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CHAPTER 1 – INTRODUCTION
Through the last decades, drug discovery has benefited from breakthrough innovations made
in all of the branches of this interdisciplinary field. A deeper understanding of pathophysiological
conditions, together with technological advances pushing the boundaries of life sciences, have
fueled the groundbreaking work that led to the development of several new drugs for the treatment
of a vast range of diseases. Lately, one of the most expanding research fields is represented by
covalent drug discovery [1], as indicated by the increasing number of citations referring to covalent
inhibitors observed through the years (Figure 1). Here, an overview will be given to highlight their
main features, advantages and applications, as well as the challenges faced in the rational design
of compounds binding covalently to pharmaceutically relevant targets.

Figure 1. Documents published from 1980 to 2019 containing the phrase “covalent inhibitor” in the title,
abstract or keywords fields (red line). Corresponding number of citations (excluding self-citations) are
shown as blue bars. Data collected from Scopus (https://www.scopus.com).

1.1.

Covalent drugs: binding mechanism and historical notes

Covalent drugs typically exert their functional activity by covalently modifying the protein
target at nucleophilic residues located nearby the active site or in allosteric pockets. The process
involves the formation of new chemical bonds with the electrophilic moiety of the compound, also
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known as the “warhead” group [2]. It is worth noting that most of covalent drugs were found by
serendipity in phenotypic screens, while the mechanism of action was disclosed only after their
approval. Following an initial skepticism, remarkable efforts have been made by academic and
industrial players to revisit the importance of covalent drugs, by recognizing their factual presence
on the market and establishing new principles for their rational design [3]. Indeed, several covalent
drugs acting on a broad scope of molecular targets have been approved by the US Food and Drug
Administration (FDA) [4]. Among them, aspirin [5], penicillin [6], omeprazole [7] and clopidogrel
[8] surely represent the most successful examples also in terms of target patient population
reached, although many others were shown to be highly effective in treating life-impairing
conditions [9–12]. It is known that around 33% of enzymes with available marketed drugs have at
least one representative drug acting through a mechanism based on covalent binding [13], but also
other target classes were found to be modifiable (e.g., clopidogrel acts on a G protein-coupled
receptor). Despite this, developments in the field were initially hindered by the risks of off-target
labeling, generation of highly reactive metabolites and potential idiosyncratic reactions arising
from the use of hyper-reactive and/or non-selective covalent binders [14–16]. However, it was
shown that this risk is rare and dependent on the drugs’ daily dose rather than on its mechanism
[17,18]. The recent findings, together with the introduction of guidelines for the design of potent
and safe targeted covalent inhibitors (TCIs), contributed to eradicate the doubts of inevitable
promiscuity that restrained covalent drug discovery programs [19]. As occurs with noncovalent
inhibitors, suggested strategies still heavily rely on the optimization of the non-bonding
interactions as primary selectivity keys, with an additional focus on tailoring the warhead reactivity
to the desired target nucleophilicity [20,21]. It is indeed acknowledged that covalent drugs
typically bind to their target in a stepwise manner (Scheme 1): classic noncovalent protein-ligand
recognition mechanisms characterize the initial binding event, allowing the respective reactive
groups to be placed in close proximity to each other for the following covalent bond formation
[1,22]. Therefore, the most common approach in the design of TCIs entails the modification of a
reversible inhibitor that already showed high selectivity for its target, by including, in a suitable
position, a warhead group that can form a covalent bond to the nucleophilic residue of the protein.
Overall, following the revival of covalent drugs, several studies have further contributed to
galvanize the field by emphasizing the advantages and alleviating the concerns that surrounded it
for so many years, as described in various literature reviews [23–28].
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Scheme 1. Binding mechanism of covalent drugs. The first step involves the formation of a noncovalent
protein (P)-ligand (L) complex (P·L) regulated by equilibrium binding kinetics. In the second step, a
covalent bond is formed between the reacting partners, ultimately leading to a covalent adduct (P‒L).

