-learning 
methods, or ligand-based pharmacophore models, to identify compounds that 
are structurally or pharmacophorically similar to established actives [138]. In 
contrast, structure-based virtual screening (SBVS) relies on the three-
dimensional structure of the target receptor, typically employing molecular 
docking, de novo design methodologies, or structure-based pharmacophore 
modeling. 
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In both LBVS and SBVS workflows, molecular docking serves as a central 
reference technique and can be integrated into all stages of the drug design 
process, including lead optimization [140]. Specifically within structure-based 
VS, docking is systematically applied to all compounds in a database against 
a specified receptor structure, yielding a ranking that reflects the predicted 
binding affinity between each ligand and the target receptor [141]. 
 

 
Figure 8: Molecular docking and virtual screening process. Starting from a diverse ligand library, 
candidates are prioritized through ligand- and structure-based VS techniques. Subsequent molecular 
docking assesses binding poses and interaction energies to isolate the most favorable lead compounds for 
further analysis. 

Molecular docking is a structure-based drug design methodology that aims to 
characterize the geometric and energetic complementarity between a ligand 
and its macromolecular receptor. Conceptually, docking is often introduced via 
the lock and key model, which idealizes ligand-receptor recognition as the 
stereospecific insertion of a ligand into a preformed binding pocket on the 
receptor. Within this conceptual framework, the outcome of a docking 
calculation is a pose, defined as a particular geometry and orientation of the 
ligand relative to the receptor, yielding a specific configuration of the complex. 
In practice, however, the binding process is more accurately described by 
induced-fit or conformational selection models, in which both ligand and 
receptor can undergo conformational rearrangements upon complex formation. 
Molecular docking therefore represents an approximate computational 
reconstruction of this process, relying on simplifying assumptions to ensure 
tractability in terms of time and resources [140,142]. 
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Docking methodologies are commonly categorized along several criteria [143]. 
A first classification distinguishes bound from unbound docking. In bound 
docking, an experimentally determined structure (typically X-ray 
crystallography or cryo-EM) of the receptor already exists in complex with a 
ligand. The receptor and ligand are computationally separated, and the docking 
procedure is applied to reproduce the experimentally observed pose. This 
protocol is primarily used for benchmarking and validation, as the known 
binding mode enables direct comparison between predicted and experimental 
poses to assess method accuracy [144,145]. In unbound docking, by contrast, 
the structure of the ligand-receptor complex is not known a priori. The 
objective is to predict the most favorable binding pose of a ligand within a 
receptor binding site without prior detailed knowledge of the exact interaction 
pattern. 
 
A second, complementary classification differentiates local from global docking. 
Local docking assumes partial or complete prior knowledge of the binding site; 
the algorithm then explores alternative ligand positions, orientations, and 
sometimes conformations within this predefined region. Global docking, in 
contrast, does not presuppose any information about the binding site location 
and instead searches for potential interaction regions across the entire receptor 
surface [146,147]. 
 
Docking methodologies can be further classified according to their treatment 
of molecular flexibility [148,149]. In rigid-body docking, both ligand and 
receptor are considered inflexible entities; only the six external degrees of 
freedom of the ligand (three translational and three rotational) are sampled 
relative to the receptor [150]. While this approximation is computationally 
efficient, it deviates substantially from the physicochemical reality of molecular 
recognition and is therefore employed relatively infrequently. In contrast, 
flexible docking explicitly accounts for conformational degrees of freedom. A 
widely adopted pragmatic compromise, implemented in many contemporary 
docking programs, is to model the receptor as rigid while allowing the ligand 
to be flexible, typically by sampling its internal torsional degrees of freedom 
[148]. This approach captures a substantial fraction of the relevant 
conformational landscape at an acceptable computational cost. The most 
physically realistic framework would permit full flexibility of both ligand and 
receptor; however, the associated conformational search space becomes 
computationally prohibitive [151]. Consequently, receptor flexibility is in 
practice only partially incorporated, often restricted to selected regions (e.g., 
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side chains in the binding site) and frequently applied only during later 
refinement stages [152]. As a result, discrepancies between docking-generated 
complexes and experimentally determined structures can be considerable, 
especially when the ligand is highly flexible and separated by relatively low 
energy barriers between alternative conformational states. 
 
The docking workflow begins with preparation of the receptor and ligand 
structures. Typically, solvent molecules, co-crystallized ligands, and small ions 
not directly involved in binding are removed to expose possible binding pockets 
[153,154]. Once the structures are prepared, the docking protocol generally 
proceeds in two main steps: sampling and scoring. 
 
During the sampling step, multiple docking poses are generated using search 
algorithms that explore the ligand conformational space and its placement 
relative to the receptor. From a computational standpoint, this step is 
relatively straightforward and can be implemented using systematic, 
stochastic, or hybrid search strategies [155]. In the subsequent scoring step, the 
poses generated by the sampling algorithms are evaluated and ranked. A 
scoring function assigns to each pose a numerical score that estimates the 
interaction energy or binding affinity of the ligand-receptor complex, with the 
aim of identifying the most plausible binding modes and the most promising 
ligands [156]. 
 
Despite their diversity, most scoring functions consider similar physical 
contributions. These include hydrogen bonding, geometric complementarity, 
polar and nonpolar contact terms, van der Waals interactions, electrostatic 
interactions, entropic contributions, and de-solvation effects [154,157]. The 
treatment of entropic and de-solvation terms is particularly challenging, as 
they are inherently complex to model and act as penalties for the binding 
process. Their accurate estimation is one of the main limiting factors in docking 
accuracy [156,158]. From a methodological standpoint, scoring functions are 
often classified into three main classes: empirical, force-field based, and 
knowledge-based [159]. 
Empirical scoring functions are derived from experimental measurements, such 
as quantified binding affinities, and model the binding free energy as a linear 
combination of physically motivated contributions with empirically fitted 
coefficients. A general empirical functional form can be expressed as follows: 
 

𝛥𝐺 = 𝛥𝐺0 + 𝛥𝐺ℎ𝑏𝑁ℎ𝑏 + 𝛥𝐺𝑙𝑖𝑝𝑜𝑁𝑙𝑖𝑝𝑜 + 𝛥𝐺𝑏𝑎𝑑𝑁𝑏𝑎𝑑 + 𝛥𝐺𝑟𝑜𝑡𝑁𝑟𝑜𝑡 + 𝐸 (6) 
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where the Δ𝐺𝑖 terms are energetic contributions associated with specific 
interaction types (e.g., hydrogen bonds, hydrophobic contacts, unfavorable 
contacts, rotatable bonds), the 𝑁𝑖 terms are the corresponding counts or 
descriptors, and 𝐸 is a residual term. The parameters are obtained by fitting 
to a training set of ligand-receptor complexes whose binding free energies are 
experimentally known or measurable. 
 
Force-field-based scoring functions compute the noncovalent interaction energy 
between ligand and receptor using classical molecular mechanics expressions. 
In this case, the total nonbonded energy 𝐸𝑛𝑜𝑛𝑏𝑜𝑛𝑑 is usually given by a sum of 
Lennard-Jones and Coulomb terms of the form 
 

𝐸nonbond = ∑ ∑ [
𝐴𝑖𝑗

𝑟𝑖𝑗
6 −

𝐵𝑖𝑗

𝑟𝑖𝑗
12 + 𝑐

𝑞𝑖𝑞𝑗

𝑟𝑖𝑗
]

𝑝𝑟𝑜𝑡𝑙𝑖𝑔
(7) 

 
where the first two terms correspond to the van der Waals contribution 
modeled by the Lennard-Jones equation, and the last term represents the 
electrostatic interaction modeled by Coulomb’s law, with 𝑟𝑖𝑗 the interatomic 
distance, 𝐴𝑖𝑗 and 𝐵𝑖𝑗 Lennard-Jones parameters, 𝑞𝑖 and 𝑞𝑗 partial charges, and 
𝜀 the dielectric constant. 
 
Knowledge-based scoring functions are constructed from statistical analyses of 
structural databases of protein-ligand complexes. They estimate effective 
interaction potentials under the assumption that the observed frequencies of 
specific atom-atom contacts at defined interatomic distances are related to the 
underlying interaction free energies, typically via an inverse Boltzmann 
formalism. 
 
Across different implementations, both the level of approximation used to 
represent each energetic contribution and the computational cost associated 
with their evaluation vary substantially, which in turn results in method-
dependent performance across distinct docking scenarios. Consequently, 
molecular docking is not generally intended to directly identify clinically 
efficacious drug candidates but rather to filter large compound libraries, 
thereby reducing the number of molecules that must subsequently be 
characterized using more accurate, computationally demanding methodologies 
and, ultimately, experimental validation [139,154]. 
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The primary docking engine employed in this thesis for structure-based virtual 
screening is AutoDock Vina [160,161]. AutoDock Vina is a widely adopted 
platform for flexible molecular docking, particularly advantageous when 
explicit treatment of ligand conformational flexibility is required. Under the 
standard protocol used here, the receptor is modeled as rigid, whereas the 
ligand is treated as flexible by specifying its rotatable bonds, such that internal 
torsional degrees of freedom are sampled during the docking process. AutoDock 
Vina utilizes a stochastic global optimization algorithm that iteratively adjusts 
the torsional angles and rigid-body position and orientation of the ligand 
relative to the receptor to identify low energy binding poses. The 
conformational search is confined to a user-defined region of space, specified as 
a three-dimensional box. These grid boxes are configured via the AutoDock 
Tools (ADT) interface, which allows the user to define both the center and the 
dimensions of the search volume [162]. 
 

 
Figure 9: Docking process with AutoDock Vina. Various ligand conformers are sampled within a 
predefined search space (Vina box) and subsequently scored to isolate the best binding pose. 

 
The scoring function implemented in AutoDock Vina is based on an empirical 
force-field formalism and provides an approximation of the binding free energy 
by combining steric, hydrophobic, hydrogen-bonding, and other noncovalent 
interaction terms. For each generated docking pose, the program reports an 
estimated binding affinity and an associated rank, and the output is presented 
as a list of poses sorted by increasing predicted binding energy (corresponding 
to decreasing binding affinity). The resulting protein-ligand complexes can be 
visualized and subjected to more detailed analysis using molecular graphics 
software such as VMD [163], which enable in depth examination of binding 
modes, intermolecular interaction networks, and ligand conformations within 
the binding site. 
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3.1.2 Molecular dynamics 
 
Molecular dynamics (MD) is a computational methodology employed to 
simulate the temporal evolution of a molecular system [164,165]. In its classical 
formulation, atoms are typically modeled as rigid spheres and chemical bonds 
as harmonic oscillators characterized by suitable potential energy functions 
[166]. By numerically integrating Newton’s equations of motion, it is possible 
to obtain the trajectories of all atoms in the system and thereby quantify their 
displacements as a function of time. 
 
MD represents a specific branch of molecular mechanics (MM) and is 
extensively used because it provides detailed information on the dynamical 
behavior of molecular systems over time. However, as a method derived from 
MM, a fundamental limitation of MD is the absence of an explicit electronic 
description. Consequently, processes involving bond breaking and formation 
cannot be captured within this purely classical framework. In this context, 
atoms are treated as point charges with excluded volume determined by their 
van der Waals radii, and bonds are commonly represented as ideal springs. 
 
Overall, molecular dynamics simulation is a classical approach grounded in 
Newton’s second law of motion, which forms the basis for calculating atomic 
trajectories and exploring the time-dependent properties of molecular systems. 
 

𝐹 = 𝑚𝑎 (8) 
 
Where 𝐹  is the force exerted on the particle, 𝑚 is its mass and 𝑎 its 
acceleration. In order to obtain the latter for each atom of the system, it is 
necessary to know the force on each particle. Thus, the Newton’s motion 
equation is solved for each atom (i): 
 

𝐹𝑖 = 𝑚𝑖𝑎𝑖 = 𝑚𝑖
𝑑2𝑟𝑖
𝑑𝑡2 (9) 

 
Where 𝑟𝑖 is the position of each atom. The force exerted can be expressed in 
function of the potential energy (V) as well, as in the following equation: 
 

𝐹𝑖 = − 𝜕𝑉
𝜕𝑟𝑖

𝑑2𝑟𝑖
𝑑𝑡2 (10) 
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This implies that, given the coordinates of an initial structure and an assigned 
set of velocities, the force acting on each atom can be computed provided that 
the potential energy function of the system is known. 
 
The initial velocity distribution is typically generated by a stochastic procedure 
employing a Gaussian (Maxwell-Boltzmann) distribution consistent with the 
desired initial temperature. In contrast, the initial atomic positions are 
generally obtained from experimental structural data, most commonly derived 
from X-ray crystallography or nuclear magnetic resonance (NMR) 
spectroscopy. Once the forces, and thus the accelerations of all particles, have 
been evaluated using Eq. 9 and Eq. 10, the positions of the particles can be 
updated accordingly. The time evolution of the system, i.e., the trajectory, is 
then determined by expanding the positions in a Taylor series: 
 

𝑟(𝑡 + 𝛿𝑡) = 𝑟(𝑡) + 𝑣𝛿𝑡 + 𝑎(𝑡)
2

(𝛿𝑡)2 + 𝑏(𝑡)
6

(𝛿𝑡)3 + ⋯ (11) 

 

𝑣(𝑡 + 𝛿𝑡) = 𝑣(𝑡) + 𝑎(𝑡)𝛿𝑡 + 𝑎(𝑡)
2

(𝛿𝑡)2 + 𝑏(𝑡)
6

(𝛿𝑡)3 + ⋯ (12) 

 
Where 𝑎(𝑡) is the acceleration and 𝑏(𝑡) = 𝑎(𝑡). The equivalent expansion of 
𝑟(𝑡 − 𝛿𝑡) is: 
 

𝑟(𝑡 − 𝛿𝑡) = 𝑟(𝑡) − 𝑣𝛿𝑡 + 𝑎(𝑡)
2

(𝛿𝑡)2 − 𝑏(𝑡)
6

(𝛿𝑡)3 + ⋯ (13) 

 
By adding the Eq. 11 to the Eq. 13 and substituting the acceleration with 𝐹

𝑚, 
the following expression is obtained: 
 

𝑟(𝑡 + 𝛿𝑡) = 2𝑟(𝑡) − 𝑟(𝑡 − 𝛿𝑡) + 𝐹 (𝑡)
𝑚

(𝛿𝑡)2 (14) 

 

𝑣(𝑡) = 𝑟(𝑡 + 𝛿𝑡) − 𝑟(𝑡 − 𝛿𝑡)
2𝛿𝑡

(15) 

 
The last two equations form the Verlet algorithm [167]. In principle, this 
procedure a long trajectory can be obtain with a timestep of 𝛿𝑡. Nevertheless, 
at each step a numerical error is added, which should be kept under control. 
The Verlet integration scheme is introduced to reduce the numerical error 
associated with the computation based on Eq. 11. When the Taylor series is 
truncated after the second order term, the resulting local truncation error is of 
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third order in the time step. By summing Eq. 11 and Eq. 13, the leading error 
term is shifted to fourth order, thereby yielding a more accurate integration. 
Iterative application of this procedure generates a trajectory that represents 
the time evolution of the system. 
 
The accuracy of the simulation is directly determined by the choice of the 
potential energy function 𝑉  employed to describe the interactions between 
particles. In molecular dynamics simulations, a classical potential energy 
function (force field, FF) is commonly employed [166]. This function is defined 
in terms of the atomic coordinates of all particles comprising the system. The 
potential energy function arises from the sum of several terms representing 
covalent interaction, such as 𝑉𝑏𝑜𝑛𝑑, 𝑉𝑎𝑛𝑔𝑙𝑒, 𝑉𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙, and 𝑉𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟, and non-
covalent interactions, such as 𝑉𝐶𝑜𝑢𝑙𝑜𝑚𝑏 and 𝑉𝐿𝐽  [168]. The last correspond to 
interaction between particles separated by more than three covalent bonds. 
Thus, the potential function is the sum of the following terms. 
 
For the bond lengths 𝑟𝑖, the bond angle 𝜃𝑖, and the improper dihedral (out of 
plane) angle 𝜉𝑖, which represents the pyramiding of the i-th atom, the covalent 
interaction terms are represented by harmonic potential. For the dihedral angle 
𝜓𝑖 a more complex potential form is given: 
 

𝑉bond = 1
2 ∑ 𝑘𝑖

𝑏(𝑟𝑖 − 𝑟0,𝑖)2
𝑁𝑏

𝑖=1
(16) 

 

𝑉angle = 1
2 ∑ 𝑘𝑖

𝜃(𝜃𝑖 − 𝜃0,𝑖)2
𝑁𝜃

𝑖=1
(17) 

 

𝑉improper = 1
2 ∑ 𝑘𝑖

𝜉(𝜉𝑖 − 𝜉0,𝑖)2
𝑁𝜉

𝑖=1
(18) 

 

Vdihedral = 1
2 ∑ ki

ϕ(1 + cos(ϕi − ϕ0,i))
Nϕ

i=1
(19) 

 
The non-covalent interactions are described by Coulomb’s law, where 𝑞𝑖 and 
𝑞𝑗 are the partial charge on the atom 𝑖 and 𝑗, while the van der Waals 
interactions by a Lennard-Jones potential: 
 

𝑉Coulomb = ∑ (
𝐴𝑖𝑗

𝑟𝑖𝑗
12 −

𝐵𝑖𝑗

𝑟𝑖𝑗
6 )

𝑖<𝑗
(20) 
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Where 𝐴𝑖𝑗 and 𝐵𝑖𝑗 are the strength parameters for repulsion and attraction 
respectively. In the formulation of the Coulomb term, it is commonly assumed 
that each atom carries a partial charge. However, in an actual molecule, the 
electronic charge distribution is considerably more complex. The positive 
charge can be treated as point-like, as it is localized within the atomic nucleus, 
whereas the negative charge associated with the electrons is delocalized over 
the molecular volume. Consequently, the representation of the molecular 
charge distribution as a set of partial charges centered on atoms constitutes an 
approximation. Despite this simplification, such model is highly practical and 
is widely adopted in many empirical force fields [105]. 
 
Indeed, electrostatic interactions play a crucial role in determining both the 
conformational preferences of individual molecules and the nature of 
intermolecular interactions. It is therefore essential that partial charges be 
assigned with the highest possible accuracy. Multiple methodologies have been 
developed for the derivation of partial atomic charges, including, for example, 
Mulliken population analysis [169] and the RESP fitting procedure [105]. 
 
Lastly, force fields may differ not only in their functional forms but also in 
their parametrization strategies, as any given parameter set is typically 
optimized for a specific class of systems and cannot be transferred without loss 
of accuracy to arbitrary molecules. For instance, the AMBER family of force 
fields is primarily parameterized for biomolecular systems such as proteins, 
lipids, and nucleic acids [107]. As a result, nonstandard residues usually require 
dedicated, ad hoc parametrization [103]. 
 
A generic MD simulation protocol can be partitioned into three principal 
stages: (1) preparation of the parameter and topology files, (2) execution of 
energy minimization followed by equilibration, and (3) generation of the 
production dynamical trajectory. The energy minimization step is based on the 
evaluation of the gradient of the potential energy with respect to each atomic 
coordinate, which can be expressed as follows: 
 

𝜕𝑓
𝜕𝑥

= 0®(𝜕𝑉
𝜕𝒓)

𝑖=1

𝑁

= 0 (21) 

 
The calculation can be done through different methods [170]. First-order 
methods (steepest descents method, conjugated gradient minimization), in 
which the gradient is calculated and iterated, modifying the geometry by a 



CHAPTER 3: VIRTUAL SCREENING 

 38 

certain Δ𝑥 in the direction of the gradient, until the gradient becomes null. 
However, a limitation of these methods is that they do not distinguish between 
maxima, minima, and saddle points of the objective function. This shortcoming 
can be addressed by second-order methods (e.g., the Newton-Raphson 
algorithm), in which the gradient is used in conjunction with the Hessian 
matrix to rigorously characterize the critical point and, under appropriate 
conditions (e.g., positive definiteness of the Hessian), to guarantee that it 
corresponds to a local minimum of the function. 
 
The state (microstate) of a classical system can be completely characterized by 
specifying the positions and momenta of all the particles that constitute it. 
Such system can be represented by an ensemble, defined as an ideal collection 
consisting of a large number of replicas of the same system considered 
simultaneously, each replica corresponding to a possible microstate of the 
actual physical system. The members of the ensemble are governed by the same 
set of microscopic interactions and share a common set of macroscopic 
properties. Each replica evolves in time according to the underlying microscopic 
equations of motion, starting from different initial conditions, such that at any 
given instant the system occupies a well-defined, unique microstate. 
 
Statistical mechanical ensembles are defined by boundary conditions [171]: 
 
In the canonical ensemble (NVT), the number of particles (N), volume 
(V), and temperature (T) are held constant; 
In the microcanonical ensemble (NVE), the number of particles (N), 
volume (V), and total energy (E) are conserved; 
In the grand canonical ensemble (μVT), the chemical potential (μ), 
volume (V), and temperature (T) are fixed, while the number of particles may 
fluctuate; 
In the isothermal-isobaric ensemble (NPT), the number of particles (N), 
pressure (P), and temperature (T) are maintained constant. 
 
For large biomolecular systems, MD simulations become computationally 
intensive due to the high dimensionality and the long-range nature of 
intermolecular interactions. To alleviate this, MD software packages (such as 
AMBER) employ several methodological approximations and algorithmic 
optimizations, including periodic boundary conditions, implicit or simplified 
solvent representations, and interaction cutoffs, to enhance computational 
efficiency while minimally perturbing the potential energy surface. 
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Periodic boundary conditions (PBC) are commonly used to approximate bulk 
environments in MD simulations performed with explicit solvent [172]. A direct 
representation of a truly macroscopic solvent environment would require an 
effectively infinite number of particles, which is computationally prohibitive. 
Instead, the system is embedded in a finite simulation box (often cubic or 
truncated octahedral/hexagonal) containing a manageable number of solvent 
molecules. This primary cell is replicated in all spatial directions to form a 
three-dimensional tessellation, so that each particle experiences conditions 
approximating to the extended bulk phase. When an atom exits the primary 
simulation cell, its periodic image simultaneously enters from the opposite face, 
preserving the particle density and mimicking an effectively infinite system. 
 
However, the introduction of PBC creates an additional complication: each 
particle can, in principle, interact not only with all other particles in the 
primary cell, but also with all of their periodic images, leading to a formally 
infinite number of pairwise interactions. For short-range interactions, such as 
those described by the Lennard-Jones potential 𝑉𝐿𝐽 , the interaction strength 
decays rapidly with 𝑟−6. Consequently, interactions beyond a chosen cutoff 
radius can be neglected with limited loss of accuracy, significantly reducing the 
computational cost. In contrast, electrostatic interactions decay as 𝑟−1 and 
therefore remain significant over long distances. Truncating Coulombic 
interactions at a finite cutoff introduces substantial artifacts. To address this, 
Ewald summation and its variants were developed to efficiently and accurately 
compute long-range electrostatics under PBC conditions [173]. 
 
Lastly, a variety of explicit water models have been developed for MD 
simulations. One widely used model is the rigid water model TIP3P, in which 
the O-H bond lengths and H-O-H angle are constrained to fixed values [174]. 
By treating the water geometry as rigid (i.e., removing intramolecular 
vibrational degrees of freedom of the hydrogens), the fastest bond-stretching 
motions are eliminated. This permits the use of a larger integration timestep 
without compromising numerical stability, enabling the sampling of slower, 
large-scale conformational motions over longer effective simulation times at a 
comparable computational cost. 
 
3.1.3 MM-GBSA/MM-PBSA methods 
 
The Molecular Mechanics/Poisson Boltzmann Surface Area (MM/PBSA) and 
the Molecular Mechanics/Generalized Born Surface Area (MM/GBSA) 
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methods calculate binding free energies for macromolecules by combining 
molecular mechanics calculations and continuum solvation models [175]. The 
analysis of the binding affinity by which a ligand binds to its receptor can be 
evaluated by thermodynamics, where the reactions are driven by the 
minimization of the Gibbs free energy 𝐺: 
 

𝐺 = 𝑈 + 𝑝𝑉 − 𝑇𝑆 = 𝐻 − 𝑇𝑆 (22) 
 
Where 𝑈  is the internal energy, 𝑝 pressure, 𝑉  the volume, 𝑇  the temperature, 
𝑆 the entropy and 𝐻 the enthalpy of the system. If the Gibbs free energy is 
negative, the binding process occurs spontaneously. The contributions to the 
free energy are made explicit: 
 

𝐺 = 𝐸int + 𝐸el + 𝐸vdW + 𝐸pol + 𝐸np − 𝑇𝑆 (23) 
 
Where the first three terms are standard MM energy terms. 𝐸𝑖𝑛𝑡 represents 
the internal bonded interactions (bond, angle, and dihedral), 𝐸𝑒𝑙 the 
electrostatic ones, and 𝐸𝑣𝑑𝑊  the van der Waals interactions. 𝐺𝑝𝑜𝑙 and 𝐺𝑛𝑝 are 
the polar and non-polar contributions to the solvation free energies. 𝐺𝑝𝑜𝑙 is 
typically obtained by solving the PB equation or by using the Generalized 
Born (GB) model (giving the MM/GBSA approach), whereas the non-polar 
term is estimated from a linear relation to the solvent accessible surface area 
(SASA). The ∆G is calculated as follow: 
 

𝛥𝐺 = 𝐺𝑐𝑜𝑚𝑝𝑙𝑒𝑥 − 𝐺𝑙𝑖𝑔𝑎𝑛𝑑 − 𝐺𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟 (24) 
 
The value of ΔG provides a measure of the strength of the binding. Given the 
inherent challenges associated with directly quantifying binding free energies 
at the molecular scale using experimental techniques, computational 
methodologies for estimating these thermodynamic parameters have become 
indispensable in biochemical research, facilitating the prediction of binding 
affinities across a wide spectrum of biomolecular complexes. Such calculations 
are also crucial in computer-aided drug design, as they support the 
identification and prioritization of novel candidate molecules in the early stages 
of drug discovery. 
 
The MM-PBSA/GBSA framework, first introduced in 1998 by Srinivasan and 
co-workers [176], is a post-processing technique that exploits molecular 
dynamics trajectories of the unbound components and the bound complex. 
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Within this approach, the absolute binding free energy is obtained from the 
ensemble-averaged free energies of the complex, the ligand, and the receptor, 
as follows: 
 

𝛥𝐺 = ⟨𝐺complex⟩ − ⟨𝐺ligand⟩ − ⟨𝐺receptor⟩ (25) 
 
The average values reported in brackets are obtained by post-processing a set 
of representative frames extracted from the molecular dynamics’ trajectories. 
In the MD simulations, the system (complex, ligand, and receptor) is embedded 
in a periodic box containing explicit solvent molecules. Within the MM-
PBSA/GBSA framework, this explicit representation is replaced by a 
continuum solvent model to reduce the overall computational cost. 
 
In principle, the absolute binding free energy in solution Δ𝐺𝑏𝑖𝑛𝑑

𝑠𝑜𝑙𝑣  could be 
computed directly in the fully solvated state. However, such calculation would 
yield an unreliable estimate because the dominant contribution to the total 
energy would arise from solvent-solvent interactions. To mitigate these large 
energetic fluctuations and to isolate the relevant contributions, the MM-
PBSA/GBSA methodology employs a thermodynamic cycle, as depicted in 
Figure 10. 
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Figure 10: MM-GBSA thermodynamic cycle. Representation of the continuum solvent approach 
used to estimate binding affinities. The method calculates the final solvated binding free energy by 
assessing the interactions in the gas phase and applying corrections for the de-solvation penalties of the 
free receptor and ligand upon complex formation. 

 
The binding free energy Δ𝐺𝑏𝑖𝑛𝑑

𝑠𝑜𝑙𝑣  in solution is calculated as: 
 

𝛥𝐺𝑏𝑖𝑛𝑑
𝑠𝑜𝑙𝑣 = 𝛥𝐺𝑏𝑖𝑛𝑑

𝑔𝑎𝑠 − 𝛥𝐺𝑠𝑜𝑙𝑣 (26) 
 

𝛥𝐺𝑏𝑖𝑛𝑑
𝑔𝑎𝑠 = [𝛥𝐺𝑔𝑎𝑠

𝐶𝑂𝑀 − (𝛥𝐺𝑔𝑎𝑠
𝐿𝐼𝐺 + 𝛥𝐺𝑔𝑎𝑠

𝑅𝐸𝐶)] (27) 
 

𝛥𝐺𝑠𝑜𝑙𝑣 = [𝛥𝐺𝑠𝑜𝑙𝑣
𝐶𝑂𝑀 − (𝛥𝐺𝑠𝑜𝑙𝑣

𝐿𝐼𝐺 + 𝛥𝐺𝑠𝑜𝑙𝑣
𝑅𝐸𝐶)] (28) 

 
Where 𝐺𝑔𝑎𝑠,𝑐𝑜𝑚𝑝𝑙𝑒𝑥 is the free energy of complex formation in gas phase and 
𝐺𝑔𝑎𝑠,𝑙𝑖𝑔𝑎𝑛𝑑 and 𝐺𝑔𝑎𝑠,𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟 are the energies necessary to separate ligand and 
receptor components in vacuum. The in-vacuum binding free energy Δ𝐺𝑏𝑖𝑛𝑑,𝑔𝑎𝑠 
is calculated using the molecular mechanics force field used to describe the 
system during the MD simulation. It is obtained by the sum of internal, 
electrostatic and van der Waals molecular mechanics interactions: 
 

𝛥𝐺𝑏𝑖𝑛𝑑
𝑔𝑎𝑠 = [𝛥𝐺𝑖𝑛𝑡 − (𝛥𝐺𝑣𝑑𝑊 + 𝛥𝐺𝑒𝑙)] (29) 



Methods 

 43 

The calculation of the Δ𝐺𝑠𝑜𝑙𝑣 is more complicated and corresponds to the free 
energy change associated with the solvation of the compounds. The Δ𝐺𝑠𝑜𝑙𝑣,𝑋 
is considered for each X component (complex, receptor, or ligand) and it is 
constituted by a polar and non-polar term. 
 

𝛥𝐺𝑠𝑜𝑙𝑣,𝑋 = (𝛥𝐺𝑝𝑜𝑙𝑎𝑟,𝑋
𝑠𝑜𝑙𝑣 − 𝛥𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟,𝑋

𝑠𝑜𝑙𝑣 ) (30) 
 
The polar solvation term is calculated by solving the PB or GB equations 
which consider the solvent as a high dielectric constant medium and the solute 
as a set of fixed-point charges embedded in a lower dielectric continuum. This 
approximation relies on the fact that individual water molecules of the solvent 
are unimportant in the complex formation reaction, but rather the solvent as 
a whole provides an environment which affects the behavior of the solute 
system. 
 
The Poisson-Boltzmann equation derives from the Poisson’s equation which 
describes the electrostatic potential generated by a charge distribution in an 
environment of dielectric coefficient (relative to the permittivity of free space). 
The GB implicit solvent model [177] is an approximation of the Poisson-
Boltzmann equation as it expresses the polar solvation free energy term of 𝑋 
as a sum over all the atomic charges multiplied for 𝑔𝑖𝑗

𝐺𝐵: 
 

𝛥𝐺𝑝𝑜𝑙𝑎𝑟,𝑋
𝑠𝑜𝑙𝑣 = 1

2 ∑ 𝑞𝑖𝑞𝑗𝑔𝑖𝑗
GB

𝑖,𝑗∈𝑋
(31) 

 
The quantity 𝑔𝑖𝑗

𝐺𝐵 is determined by solving the Generalized-Born equation: 
 

𝑔𝑖𝑗
𝐺𝐵 = (1

𝜖
− 1) [𝑟𝑖𝑗

𝑛 + 𝐵𝑖𝑗 𝑒𝑥𝑝 (−
𝑟𝑖𝑗

𝑛

𝐴𝐵𝑖𝑗
)]

−1
𝑛

(32) 

 
where the parameter 𝐵𝑖𝑗 depends on the distance from the solute-solvent 
dielectric boundary of atom 𝑖 and 𝑗 and the shape of the entire biomolecule; 𝜖 
is the solvent dielectric constant and 𝑟𝑖𝑗 is the distance between atom 𝑖 and 𝑗. 
The constants 𝐴 and 𝑛 have preset values. Always under the PB and GB 
implicit solvent approximations, the non-polar contribution to the solvation 
energy, Δ𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟

𝑠𝑜𝑙𝑣  (Eq. 30) is composed of two terms. The first one is the 
van der Waals interaction and the second one represents the energy spent to 
create the solvent cavity occupied by the solute: 
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𝛥𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟
𝑠𝑜𝑙𝑣 = 𝛥𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟

𝑣𝑑𝑊 + 𝛥𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟
𝑐𝑎𝑣𝑖𝑡𝑦 = 𝛾𝑆𝐴𝑆𝐴 + 𝛽 (33) 

 
The equation shows that the non-polar contribution Δ𝐺𝑛𝑜𝑛−𝑝𝑜𝑙𝑎𝑟

𝑠𝑜𝑙𝑣  is 
proportional to the solvent accessible surface area (SASA) of component 𝑋, 
while 𝛾 and 𝛽 are values dependent on the method, PBSA or GBSA, applied 
[178]. At this point, the program can solve Eq. 26 and give the calculated free 
binding energy of the system. 
 
The MMPBSA.py package [179] is also capable of computing the entropy via 
normal mode analysis (NMA) and quasi-harmonic approximation (QH). 
 
Normal Mode Analysis [180] assumes that the potential energy surface (PES) 
around a minimized structure is purely harmonic. In the AMBER nmode 
implementation, the system is first minimized to a local minimum (where the 
gradient is zero). The Hessian matrix of mass-weighted second derivatives is 
then calculated and diagonalized to yield 3N-6 real vibrational frequencies 𝜈𝑖. 
The vibrational entropy is derived by treating each mode as an independent 
quantum harmonic oscillator. The standard partition function yields the 
absolute vibrational entropy 𝑆𝑣𝑖𝑏: 
 

𝑆vib = 𝑅 ∑ [ ℏ𝜈𝑖/𝑘𝐵𝑇
𝑒ℏ𝜈𝑖/𝑘𝐵𝑇 − 1 − 𝑙𝑛(1 − 𝑒−ℏ𝜈𝑖/𝑘𝐵𝑇 )]

3𝑁−6

𝑖=1
(34) 

 
Where 𝑅 is the gas constant, ℏ is the reduced Planck’s constant and 𝑘𝑏 is the 
Boltzmann constant. This method separates internal vibrations from 
translation and rotation providing an exact entropy for a system confined 
strictly to a harmonic well. 
 
The Quasi-Harmonic approximation [181] relaxes the strict harmonic 
requirement by deriving effective frequencies from the fluctuations observed 
during a molecular dynamics simulation. Instead of the second derivative of 
the potential energy, AMBER (via cpptraj [182]) diagonalizes the mass-
weighted covariance matrix of atomic positions. The eigenvalues 𝜆𝑚 of this 
matrix are inversely proportional to the square of effective frequencies 𝜔𝑚 
allowing the configuration space sampled by the MD to be mapped onto a set 
of effective harmonic oscillators. This yields the QH configurational entropy: 
 

𝑆QH = 𝑘𝐵 ∑ [ ℏ𝜔𝑚/𝑘𝐵𝑇
𝑒ℏ𝜔𝑚/𝑘𝐵𝑇 − 1 − 𝑙𝑛(1 − 𝑒−ℏ𝜔𝑚/𝑘𝐵𝑇 )]

3𝑁−6

𝑚=1
(35) 
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While 𝑆𝑄𝐻 implicitly captures some anharmonicity by fitting a Gaussian 
envelope over the sampled energy wells, it constitutes an upper bound on the 
true entropy, as it is derived under the assumption that the probability 
distribution of the coordinates follows a multivariate Gaussian form. 
 