1.1.1. Advantages of covalent labeling
In spite of the complex nature of their binding mechanism, the advantages offered by covalent
drugs make them highly attractive for drug discovery projects. They can provide high potency of
protein inhibition [29,30] and low-frequency dosing regimens in patients, which can improve the
therapeutic compliance [31]. Depending on the warhead chemistry, the newly formed covalent
bond can lead to reversible (k-2 > 0 in Scheme 1) or irreversible (k-2 ≈ 0) labeling of the target [32–
34]. Both types of labeling can prolong the drug’s residence time and thus improve its
pharmacokinetic profile as compared to a noncovalent analogue [35]. Furthermore, covalent drugs
may also provide selectivity if the targeted residue is not conserved across related protein family
members [36]. By screening electrophilic fragment libraries against different sets of proteins, it
was shown that covalent modifiers can bind with high specificity to their target [20,37–41],
including some that were previously considered as undruggable [42,43]. Thus, these results
confirmed that the binding is not only driven by the chemical reaction, and that selective covalent
inhibitors can be obtained by fine-tuning the non-bonding interaction patterns in the pocket.
Another remarkable feature of covalent drugs is that they can be effective in tackling resistance
mechanisms resulting from therapy-induced mutations of binding site residues [1]. For instance,
these episodes are frequent in oncology indications, as in the case of approved noncovalent EGFR
inhibitors like gefitinib, erlotinib and lapatinib, whose administration led to the development of a
drug-resistant mutant (e.g., L858R and T790M) [44,45]. On the other hand, approved covalent
EGFR inhibitors like afatinib, dacomitinib, neratinib and rociletinib were proven to overcome this
acquired feature thanks to their unique binding mechanism regulated by non-equilibrium kinetics
[45,46].
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1.1.2. Pharmacological relevance of TCIs
A brief overview on the therapeutic targets whose activity has been modulated by TCIs will
provide a better understanding on the broad scope and significant impact of covalent drugs on
human health. Although a detailed description of all the TCIs developed until now is out of the
scope of this work, more information on their activity profiles can be found in Singh et al. [1],
Bauer [3] and Ghosh et al. [47], who also reported on the current status in the drug discovery
pipeline.
Among the protein families with approved covalent drugs on the market, kinases represent one
of the most prominent examples. Protein kinases, a class of enzymes that has been widely targeted
in drug discovery [48], catalyze the transfer of a phosphate group from ATP to a protein substrate,
and are hence implicated in various cell signaling pathways. As such, kinases play a key role in
several pathogenic processes, including oncological [49], inflammatory [50] and autoimmune [51]
diseases. In spite of the high sequence similarity of the catalytic sites of kinases, targeted covalent
kinase inhibitors can provide selectivity over related family members due to the labeling of nonconserved nucleophilic residues [52]. Covalent inhibitors of different kinases (e.g., EGFR, BTK,
MEK1, RSK2, PI3K) whose abnormal activities have been linked to oncology indications, have
been approved or are currently being investigated in clinical trials. However, significant efforts
have been made for the discovery of TCIs targeting other kinase-mediated diseases as well. JAK3,
a Janus kinase primarily found in leukocytes, is a target whose functional modulation has been
associated with a phenotype of immunodeficiency [53]. The research of JAK-specific inhibitors is
still ongoing, and a covalent approach offers the opportunity to develop selective JAK3 inhibitors
targeting Cys909, a residue that is not conserved across JAK family members.
Proteases constitute another large family of enzymes extensively targeted by covalent binders.
Their proteolytic activity is involved in multiple signaling pathways that, if altered, can lead to the
insurgence of a vast range of diseases. Covalent strategies of inhibition were applied against many
members of the protease family, but caspases and cathepsins (both cysteine proteases) are the most
frequently investigated examples. Caspases include more than 10 isoforms involved in protein
homeostasis, which were found to play a key role in the regulation of cell death and inflammation
[54]. Many TCIs were developed to contrast the tumorigenesis associated to the escape of
apoptotic mechanisms following the impairment of caspase activity (mostly of caspase 8, but also
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others) [55]. Cathepsins are lysosomal cysteine proteases whose malfunctioning has been shown
to lead to the development of a wide range of human diseases. For instance, cathepsin K, an
isoform primarily found in osteoclasts, is a target of high interest for the treatment of osteoporosis
and osteoarthritis [56,57]; cathepsin S plays a role in the onset of autoimmune diseases such as
rheumatoid arthritis, bronchial asthma and psoriasis [58–60]; cathepsin B has been validated as a
promising target in various oncological conditions [61–64]. For all of these isoforms, a variety of
covalent inhibitors were developed and some of them are currently being investigated in clinical
trials.
A covalent approach was also pursued to target KRAS, a member of the GTPase superfamily
involved in a number of cell signaling pathways. It acts as a molecular on/off switch that triggers
the signal transduction depending on whether it is bound to GTP (on-state) or GDP (off-state).
KRAS mutations are extremely frequent in oncogenic diseases (mostly pancreatic and colorectal
tumors and lung adenocarcinomas), giving this target the reputation of “the beating heart of
cancer”. These mutations prevent the regular GTP/GDP turnover, thus locking KRAS mostly in
its active conformation leading to abnormal cell growth and proliferation. After being considered
an undruggable target for more than 30 years, an enormous progress in KRAS targeted programs
was recently enabled thanks to the renewed interest in covalent drugs [43]. One of the most
frequently occurring KRAS mutations is the G12C (KRAS G12C), which is found in 40% of KRASdriven lung adenocarcinomas [65]. This oncogenic variant features a cysteine that can readily form
covalent bonds with an electrophile placed in a suitable position. Therefore, this provides the
unique opportunity to develop cysteine-targeted covalent inhibitors that bind selectively to the
oncogenic variant over the wild-type. Ostrem et al. first reported a successful cysteine-targeted
covalent approach against KRASG12C [66]. The authors were able to prove that compounds could
covalently modify the Cys12 mutant by binding in a previously unrecognized “switch-II” pocket,
as also confirmed by crystallographic analysis. Quite remarkably, three covalent inhibitors
(together with a pan-KRAS noncovalent inhibitor designed by Boehringer Ingelheim) have entered
clinical trials in the last year [67–69], showing highly promising early data for the treatment of
oncological diseases that still lack successful prescriptions.
Several other proteins were investigated with a TCI approach. Acetylcholine-esterase (AChE)
is an enzyme involved in the hydrolysis of acetylcholine, an endogenous neurotransmitter whose
low levels have been linked to Alzheimer’s disease [70]. Among the developed AChE inhibitors,
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rivastigmine is a covalent drug approved for this indication [71]. Covalent inhibitors of pancreatic
lipase and MetAP2, two targets that raised interest for the treatment of obesity, were approved or
are currently in clinical trials [72–74]. MurA is a key enzyme in the first step of bacterial
peptidoglycan biosynthesis and it is a promising antibacterial target as it has no human orthologue.
Among the compounds described as potent MurA inhibitors [75,76], fosfomycin [77] is the only
clinically available drug, which covalently binds to the active site Cys115. OTUB2, a member of
the large family of deubiquitinating enzymes (DUBs), is linked to several biological pathways
indicating its therapeutic potential for conditions such as viral infections, amyotrophic lateral
sclerosis and diabetes [78–80]. NUDT7 is a nudix hydrolase involved in the specific degradation
of CoA [81,82]. Therefore, since CoA metabolism is key for the regulation of glucose homeostasis,
also NUDT7 has raised interest for its potential role in the treatment of diabetes [83]. First
instances of selective covalent probes targeting OTUB2 and NUDT7 were revealed recently,
showing promising activity profiles [41]. Two anti-infective covalent drugs labeling HCV protease
have been approved for the treatment of hepatitis C [84,85]. The proteasome is a large protein
complex that, as part of the ubiquitin-proteasome system, is responsible for the degradation of
proteins [86]. An inducible subgroup of proteasome proteins present in immune cells, also known
as immunoproteasome, plays a key role in the immune system as it degrades intracellular proteins
like those of viral origin [87]. Both forms have been widely studied for their implication in
inflammatory and oncogenic processes. A number of covalent inhibitors of the constitutive
proteasome (also “CP” in the text) and of the immunoproteasome (also “IP” in the text) have been
reported [88–90], with bortezomib [91] representing the first-in-class inhibitor approved for the
treatment of multiple myeloma and mantle cell lymphoma. Finally, although many other examples
of pharmacologically relevant targets addressed by TCIs are available, it is worth giving a last
mention to the blockbuster drugs already mentioned before (see 1.1.). Aspirin is a covalent
inhibitor of cyclooxygenase (COX) 1 and 2 historically used to treat pain and inflammation.
Penicillins are β-lactam antibiotics covalently binding to penicillin-binding proteins (PBPs), which
represent a group of proteins essential for bacterial cell wall synthesis. Omeprazole is a proton
pump inhibitor used to relieve heartburn and other disorders related to an excess of stomach acid.
Clopidogrel, a prodrug that leads to the irreversible inhibition of P2Y12, is widely used as an
antiplatelet medication to prevent the risk of stroke and other cardiovascular diseases.
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1.1.3. Warhead chemotypes
Covalent binders can react with their target through a variety of warhead chemotypes. In Figure
2, a number of pharmacologically active covalent inhibitors are shown to demonstrate that
different chemical moieties might be used effectively to modify a target with high specificity, as
requested by the TCI approach. However, most of the targeted covalent kinase inhibitors
developed up to now were equipped with an acrylamide group as electrophilic warhead.
Acrylamides undergo a Michael addition reaction type by forming a covalent bond with the
nucleophilic residue of the protein, that, especially in the case of kinases, is mainly represented by
a poorly conserved reactive cysteine. For instance, afatinib and ibrutinib bind covalently to Cys797
of EGFR and to Cys481 of BTK, respectively. However, cysteine residues can be selectively
modified also by electrophiles reacting with completely different chemistries, as exemplified by
the nitrile group of odanacatib (Cys25 of cathepsin K), the sulfoxide group of omeprazole
(converted in acidic pH into sulfenic acid and sulfenamide, which then react with Cys813 of H +/K+
ATPase), or the epoxide group of fosfomycin (Cys115 of MurA).

Figure 2. Selection of TCIs equipped with a variety of different warheads. Targets are reported in brackets.
Warheads are shown as red circles.
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It is important to note that a TCI approach can also be used to target nucleophilic residues other
than cysteines. In Figure 2, penicillin G, rivastigmine, orlistat and telaprevir are covalent drugs
modifying reactive serine residues of the respective targets, each through a different warhead
chemotype (β-lactam, carbamate, β-lactone and α-ketoamide, respectively). Bortezomib acts by
forming a covalent bond between its boronic acid warhead and the catalytic threonine of the
proteasome. Beloranib, a covalent MetAP2 inhibitor currently under clinical investigation, binds
to the targeted serine through an epoxide group. It shares the same warhead as the cysteine-targeted
MurA inhibitor fosfomycin, thus illustrating how the same electrophile can be used to label
different nucleophilic residues of distinct protein targets, given that high selectivity is achieved by
optimizing the noncovalent part of the structure. Recently, also lysine-targeted covalent inhibitors
gained more interest thanks to their ability to modify non-conserved reactive lysines located in
buried binding sites where these residues can present considerably lower pKa values [92].
Despite the variety of warheads shown by natural or synthetic covalent drugs identified
serendipitously, most of the efforts aimed to the rational design of novel TCIs have primarily
focused on the modification of known reversible binders by typically including an acrylamide
warhead. Therefore, in the last few years our group has intensively focused on the development of
cysteine-selective electrophilic libraries spanning a wide range of warhead chemotypes, aiming to
extend the scope of electrophiles to be used in covalent drug discovery. We focused on cysteine
due to the relative abundance of known cysteine targeting covalent inhibitors, including FDAapproved drugs [1]. Cysteines have several features that make them highly suitable for covalent
targeting. For instance, their low occurrence (2.26%) in the human proteome lightens selectivity
issues [93,94]. Furthermore, the poor conservation of non-catalytic cysteines particularly in
kinases is advantageous for selectivity reasons and to avoid the development of resistance [52].
The cysteine thiol is particularly reactive due to its high electron density and polarizability, thus
allowing to target it with less reactive ligands to minimize potential side-effects [36,95]. Also,
cysteines play a significant role in a variety of functions, hence suggesting that TCIs can affect the
function of a wide range of proteins. All this is supported by proteomic reactivity profiles showing
that a broad range of cysteine residues could act as reactive sites [96].
As shown in Figure 3, a large set of warheads spanning different chemistries was compiled to
explore their reactivity and selectivity against cysteine. Their reactivity was profiled using a wellknown assay monitoring the rate of adduct formation with L-glutathione (GSH) as cysteine
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surrogate [97], and their selectivity was assessed against a nonapeptide with multiple nucleophilic
residues [39].

Figure 3. General structure of our in-house electrophilic library divided by warhead chemistries. Red and
blue boxes indicate GSH-reactive and cysteine-selective warheads, respectively. Source: Ábrányi-Balogh
P. et al., Eur. J. Med. Chem. 2018, 160, 94–107.