To address deviations from this Gaussian assumption, advanced 
implementations in AMBER analysis can apply higher-order corrections. These 
include anharmonic corrections Δ𝑆𝑎ℎ

𝑐𝑙  derived from the non-Gaussian shape of 
individual mode projections, and pairwise correlation corrections Δ𝑆𝑝𝑐

𝑐𝑙  that 
account for coupling between modes: 
 

𝛥𝑆ah
cl = −𝑘𝐵 ∑ ∫ 𝑝𝑚(𝑏𝑚) 𝑙𝑛 [𝑝𝑚(𝑏𝑚)

𝑔𝑚(𝑏𝑚)] 𝑑𝑏𝑚
𝑚

(36) 

 

𝛥𝑆pc
cl = −𝑘𝐵 ∑ ∬ 𝑝𝑚,𝑛(𝑏𝑚, 𝑏𝑛) 𝑙𝑛 [

𝑝𝑚,𝑛(𝑏𝑚, 𝑏𝑛)
𝑝𝑚(𝑏𝑚)𝑝𝑛(𝑏𝑛)] 𝑑𝑏𝑚𝑑𝑏𝑛

𝑚<𝑛
(37) 

 
Where 𝑝 represents the actual probability distribution from the trajectory and 
𝑔 represents the ideal Gaussian reference. 
 
NMA provides an analytically rigorous baseline for stable, rigid structures and 
allows for the decomposition of motion into distinct, uncorrelated frequencies. 
It is computationally efficient for small systems once the minimization is 
complete. However, the harmonic approximation is often too severe for 
biological macromolecules, as it ignores multiple energy basins and anharmonic 
motions at room temperature. Furthermore, the Hessian calculation scales as 
𝑂(𝑁3) (or 𝑂(𝑁2) with cutoffs), making it computationally prohibitive for very 
large systems in explicit solvent. It is also extremely sensitive to the quality of 
the energy minimization; failing to reach a true local minimum results in 
imaginary frequencies (negative eigenvalues). 
 
On the other hand, QH incorporates solvent effects, temperature dependence, 
and multiple conformational substates implicitly because it is based on MD 
sampling. It captures the effective width of the energy wells rather than just 
the curvature at the bottom, often yielding more realistic entropy values for 
flexible biomolecules. The principal limitation arises from slow sampling 
convergence: the covariance matrix exhibits substantially slower convergence 
than the energy, thereby necessitating significantly extended simulation times 
to obtain a statistically stable estimate of the entropy. Additionally, if the 
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molecule visits two distinct basins (e.g., an open and closed state), QH treats 
this as one giant Gaussian distribution, significantly overestimating the 
entropy (𝑆QH ≥ 𝑆true). 
 

3.2 Grid-based docking and all-atom MD 
 
The initial step of the virtual screening procedure consisted in defining the 
search boxes used by AutoDock Vina. These boxes delimit the spatial region 
within which the ligand is allowed to move and are specified in the Vina 
configuration file. The selection of grid dimensions and positions is necessary 
for achieving an optimal compromise between computational efficiency and the 
probability of encompassing all relevant binding sites. 
 
In this study, instead of employing a single box covering the entire graphene 
oxide sheet, a grid of multiple smaller boxes was defined. An in-house script 
takes as input the GO coordinates and partitions the space according to a user-
defined parameter. It then generates n boxes, 9 in this case, for both the top 
and bottom faces of the GO sheet, resulting in a total of 18 boxes. The box 
thickness was set to 20 Å to accommodate ligands of varying sizes, ranging 
from small PFAS to larger antibiotic molecules. This configuration ensures an 
adequate exploration of the entire GO surface. A visual representation of the 
grid boxes is provided in Figure 11. 
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Figure 11: Grid-based docking strategy for graphene oxide surface exploration. (Left) 
Definition of the nine-section grid of Vina boxes to ensure appropriate sampling. (Right) Results 
following the molecular docking simulations, displaying the optimal binding pose of benzo-a-pyrene within 
each defined section. 

 
Subsequently, docking parameters were systematically benchmarked to ensure 
adequate conformational sampling and statistical robustness, given that 
AutoDock Vina generates binding poses in a stochastic manner. The influence 
of exhaustiveness, num_modes, and the number of independent runs on 
docking accuracy and computational cost was evaluated. This analysis 
identified an efficient parameter set for the systems under study, namely 
exhaustiveness = 16, num_modes = 10, and number of runs = 3. Increasing 
these values did not produce substantially different binding poses and only led 
to a higher computational cost. 
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Using the optimized parameter set, a total of 540 poses were generated per 
ligand@GO combination, resulting in approximately 86000 poses for GOX8-
P935 and REGOX8-P980 systems combined. While a structural clustering 
analysis of the generated poses and initial ligands was considered to evaluate 
the frequency and diversity of binding modes, the extreme scale of the virtual 
screening campaign and the structural redundancy of the studied drug scaffolds 
prioritized a high-throughput logic. Therefore, a preliminary filtering step was 
applied by retaining only the best-scoring pose for each Vina box and each run, 
such that 2880 poses were ultimately selected for refinement via AA-MD. 
 
Each EC@GO complex was solvated in a cubic box of TIP3P water, ensuring 
a minimum distance of 20 Å between any solute atom and the box edge. System 
neutrality was achieved by adding Na+ counterions. Energy minimization was 
performed in two stages: 5000 steps of steepest-descent followed by 5000 steps 
of conjugate-gradient minimization. 
 
The systems were then equilibrated under NVT and NPT ensembles for 1 ns 
each prior to production runs, which consisted of 180 ns of simulation in total 
(10 ns for each of 18 selected poses). As further rationalized in the concluding 
chapter, this deliberately short 10 ns timescale per pose was necessary to 
prevent diffusion-induced pose convergence. Extended simulations would have 
caused ligands to drift across the basal plane and collapse into redundant 
energy minima, thus defeating the purpose of comprehensively and forcefully 
sampling the heterogeneous GO surface. Therefore, this timeframe allowed for 
essential local structural relaxation while preserving the macroscopic spatial 
distribution generated by the initial grid-based docking. Simulations were 
conducted under constant temperature and pressure conditions to ensure 
adequate sampling, with periodic boundary conditions applied throughout all 
stages. 
 
Equilibration and production simulations were carried out with a 2 fs 
integration time step. The temperature was maintained at 298 K using a 
Langevin thermostat with a collision frequency of 1 ps-1, while the pressure was 
controlled at 1 bar under isotropic conditions. All covalent bonds involving 
hydrogen atoms were constrained using the SHAKE algorithm. The resulting 
trajectories comprised 1000 frames each and were post-processed with cpptraj 
[182], including trajectory wrapping and alignment. Solvent molecules and 
counterions were removed to reduce data volume, yielding an overall dataset 
of approximately 2 TB corresponding to ~29 μs of MD simulation time. 
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3.3 Results 
 
3.3.1 Rationale for selection of binding affinity protocol 
 
The initial investigation was centered on GOX8-P935, which is the most 
soluble variant within the GO-DB library. The binding affinity of each 
EC@GOX8-P935 complex was evaluated using the MM-GBSA method in 
combination with the Onufriev-Bashford-Case Generalized Born Model II (IGB 
= 5) [177]. This particular implicit solvation model was adopted to maximize 
the transferability of the computational protocol: IGB = 5 is widely regarded 
as a reference standard for protein molecular dynamics simulations [183,184], 
and its use here provides a consistent thermodynamic framework that enables 
direct comparison between the present environmental screening and future 
simulations involving graphene oxide-protein interfaces. 
 
Note that for each ligand, the reported binding free energy corresponds to the 
unweighted mean value obtained from the 18 independent trajectories. While 
this approach implicitly assumes equal probability for all poses to map the 
macroscopic interaction propensity across the whole material, it was 
implemented for two principal practical reasons. First, with respect to surface 
heterogeneity, sampling the entire GO surface inherently incorporates the 
material’s topological and chemical diversity. The averaged binding energy 
thus represents a statistical ensemble of adsorption events, spanning high-
affinity hotspots as well as less favorable sites, and therefore yields a more 
realistic estimate of the global interaction propensity than would be obtained 
from a single local minimum. Second, regarding stereochemical convergence, 
the computed binding affinities do not exhibit substantial divergence among 
different stereoisomers. This observation indicates that the initial docking 
optimization reliably identifies stable binding modes regardless of chirality, and 
that each stereoisomer adjusts its conformation to the GO surface with only 
minor energetic differences. 
 
To further validate this second assumption and to quantitatively assess the 
influence of stereochemistry on binding affinity, box plots were constructed for 
each ligand. Figure 12 presents the distribution of binding affinities for 
ofloxacin and heptachlor across the simulated trajectories. For both 
compounds, the median binding energies associated with the distinct 
stereoisomers display no appreciable deviation, indicating that the 
stereochemical configuration does not induce a pronounced shift in binding 
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preference under the examined conditions. Moreover, the broad dispersion of 
the data is primarily attributable to the distinct energetic profiles of the 18 
different docking poses on the graphene surface. This finding supports the 
conclusion that the specific adsorption position and molecular orientation on 
the sheet exert a greater influence on binding energy than the stereochemical 
configuration itself (first assumption). 
 

 
Figure 12: Comparison of binding affinities among stereoisomers. Box plots illustrating binding 
affinities for the stereoisomers of (A) bis(2-ethylhexyl) phthalate (DEHP), (B) ofloxacin, and (C) 
heptachlor. Notably, the median binding energy remains relatively stable across the different 
stereochemical configurations for each compound, indicating comparable interaction profiles regardless of 
stereochemistry. 

 
Once the comparable behavior of the stereoisomers had been established, each 
EC@GO complex was ranked according to its binding affinity. However, 
although MM-GBSA is a widely used and reliable method for ligand ranking 
[185], it is known to overestimate absolute binding affinities because it does 
not explicitly account for molecular size, with larger molecules displaying 
artificially enhanced interaction energies owing to their greater number of 
atomic contacts with the surface [184,186]. To mitigate this bias and obtain a 
more realistic description of the adsorption mechanism, the entropy 
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contribution (ΔS) of the system was evaluated by means of normal mode 
analysis [180,187]. 
 

 
Figure 13: Impact of conformational flexibility and steric bulk on binding affinity. 
Comparison between standard GBSA and NMODE-corrected binding free energies. Major entropic losses 
upon binding are primarily driven by pronounced molecular flexibility (e.g., bezafibrate and atorvastatin) 
or substantial steric bulk (e.g., clarithromycin). 

 
The impact of entropic contributions becomes particularly evident when 
examining the highest-ranked ligands. Complexes that exhibit the largest 
entropic penalties are characterized either by pronounced conformational 
flexibility, as in the cases of bezafibrate and atorvastatin, or by substantial 
steric bulk, as exemplified by clarithromycin. This behavior is clearly 
illustrated by the Ligand Efficiency (LE) analysis presented in Figure 14. 
Defined as 𝐿𝐸 = ∆G

𝑁𝐻𝐴
, where 𝑁𝐻𝐴 denotes the number of heavy atoms, ligand 

efficiency provides a size-normalized descriptor of binding affinity [188]. 
Because a more negative binding free energy (Δ𝐺) reflects a more 
thermodynamically stable complex, more negative LE values indicate superior 
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binding efficiency on a per heavy atom basis. This metric is therefore essential 
for discriminating ligands that achieve high affinity via optimized, specific 
interactions from those that appear potent primarily due to an increase in 
molecular size [189–191]. 
 
A comparative analysis of the enthalpy-only energy landscape with the 
entropy-corrected results corroborates the aforementioned conclusion: 
explicitly accounting for conformational degrees of freedom acts as a filter that 
disfavors larger and more flexible compounds. As depicted in the scatter plots, 
where larger marker sizes correspond to higher molecular weight, these bulky 
ligands generally display inferior ligand efficiency (as indicated by the color 
scale shifting towards red). Incorporation of entropic contributions thus 
prevents such molecules from attaining spuriously high rankings solely as a 
consequence of their size. 
 

 
Figure 14: Impact of molecular weight and lipophilicity on ligand efficiency. Scatter plots 
correlating (A) binding enthalpy and (B) Gibbs free energy with compound lipophilicity (XLOGP). 
Each data point represents a specific complex, where the marker size is directly proportional to the 
compound’s molecular weight. The color gradient reflects the Ligand Efficiency (LE), ranging from 
excellent (green) to poor (red): bulkier ligands (larger dots) predominantly exhibit inferior ligand 
efficiency. 

 
Up to this point, the reported results have been obtained using the GB-OBC 
II model. However, given that GO constitutes a non-biological interface with 
physicochemical properties that differ substantially from those of conventional 
protein targets, the impact of alternative GB solvation models was 
systematically investigated. Figure 15 presents a heatmap of the binding free 
energies for the 53 EC@GOX8-P935 complexes analyzed, colored according to 
their ΔG values, thereby illustrating how the selection of the solvation model 
modifies the energetic ranking: the significant variations in binding free 
energies and rankings highlight a strong model dependency, which is a known 
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limitation of approximate continuum models when applied to highly charged 
interfaces. Consequently, absolute energy values must be interpreted with 
caution, and only macroscopic trends consistent across models should be 
considered robust. 
 
Inspection of the heatmap supports the exclusion of the GBn models (IGB = 
7 and IGB = 8). These models, developed by Mongan, Simmerling, 
McCammon, Case, and Onufriev [192] and later refined [193], incorporate a 
pairwise correction term to GB-HCT to approximate a surface dielectric 
boundary, specifically aimed at eliminating interstitial high-dielectric regions 
smaller than a solvent molecule. This correction is applied to all atoms and is 
explicitly dependent on geometry, surpassing the geometry-independent, 
average rescaling strategy of GB-OBC, which predominantly influences buried 
atoms. In the present system, GBn produced physically inconsistent results for 
perfluorinated compounds such as PFOA and PFOS. Experimental evidence 
indicates that these anionic surfactants experience electrostatic repulsion from 
the negatively charged GO surface [194,195]; in contrast, IGB = 7 and 8 
erroneously rank them among the favorable binders (e.g., PFOA ≈ −8 
kcal/mol), indicating a failure to correctly estimate either the de-solvation 
penalty or the electrostatic repulsion component. 
 
With respect to earlier GB models, the Onufriev-Bashford-Case model I (IGB 
= 2) is rarely employed in contemporary simulation protocols. As the precursor 
of OBC2 (IGB = 5), it does not include the more refined empirical corrections 
to effective atomic radii and surface tension that characterize the newer model 
and generally behaves as a transitional parametrization, offering no clear 
advantage for the present graphene oxide system. 
 
The Hawkins-Cramer-Truhlar model (IGB = 1) [196], in contrast, induces a 
pronounced rearrangement of the binding affinity ranking, strongly favoring 
positively charged compounds (e.g., azithromycin, clarithromycin). Although 
IGB = 1 is often regarded as less accurate for proteins owing to its simplified 
treatment of salt screening [177], this behavior may more faithfully reflect the 
physicochemical reality of the GO interface. As a matter of fact, graphene 
oxide exhibits a markedly negative zeta potential (approximately -40 mV at 
neutral pH) [197–199], primarily due to the deprotonation of surface carboxyl 
groups. Accordingly, the strong electrostatic attraction of cationic pollutants 
predicted by IGB = 1 is theoretically consistent. If corroborated by subsequent 
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experimental studies, IGB = 1 could prove particularly suitable for modelling 
specific GO-cation interactions. 
 
Nevertheless, for the sake of methodological consistency in this study, IGB = 
5 (OBC2) was retained as the optimal generalized Born model. This 
parametrization yields a balanced estimation of solvation energetics, accurately 
capturing the low binding affinity of anionic molecules while providing a robust 
and reproducible solvation reference that facilitates direct comparison with 
future protein-GO simulation studies. 
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Figure 15: Impact of GB solvation models on binding affinity rankings. The variations in the 
energetic profiles highlight significant model-dependent behaviors, particularly regarding the handling of 
highly anionic (e.g., PFOA, PFOS) and cationic (e.g., azithromycin, clarithromycin) compounds at the 
GO interface. 
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3.3.2 Final ranking and focus on selected contaminants 
 
The final ranking of all the 53 complexes mediated across their respective 
stereoisomers is shown in Figure 16. 
 
The computational evaluation of adsorption free energies on GOX8-P935 
establishes a distinct hierarchy of affinities, with the 15 highest-ranking 
candidates exhibiting ΔG values spanning from -12.1 kcal/mol for 
benzo(a)pyrene to -7.0 kcal/mol for 17α-ethinylestradiol. This upper subset 
comprises a chemically heterogeneous set of high-concern contaminants, 
including planar polycyclic aromatic hydrocarbons such as benzo(a)pyrene, 
whose leading position is consistent with strong hydrophobic and dispersive 
interactions that phenomenologically reproduce planar π-π stacking stacking-
like geometries, as well as commercially significant pharmaceuticals and 
industrial plasticizers that are classified as Priority Hazardous Substances 
under the EU Water Framework Directive (WFD) [200]. 
 
Importantly, this thermodynamic ordering is congruent with experimentally 
established trends reported in the literature; for example, the higher predicted 
affinity of ciprofloxacin (rank 6, -8.6 kcal/mol) relative to its structural 
analogue ofloxacin (rank 10, -7.8 kcal/mol) is in agreement with documented 
sorption behavior [201]. Moreover, the model accurately predicts unfavorable 
or weak interactions for contaminants such as perfluorooctanoic acid (PFOA; 
0.6 kcal/mol) and perfluorooctanesulfonic acid (PFOS; 1.3 kcal/mol), as well 
as for small polar molecules including bisphenol A (-3.0 kcal/mol) and caffeine 
(-2.4 kcal/mol). These predictions are consistent with literature reports 
indicating that such species, particularly anionic polyfluoroalkyl substances 
and highly hydrophilic compounds, frequently require adsorbents based on 
reduced graphene oxide or amino acid-functionalized GO to sufficiently 
mitigate electrostatic repulsion and improve hydrophobic interactions 
[65,197,202,203]. 
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Figure 16: Binding free energy ranking of the screened priority contaminants. The 
computational ranking establishes a distinct affinity hierarchy, successfully identifying strong binders 
among priority hazardous substances while correctly predicting the poor adsorption of highly polar or 
anionic species. The net charge of each pollutant is reported in brackets. 
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Based on these findings and prioritizing the representation of diverse chemical 
families rather than a strict adherence to the energetic ranking, bis(2-
ethylhexyl) phthalate (DEHP), atorvastatin, and chlorpyrifos were selected as 
the primary analytes for detailed investigation. 
 
DEHP (rank 2, -10.8 kcal/mol) was chosen as a representative industrial 
compound and presents a distinct steric challenge due to its commercial 
occurrence as a complex mixture of stereoisomers. Atorvastatin (Rank 3, -10.6 
kcal/mol) was selected as the pharmaceutical representative. Unlike lower 
molecular weight drugs such as diclofenac (rank 13, -7.3 kcal/mol), this high 
molecular weight statin constitutes a pseudo-persistent lipophilic contaminant 
that is marketed as a single, well-defined (3R,5R)-enantiomer, thereby enabling 
the systematic exploration of stereospecific adsorption phenomena. Finally, the 
inclusion of chlorpyrifos (rank 12, -7.4 kcal/mol) ensures coverage of 
organophosphate pesticides: currently under consideration for prioritization in 
the ongoing WFD revision, this molecule introduces distinct heteroatomic 
interactions involving chlorine, phosphorus, and sulfur, which are 
mechanistically different from those governing the adsorption of the primarily 
aromatic or pharmaceutical compounds described above. 
 
BIS(2-ETHYLHEXYL) PHTHALATE 
Bis(2-ethylhexyl) phthalate (DEHP) is a high molecular weight phthalate ester 
and one of the most extensively used plasticizers in the global polymer 
industry, predominantly employed to confer flexibility and durability to 
polyvinyl chloride (PVC)-based materials, including medical devices, consumer 
products, and construction components. Structurally, DEHP comprises a 
benzene-1,2-dicarboxylic acid core (phthalic acid) esterified with two branched 
2-ethylhexanol moieties. This specific architecture confers pronounced 
hydrophobicity (logP ≈ 7.4) and extremely low aqueous solubility (0.003 mg/L 
at 25 °C), physicochemical properties that critically determine its 
environmental fate and transport [204]. 
 
A key factor underlying the environmental relevance of DEHP is its mode of 
incorporation into PVC matrices: it is physically blended rather than 
covalently bound to the polymer backbone. As a result, DEHP can 
continuously migrate and leach from finished products into surrounding media 
via volatilization, abrasion, and release into wastewater, among other processes 
[205]. Because this continuous and widespread emission outpaces its natural 
degradation rates, DEHP maintains constant environmental background 
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concentrations and is therefore classified as a pseudo-persistent organic 
contaminant. Following its emission into aquatic environments, it exhibits a 
strong propensity to adsorb to suspended particulate organic matter and 
sediments. This partitioning reduces its bioavailability in the dissolved phase 
but simultaneously contributes to long term environmental persistence by 
limiting exposure to conventional degradation pathways [204,206,207]. 
 
From a toxicological perspective, DEHP is a well-established endocrine-
disrupting chemical (EDC) associated with reproductive and developmental 
toxicity across multiple species. It primarily exerts anti-androgenic effects by 
interfering with androgen biosynthesis, notably via disruption of testosterone 
production [208,209]. Mechanistically, DEHP and its principal bioactive 
metabolite, mono(2-ethylhexyl) phthalate (MEHP), act as ligands for 
peroxisome proliferator-activated receptors (PPAR-α and PPAR-γ). 
Activation of these nuclear receptors is mechanistically linked to peroxisome 
proliferation and hepatocarcinogenesis in rodent models [210,211], supporting 
the classification of DEHP by the International Agency for Research on Cancer 
(IARC) as possibly carcinogenic to humans (Group 2B) [212,213]. In addition 
to PPAR-mediated pathways, emerging evidence implicates non-PPAR 
mechanisms, including the induction of oxidative stress, disruption of redox 
homeostasis, and epigenetic modifications (e.g., DNA methylation and histone 
modification changes), all of which are associated with adverse outcomes for 
fertility, embryonic development, and fetal growth [214,215]. 
 
In light of its hazardous properties, including endocrine-disrupting potential, 
reproductive toxicity, and environmental persistence, DEHP is subject to 
stringent regulatory control. Within the European Union, it is designated as a 
Priority Hazardous Substance under the Water Framework Directive and is 
listed as a Substance of Very High Concern (SVHC) under the REACH 
(Registration, Evaluation, Authorization and Restriction of Chemicals) 
regulation, reflecting the need for its progressive substitution and strict risk 
management [216]. 
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Figure 17: Top 15 binders with individual stereoisomers. All three generated stereoisomers of 
bis(2-ethylhexyl) phthalate (SR, RR, and SS) consistently position themselves at the top of the hierarchy 
alongside benzo(a)pyrene, confirming strong and stable binding affinities regardless of their spatial 
configuration. The net charge of each pollutant is reported in brackets. 

 
Immediately following the polyaromatic compound benzo(a)pyrene, bis(2-
ethylhexyl) phthalate displays a distinctively robust adsorption profile, with 
all three stereoisomers (SR, RR, and SS) occupying high ranking positions 
(ranks 2, 4, and 5; Figure 17). This observation highlights the pronounced 
geometric adaptability of this plasticizer, largely independent of the absolute 
configuration at its chiral centers. The adsorption process is predominantly 
governed by non-specific dispersive interactions, reflected in a substantial van 
der Waals (VdW) contribution of -32.3 kcal/mol. At the structural level, this 
is achieved through a dual-anchor binding mode, in which the aromatic 
phthalate core engages in π-π stacking-like interactions with the graphene 
lattice, while the two bulky, branched 2-ethylhexyl substituents extend over 
the basal plane to maximize hydrophobic contact area. 
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Figure 18: Binding analysis of bis(2-ethylhexyl) phthalate (DEHP). (A) 2D chemical structure 
of DEHP. (B) Breakdown of the binding free energy components. (C) 3D representation of the best 
binding pose on the GO surface (left) and a magnified view (right) highlighting key non-covalent contacts. 
The main binding driving forces are Van der Waals interactions via 𝜋-𝜋 stacking-like alignment of the 
central aromatic ring and widespread hydrophobic interactions of the aliphatic chains, which successfully 
compensate for the significant entropic penalty associated with the molecule’s high flexibility. Water and 
ions were removed for visual clarity. 

 
From an electrostatic standpoint, the net contribution is unfavorable 
(approximately 6.3 kcal/mol), indicating that the polar ester functionalities do 
not constitute the primary driving force for adsorption as the energetic penalty 
associated with de-solvation of these groups exceeds any compensating 
electrostatic attraction to the surface. Moreover, the similarity in binding 
energies among the three stereoisomers suggests that the conformational 
flexibility of the alkyl chains effectively mitigates potential steric constraints 
imposed by the chiral centers. This adaptive reorganization, however, incurs a 
pronounced entropic penalty (approximately -17.0 kcal/mol), consistent with 
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the loss of conformational freedom of the aliphatic tails upon anchoring to the 
graphene surface. 
 

 
Figure 19: Interaction fingerprint of the DEHP@GO complex. The branched alkyl chains 
minimize steric strain by interacting with the carbon atoms of epoxide rings and basal domains. 
Interactions with hydroxyl (red) and carboxylate (green) functionalities further support a geometric 
model where the bulky ligand prioritizes the material’s perimeter or defect sites. 

 
To obtain a more granular view of these contributions, the interaction 
fingerprint analysis provides a detailed decomposition of the contact interface 
arising from the fragment-based parametrization of the GO model (Figure 19). 
The resulting spectrum exhibits a multimodal distribution, with contributions 
from the basal sp2 plane (blue bars) and epoxide groups (grey bars) indicating 
extensive surface coverage by the branched alkyl chains. Closer examination of 
the epoxide signals supports the proposed geometric binding model: the 
lipophilic tails minimize direct contact with the protruding oxygen atoms and 
instead interact preferentially with the carbon atoms of the epoxide rings, 
thereby exploiting local lattice distortions (buckling) to maximize dispersive 
adhesion.  
 
Analogously to the epoxide groups, the prominent peaks associated with 
surface hydroxyl functionalities (red bars) arise predominantly from 
interactions with partially positively polarized carbon atoms within hydroxyl-
rich regions and do not correspond to the formation of directional hydrogen 
bonds.  
 
Furthermore, the interaction with edge carboxylate groups (green bars) 
demonstrates that the molecule preferentially occupies sheet boundaries or 
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defect sites. However, the lipophilic phthalate interacts mainly with the basal 
carbon framework associated with these edge groups, rather than with the 
anionic COO⁻ termini. This edge selectivity enables the bulky molecule to 
reduce steric strain on the flat basal plane while taking advantage of the 
structural defects and accessible carbon scaffolds present at the material’s 
perimeter. 
 
ATORVASTATIN 
Atorvastatin is a fully synthetic inhibitor of 3-hydroxy-3-methylglutaryl 
coenzyme A (HMG-CoA) reductase belonging to the statin class and is 
currently among the most frequently prescribed pharmaceuticals worldwide for 
the treatment of hypercholesterolemia and the reduction of cardiovascular risk 
[217]. From a chemical standpoint, it is a high molecular weight (558.6 g/mol) 
heptanoic acid derivative featuring a characteristic fluorophenyl substituent 
and multiple fused and non-fused aromatic rings. In contrast to smaller, more 
polar pharmaceuticals such as diclofenac, atorvastatin exhibits pronounced 
lipophilicity (logP ≈ 6.3) and very low aqueous solubility. At environmentally 
and physiologically relevant pH values, atorvastatin is present predominantly 
in its anionic form (pKa ≈ 4.5). Unlike many industrial contaminants that are 
marketed as racemic mixtures, atorvastatin is manufactured and used 
exclusively as the single (3R,5R)-enantiomer [218]. 
 
Due to its extensive global consumption and incomplete biotransformation in 
humans and other organisms, atorvastatin behaves as a pseudo-persistent 
organic contaminant in aquatic environments. It is routinely detected in 
wastewater treatment plant effluents and in receiving surface waters at 
concentrations sufficient to elicit chronic toxic effects in aquatic biota [219,220]. 
These effects are primarily associated with the disruption of lipid biosynthesis 
pathways in non-target organisms and encompass a range of severe 
physiological impairments, including oxidative stress, reproductive 
dysfunction, and histological evidence of muscle damage (myotoxicity) in both 
fish and invertebrate species [221,222]. As a result of these concerns, 
atorvastatin has been included on the U.S. Environmental Protection Agency’s 
Contaminant Candidate List (CCL) and is subject to increasing regulatory and 
scientific scrutiny within the European Union, thereby constituting a high 
priority target for the development and implementation of advanced tertiary 
wastewater treatment technologies [12,223]. 
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Figure 20: Binding analysis of Atorvastatin. (A) 2D chemical structure of atorvastatin. (B) 
Breakdown of the binding free energy components. (C) 3D representation of the best binding pose on 
the GO surface (left) and a magnified view (right) highlighting key non-covalent contacts. The main 
binding driving forces are Van der Waals interactions via 𝜋-𝜋 stacking, hydrophobic interactions and a 
well-defined hydrogen bonding network. Water and ions were removed for visual clarity. 

 
Detailed structural analysis of the atorvastatin@GO complex indicates that the 
binding mechanism is predominantly governed by hydrophobic and van der 
Waals interactions, as quantitatively evidenced by the dominant van der Waals 
contribution of -32.2 kcal/mol. At the molecular level, this high binding affinity 
is primarily attributed to the phenylcarbamoyl moiety, which engages in a 
stable π-π stacking-like interaction with the unoxidized sp2 domains of the GO 
lattice. In parallel, the bulky isopropyl substituent enhances dispersive 
interactions by increasing the effective contact area, in conjunction with the 
aliphatic heptanoic acid chain. 
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This strong surface adhesion is associated with a considerable thermodynamic 
penalty in terms of conformational entropy, with the complex exhibiting an 
entropic contribution of approximately -18.3 kcal/mol. The entropic loss is 
attributable to the restriction of conformational flexibility of atorvastatin upon 
adsorption: the highly flexible dihydroxyheptanoic acid side chain and the 
rotatable isopropyl group, which display mobility in bulk solution, become 
constrained into a relatively rigid, surface-bound conformation to optimize 
intermolecular contacts. 
 
Despite this entropic cost, the pharmaceutical establishes a well-defined 
hydrogen bonding network, driven by the specific stereochemical arrangement 
of the drug’s hydroxyl groups and the terminal carboxylate anion, which act 
as hydrophilic anchors forming directional bonds with the oxygenated GO 
edges. However, the localized stabilizing effect of these interactions is 
ultimately overwhelmed by the global electrostatic repulsion between the 
atorvastatin anion and the highly negatively charged surface of the graphene 
oxide. As a result, the net electrostatic contribution is destabilizing, amounting 
to approximately 5.3 kcal/mol. 
 
Consistent with these observations, interaction fingerprint analysis (Figure 21) 
reveals a clear functional specialization among the surface groups. The resulting 
interaction profile displays high-intensity peaks associated with surface 
hydroxyls, pinpointing the primary sites responsible for the strong, directional 
hydrogen bonds described above. In contrast, the broad distribution of 
favorable contacts with epoxide groups reflects a more subtle geometric mode 
of interaction: instead of engaging directly with the epoxide oxygen atoms, the 
ligand interacts predominantly with the carbon atoms of the epoxide ring. 
Because the epoxide oxygens often protrude toward the opposite face of the 
basal plane or are sterically shielded, atorvastatin preferentially aligns along 
the exposed, electron-deficient carbons of these strained rings. In doing so, it 
exploits the local sp3-induced buckling of the GO lattice to maximize dispersive 
adhesion. 
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Figure 21: Interaction fingerprint of the atorvastatin@GO complex. High-intensity peaks 
associated with surface hydroxyls (red) dictate specific hydrogen bond formation, and broader epoxide 
signals (grey) reflect dispersive interactions driven by the ligand’s alignment with sp3-hybridized buckled 
regions of the carbon lattice. 

 
Finally, with respect to the specific contribution of the halogen substituent, 
the fluorophenyl moiety does not engage in direct coordination or adsorption 
onto the surface but instead remains oriented toward the bulk solvent phase. 
Simultaneously, the remaining aromatic rings adopt a staggered conformation 
to alleviate steric congestion. This arrangement delineates a binding mode 
governed by an equilibrium between the maximization of π-mediated surface 
interactions and the minimization of steric repulsion. 
 
CHLORPYRIFOS 
Chlorpyrifos is a broad-spectrum organophosphate insecticide that, until 
recently, represented a key component of global agricultural pest control 
strategies. From a structural perspective, it is an achiral thiophosphoric acid 
ester bearing a trichlorinated pyridinyl moiety. This specific pattern of 
halogenation, together with the central phosphorus-sulfur functional group, 
confers moderate lipophilicity (logP ≈ 5) and low aqueous solubility (~1.4 
mg/L) [224]. These physicochemical properties promote preferential sorption 
to organic sediments and suspended particulate matter rather than partitioning 
into the dissolved aqueous phase [225,226]. 
 
From a toxicological standpoint, chlorpyrifos is a potent neurotoxicant that 
exerts its primary mode of action through irreversible inhibition of 
acetylcholinesterase (AChE). This effect is frequently enhanced in vivo by 
oxidative desulfuration to its more toxic oxon metabolite, chlorpyrifos-oxon, 
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which exhibits a higher affinity for AChE and results in sustained cholinergic 
overstimulation in non-target organisms. Growing toxicological and 
epidemiological evidence has associated chlorpyrifos exposure, even at 
relatively low doses, with genotoxic effects and developmental neurotoxicity in 
humans [225,227–230]. 
 
In response to these concerns, the regulatory status of chlorpyrifos has 
undergone substantial revision. In 2020, the European Commission adopted 
Implementing Regulation (EU) 2020/17, which non-renewed the approval of 
chlorpyrifos, effectively prohibiting its use within the European Union [231]. 
Nevertheless, its environmental persistence, continued detection in agricultural 
runoff, and accumulation in environmental compartments sustain its relevance 
as a contaminant of emerging concern. Accordingly, chlorpyrifos has been 
identified as a candidate substance for inclusion in the Priority Substances list 
under the ongoing revision of the EU Water Framework Directive, a status 
that implies the need for advanced treatment and remediation technologies to 
achieve the proposed ultra-low Environmental Quality Standards (EQS) [232]. 
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Figure 22: Binding analysis of chlorpyrifos. (A) 2D chemical structure of chlorpyrifos. (B) 
Breakdown of the binding free energy components. (C) 3D representation of the best binding pose on 
the GO surface (left) and a magnified view (right) highlighting key non-covalent contacts. The parallel 
orientation of the 3,5,6-trichloro-2-pyridinyl ring facilitates 𝜋-𝜋 stacking alignments, alongside secondary 
hydrophobic stabilization provided by the ethyl substituents. Water and ions were removed for visual 
clarity. 

 
Consistent with previous findings, the adsorption profile of chlorpyrifos is 
governed predominantly by non-specific dispersive interactions, as indicated 
by a van der Waals contribution of -25.1 kcal/mol. The geometric core of this 
interaction is the 3,5,6-trichloro-2-pyridinyl ring, which adopts an orientation 
parallel to the basal plane, thereby promoting pronounced π-π stacking, while 
the ethyl substituents of the phosphate group furnish additional, secondary 
stabilization through non-specific contacts with the GO surface. Consequently, 
the three chlorine atoms substituting the aromatic ring are positioned parallel 
to the graphene plane, which effectively prevents their involvement in specific, 
directional bonding interactions.   
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From an electrostatic standpoint, the overall contribution is slightly 
unfavorable, with a net value of approximately 4.1 kcal/mol, confirming that 
adsorption is not driven by electrostatic forces as the modest favorable 
electrostatic attraction is offset by the energetic penalty associated with de-
solvation of the polar phosphorothioate moiety. Finally, NMODE analysis 
yields an entropic penalty of -14.5 kcal/mol, indicative of a loss of 
conformational freedom, particularly of the rotatable phosphoester bonds, 
required to immobilize the conformationally flexible pesticide on the GO 
surface. 
 

 
Figure 23: Interaction fingerprint of the chlorpyrifos@GO complex. The multimodal fingerprint 
highlights the strong preference of the pesticide for 𝜋-𝜋 stacking of the aromatic ring on non-oxidized 
graphitic domains, with epoxides and hydroxyls contributing only marginally. 