Since different chemotypes bind via different reaction mechanisms, it is clear that they are
characterized by distinct intrinsic reactivities, which can also be tailored by changing the warhead
substituents. In addition, the specific arrangement of binding site residues located at the reaction
site can further modify the properties of the electrophile. This study has revealed that, similarly to
what typically occurs in organic synthesis, AdN, Ad-E, SN reactions and oxidations cover the same
range of reactivity in biological environments as Michael additions do (Figure 4). Thus, these
results indicate that medicinal chemistry programs should consider a broader range of electrophiles
to ensure the suitable reactivity and selectivity of TCIs. Furthermore, it was shown that the intrinsic
reactivity of the electrophiles might influence not only enzyme specificity, but also functional
specificity (as observed with the endo- versus exo-peptidase activity of cathepsin B), and species
specificity (as observed for MurA from Escherichia coli versus MurA from Staphylococcus
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aureus). These findings confirmed that cysteine residues can be labelled by a variety of warheads,
which therefore have to be tailored to the reactivity of the specific residue being targeted. The
same conclusion was also supported by other studies, like the one published by McGregor et al.
showing that the non-catalytic cysteine of KRAS G12C can react with a wide set of electrophiles
leading to covalent protein modulation [98].

Figure 4. GSH reactivity distribution of different warhead chemistries. For each compound (shown by
colored lines in the corresponding chemistry), reactivity is expressed as half-life time (hours) of adduct
formation with GSH. Source: Ábrányi-Balogh P. et al., Eur. J. Med. Chem. 2018, 160, 94–107.

As emphasized in the guidelines for the development of safe and potent TCIs, warheads of
milder reactivity should be selected when approaching a suitable candidate. However, it must be
underlined that even warhead types of higher reactivities (e.g., maleimides [VI] or α-haloketones
[XXVI] in Figure 3) play a key role in the drug discovery process, as they can be used as earlystage covalent probes to identify ligandable residues of pharmacologically relevant targets in
proteomes and cells [37]. This can be particularly suitable in fragment-based lead discovery, an
approach that provided several drugs and candidates in the last decades [99,100]. In these
applications, small electrophilic probes are first used to interrogate protein targets, and then the
most promising hits are optimized into selective lead-like binders. Recently, by screening a
fragment-sized electrophilic library against a panel of 10 proteins, non-promiscuous covalent
inhibitors were identified for targets that previously lacked any probe [41]. Overall, it is advisable
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to consider a wide range of warheads when compiling electrophilic libraries to be screened for the
identification of novel chemical starting points, as their reactivity can be tailored along the way to
avoid undesirable off-target modifications.

1.2. Theory and practice of covalent docking
Computational tools have a prominent role in the identification of novel chemical starting
points for a drug target, in the elucidation of the binding mechanism, as well as in the optimization
into drug-like molecules. Since the advent of structural biology, we have witnessed a continuous
development of several structure-based methods that revolutionized the drug discovery process.
Structure-based approaches make use of the structural information available for a protein target or
for its ligand-bound complex. Among the most popular ones, molecular docking has been applied
extensively in many stages of the drug discovery pipeline, from early hit identification to candidate
optimization. Docking allows to predict the molecular recognition of compounds in protein
binding sites by scoring the interactions formed by a series of sampled conformations [101]. Over
the years, several docking programs were developed by implementing different types of
conformational search algorithms and scoring functions. Many comparative evaluations were
performed to analyze their predictive power on a wide range of protein-ligand complexes [102–
107]. These studies showed that docking can predict the binding mode(s) adopted by a ligand in
the pocket with significant accuracy that can be highly valuable in structure-based de novo design,
as well as in hit-to-lead optimizations. Another typical application of docking is in the
identification of new chemical starting points by ranking large databases of molecules in terms of
their estimated affinity to the target, thus allowing to prioritize potential binders [108–110].
Indeed, structure-based virtual screening has been validated extensively in hit discovery settings
[111–119]. The main advantage of docking tools lies in their speed and throughput as compared
to other time-demanding methods that are rather used to obtain more detailed and sophisticated
predictions [120]. Their efficiency is due to a series of approximations in modeling the proteinligand binding. First, while multiple low-energy ligand conformations are sampled by a search
algorithm, during docking calculations the protein is typically treated as rigid to significantly
reduce the simulation time. In addition, scoring functions are optimized for computational
efficiency by implementing crude potentials to estimate the individual contributions (e.g., van der
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Waals, electrostatic, H-bond contacts) to binding affinity, although accurate predictions still
remain elusive [121]. However, while these approximations can often ensure reliable results for
ligands binding noncovalently to their target [102–104,107], different approaches are required
when dealing with compounds acting through a covalent binding mechanism [122,123]. Indeed,
since traditional docking algorithms do not model the covalent bond formation and were not
trained on covalent complexes, they are unable to evaluate the interactions occurring at the reaction
site. To address this limitation, a series of covalent docking protocols was recently developed and
integrated to the available set of tools widely applied to predict the binding mode of compounds
that bind noncovalently [124].

1.2.1. Scope and limitations of covalent docking methods
Here, an overview on the scope and limitations of covalent docking methods is given to
highlight the state-of-the-art of the technology and to dissect the most relevant features of their
utility. Although with conceptually distinct approaches, covalent docking protocols face common
challenges in modeling the binding of TCIs. In the following paragraphs, the difficulties in
evaluating the interactions at the reaction site, the structural changes upon covalent linkage and
the differences in the reaction energy will be described more in detail.