 
Similarly to the interaction profile of DEHP, the chlorpyrifos fingerprint 
(Figure 23) is predominantly characterized by contacts with the basal sp2-
hybridized carbon plane. The high density and amplitude of these peaks 
indicate that the aromatic trichloropyridine ring preferentially resides above 
the non-oxidized graphitic domains of the lattice, thereby maximizing π-π 
stacking and dispersive (van der Waals) interactions. Although favorable 
contacts with epoxide functionalities and hydroxyl groups are also detected, 
their frequency is comparatively lower than those associated with the basal 
carbon signal. This distinctive interaction pattern supports the proposed 
binding model: chlorpyrifos adsorption is primarily governed by the 
intercalation and planar alignment of its aromatic core with the extended 
carbon framework, whereas oxygenated functional groups contribute only 
secondarily and incidentally to the overall adsorption mechanism. 
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3.3.3 Comparison with REGOX8-P980 
 
The same protocol was applied to the reduced graphene oxide (rGO) REGOX8-
P980, selected as it is most frequently employed in subsequent surface 
functionalization studies. Analysis of the top 15 complexes indicates an overall 
more favorable binding affinity for the reduced surface (Figure 24): 
 

 
Figure 24: Influence of graphene oxide reduction on binding thermodynamics. While the 
entropic cost remains relatively stable regardless of the surface (middle panel), REGOX8-P980 provides 
significantly larger enthalpic stabilization (left panel) due to the restored graphitic domains which 
promote stronger hydrophobic interactions. 

 
Decomposing the free energy into its thermodynamic components reveals that 
this enhanced affinity is almost exclusively enthalpy driven. As expected, the 
entropic penalty remains largely comparable between the oxidized (GOX8-
P935) and reduced (REGOX8-P980) systems, reflecting similar losses in the 
GOs degrees of freedom upon binding. In contrast, the enthalpic term exhibits 
a marked increase in magnitude (more negative values) for the REGOX 
system. This enthalpic gain can be mainly attributed to the restoration of the 
basal sp2 carbon, which provides a larger, uninterrupted and regular 
hydrophobic surface area, thereby maximizing van der Waals forces and 
stacking interactions. Consequently, while the general binding tendency 
improves, the final thermodynamic ranking of the molecule’s shifts depending 
on the surface composition and geometry. Some molecules, such as bis(2-
ethylhexyl) phthalate, pyrene and benzo(a)pyrene, maintain a high affinity for 
both systems. Given their neutral nature, the adsorption mechanism for these 
compounds is heavily dominated by hydrophobic interactions, in which the 
aromatic ring systems, alongside bulky non-polar aliphatic chains, maximize 
surface contact with the restored sp2 carbon domains [233].  
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Figure 25: Structural impact of surface functionalization on graphene oxide topology. (A) 
The extensive presence of epoxides and hydroxyls on the GOX8 surface causes severe lattice distortion, 
creating a corrugated and jagged interface. (B) The partial removal of these functional groups in the 
REGOX8 system restores a more continuous, planar carbon framework, facilitating extended π-π stacking 
interactions. 

 
However, the transition to the reduced surface disproportionately favors 
specific positively charged compounds, namely azithromycin and propranolol. 
This improvement is primarily driven by geometric factors. For propranolol, 
similar to other predominantly aromatic molecules, its aromatic ring can align 
optimally and lay flat against the restored, planar sp2 domains of the REGOX 
surface. In contrast, the highly functionalized GOX surface is much more 
corrugated and jagged, structurally disrupting this ideal planar contact 
[199,234]. For azithromycin, the geometric accommodation is twofold: not only 
does the bulky drug position itself more favorably on the flatter reduced 
surface, but it also identifies an optimal binding pocket where it establishes 
multiple hydrogen bonds that are sterically hindered or partially absent on the 
GOX model. 
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Figure 26: Impact of surface topology on the binding geometry and energetics of 
azithromycin and propranolol. Atomistic representations and thermodynamic breakdowns for (A) 
azithromycin and (B) propranolol adsorbed onto GOX (left) and REGOX (middle) models. Structurally, 
the planar domains of REGOX allow propranolol to lay flat and enable azithromycin to secure a sterically 
unhindered binding pocket for optimal hydrogen bonding, effectively overcoming the limitations imposed 
by the corrugated GOX interface. 

 
Despite these geometric rationalizations, the massive enthalpic gain observed 
for azithromycin remains somewhat counterintuitive. Given its positive net 
charge, one would expect a stronger electrostatic attraction, and consequently 
a higher binding affinity, toward the heavily oxygenated GOX surface, which 
experimentally possesses a much more negative zeta potential [197–199]. 
 
This discrepancy between the expected electrostatic behavior and the 
calculated interaction energy likely stems from the inherent limitations of the 
in silico model itself, specifically its reliance on the random Lerf-Klinowski 
model [53]. Because this approach distributes functional groups randomly 
across the basal plane and edges, a single simulated sheet represents only one 
of countless possible surface microstates. Therefore, a prospective solution for 
future studies would involve averaging the thermodynamic results not only 
across multiple binding poses on a single nanosheet, but also across an ensemble 
of different models generated for the exact same oxidation state. Varying the 
spatial distribution of defects and functional groups across multiple replicas 
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would yield a statistically robust average, far better representing the 
experimental macroscopic reality where thousands of inherently heterogeneous 
graphene sheets interact simultaneously. 
 
3.3.4 SAR analysis and topological profiling 
 
To transition from the evaluation of individual molecular insights to the 
elucidation of systemic adsorption rules, the computed binding free energies 
were coupled with a structural clustering analysis. The primary objective was 
to ascertain whether the thermodynamic behaviors observed for specific 
contaminants (e.g., DEHP, atorvastatin) were representative of broader 
chemical classes, or merely isolated cases. 
 
To achieve this, the entire molecular library was subjected to a topological 
profiling based on the computation of Morgan Fingerprints (radius 2, 1024 
bits). The resulting high-dimensional structural data was subsequently 
condensed using Multidimensional Scaling (MDS) [235,236] to visualize the 
chemical space, and partitioned into homogeneous families using the DBSCAN 
[237] density-based clustering algorithm. A stringent similarity threshold based 
on the Tanimoto distance [238,239] (> 0.4, 40% similarity) was imposed. This 
restrictive criterion was selected to prevent the artificial grouping of 
structurally dissimilar molecules, thereby ensuring the chemical purity and the 
thermodynamic consistency of the identified clusters. 
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Figure 27: 2D visualization of the structural diversity within the pollutant dataset. High-
dimensional topological data (Morgan fingerprints) was condensed using Multidimensional Scaling (MDS) 
and grouped via the DBSCAN algorithm based on Tanimoto similarity. Distinct chemical classes are 
differentiated by color, whereas structurally unique compounds that did not cluster are classified as grey 
singletons. Marker shapes indicate the net formal charge of each contaminant. 

 
As an inevitable consequence of this structural filtering, approximately 50% of 
the dataset did not cluster and was classified as singletons (in gray, Figure 27), 
representing structurally unique scaffolds rather than mere topological noise. 
This outcome does not indicate a methodological flaw of the DBSCAN 
clustering procedure but instead mirrors the chemical heterogeneity of the 
environmental library constructed for this study. Because the priority 
pollutants dataset comprises 53 substances spanning highly diverse therapeutic 
and industrial classes, specific molecular architectures – such as statins 
(atorvastatin), complex plasticizers (DEHP), or polycyclic musks (galaxolide) 
– naturally lack structural analogs within this focused sample. 
 
Notably, the isolation of these compounds into singletons perfectly corroborates 
the molecular analyses presented earlier. For instance, the dual-anchor binding 
mode of DEHP – relying on highly flexible, branched alkyl chains – and the 
complex, sterically demanding structure of atorvastatin are topologically 
unique within this library. Yet, precisely because of these highly specialized 
interaction patterns, these singletons feature some of the strongest binding 
affinities in the entire dataset (e.g., DEHP at -10.8 kcal/mol and atorvastatin 
at -10.6 kcal/mol). By isolating these unique compounds, the algorithm 
guarantees that the averaged thermodynamic properties reported for the multi-
molecule clusters represent genuine Structure-Activity Relationship (SAR) 
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trends, devoid of statistical artifacts induced by forced classifications. The 
integration of the clustering output with the MM-GBSA binding free energies 
allows for a comprehensive mapping of the adsorption hierarchy across distinct 
pharmacological classes. 
 

 

Figure 28: Average binding free energies across the identified chemical families on the 
GOX8-P935 surface. Values were computed using the NMODE-corrected MM-GBSA protocol (IGB 
= 5). Each bar represents the class average, while error bars denote the standard deviation within the 
cluster, reflecting the thermodynamic variance induced by different molecular scaffolds and heteroatomic 
patterns within the same family. Negative values indicate favorable adsorption, whereas positive values 
point toward electrostatic or steric repulsion. Classes are listed in alphabetical order. 

 
As visualized in Figure 28, the SAR analysis reveals disparities in the 
adsorption propensity of different chemical families on the highly oxygenated 
GOX8-P935 surface: 
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Polycyclic Aromatic Hydrocarbons (PAHs) and Fibrates: These 
classes represent the top-tier binders on the GOX surface. PAHs achieve the 
highest relative affinity (average -9.7 kcal/mol) through planar stacking 
interactions with the residual graphitic domains. Within this group, benzo-a-
pyrene emerges as the most potent binder in the entire library (-12.1 kcal/mol), 
benefiting from its extended aromatic system. Fibrates follow closely (average 
-8.2 kcal/mol), demonstrating that even moderately sized aromatic systems 
can achieve stable adsorption when coupled with favorable van der Waals 
contacts. 
 
Macrolide Antibiotics: Contrary to expectations based on size alone, the 
bulky macrolides show a much more moderate average affinity (-5.3 kcal/mol). 
Despite their high molecular weight (average 743.6 Da), their 3D complexity 
and sheer steric encumbrance hinder optimal contact with the highly 
functionalized GOX surface. The presence of dense oxygenated groups on the 
interface effectively creates a steric barrier that prevents these bulky structures 
from maximizing dispersive interactions, unlike the flat scaffolds of PAHs. 
 
Organophosphate Insecticides: This class exhibits a moderate average 
binding affinity (-5.5 kcal/mol). Within this cluster, chlorpyrifos (-7.4 
kcal/mol) outperforms diazinon (-3.6 kcal/mol), yielding a deviation from the 
cluster average of approximately ± 1.9 kcal/mol (Table 2). This internal 
variance is chemically justified by the topological differences between the two 
pesticides: while they share a thiophosphate core, the trichloropyridinyl ring of 
chlorpyrifos provides a more efficient stacking platform and additional halogen-
mediated interactions compared to the isopropyl-pyrimidinyl scaffold of 
diazinon. This demonstrates how the clustering approach not only groups 
structurally related compounds but also provides a quantitative framework to 
pinpoint intra-class deviations. 
 
Table 2: Intra-class thermodynamic variance within the Organophosphate Insecticides 
cluster. The table highlights the significant affinity gap between chlorpyrifos and diazinon on the GOX 
interface. The 𝛥 from Avg metric quantifies how specific topological features, such as the 
trichloropyridinyl ring in chlorpyrifos, enhance binding stability compared to the class average. 
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Perfluoroalkyl Substances (PFAS) and Penicillins: The clustering 
distinctly isolates highly electronegative and polar groups at the bottom of the 
affinity hierarchy. On the highly oxidized GOX surface, both penicillins and 
PFAS exhibit thermodynamically unfavorable, positive binding free energies 
(class averages of +0.4 and +0.9 kcal/mol, respectively). These results align 
with the previously discussed molecular insights: the dense array of surface 
carboxylates and epoxides exerts an overwhelming electrostatic repulsion 
against the anionic heads of PFAS (e.g., PFOS at +1.3 kcal/mol) and the 
highly polar, water-solvated structures of 𝛽-lactam antibiotics, effectively 
precluding stable adsorption. 
 

 

Figure 29: Comparative SAR analysis of the adsorption hierarchy on oxidized versus 
reduced graphene surfaces. Mean binding free energies are reported for the identified chemical classes 
on (A) the highly functionalized GOX8-P935 model and (B) the reduced REGOX8-P980 model. The 
side-by-side comparison captures the material’s transition from a selective, polar interface to a universal 
hydrophobic sponge. Notably, the restored planar topology of REGOX drives a dramatic affinity increase 
for bulky macrolides and enables the favorable adsorption of previously repelled species (PFAS and 
penicillins). Conversely, the depletion of surface oxygen sites penalizes classes reliant on specific hydrogen 
bonding, such as sulfonamides. Classes are listed in alphabetical order. 

 
Crucially, comparing the clustered affinities reveals how the removal of 
oxygenated functional groups on the reduced surface (REGOX8-P980) not only 
enhances the overall affinity for neutral and hydrophobic classes by restoring 
the sp2 carbon lattice, but it fundamentally alters the selectivity profile of the 
material. Consistent with the observations reported in the previous section 
(where the restored planar domains facilitated the optimal alignment of 
molecules like propranolol and azithromycin), the clustering data confirms this 



CHAPTER 3: VIRTUAL SCREENING 

 78 

trend on a macroscopic scale. As visualized in Figure 29, the planar topology 
of REGOX allows bulky classes like macrolides – which were previously 
hindered by the corrugated GOX interface – to maximize dispersive 
interactions, resulting in a thermodynamic jump that places them at the top 
of the affinity ranking alongside PAHs and fibrates. 
 
Furthermore, by neutralizing the repulsive electrostatic barrier, REGOX8-
P980 becomes capable of binding previously rejected classes like PFAS and 
penicillins, as they transition from thermodynamically unfavorable, positive 
free energies on GOX to favorable, negative values on REGOX. Conversely, 
classes reliant on specific hydrogen bonding networks, such as sulfonamides, 
experience a significant drop in affinity on the reduced model due to the 
depletion of surface oxygen sites, demonstrating the transformation of a highly 
selective, polar interface (GOX) into a more universal, hydrophobic sponge 
(REGOX). 
 
From an optimization perspective, this approach underscores that future 
computational screenings would greatly benefit from an expanded virtual 
library. Increasing the dataset size would naturally populate the current 
singletons, upgrading isolated data points into statistically robust clusters and 
further refining the predictive power of the SAR models for environmental 
remediation applications. 
 
3.3.5 Protocol optimization 
 
A final, essential evaluation of the computational protocol was performed to 
determine whether the binding affinity could be reliably estimated solely from 
the post-docking energy minimization step (Δ𝐺𝑚𝑖𝑛), thereby obviating the 
need for the computationally intensive trajectory-based free energy analysis. 
The comparative results demonstrate, however, that Δ𝐺𝑚𝑖𝑛 does not 
constitute a robust or systematic predictor of the final binding free energy, as 
the discrepancy between the energy-minimized pose and the trajectory-
averaged value exhibits substantial and non-systematic variability across 
distinct molecular scaffolds (Figure 30). 
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Figure 30: Comparison between trajectory-averaged and post-docking minimization binding 
affinities. The pronounced and irregular differences between the two methods across various compounds 
(e.g., the massive overestimation for atorvastatin compared to the stability of pyrene) highlight that 
energy-minimized poses alone are insufficient for a reliable thermodynamic ranking. The net charge of 
each pollutant is reported in brackets. 

 
This discrepancy is quantitatively corroborated by analyzing the subset of 
poses that consistently attain the highest rankings: only 30% of the poses 
predicted by the IGB5 model coincide with the MD-derived energetic minima, 
with lower levels of agreement observed for the other implicit solvation models.  
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Figure 31: Pose agreement percentage across different GB solvation models. The maximum 
agreement is observed for the IGB5 model, demonstrating that the vast majority of minimized poses fail 
to coincide with trajectory-averaged minima across all tested methodologies. 

 
This instability can be primarily ascribed to the intrinsically dynamic 
conformational landscape of the graphene oxide sheet, particularly the 
emergence of transient wrinkles and topological depressions (Figure 32) that 
are not captured by static energy minimizations performed on a rigid surface. 
Moreover, the temporal evolution of the interaction energy is highly ligand-
dependent, with the global minimum occurring over a broad range of 
simulation times, spanning from early equilibration (e.g., frame 100) to the late 
stages of the trajectory (e.g., frame 800), indicating that each compound 
exhibits a distinct equilibration timescale before reaching its 
thermodynamically preferred adsorption configuration. 
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Figure 32: Impact of surface flexibility on ligand binding conformations. Surface 
representations illustrating the discrepancy between post-docking minimized poses (pink) and the minima 
obtained via AA-MD (blue). (A) The planar benzo(a)pyrene shows high spatial agreement between the 
two methods. (B) For clindamycin, the dynamic simulation allows the intrinsically flexible GO lattice 
to form transient wrinkles and topological depressions. This dynamically generated concavity better 
accommodates and engulfs the bulky ligand, explaining the difference in scoring such complexes. 

 
Furthermore, the assessment of entropy evaluation methodologies revealed a 
pronounced dependence of the Quasi-Harmonic approximation on sampling 
density. A particularly illustrative case is bis(2-ethylhexyl) phthalate: whereas 
normal mode analysis yields an entropic contribution of approximately -17.0 
kcal/mol, the QH approach considerably overestimates this term, giving a 
value of -40.2 kcal/mol when restricted to a 1000 frame trajectory. In contrast, 
increasing the sampling to 10000 frames produces a converged QH estimate of 
-18.1 kcal/mol, in close agreement with the NMODE reference. This behavior 
is consistent with established findings indicating that the QH approximation 
necessitates extensive sampling of the relevant phase space in order to yield 
reliable entropy estimates [240,241]. 
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Figure 33: Impact of trajectory sampling density on Quasi-Harmonic entropy estimates. 
The noticeable overestimation of the entropic penalty for bis(2-ethylhexyl) phthalate illustrate that the 
QH method heavily depends on sampling density and requires extensive trajectory lengths to provide 
accurate thermodynamic contributions. 

 
Consequently, future optimization efforts should investigate strategies such as 
docking ligands directly onto pre-equilibrated graphene oxide ensembles that 
exhibit fully developed surface features and systematically calibrating the 
duration of molecular dynamics simulations to ensure adequate sampling, with 
the main objective of validating the cost-effective quasi-harmonic method (≈10 
minutes per trajectory) as a robust and reliable alternative to the 
computationally demanding normal mode analysis (≈7 hours per trajectory). 
 