Interactions at the reaction site
One of the main limitations of covalent docking simulations lies in the use of highly
approximate potentials often derived from molecular mechanics force fields to evaluate the
interactions occurring at the reaction site. Steric clashes between protein and ligand atoms in the
surroundings of the new covalent bond prompted to design algorithms able to smooth out their
unfavorable contributions to docking scores. While some of these tools do this by directly sampling
the conformational space of the bound ligand [125–132], others focus on alleviating the strain by
mutating the targeted nucleophilic residues into less bulky ones like alanine or glycine [133–135],
thus leaving more room for the arrangement of warhead atoms. Alternatively, protocols using
noncovalent docking methods have also appeared [135], showing that reasonable accuracy can be
obtained in the binding mode prediction of covalently bound ligands.
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Structural changes upon covalent linkage
The complexity of the prediction can be further increased by considering the rearrangement of
the warhead that might occur upon the chemical reaction. This clearly depends on the electrophilic
group used to target the protein nucleophile and in turn on the undergoing reaction mechanism. As
an example, Figure 5A shows the 3D structure of penicillin G in the pre-reaction minimized
conformation (in grey) and in the serine-bound conformation found in a covalent complex (in
green) with its β-lactamase target, where the opening of the β-lactam ring induces relevant
rearrangements. Furthermore, the covalent linkage can also affect the orientation of the rest of the
ligand, especially in case of non-terminal electrophilic sites. For instance, it was found that
covalent inhibitors of HCV RNA polymerase (NS5b) that are characterized by a large electron
conjugation in their pre-reaction form can drastically change their conformation upon cysteine
binding in the middle of their structure, mainly due to the disruption of the conjugated system
(Figure 5B) [136].

Figure 5. Structural changes caused by covalent linkage. Side chain atoms of nucleophilic residues shown
in black circles. A) 2D and energy-minimized 3D structure of penicillin G in the pre-reaction conformation
(in grey) and in the Ser70-bound conformation found in its -lactamase complex (PDB: 1FQG, in green);
B) 2D and energy-minimized 3D structure of a covalent HCV RNA polymerase (NS5b) inhibitor in the
pre-reaction conformation (in grey) and in the Cys366-bound conformation found in the PDB structure
2AWZ (in green).
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This poses a particular challenge for covalent docking programs, as the pool of conformations
sampled prior to docking may vary significantly depending on whether pre- or post-reaction forms
are considered. Consequently, it can be expected that programs sampling only pre-reaction ligand
conformations will less likely predict accurate binding modes for compounds undergoing
considerable rearrangements following the chemical reaction (e.g., compounds reacting via ring
opening, or with bulky leaving groups in nucleophilic substitutions, or through disruption of
conjugated systems).
In addition, most reaction mechanisms entail specific geometric requirements between the
reacting partners. Docking tools taking these constraints into consideration need an accurate
parameterization of the breaking and forming of chemical bonds. Covalent docking programs with
appropriate parametrization for several reaction types have appeared [129,137], although this is
typically implemented only for a fraction of all the possible mechanisms.

Differences in the reaction energy
A major restriction of covalent docking methods is their inability to efficiently score the energy
of bond formation. Simulating the chemical reaction requires time-demanding quantum
mechanical (QM) calculations, which are not yet suitable for docking tools meant to yield fast
predictions. The scoring functions of covalent docking programs are indeed tailored to evaluate
only pairwise noncovalent protein-ligand interactions, just as those implemented in traditional
docking algorithms. Therefore, differences in the energetic profiles of distinct reaction pathways
cannot be grasped by covalent docking tools, which prevents the comparison between ligands
characterized by different reactivities. Provided that enough room is available in the pocket, most
docking protocols modeling the bound form of covalent binders will enforce the bond formation
regardless of their reactivity.
Investigating the chemical reaction via QM simulations can be typically done by using
nucleophilic surrogate models such as methyl-thiolate in the case of cysteine [21,97]. Recently,
docking protocols including QM or hybrid QM/MM simulations were developed to support the
rational design of covalent binders [138,139]. Overall, QM allows to infer not only reaction energy
profiles and the corresponding geometric parameters, but also reactivity descriptors that can
support the prioritization of compounds to be investigated and optimized further [140]. In addition,
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QM calculations of reaction energy can disclose insights on the potential reversibility of bond
formation. Unfortunately, a priori knowledge on warhead reactivity cannot be directly used in
ranking virtual screening libraries, since even the reactivity of compounds reacting with the same
mechanism might be considerably different by changing the steric and electronic features of the
warhead surroundings [141–143]. As a result, appropriate virtual screening by covalent docking
tools requires to compile libraries of ligands with highly similar reactivity profiles, which mostly
implies screening a single warhead type. This allows to compare directly the resulting docking
scores, based on the assumption that the omitted energy term for bond formation is highly similar
across the ligand set. On the other hand, it obviously limits the chemical diversity spanned in the
compound collection, and therefore the scaffold types identified among the virtual screening hits.

1.2.2. Current covalent docking methods
Given the appealing advantages provided by covalent drugs, having a well-functioning
covalent docking tool at disposal is of utter importance to support the rational design of TCIs.
Covalent docking algorithms can be classified in two groups according to the type of ligand
conformation they sample: programs either handle initial noncovalent forms (pre-reaction) or
bound states (post-reaction). These methods are listed in Table 1 in chronological order based on
their first reported description or application.
The first well-documented covalent docking tools reported in the literature use post-reaction
conformations to simulate the bound form of TCIs. These methods rely on different approaches to
model the bond formed between protein and ligand atoms involved in the chemical reaction.
Geometric constraints, attractive potentials or pharmacophore-based tethering methods are used to
force the alignment of bound atoms onto the target structure to produce the covalent complexes.
All these approaches require the initial conversion of ligand structures into the corresponding postreaction forms. Although automated workflows for warhead identification and conversion are now
available, some of them still need a certain degree of user intervention.
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Table 1. List of covalent docking methods ordered by first reported description or application.
Method

Underlying
method(s)

Software Type

Accessibility

Sampled
ligand state

Ref.