Moreover, to overcome the intrinsic timescale limitations of unbiased MD, the 
conformational space could be more comprehensively explored using enhanced 
sampling techniques such as Metadynamics [242] or Replica Exchange 
Molecular Dynamics (REMD) [243]. These approaches would enable the system 
to overcome high energy barriers and thereby facilitate the identification and 
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characterization of cryptic binding sites embedded within the dynamic folds 
and wrinkles of the graphene oxide sheet, which remain largely inaccessible to 
conventional MD simulations [244]. 
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CHAPTER 4: COARSE-GRAINING 
 
As demonstrated in the previous chapter, highly polar and anionic species such 
as PFAS (e.g., PFOA and PFOS) exhibit weak adsorption affinities on highly 
oxidized GO due to pronounced electrostatic repulsion. However, investigating 
their behavior solely as isolated monomers via atomistic MD severely limits 
the understanding of their true environmental dynamics, which are heavily 
dominated by concentration-dependent self-assembly and competitive 
adsorption in complex mixtures. To bridge this gap and access the extended 
timescales and system sizes necessary to simulate realistic aggregation and 
surface adsorption conditions, a coarse-grained approach was adopted. 
 
In response to the growing recognition of the adverse human health and 
environmental impacts associated with per- and polyfluoroalkyl substances, a 
coarse-grained PFAS model compatible with the Martini 3 force field was 
developed in collaboration with the Groningen Molecular Dynamics group led 
by Prof. S. J. Marrink. In view of the large structural diversity and number of 
PFAS reported in the literature, 18 linear perfluorocarboxylic acids (PFCAs) 
and perfluorosulfonic acids (PFSAs) with varying chain lengths were selected 
for systematic parametrization. 
 
Model validation was carried out following the established Martini protocol 
and was further extended by dedicated studies of self-aggregation behavior and 
interactions with graphene. Graphene was employed as a surrogate for the 
non-oxidized aromatic domains of graphene oxide, which are relevant for water 
remediation technologies, owing to the current lack of a validated Martini 3 
model for graphene oxide. This approach provides a physically reasonable 
approximation of graphitic filtration regions. 
 
The resulting parameter set displays excellent agreement with both all-atom 
molecular dynamics simulations and available experimental data, reliably 
reproducing key structural and physicochemical properties. These results 
establish a robust basis for the future development of automated parameter-
generation workflows for PFAS within the Martini 3 framework. A detailed 
description of the model and its validation can be found in the original 
publication [245]. 
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4.1 Methods 
 
Despite the power of all-atom MD (AA-MD) simulations, they have been 
historically limited to tens of thousands of atoms and timescales of few 
microseconds, thus making the investigation of realistic complex systems a 
computationally heavy task. To overcome these limitations, coarse-grain (CG) 
approaches are used to reduce the resolution of molecular system to a simplified 
representation, grouping atoms into larger beads, thereby accelerating 
simulations due to the reduced number of degrees [246–252]. Within the realm 
of CG force fields, the Martini model is prevalently utilized in biophysics, 
biomedicine, nanotechnology, and materials design disciplines [253–261]. 
Notably, its latest incarnation, Martini 3, showcases enhanced interaction 
balance among particles of varying sizes and introduces numerous novel bead 
types, facilitating a more precise parametrization of diverse functional groups 
[262–264]. 
 
Martini 3 represents molecules with a discrete set of bead types that encode 
polarity/charge and come in three standard sizes: regular R, small S, and tiny 
T, corresponding to 4-to-1, 3-to-1 and 2-to-1 heavy-atom mappings, 
respectively. Neutral fragments fall into organic classes P (polar), N 
(intermediate), C (apolar) and X (halo-compounds), while charged fragments 
use Q (mono-valent) and D (divalent) beads and water uses its own W type. 
All bead categories are further subdivided by polarity and can be modified by 
labels for H-bonding (d/a), electronic polarization (e/v), charge character 
(p/n), self-interaction (h/r) and partial charges (q). 
The non-bonded interactions are defined by a discretized Lennard-Jones 
interaction matrix with 22 levels and bead-size specific σ values, calibrated so 
that changing bead size or type reproduces systematic trends in 
hydrophobicity, miscibility and self-interaction [263]. 
 
Small-molecule parametrization in Martini 3 follows a building-block workflow: 
(1) a reference atomistic model is mapped to CG beads, respecting the default 
R/S/T sizes and avoiding splitting functional groups; (2) bead types are 
assigned by matching each fragment to reference entries or to bead partitioning 
data; (3) bonded parameters (bond lengths, angles, dihedrals) are fitted to 
atomistic simulations using center-of-geometry mapping including hydrogens 
and, if needed, refined to reproduce molecular volume, SASA and shape. For 
more complex or rigid aromatic systems, virtual interaction sites can be used 
to reduce constraint networks and keep simulations stable with a 20 fs 
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timesteps (default timestep in Martini), while still controlling ring torsions via 
tailored dihedrals. The small-molecule paper also provides a curated database 
of ~90 validated models, highlighting how to treat aliphatic and aromatic rings, 
substituents, and extended conjugated systems within this framework [265]. 
Depending on the investigated system, different strategies can be employed to 
validate the parametrization, including free energies of transfer between water 
and organic phases (e.g., hexadecane, octanol, chloroform), mixture miscibility 
trends, dimerization potentials of mean force (PMFs) for aromatic compounds, 
nucleobases, and transmembrane helices, lipid bilayer structural properties, 
and condensed phase densities. 
 
The building-block philosophy, where beads represent generic chemical 
fragments with consistent interaction parameters across the force field, 
standardizes the parametrization procedure ensuring that new small molecules 
maintain compatibility with existing Martini components like lipids, proteins, 
and solvents. Such transferability enables multi-component simulations 
without ad hoc adjustments. The parametrization workflow is shown in Figure 
34, as reported in the original Martini 3 paper. 
 

 
Figure 34: Coarse-grained parametrization protocol for Martini 3 models. Key steps include 
the initial geometric mapping, the determination of bead sizes based on heavy atom counts, and the 
selection of chemical bead types driven by hydrophobicity. The protocol relies on iterative refinement 
against structural targets and water-octanol partitioning data to achieve robust system-specific 
validation. Adapted from [263]. 
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4.2 Martini 3 PFAS mapping and parametrization 
 
All 18 PFAS considered in the present chapter were parametrized with the 
Martini 3 force field approach following the procedure outlined in Alessandri 
et al. [265] and the recommendations of the Martini 3 paper [263].  
 

 
Figure 35: 2D representation of the PFAS considered in the present chapter. Nine PFCAs 
and nine PFSAs, with chain lengths from 4 to 12 carbons, were parametrized for Martini 3 force field. 

 
The all-atom parameters of PFCAs and PFSAs with chain from 4 to 12 carbons 
were obtained following the standard AMBER parametrization using Gaussian 
16 [106] and the AmberTools24 suite [100–102]. All molecules were considered 
ionized since they reportedly have a very low pKa [266–268] and the GAFF2 
force field was used to model the PFAS. The AMBER topologies and 
coordinates were then converted to the GROMACS format using ParmEd 
v4.3.0 [269]. GROMACS 2023.4 [270–272] was used for the reference AA-MD 
simulations. Each molecule was solvated in a 5x5x5 nm3 cubic box with TIP3P 
water and underwent a 5000 step steepest-descent energy minimization. Proper 
system neutrality was ensured by adding Na+ counterions with gmx genion. 
Then, 10 ns NVT and NPT equilibrations were performed before going into 
full production, which consisted of a 500 ns simulation to ensure appropriate 
sampling of the bonded terms. 
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The equilibration and production steps were achieved via the md leap-frog 
integrator with a time step of 2 fs and the temperature was set to 300 K using 
the V-rescale thermostat with a tau-t of 1 ps. Pressure was maintained constant 
at 1 bar via C-rescale for the equilibration step and then with Parrinello-
Rahman coupling for production. In both cases, isotropic coupling was used, 
while tau-p and compressibility were set to 5 ps and 4.5e-5 bar-1, respectively. 
To ensure consistency with the AMBER force field, van der Waals interactions 
were handled using a cutoff of 1.0 nm and the Potential-shift Verlet algorithm, 
while the long-range electrostatics were computed using Particle Mesh Ewald 
(PME) with a cutoff of 1 nm and a fourier grid spacing of 0.125 nm. Lastly, 
DispCorr was set to EnerPres and h-bonds were constrained using the LINCS 
algorithm. 
 

 
Figure 36: Breakdown of PFOA and PFOS into the three portions used for the CG mapping 
and their Martini 3 representation. In red, the carboxylate head was mapped to a SQ5n bead; in 
yellow, the sulfonate head was mapped to a Q3n bead; in cyan, the fluorine mainchain was mapped to 
TX3 beads; in purple, the trifluoromethyl tail was mapped to a SX4 bead.  

 
To assign the bead types, the PFAS were divided into three portions: a head, 
a mainchain, and a tail (Figure 36). For PFCAs, an SQ5n bead was used to 
describe the carboxylate portion, TX3 beads were used for the middle -CF2 
moieties, and lastly a SX4 bead was chosen to represent the -CF3 tail. The 
SQ5n bead was selected following the recommendation for carboxylate groups. 
The organofluorine groups were modeled as T-beads, considering one fewer 
non-hydrogen atom, in line with the description provided in the original 
Martini 3 paper [263], since fluorine atoms in halo compounds have small 
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atomic radii and exhibit weak van der Waals interactions. For PFSAs, the 
middle and tail portions remained identical to those of PFCAs, while the 
headgroup moiety was mapped to a Q3n bead. Although the Martini 3 
parametrization guidelines typically recommend a Q4n bead for sulfonate 
groups, the initial assessments indicated that the Q4n bead rendered the 
headgroup excessively polar, leading to significant deviations from 
experimental water/octanol partition coefficients. Consequently, the slightly 
less polar Q3n bead was selected as a data-driven optimization. This choice 
provided a substantially better agreement with experimental partition free 
energies, while still accurately capturing both the ionic nature and the higher 
bulkiness of the sulfonate group. 
 
To parametrize the bonded parameters, CGBuilder [273] was used to map the 
reference AA trajectory, from which the target CG distributions were obtained. 
Great care was taken in representing the stiffness and helix conformation of 
the carbon chain, a key PFAS feature observed in the reference AA trajectory 
and widely reported in the literature [274–277]. In this Martini model, CG 
bonds and angles are described by harmonic potential energy functions (type 
1 in GROMACS), while proper dihedral angles are obtained with a 
combination of periodic cosine dihedrals functions (type 9), as it allows 
multiple potential functions to be applied automatically to a single dihedral 
angle. The 1-3 and 1-4 interactions were excluded to ensure stability at 20 fs, 
in addition to the coupling between neighboring beads which is not considered 
by default. No improper dihedrals or virtual sites were used. Bond and angle 
parameters were kept consistent across all PFAS belonging to the same 
functional group category (carboxylates or sulfonates). Dihedral parameters 
were derived from those of PFOA or PFOS and subsequently refined on a case-
by-case basis to improve system stability and parameter fittings. 
 
Like the all-atom references, GROMACS 2023.4 [270–272] was used for the 
CG-MD simulations. CG PFCAs and PFSAs were solvated in a 5x5x5 nm3 
cubic box with regular water beads, neutralized with Na+ counterions, and 
underwent a series of energy minimization, 10 ns NVT and NPT equilibrations, 
and 500 ns NPT production. Bonds were kept relaxed during energy 
minimization and constrained at their equilibrium position throughout 
equilibration and production steps. The time step was set to 20 fs and the 
default Martini 3 GROMACS mdp parameters were used for all CG 
simulations, following the recommended settings [278]. Temperature was set to 
300 K and managed with the V-rescale method, while pressure at 1 bar was 
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controlled by isotropic C-rescale (tau-p of 4 ps) during equilibration and 
Parrinello-Rahman (tau-p of 12 ps) coupling for the production. In both cases, 
the compressibility was set to 3e-4 bar-1. Van der Waals interactions were 
handled using a cutoff of 1.0 nm and the Potential-shift Verlet algorithm, while 
the long-range electrostatics were computed using reaction-field with an 
epsilon_r of 15. 
 
Comparison of the distributions (bonds, angles and dihedrals) between the final 
CG model and AA reference is shown in Figure 37 in case of PFOA. The data 
of all the other molecules can be found in the Appendix at the end of the 
present chapter. Overall, the AA reference data can be captured quite well. In 
some cases, in particular concerning the angles, fitting of multi-modal 
distributions resulted in system instability; in those cases, the parameters were 
modified to fit only the major peaks. Lastly, to preserve the characteristic 
stiffness and rigid geometry of the perfluorinated backbone [274–277], all bonds 
were converted into constraints. While employing flexible harmonic bonds with 
a reduced integration timestep (e.g., ≤ 10 fs) was considered, it would have 
required exceptionally high force constants to counteract the multiple dihedral 
potentials, leading to persistent numerical instabilities. Thus, using constraints 
proved to be the most robust approach to prevent the artificial floppiness of 
the chains, maintaining the structural integrity of the PFAS models while 
preserving the standard 20 fs timestep. 
 

 
Figure 37: Comparison of the bonded distributions between the mapped AA reference and 
the final CG trajectory in case of PFOA. For the bonds, the CG distribution is represented as a 
single peak since they were frozen throughout the simulations. On the right side, (A) the numbering of 
the beads in the CG representation; (B) highlight of first bond, angle and dihedral. 
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4.3 Model validation 
 
4.3.1 SASA and free energies of transfer 
 
To validate the created topologies, the solvent accessible surface area (SASA) 
and the Connolly surface of the AA and CG models were compared. The SASA 
and Connoly surfaces were computed with the gmx sasa command. For the AA 
reference, the updated VdW radii were taken from Rowland and Taylor [279], 
while the standard radii of Martini 3 R-, S- and T- beads were used for the CG 
trajectories. The SASA is slightly underestimated in the Martini 3 model, but 
still within acceptable error range (Appendix, Figure 63). The Connoly surfaces 
do not show large discrepancies, suggesting the overall shape is represented 
well (Figure 38). 
 
In addition, octanol/water partitioning free energies were computed to obtain 
the logP values. However, since these molecules are ionized and exhibit 
surfactant behavior, it is more appropriate to refer to logD. This naming 
inconsistency and the wide variability in both experimental and predicted 
logP/logD values have been emphasized by Forest and Rayne [280,281], who 
attributed these discrepancies primarily to the challenges inherent in measuring 
partitioning properties for perfluorinated surfactants using common 
techniques. These difficulties stem from the fact that PFAS tend to form three 
immiscible layers when they are added to an octanol/water mixture because 
they are simultaneously hydrophobic and lipophobic, leading to surfactant 
aggregation, interfacial adsorption, and ionization equilibria influencing the 
effective partitioning behavior [282,283]. To ensure the reliability and 
coherence of the parametrization, the experimental logD determined via cyclic 
voltammetry by Jing et al. [284] were used as reference, as this data is already 
used to model the partitioning, environmental fate and toxicological 
mechanisms of anionic perfluoroalkyl carboxylic and sulfonic acids [285,286]. 
To ensure comprehensive validation against both experimental and 
computational reference data, the parametrization was additionally 
benchmarked against quantitative structure-activity relationship (QSAR) 
predictions reported by Torralba-Sanchez et al. [286], where the authors 
expanded Jing’s experimental dataset predicting anionic partition coefficients 
from neutral species. 
 
Free energies of transfer from water to octanol were computed by umbrella 
sampling (US) simulations performed with the CG model. In US simulations, 
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the molecule was placed inside an equilibrated biphasic 6x6x13 nm3 box 
composed of water and hydrated octanol. Umbrella windows were spaced 0.1 
nm apart along the distance between the center of mass (COM) of the PFAS 
and the water phase. Each window was simulated for 500 ns and the distance 
was kept fixed by an umbrella potential with a force constant of 1500 kJ mol-
1 nm-2. The energy profiles were calculated using the weighted histogram 
analysis method (WHAM) 60 as implemented in the GROMACS tool gmx 
wham. Semi-isotropic Parrinello-Rahman was used for pressure coupling. The 
compressibility and tau-p were set to 3e-4  bar-1 and 1 ps on the z axis, and 0 
on the xy plane. Other mdp parameters were kept the same as the previous 
CG simulations. 
 

 
Figure 38: Comparison of PFOA Connoly surface and PFCAs logD values. On the left, the 
comparison of the Connoly surface between the AA (grey) and CG (orange) model; on the right, 
comparison of logD values between Martini 3 (circle), experimental (diamond) and QSAR (square) 
predicted data. When available, error data is reported. The hydrophobicity trend, and therefore the 
surfactant behavior, is preserved at the CG level. 

 
The comparison with reference logD values of PFCAs is shown in Figure 38. 
logD values exhibits a very high agreement with both experimental and QSAR 
predicted data, validating the choice of bead types. Similarly to the PFCAs, 
the computed logD values for PFSAs show very good consistency with the 
limited experimental evidence available – namely the PFBS and PFOS values 
from Jing et al. – and with the expected chain-length dependence, despite the 
general lack of data for this subclass of compounds (Appendix, Figure 66). 
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4.3.2 Adsorption on graphene 
 
PFAS molecules, due to their amphiphilic nature, are known to adsorb 
spontaneously on carbon-based materials like graphene [287,288], driven 
primarily by hydrophobic and van der Waals interactions as well as 
electrostatic forces depending on surface functionalization and environmental 
conditions [289,290].  
 
Given the environmental importance of PFOA as a representative PFAS 
molecule [291,292], the model was further validated by reproducing its 
adsorption on pristine graphene. This choice is motivated by the analysis 
performed by Wang et al. [293], which provides detailed insights into the 
energetics and mechanisms of PFOA adsorption on different graphene surfaces, 
demonstrating a spontaneous and energetically favorable binding, driven 
mainly by hydrophobic interactions between the perfluorocarbon tail and the 
graphene surface. 
 
A periodic sheet of Martini 3 graphene was created with the code provided in 
Shresha et al. [259] and solvated in a 10x10x20 nm3 cubic box with a 60:40 
ratio of Regular and Tiny water. This approach was adopted to reduce the 
unwanted and unrealistic layering effect of Regular Martini water described by 
Cambiaso et al. [294]. Periodic Boundary Conditions (PBC) were applied in all 
three dimensions. The graphene sheet was built to be continuous across the x 
and y boundaries, effectively creating an infinite 2D layer. Importantly, the 
graphene beads were left completely unrestrained, allowing the sheet to 
naturally exhibit conformational fluctuations and rippling, albeit to a reduced 
extent due to the CG resolution. Along the z-axis, the 20 nm box length 
provided a sufficiently large solvent buffer to allow the complete desorption of 
the PFOA molecule into the bulk phase during the umbrella sampling, thus 
avoiding any spurious interactions with its periodic images. Then, the same 
umbrella sampling procedure described above was applied to follow the 
desorption along the distance between the graphene and PFOA center of mass. 
Simulations were conducted at 300 K and compared to the reference AA model 
obtained with the OPLS-AA force field [295]. Anisotropic pressure coupling 
was adopted, with compressibilities of 3e-4 bar-1 on the diagonal and 0 on the 
off-diagonal. 
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Figure 39: PMF of PFOA desorption from graphene. The conformations present at the adsorption 
minima (green) and before complete desorption (blue) are similar to the ones observed in previous OPLS-
AA simulations [295]. 