GOLD

GOLD

Standalone

Licensed

Post-reaction

[125]

FlexX

FlexX

Standalone

Licensed

Post-reaction

[126]

MacDOCK

DOCK 4/MIMIC

Standalone

Licensed1

Post-reaction

[127]

ICM-Pro

ICM

Standalone

Licensed

Post-reaction

[128]

FITTED

FITTED

Standalone

Licensed1

Pre-reaction

[144]

CovalentDock

AutoDock4

Web server

Public

Post-reaction

[129]

MOE

MOE Dock

Standalone

Licensed

Post-reaction

[145]

CovDock-LO

Glide/Prime

Standalone

Licensed

Pre-reaction

[133]

CovDock-VS

Glide/Prime

Standalone

Licensed

Pre-reaction

[134]

DOCKovalent

DOCK 3.6

Web server

Public

Post-reaction

[130]

DOCKTITE

MOE/DSX

SVL scripts

Open-source2

Post-reaction

[131]

AutoDock4

Standalone

Open-source

Post-reaction

[132]

AutoDock Vina

Self-implemented

Open-source

Pre-reaction3

[135]

AutoDock4
[Two-point attractor /
Flexible side chain]

SCAR
1

Free license for academic use.
DOCKTITE is freely available as SVL scripts, but it relies on licensed programs (MOE).
3
Post-reaction conformations were used to assess the pose prediction accuracy of the SCAR method when
docking β-lactams in the test set [129].
2

Docking tools sampling pre-reaction ligand conformations are instead designed to emphasize
the importance of the noncovalent interactions leading to the initial binding site recognition. While
all methods in this group perform noncovalent docking of pre-reaction ligand states, they can be
further distinguished in protocols that ultimately lead to bound complexes and others that do not
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involve any covalent bond formation. The first subgroup is represented by docking tools using
multi-step workflows to capture each stage of the covalent binding process (FITTED, CovDockLO and CovDock-VS). Following noncovalent docking, these tools form a covalent bond only if
warhead atoms are found within specific distance cutoffs from the targeted nucleophile. The
second subgroup include a purely noncovalent docking protocol specifically designed to model
covalent binders (SCAR).
Overall, it is worth mentioning here that only few covalent docking-based applications have
been described in the literature, being a rapidly growing but still quite recent research field. In this
thesis work, a thorough analysis of six currently available covalent docking methods was carried
out to assess their binding mode prediction performance against an unprecedentedly large set of
covalent protein-ligand complexes. This evaluation has also provided several insights on the
factors having an effect on the covalent docking results. However, despite the caveats posing
relevant challenges for accurate predictions, many of these algorithms have already been applied
successfully in binding mode analyses and in optimization programs [146–172]. These case studies
represent a solid ground for future improvements and for the development of new covalent docking
protocols, as described later in this thesis.
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CHAPTER 2 – METHODS
2.1.

Computational methods: materials, setup and analysis

Various computational tools were used throughout this work. In this section, more details will
be provided on their workflow and scope of application, together with concise information on their
theoretical background. All links provided in the text were accessible on February 29 th, 2020.

2.1.1. Ligand structures: collection and preparation
Multiple sources are available to retrieve structural information for electrophilic compounds in
several forms, from SMILES [173] (Simplified Molecular-Input Line-Entry System) strings to
three-dimensional (3D) coordinates. The Protein Data Bank (PDB, https://www.rcsb.org/ [174]) is
the primary repository of structural data for proteins. It includes a vast collection of protein
structures that can be found in complex with bound ligands or in their unbound state. The PDB
can also be inspected to obtain the structure of compounds found in covalent complexes with their
protein targets. In general, the PDB allows to search for bound ligands by:


Identifier or Name



SMILES string, InChI or InChI Key



Chemical Formula or Molecular Weight



Chemical Substructure or Similarity

Retrieving ligand structures from the PDB might be of particular interest for covalent selfdocking simulations, where an algorithm is tested for its ability to reproduce the conformation of
a compound as found in the experimental complex. However, contrarily to noncovalent binding
compounds, ligands covalently bound to their protein target are typically found in their postreaction conformations in PDB complexes. This means that the warhead structure is not the same
as it was before the covalent bond formation (pre-reaction), but has undergone structural changes
according to the mechanism involved in the reaction with the target. As a result, particular care
should be taken when dealing with ligand structures collected from covalent complexes in the
PDB, especially when preparing for docking simulations. In particular, depending on the covalent
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docking algorithm of choice, ligand warheads should be converted into their pre-reaction state or
into a post-reaction conformation where the electrophilic center is linked to atoms of the targeted
nucleophilic residue.
For the comparative evaluation of covalent docking tools described later in this thesis (see
3.1.), a set of 207 cysteine-bound covalent complexes was collected from the PDB. For the
compilation of this set we focused on synthetic ligands relevant for covalent drug discovery, thus
analyzing their properties using chemical pattern and physicochemical filters. In detail, we
restricted the suitable atom types to H, C, N, O, F, P, S, Cl, and Br, and selected ligands with heavy
atoms between 8 and 50 that fulfilled the extended Rule-of-Five criteria [175] (molecular weight
≤ 700, 0 ≤ cLogP ≤ 7.5, number of H-bond donors ≤ 5, Polar surface area ≤ 200 Å 2, number of
rotatable bonds ≤ 20). This set of complexes allowed to carry out a thorough analysis of covalent
docking methods by evaluating their performance across various properties and features, as
reported later (see 3.1.4.). Furthermore, to avoid any bias deriving from the binding conformation
observed in the complex, we have drawn 2D ligand structures associated to SMILES codes taken
from the PDB, modified the warhead according to the needs of the docking tool, and finally
prepared and refined ligand conformations using the preparation protocol of the given docking
program.
However, also other ligand resources are available depending on the specific requirements. For
instance, BindingDB [176], ChEMBL [177] and PubChem [178] represent the most popular
repositories to gather information on chemical compounds, including covalent binders, and their
experimental activities.
Free databases of molecules available from commercial suppliers can be queried to compile
readily purchasable electrophilic libraries for virtual screening applications. Among the first
developed resources, ZINC (ZINC Is Not Commercial) [179] is an on-line database that contains
more than 230 million purchasable compounds in ready-to-dock, 3D formats. ZINC is available at
https://zinc.docking.org/ and it is provided by the Irwin and Shoichet Laboratories in the
Department of Pharmaceutical Chemistry at the University of California, San Francisco (UCSF).
It must be noted that, in 2015, ZINC has also been upgraded to a faster version with better search
capabilities, ZINC15 (https://zinc15.docking.org/) [180]. Many alternative databases of
purchasable

compounds

exist

other

than

ZINC,

such

as

eMolecules

(https://www.emolecules.com/) and Enamine (https://www.enamine.net/). While the first mainly
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aggregates and distributes a large collection of molecules from different providers, the latter allows
to access also chemical services like custom synthesis and library design. In addition to its in-stock
library, Enamine has recently created a REAL (REadily AccessibLe) database counting 11 billion
compounds from the synthetically-accessible space, which the company promises to synthesize,
with success rates of around 85%, and to ship within 2-3 weeks from the order. Some of these
databases were consulted to compile electrophilic libraries for the virtual screening applications
described throughout this work, and to purchase virtual hits for experimental testing. In particular,
a library of ~104,000 compounds equipped with a boronic acid warhead was screened against the
β5i subunit of the immunoproteasome (also “IP-β5i”). It was compiled by first performing a
substructure search of ZINC15 and eMolecules looking for compounds with boronic acid groups,
and then filtering for a number of structural properties (10 ≤ heavy atoms count ≤ 30; rotatable
bonds ≤ 10; stereocenters ≤ 3; 1 ≤ rings count ≤ 5; atoms allowed: C, H, O, N, S, B, P, F, Cl, Br,
I). For the virtual screening against JAK3 and KRASG12C by DUckCov, a warhead-focused
substructure search of the ZINC15 database led to the collection of ~55,000 compounds with a
terminal acrylamide as electrophilic group. All of the selected virtual hits were ultimately
purchased from Enamine. For the virtual screening of libraries including multiple warhead
chemotypes (WIDOCK), different compound collections were compiled and tested in
retrospective and prospective applications. Chemical structures of the 20 compounds screened
against KRASG12C were derived from McGregor et al. [98] (see structures in Appendix A). They
all share the same noncovalent scaffold equipped with eight different warheads via three types of
linkers. The 29 electrophilic fragments tested retrospectively against MurA and CatB and
prospectively against MAO-A were selected from our in-house library reported in Ábrányi-Balogh
et al. [39] (see structures in Appendix B). This set includes eight different warhead chemotypes
reacting via two reaction mechanisms: Michael-type nucleophilic addition and nucleophilic
substitution. In the larger-scale retrospective virtual screening against OTUB2 and NUDT7, an
electrophilic fragment library including chloroacetamide and acrylamide warheads was derived
from Resnick et al. [41]. In order to have a compound collection with homogeneous reactivity
data, as required by WIDOCK (see 2.1.8.), we inspected the thiol reactivity reported for the set of
993 compounds and selected those that best fit to the kinetic model described in the reference study
(630 compounds with R2 > 0.8 in three independent thiol screens). This set was then filtered for
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compounds whose protein labeling was correctly assigned and reported in the cited reference (599
and 616 compounds for OTUB2 and NUDT7, respectively).
Although some commercial suppliers provide ligand structures already in 3D formats,
preparing them is a crucial step before running docking simulations. Preparing ligands for docking
typically implies adding hydrogen atoms, generating possible tautomeric and protonation states,
and creating energetically reasonable 3D conformations by using molecular mechanics force
fields. LigPrep [181], the ligand preparation protocol included in the Schrödinger Suite, relies on
Epik [182–184] to generate protonation states at a target pH range, and ConfGen [185,186] to
produce low-energy 3D conformers by using the proprietary OPLS3e force field [187]. LigPrep
was used throughout this work to generate structural isomers, stereoisomers and different
protonation states at pH 6-8. Furthermore, it must be noted that the compounds screened in the
case studies described here were prepared and modeled in their pre-reaction conformation, as
required by the used docking protocols. For WIDOCK, AutoDockTools was used to prepare ligand
PDBQT files, as necessary in AD4 simulations. These files were edited by changing the name of
the electrophilic carbon to a custom atom type defined in the parameter file of AD4 (more details
are reported in 2.1.6.). In case of compounds presenting more than one possible electrophilic
center, all possibilities were investigated and enumerated as individual files.