 
As shown in Figure 39, the PFOA was pulled from its starting, adsorbed state 
on the graphene surface towards the bulk of the solvent. A clear minimum 
corresponding to an energy well of about -31.2 ± 0.2 kJ/mol is present at ~0.45 
nm, where the hydrophobic interactions between the fluorinated beads and the 
carbon surface are maximized. At ~0.9 nm, only the tail portion is seen 
interacting with graphene before complete desorption. These results agree very 
well with OPLS-AA data, both in terms of reported ΔG (-29.9 kJ/mol) and 
PFAS conformations, therefore confirming the validity and parametrization of 
Martini 3 linear PFAS and graphene. 
 
To further validate the choice of bead type, the same procedure was repeated 
by adding the e electron-rich label to PFOA beads in a twofold manner: 1) 
following the molecular electrostatic potential map (MEP), therefore treating 
only the ⍺-carbon as electron-rich; 2) considering all the fluorinated chain beads 
as electron-rich. The MEP was computed using Gaussian16 [106] at the 
PBE0/6-311++G* level of theory and basis set. The results (Appendix, Figure 
69) show a stronger adsorption to the graphene surface as more e labels are 
added, further deviating from the reference data, although the MEP-based 
approach still gives a reasonable PMF. Because of this, the unlabeled X-type 
beads were maintained. 
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4.3.3 Phase behavior 
 
A peculiar aspect of PFAS molecules is their ability to form supramolecular 
aggregates such as micelles. To assess the Martini parametrization, systems 
ranging from 5 mM to 40 mM of PFOA were simulated in a 30x30x30 nm3 
water box for 2 µs to ensure system stability and sample the equilibrated phase. 
The simulation setup was maintained identical to the previous CG dynamics, 
and the gmx clustsize command alongside SciPy [296] were utilized for data 
analysis and visualization. Initial baseline simulations included only 
neutralizing counterions to establish overall charge neutrality, whereas 
subsequent models incorporated 0.25 M NaCl to specifically investigate salting-
out effects and environmental ionic conditions. 
 

 
Figure 40: The number of clusters at increasing PFOA concentrations. The micelles begin 
forming at ~15 mM and become more frequent with increasing concentrations, as observed in the 
representative frames above. Water and ions molecules were removed for visual clarity. 
 

Figure 40 illustrates the number of clusters, which are defined as any group of 
molecules that are associated on a distance-based criterion, observed over the 
course of the simulations. At 5 and 10 mM, the number of clusters remains 
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approximately constant throughout the simulation, indicating that the system 
predominantly consists of monomeric surfactants and transient small 
aggregates, with no stable structures appearing. Starting from 15 mM, a 
pronounced decrease in the number of clusters is observed, becoming greater 
with increasing PFOA concentration. This reflects the formation of larger, 
more stable aggregates (i.e. micelles), which reduces the total number of 
discrete clusters in the system. Between 15 mM and 25 mM the curves reach 
a plateau toward the end of the simulation, signaling the onset of an 
equilibrium phase characterized by a dynamic exchange of monomers between 
micelles and the bulk solution. 
 
To quantify the dynamic exchange of monomers between the micellar core and 
the bulk solution, a dual-metric analysis was implemented using in-house 
Python scripts based on the MDAnalysis [297] library. The thermodynamic 
residence time (𝜏) was calculated from the state autocorrelation function 𝐶(𝑡), 
where each monomer 𝑖 was assigned a binary state variable 𝑆𝑖(𝑡): 𝑆𝑖 = 1 if the 
monomer’s distance from the micellar center of mass was below 𝑅𝑖𝑛 = 1.0 𝑛𝑚 
(first minimum of the monomer-monomer RDF), and 𝑆𝑖 = 0 otherwise. The 
brackets ⟨⋅⟩ denote ensemble and time averages over all valid monomers. The 
long-time tail (𝑡 > 10 ns) of 𝐶(𝑡) was fit to a single exponential decay 𝐶(𝑡) =
𝑒−𝑡/𝜏  to extract the mean residence time, excluding the initial fast relaxation 
regime associated with interfacial rattling [298,299]. The autocorrelation 
function of the state fluctuations was computed as: 
 

𝐶(𝑡) =
∑ ⟨𝑆𝑖(0)𝑆𝑖(𝑡)⟩𝑖

∑ ⟨𝑆𝑖
2⟩𝑖

(38) 

 
The macroscopic exchange rate was determined using a spatial double-cutoff 
criterion to isolate complete solvation events from transient corona 
fluctuations. A desorption event was counted when a monomer’s distance from 
the micellar center of mass irreversibly transitioned from 𝑅in = 1.0 𝑛𝑚 
(micellar core boundary) to 𝑅out = 3.0 𝑛𝑚 (bulk limit). Uncertainties 
associated with the results were quantified using a block-averaging protocol, in 
which the 1 µs equilibrated trajectory was partitioned into ten independent 
blocks. The final reported values represent the mean and the standard 
deviation across these portions. 
 
Above ≥ 20 mM, the macroscopic exchange rate remains constant at ~250 fully 
solvated monomers µs-1 micelle-1. While faster than experimental 
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fluorosurfactant rates [300], these nanosecond/microsecond kinetics are 
characteristic of Martini CG models, where reduced resolution smoothens the 
free-energy landscape, lowering desorption barriers while preserving 
equilibrium structures and thermodynamics [261,263]. At higher concentrations 
(30 mM onwards), a more oscillating time evolution is observed due to the 
increased interaction of the different clusters present in solution, leading to 
transient formation of larger clusters. This finding is also confirmed by the 
polydispersity observed in the size distribution plots (Appendix, Figure 70). 
Specifically, the average aggregation number (Nagg) increases from ~39 at 20 
mM to ~50 at 40 mM, indicating a morphological transition from ideal spherical 
micelles to more elongated structures. Interestingly, the thermodynamic 
residence time 𝜏 of individual monomers decreases from 59 ns (20 mM) to 40 
ns (40 mM), consistent with Aniansson-Wall stepwise kinetics [301]. Despite 
this faster desorption accompanying the morphological transition, the 
macroscopic exchange rate remains constant, demonstrating robust steady-
state flux independent of aggregate morphology. 
 
At higher concentrations (30 mM onwards), a more oscillating time evolution 
is observed due to the increased interaction of the different clusters present in 
solution, leading to transient formation of larger clusters. This finding is also 
confirmed by the polydispersity observed in the size distribution plots. Based 
on the obtained data, the critical micelle concentration (CMC) can be placed 
around ~15-25 mM, which is in line with models obtained with other CG force 
fields present in literature [302], albeit somewhat lower than the expected 
experimental CMC of NaPFO, which ranges between 25 and 38 mM [303–311]. 
The exchange kinetics across the micellar regime is reported in Table 3: 
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Table 3: The average aggregation number (Nagg), the mean residence time of a surfactant 
monomer within the micellar aggregate (tau, 𝜏), and the resulting monomer exchange rate 
(μs-1 micelle-1) for PFOA systems at different concentrations. All values are reported as mean ± 
standard deviation calculated by using a block-averaging protocol, in which the 1 µs equilibrated 
trajectory was partitioned into ten independent blocks. A significantly higher standard deviation is 
observed at the lowest concentration, attributed to the proximity of the system to the CMC. 

 
To see if the model could be improved in this regard, the influence of additional 
bead labels was investigated (Figure 41). In line with the results for adsorption 
on graphene, addition of e or r labels did not improve the aggregation behavior, 
typically resulting in a complete lack of micelle formation. 
 

 
Figure 41: The number of clusters at increasing PFOA concentrations with labeled e and r 
beads. Both labels slow the kinetics of micelle formation and completely impede the aggregation at 
higher concentrations. Note that, unlike the other analysis, the starting frame for the 40 mM consisted 
in an already aggregated state that quickly falls apart and reverts to a completely monomeric solution. 
Water and ions were removed for visual clarity. 

 
In addition, the effect of increasing the salt concentration was tested. 
According to experimental data [304,308], PFOA aggregation is facilitated at 
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higher salt concentrations by a salting out effect. As shown in Figure 42, the 
PFOA model can reproduce this behavior, at least qualitatively, showing 
formation of micelles at lower surfactant concentrations in the presence of 0.25 
M NaCl.  
 

 
Figure 42: The number of clusters at increasing PFOA concentrations with the addition of 
NaCl 0.25 M. The increased NaCl concentration lowers the effective CMC due to a salting out effect. 
Water and ions were removed for visual clarity. 

 
To further validate the electrostatics of the CG model the zeta-potential (𝜁) 
was estimated from the equilibrium MD trajectories through a semi-analytical 
model of the electrical double layer. For each simulated concentration, the 
structural micellar radius was extracted from the spatial distribution of the 
terminal polar SQ5n beads (SQ5n – SQ5n). The thickness of the Stern layer 
and the fraction of strongly associated Na+ counterions were obtained from the 
first minimum of the SQ5n – Na+ radial distribution function. Because the 
micellar radius is of the same order of magnitude as the Debye length (𝜅−1), 
planar approximations such as the Grahame equation may overestimate the 
surface potential. Therefore, the finite curvature of the nanometer-sized 
micelles was accounted for by computing the surface potential (Ψ0) from the 
effective surface charge density (𝜎) using the Ohshima analytical 
approximation for charged spherical colloids [312]: 
 

𝜎 = 2𝜀𝑟𝜀0𝜅𝑘𝐵𝑇
𝑧𝑒

𝑠𝑖𝑛ℎ ( 𝑧𝑒𝛹0
2𝑘𝐵𝑇

) [1 + 2
𝜅𝑅𝑠𝑢𝑟𝑓 𝑐𝑜𝑠ℎ2(𝑧𝑒𝛹0/4𝑘𝐵𝑇 )]

1/2

(39) 
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The macroscopic zeta-potential (𝜁) was then obtained by propagating Ψ0 to 
the hydrodynamic slipping plane (𝑅𝑠𝑙𝑖𝑝) using a spherical Poisson-Boltzmann 
decay [313]: 
 

𝜁 = 𝛹0 (
𝑅𝑠𝑢𝑟𝑓

𝑅𝑠𝑙𝑖𝑝
) 𝑒−𝜅(𝑅𝑠𝑙𝑖𝑝−𝑅𝑠𝑢𝑟𝑓) (40) 

 

𝜅 = √2𝑁𝐴𝑒2𝑐0
𝜀𝑟𝜀0𝑘𝐵𝑇 (41) 

 
To avoid arbitrary assumptions about the hydration-shell thickness, the 
slipping-plane (𝑅𝑠𝑙𝑖𝑝) position was defined as the sum of the Stern-layer 
thickness (𝛿𝑆𝑡𝑒𝑟𝑛) and the Lennard-Jones collision diameter (𝜎𝐿𝐽 ) of the 
corresponding Martini 3 solvent beads [263]. 
 

𝑅𝑠𝑙𝑖𝑝 = 𝑅 + 𝛿𝑆𝑡𝑒𝑟𝑛 + 𝜎𝐿𝐽 (42) 
 
Once again, uncertainties associated with the results were quantified using a 
block-averaging protocol, in which the 1 µs equilibrated trajectory was 
partitioned into ten independent blocks. The final reported values represent 
the mean and the standard deviation across these portions. 
 
Table 4 shows how model captures colloidal charge-regulation behavior 
[314,315]: as the total solute concentration increases from 15 to 40 mM, the 
fraction of condensed sodium increases from 11.7 ± 1.1% to 36.6 ± 0.9% 
thereby reducing electrostatic repulsion. Consequently, the calculated 𝜁-
potentials across the different water models and concentrations fall 
approximately in the -49 to -72 mV range. Notably, at 40 mM, the models 
yields 𝜁-potentials ranging from -49.2 ± 0.3 mV (Regular water) to -56.3 ± 0.3 
mV (Tiny water), in good agreement with the experimental reference value of 
-59 ± 10 mV for NaPFO micelles [316]. 
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Table 4: The parameters used in estimating the 𝜻-potential. The slipping plane position was 
defined by adding the Lennard-Jones collision diameters of the different Martini 3 water models (Regular, 
Small, and Tiny) to the Stern layer boundary. As the concentration increases from 15 to 40 mM, the 
fraction of condensed counterions rises, effectively buffering the increase in Nagg. All values are reported 
as mean ± standard deviation calculated by using a block-averaging protocol, in which the 1 µs 
equilibrated trajectory was partitioned into ten independent blocks. Similar to the kinetic data, the 15 
mM system exhibits slightly higher standard deviations, reflecting larger equilibrium fluctuations in 
micellar size and shape as the system approaches the CMC. 

 
 
Nonetheless, whereas PFOA is expected to form micelles, longer chain PFAS 
can form lamellar structures owing to the higher hydrophobicity and rigidity 
of the perfluorinated chain which can impact the critical packing parameter 
(CPP) [317–319]. 
 
Beyond the intrinsic chain length, the supramolecular assembly of PFAS is 
also highly sensitive to the specific electrostatic environment. While simple 
monovalent counterions (e.g., Na+) typically favor micellization for shorter 
chains, the introduction of multivalent cations or oppositely charged cationic 
surfactants can actively crosslink or neutralize the anionic headgroups. This 
drastically alters the CPP, driving the spontaneous formation of stable thin 
bilayers and vesicles, as demonstrated in previous experimental and 
computational efforts on catanionic PFAS mixtures [320,321]. Furthermore, 
such ion- and co-surfactant-mediated interactions are known to modulate the 
aggregation thermodynamics, significantly lowering the CMC [316]. 
 
To explore this intrinsic tendency for higher-order assembly in this CG model, 
two larger systems encompassing ~1600 PFCAs of different length, namely 
PFOA (8 Cs) and PFDoDA (12 Cs), both at a concentration of ~100 mM – 
way above the CMC – and NaCl 0.15 M were simulated for 20 µs. 
 
Despite starting from an identical condition, the systems evolve into different 
structures: PFOA aggregates to form slightly elongated micelles, while 
PFDoDA completely aggregates into a single spherical assembly. The temporal 
evolution of PFOA and PFDoDA aggregation is presented in Figure 43. 
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Figure 43: Temporal evolution of PFOA and PFDoDA aggregates. (A) The monomers 
expectedly aggregate to form micelles that do not evolve to more complex structures. (B) The solution 
quickly transitions from a monomeric solution to elongated micelles and worm-like structures. After 8 µs, 
the assembly starts to bend and folds to yield a unilamellar vesicle. Although not perfectly spherical, the 
vesicle remains structurally stable over the final microseconds of the simulation. The cross section of the 
PFDoDA spherical vesicle-like aggregate reveals an arrangement similar to that of a bilayer. Water and 
ions molecules were removed for visual clarity. 

 
In the latter case, the initial solution of monomers rapidly self-assembles into 
elongated worm-like micellar structures of approximately 2 µs. At 8 µs, all 
aggregates have coalesced into a single supramolecular assembly that 
progressively acquires curvature. This curved structure then folds onto itself 
to yield a unilamellar vesicle from 12 µs onwards. Although the vesicle does 
not attain a perfectly spherical morphology, it remains structurally stable over 
the final microseconds of the simulation. By visually investigating the cross 
section, the overall arrangement resembles that of a bilayer, with the head 
beads (red) exposed to the solvent, the tail (cyan) beads pointing inwards, and 
the terminal tail beads (purple) distributed around the bilayer midplane. 
 

4.4 Complex pollutants mixture simulations 
 
To demonstrate the capabilities and applicability of the present model, two 
case studies were qualitatively investigated. The first consisted in a mixture of 
7 PFAS molecules differing in head group and perfluoroalkyl chain length, 
designed to emulate a mature industrial leachate [322–327]. The second 
mimicked a mixture comprising 13 emerging contaminants, containing next to 
PFAS a number of small molecules, selected on the basis of recent literature 
[109,328–336], the availability in the Martini Database (MAD) [337] and by 
cross-referencing our previously developed emerging contaminants database 
(EC-DB). The exact composition of both mixtures is presented in Table 5. 
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Table 5: Composition of the pollutants mixtures system. In all cases, the systems had a total 
contaminant concentration of 100 mM and were simulated in presence of NaCl 0.15 M in a 30x30x30 nm3 
cubic box. The relative concentrations assigned to the various non-PFAS micropollutants in the model 
mixture were not chosen to replicate any particular field site. Instead, they were selected to mirror the 
commonly reported patterns of occurrence and concentration for emerging contaminants in landfill 
leachate and urban wastewater: highest levels for persistent solvents such as 1,4-dioxane and phenolic 
compounds; intermediate levels for volatile aromatics (e.g., benzene) and industrial aromatics (e.g., 
aniline); and lower levels for heterocyclic tracers including benzothiazole, indole, caffeine, and p-cymene. 

 
Each system was prepared at a total solute concentration of 100 mM in the 
presence of 0.15 M NaCl and solvated in a 30x30x30 nm³ water box. Following 
an initial equilibration phase of 10 ns, performed in line with prior CG 
simulations, production runs were carried out for 10 µs at 300 K. 
 
The same two systems were subsequently replicated in the presence of a 
periodic Martini 3 graphene slab and a mixed-solvent environment composed 
of Regular and Tiny water in a 60:40 ratio in order to characterize their 
aggregation properties and adsorption behavior. Given the current lack of a 
validated graphene oxide model with the Martini 3 force field, graphene was 
employed as a surrogate for the non-oxidized aromatic domains of GO used for 
water-remediation [338,339], thereby providing a reasonable approximation of 
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graphitic filtration regions. For the systems without graphene, isotropic 
pressure coupling was employed. For the systems containing graphene, 
anisotropic pressure coupling was used, with compressibilities set to 3 × 10-4 
bar-1 along the diagonal elements of the pressure tensor and to 0 for the off-
diagonal elements. 
 

 
Figure 44: Temporal evolution of the PFAS mixture in the absence and presence of 
graphene. (A) More hydrophobic PFAS tend to self-assemble into mixed micelles, whereas more 
hydrophilic ones remain as monomers in solution. (B) The addition of graphene suppresses micelle 
formation. The different PFAS are colored as follows: PFOA in cyan; PFOS in mauve; PFBA in green; 
PFPeA in gray; PFHxA in yellow; PFNA in blue; PFBS in light blue; PFHxS in orange. Water and ions 
were removed for visual clarity. 

 
For the PFAS-only mixture, the observed trends are consistent with those 
obtained in the previous simulations. Longer-chain, more hydrophobic PFAS 
(PFOA, PFNA, PFOS and PFHxS) tend to self-assemble into mixed micelles, 
whereas shorter-chain, more hydrophilic PFAS (PFBA, PFPeA, PFHxA and 
PFBS) exhibit transient interactions with the micelle surfaces but mostly 
remain as monomers in solution. Upon addition of graphene, almost all PFAS, 
except PFBA, are adsorbed onto the graphene surface, ultimately suppressing 
micelle formation. The corresponding time evolution for the PFAS mixture is 
reported Figure 44. 
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Figure 45: Temporal evolution of the emerging contaminants mixture in the absence and 
presence of graphene. (A) PFAS molecules embed hydrophobic contaminants inside micelle-like 
aggregates. (B) Pollutants adsorb on the graphene surface forming flat aggregate domains. The different 
pollutants are colored as follows: PFOA in cyan; PFOS in mauve; 1,4-dioxane in blue; phenol in red; 
benzene in black; aniline in green; 1,2,4-trichlorobenzene in yellow; 1,2-dichlorobenzene in orange; 
anthracene in light blue; benzothiazole in gray; indole in ochre; caffeine in violet, p-cymene in white. 
Water and ions molecules were removed for visual clarity. 

 
Figure 45 illustrates the temporal evolution of the system with the mixture of 
emerging contaminants. At first inspection, PFOA and PFOS appear to form 
micellar aggregates within approximately 1 µs, whereas several other pollutants 
(1,4-dioxane, phenol, aniline) predominantly remain dispersed in the aqueous 
phase. A more detailed analysis of one of these micellar aggregates, however, 
reveals that the PFAS molecules primarily constitute an external shell 
surrounding a strongly hydrophobic core composed mainly of 1,2,4-
trichlorobenzene, 1,2-dichlorobenzene, benzothiazole, benzene, and anthracene. 
This behavior is particularly relevant because it can significantly influence the 
fate and transport of these compounds, potentially modifying their overall 
biodistribution and toxicity as well as the efficiency and mechanisms of their 
remediation. 

The introduction of graphene induces a distinct modification in the behavior 
of the system: smaller, layered micellar structures persist, although to a lesser 
extent, as most pollutants become adsorbed onto the graphene surface. At 10 
µs, nearly all pollutants are adsorbed onto the graphene, forming 
predominantly flat aggregate domains. However, because the simulation setup 
exposes both sides of the graphene sheet to the solvent, the available adsorption 
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area is effectively doubled. Therefore, although the number of simulated 
molecules is insufficient to fully saturate this expanded surface, it is 
hypothesized that upon complete occupation of the primary layer, a secondary, 
pollutant-mediated adsorption layer would develop. This secondary layer could 
either impede or promote the subsequent adsorption of additional 
contaminants. 

Although these results provide a primarily qualitative description of the 
studied systems, they clearly demonstrate the capability of this PFAS model 
to reliably capture the behavior of environmentally relevant contaminant 
mixtures. 
 

4.5 Appendix 
 
Presented herein are the additional visual data and validation metrics 
complementary to the study reported in Chapter 4.2. This material mirrors the 
Supporting Information (SI) of the associated publication [245] and is included 
herein to ensure the comprehensive documentation of the computational 
protocol. 
 
Table 6: All the considered system in modelling the phase behavior. In all cases, the systems 
were neutralized with Na+ and enclosed in a 30x30x30 nm3 cubic box. 
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Figure 46: The bonded distribution of PFBA (perfluorobutanoic acid). 



CHAPTER 4: COARSE-GRAINING 

 108 

 
Figure 47: The bonded distribution of PFPeA (perfluoropentanoic acid). 

 

 
Figure 48: The bonded distribution of PFHxA (perfluorohexanoic acid). 
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Figure 49: The bonded distribution of PFHpA (perfluoroheptanoic acid). 

 

 
Figure 50: The bonded distribution of PFNA (perfluorononanoic acid). 

 

 
Figure 51: The bonded distribution of PFDA (perfluorodecanoic acid). 
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Figure 52: The bonded distribution of PFUnDA (perfluoroundecanoic acid). 

 

 
Figure 53: The bonded distribution of PFDoDA (perfluorododecanoic acid). 

 

 
Figure 54: The bonded distribution of PFBS (perfluorobutanesulfonic acid). 
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Figure 55: The bonded distribution of PFPeS (perfluoropentanesulfonic acid). 

 

 
Figure 56: The bonded distribution of PFHxS (perfluorohexanesulfonic acid). 
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Figure 57: The bonded distribution of PFHpS (perfluoroheptanesulfonic acid). 

 

 
Figure 58: The bonded distribution of PFOS (perfluorooctanesulfonic acid). 

 

 
Figure 59: The bonded distribution of PFNS (perfluorononanesulfonic acid). 
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Figure 60: The bonded distribution of PFDS (perfluorodecanesulfonic acid). 

 

 
Figure 61: The bonded distribution of PFUnDS (perfluoroundecanesulfonic acid). 

 

 
Figure 62: The bonded distribution of PFDoDS (perfluorododecanesulfonic acid). 

 

 
Figure 63: The average SASA distribution of PFCAs. 
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Figure 64: The average SASA distribution of PFSAs. 

 

 
Figure 65: PFM curves of PFCAs and PFSAs. The reaction coordinate is defined as the distance 
between the center of mass (COM) of the water phase and the PFAS molecule. The COM of the octanol 
phase is at RC=6 nm. 

 

 
Figure 66: Comparison of PFSAs logD values. Values are represented as follows: Martini 3 (circle), 
experimental (diamond) and QSAR (square) predicted data. When available, error data is reported.  
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Figure 67: Molecular electrostatic potential maps (MEP) of PFCAs compounds. Red 
indicates a higher charge density, whereas green indicates a lower charge density. 

 

 
Figure 68: Molecular electrostatic potential maps (MEP) of PFSAs compounds. Red indicates 
a higher charge density, whereas green indicates a lower charge density. 
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Figure 69: Comparison of PMF curves following the addition of the e electron-rich label to 
PFOA beads. Labeling was done based on the molecular electrostatic potential map (blue) and 
considering all the fluorinated chain as electron-rich (green). 

 

 
Figure 70: Cluster size distribution for each studied concentration (X beads not labeled) 
over the last 1 µs. 
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Figure 71: Cluster size distribution for each studied concentration (X beads + r/e label) 
over the last 1 µs. 

 
Figure 72: Cluster size distribution for each studied concentration (+ NaCl 0.25 M) over 
the last 1 µs. 

 



CHAPTER 4: COARSE-GRAINING 

 118 

 
Figure 73: Comparison of the RDF, between the center of mass of each PFOA molecule, 
for every studied system over the last 1 µs. 
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CHAPTER 5: CONCLUSIONS 
 
The present doctoral dissertation examined the extent to which computational 
protocols originally developed and routinely employed in biophysics can be 
adapted to address problems in materials science, with a particular focus on 
wastewater remediation processes. Initially, an in-house structural database of 
emerging pollutants was established on the basis of recent literature by 
retrieving ASCII molecular descriptors from PubChem. These string-based 
representations were subsequently translated into three-dimensional molecular 
structures with explicit consideration of correct stereochemistry and 
protonation states, thereby yielding a structural emerging contaminants 
database (EC-DB) comprising more than 2000 compounds, suitable for both 
biological and environmental applications. 
 
Subsequently, a scalable graphene oxide model was developed by parametrizing 
individual GO functional groups and assembling them into full-size sheets. A 
library of four commercially available GO materials was generated, 
representing commercial samples with distinct oxidation levels and vacancy 
defect densities. Priority contaminants selected from the EC-DB were then 
subjected to a virtual screening workflow to predict their adsorption affinities 
and the underlying driving forces on GOX8-P935 and REGOX8-P980. A grid-
based molecular docking protocol, followed by refinement via all-atom 
molecular dynamics simulations, was employed to exhaustively sample the 
entire GO surface and elucidate the adsorption mechanisms of emerging 
contaminants. 
 
The final ranking, obtained using the MM-GBSA method combined with 
Normal Mode analysis, indicates that the adsorption landscape on graphene 
oxide is predominantly governed by non-specific dispersive interactions and 
hydrophobic contacts, which phenomenologically reproduce planar π-π 
stacking orientations, rather than by electrostatic attraction. This conclusion 
is corroborated by the higher adsorption affinities calculated for planar 
polycyclic aromatic hydrocarbons and high molecular weight plasticizers (e.g., 
DEHP), relative to polar or charged species, which are frequently disfavored 
due to substantial de-solvation penalties. 
 
Importantly, this study demonstrates that the topological accommodation of 
the ligand on the heterogeneous GO surface exerts a considerably stronger 
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influence on binding stability than the absolute stereochemical configuration 
of the molecule. As observed for chiral contaminants such as ofloxacin and 
heptachlor, the convergence of binding free energies across distinct 
stereoisomers indicates that the docking protocol reliably identified stable 
anchoring modes irrespective of chirality, primarily driven by the capacity of 
the ligands to conformationally adapt to the surface irregularities. 
 
From a methodological standpoint, the explicit incorporation of entropic 
contributions proved essential for correcting the intrinsic size-dependence of 
enthalpy-only scoring functions. The Ligand Efficiency analysis revealed that 
bulky and highly flexible molecules, such as atorvastatin and DEHP, suffer 
from considerable thermodynamic penalties arising from the loss of 
conformational degrees of freedom upon adsorption (rigidification), a physical 
effect that MM-GBSA alone fails to capture accurately. Furthermore, 
benchmarking of solvation models identified IGB = 5 (OBC2) as the optimal 
method for ensuring transferability to future bio-interface applications, while 
simultaneously highlighting potential artifacts in newer GBn models when 
applied to perfluorinated compounds. Finally, optimization analyses further 
substantiated the Quasi-Harmonic approximation as a practical, high-
throughput alternative to NMODE for entropy estimation, strictly on the 
condition that this extensive configurational sampling (>10000 frames) is 
maintained to achieve robust convergence. 
 
One of the primary aims of this thesis was the rationalization of these molecular 
interactions to provide practical guidelines for designing future adsorbents. The 
computational findings clearly indicate that to efficiently remove neutral, 
planar, and highly hydrophobic pollutants (such as PAHs), filtration materials 
should maximize the presence of unoxidized, planar graphitic domains, as 
effectively achieved in reduced GO (rGO). Conversely, for highly polar or 
anionic species like PFAS, which suffer from pronounced electrostatic repulsion 
on standard heavily oxidized GO, conventional carbonaceous frameworks are 
insufficient. In these cases, the predictive models suggest that next-generation 
adsorbents must incorporate targeted surface functionalization, such as 
cationic moieties or specific amino acid-derived groups, to provide the 
necessary electrostatic anchoring points and overcome the energetic barrier of 
de-solvation. 
 
Crucially, the fragment-based parametrization strategy applied in this work 
offers a distinct advantage for this optimization phase. By allowing a high-
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resolution decomposition of the binding affinity, it enables the precise isolation 
of energetic contributions from individual surface moieties. While already 
insightful for characterizing standard GO, this bottom-up thermodynamic 
mapping will become exceptionally powerful when modeling complex 
functionalizations like amino acids, as it allows researchers to pinpoint exactly 
which specific chemical groups drive the adsorption, thereby guiding the 
rational, atomic-level design of highly selective filtration materials. 
 
In a complementary effort, a linear PFAS library was parametrized using the 
Martini 3 coarse-grained force field. The resulting coarse-grained model 
exhibited strong agreement with both reference all-atom simulations and 
available experimental measurements. In particular, phase behavior and 
adsorption characteristics on graphene were quantitatively and qualitatively 
reproduced, thereby underscoring the transferability and robustness of the 
coarse-grained representation. This parametrized database was subsequently 
employed to simulate two multicomponent pollutant mixtures designed to 
approximate realistic environmental scenarios, providing both a conceptual and 
methodological framework for predictive studies of contaminant transport and 
competitive adsorption phenomena that would be prohibitively expensive to 
simulate using conventional AA-MD alone. 
 
Most importantly, the multiscale computational pipeline developed in this 
work is not restricted to wastewater treatment applications. Rather, it can be 
generalized to any research context involving small-molecule binding on 
extended material interfaces, thereby enhancing the accessibility, portability, 
and broader applicability of virtual screening workflows. 
 

5.1 Limitations and Future Perspectives 
 
While this thesis successfully establishes a robust multiscale in silico 
framework, several methodological and conceptual limitations must be 
acknowledged to contextualize the findings and guide future research. 
 
First and foremost, while the present predictive framework relies primarily on 
the internal consistency of its computational protocols, its robustness is already 
supported by a strong qualitative agreement with experimentally established 
trends reported in the literature. As highlighted in the results, the model 
successfully captures the relative sorption affinities of structural analogues 
(e.g., fluoroquinolones) and accurately predicts the weak interactions of highly 
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polar or anionic species (such as PFAS and bisphenols), which require 
specifically functionalized adsorbents. Nevertheless, the current computational 
results should be interpreted as a robust high-throughput filtering criterion 
rather than exact thermodynamic representations. Consequently, a primary 
future objective will be the systematic cross-validation of these theoretical 
predictions through targeted laboratory-scale adsorption experiments. Building 
upon the existing literature consensus, this physical validation will be essential 
to confirm the computational affinities and ensure the models accurately 
translate to physical filtration systems. 
 
Second, the parametrization of the extended GO surface was conducted using 
the GAFF force field. While GAFF is highly effective for small organic 
molecules, it was not originally optimized for macroscopic, heterogeneous 2D 
materials. Consequently, future studies will aim to test alternative GO 
parametrizations tailored for nanomaterials. Furthermore, to overcome the 
limitations of classical force fields in rigorously describing specific electronic 
effects (such as true π-π stacking), future validation protocols should 
incorporate QM calculations of molecule-graphene binding energies to 
benchmark and refine the classical mechanical descriptions. 
 
Regarding the conformational sampling, the current protocol deliberately 
employed relatively short 10 ns atomistic MD simulations for each of the 18 
selected docking poses. This restricted timescale was a methodological choice 
intended to strictly preserve the spatial distribution generated by the grid-
based docking. Extended conventional MD simulations would have inevitably 
led to ligand diffusion across the graphene basal plane, causing initially distinct 
poses to drift and converge into the same deep energy minima. By limiting the 
simulation time to 10 ns, the protocol allowed for the local structural relaxation 
of the complexes while ensuring a forced, comprehensive sampling of the entire 
chemically heterogeneous GO surface. including sterically hindered and less 
energetically favorable regions, thereby preventing pose redundancy. 
 
However, while this strategy was highly effective for evaluating the 
macroscopic interaction propensity across the whole material, it inherently 
precluded an exhaustive exploration of the highly complex configurational 
space and dynamic wrinkling of the flexible GO sheet. Moreover, calculating 
the reported binding free energies as an unweighted mean across these 18 
independent trajectories implicitly assumed that all docking poses, including 
the less favorable ones, were equally accessible. To balance the need for spatial 
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sampling with thermodynamic rigor, future simulations must be significantly 
extended and coupled with enhanced sampling techniques (e.g., 
Metadynamics). This will allow the system to map the free energy surface 
without losing spatial control and should be accompanied by the 
implementation of appropriate statistical weighting strategies (such as 
Boltzmann weighting) to more accurately reflect the true thermodynamic 
probability of each distinct binding mode. 
 
Furthermore, it is important to clarify that the initial docking phase served 
primarily as a high-throughput screening step to eliminate placement bias and 
identify sensible starting configurations. The core predictive value of this 
framework lies in the thermodynamic trends extracted after molecular 
dynamics, and it is these post-MD free energies that ultimately require 
systematic experimental validation. 
 
Beyond conformational dynamics, the comparative analysis between GOX and 
REGOX underscored a gap in standard nanosheet modeling. The 
counterintuitive thermodynamic preference of positively charged compounds 
for the less electronegative REGOX surface revealed that relying on a single, 
randomly generated Lerf-Klinowski model introduces significant electrostatic 
and geometric bias. To better approximate macroscopic experimental reality – 
where adsorption occurs simultaneously across thousands of inherently 
heterogeneous nanosheets, future protocols must sample across an ensemble of 
independent surface replicas – each featuring a unique spatial distribution of 
defects. 
 
Nonetheless, targeted experimental validation of these post-MD trends will be 
crucial to properly address the notable dependence of the predicted free 
energies on the chosen Generalized Born (GB) model. Computationally, this 
sensitivity can be further mitigated through a consensus scoring strategy: cross-
referencing results from multiple docking algorithms, different simulation 
times, and diverse implicit solvation models will make the pipeline more 
resilient to force field biases and effectively reduce false positives. 
 
Finally, moving from qualitative observations to predictive design requires a 
systematic expansion of the computational pipeline. Although the 
implementation of topological clustering successfully established class-specific 
adsorption rules, the current dataset of 53 priority contaminants inevitably 
resulted in a high proportion of structurally unique molecules categorized as 
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singletons. Populating the chemical space with a broader array of structural 
analogs is necessary to allow these isolated data points to coalesce into 
statistically robust clusters, refining the current Structure-Activity 
Relationship (SAR) insights into comprehensive Quantitative Structure-
Property Relationship (QSPR) models. 
 
To support this data scale-up, the construction of the small-molecule database 
will be fully automated via SMILES enumeration protocols. Simultaneously, 
the material models will be enriched with complex functional motifs, such as 
polyethylene glycol (PEG) chains or amino acid derivatives, exploiting the 
flexibility of the fragment-based parametrization Similarly, the Martini 3 
parameter set will be systematically enlarged to include additional PFAS 
species and other environmentally relevant contaminants. 
 
By addressing these current limitations and integrating automated high-
throughput screening with QSPR analytics, the proposed computational 
platform will evolve into a highly reliable and systematic tool to guide the 
rational design and targeted functionalization of next-generation graphene-
based nanomaterials. 
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