2.1.2. Protein structures: collection and preparation
At the time of this study, no direct methodology existed to enumerate and collect crystal
structures of proteins covalently bound to small-molecule ligands of pharmacological interest.
Therefore, to compile the set of covalent protein-ligand complexes for the comparative evaluation
of covalent docking methods, connectivity data of deposited structures were inspected through the
advanced search interface of the PDB. Here, to query for cysteine-bound complexes, we first
selected the “Link records” option within the “Structure Features” sub-menu. Then, “CYS” was
typed in the “Component” field and “SG” in the “Atom label” field, which provided all the protein
structures covalently modified at sulfur atoms of cysteines. We focused only to cysteine-bound
covalent complexes due to the reasons highlighted previously (see 1.1.3.). Then, we filtered for
PDB entries deposited after January 1, 1995 to account for technology improvements in
measurements, structure solving and analysis achieved in the last decades. In addition, we only
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selected complexes with a resolution of 2.5 Å or better with structure factors available, to ensure
the overall quality of protein structures and to allow the reproduction of electron density maps
found to be critical in the evaluation of experimental poses. Finally, we collected 207 covalent
complexes that include 54 unique targets distributed in different protein classes, mainly spanning
proteases (60%), kinases (20%) and GTPases (7%).
The crystal structure of yeast immunoproteasome with a human β5i-substrate binding channel
including key residues of the adjacent β6 subunit (PDB ID: 5M2B), in complex with a noncovalent
inhibitor designed by Roche (Ro19) [188], was used for the virtual screening of the boronic acid
library. As the target binding site is only defined by these two subunits, all the others were
neglected and removed from the structural model.
For the virtual screening of the acrylamide library by DUckCov, the PDB structure 5TOZ was
used as template for JAK3 and the co‐crystallized inhibitor PF‐06651600 as the reference ligand.
At the time of this work, seven JAK3 structures with covalently bound ligands having a terminal
acrylamide as warhead were available (PDB IDs: 4QPS, 4V0G, 4Z16, 5TOZ, 5TTS, 5TTU,
5TTV). Backbone alignment and superposition of these structures led to an average RMSD of 0.78
Å. Thus, given the high similarity of JAK3 structures, the one in 5TOZ was chosen based on its
co‐crystallized ligand having the best inhibitory potency (0.4 nM) [189].
For the DUckCov application against KRASG12C, a structural ensemble approach was used due
to the pronounced flexibility of the KRASG12C allosteric binding site (switch-II pocket). At the
time that this project was conceived, 23 KRASG12C structures containing covalently bound ligands
were available in the PDB. The majority (20/23) formed a covalent bond via a Michael addition
reaction. Of these, 12 were acrylamide‐based covalently bound ligands, while eight contained a
vinyl-sulfonamide moiety as the electrophile. As for the remaining three complexes, one was
formed via a ring opening reaction (5V6V) and the other two were formed through disulfide bond
formation (4LUC, 4LV6). We focused only on the 12 structures bound to acrylamide ligands (PDB
IDs: 4M21, 4M22, 5F2E, 5V6S, 5V71, 5V9L, 5V9O, 5V9U, 5YXZ, 5YY1, 6ARK, 6B0V), in line
with the same warhead type represented in the screening library. The average pairwise RMSD of
these 12 structures for the residues in the flexible switch-II loop (L56‐G77) was calculated to be
2.41 Å, thus further supporting an ensemble approach.
A meticulous preparation of the structural models is crucial in order to achieve accurate
docking predictions. This is valid not only for the crystallographic ligands, but more importantly

22

for the proteins collected from the PDB. For the comparative study, protein structures were
obtained by removing protein domains that were irrelevant for ligand docking and prepared
according to the specific preparation protocol associated to the different docking tools. In addition,
co-crystallized ligands, water molecules, metals, cofactors and crystallization agents were also
removed. AutoDockTools (v1.5.7rc1) was used to prepare flexible and rigid protein components
for the flexible side chain method of AD4, by adding hydrogens and Gasteiger charges and then
generating the corresponding structural files in the PDBQT format. The Protein Preparation
Wizard [190,191] included in the Schrödinger Suite was used to prepare protein structures for
CovDock simulations by adding hydrogen atoms, generating protonation states, optimizing the Hbond network and performing a restrained minimization. Protein structures for FITTED docking
were prepared by the PREPARE module included in the FORECASTER platform [192]. It was
used to add hydrogens, for protonation states generation and for structural optimizations. Default
settings were used in the preparation wizard of GOLD to add hydrogen atoms and assign
protonation states. In ICM-Pro’s environment, protein structures were converted into ICM objects
and processed to optimize H-bond network and to further optimize the orientation of other
residues. For MOE docking, protein structures were prepared by using MOE’s QuickPrep
functionality with default settings to add hydrogens and partial charges, to correct Asn/Gln/His
orientations, optimize the H-bond network (Protonate 3D) and perform energy minimizations.
In all virtual screening applications using docking tools provided by Schrödinger Inc., target
structures were always prepared by using the Protein Preparation Wizard included in the
Schrödinger Suite. Also in these cases, as typically done when preparing for a virtual screening
scenario, subunits irrelevant for docking were removed, together with co-crystallized ligands,
water molecules, metals, cofactors and crystallization agents.
For the noncovalent stage modeled by DUckCov, all of the selected PDB structures were
prepared in MOE as follows: I) the structure was corrected (termini and gaps were capped,
alternate conformations were chosen if more than one was present, correct tautomeric states for
the residues were assigned); II) the structure (including the covalently bound ligand) was
protonated at pH 7; III) the covalent bond between the residue and the ligand was manually broken;
IV) the ligand warhead in its pre‐reaction form was built with MOE builder by making the
acrylamide's Cα‐Cβ bond double; V) the cysteine was rebuilt and then minimized in the presence
of the pre‐reaction ligand.
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Finally, for the virtual screening by WIDOCK, AutoDockTools (v1.5.7rc1) was used to
generate PDBQT files for the structures previously prepared by the Protein Preparation Wizard, as
required by AD4 docking. Targeted cysteine residues were modelled in the thiolate form, which
is acknowledged to be the one participating in the reaction. Following the instructions for flexible
docking in AD4, the reactive cysteine was defined as flexible while keeping the rest of the protein
rigid. Finally, the two structures (flexible residue and rigid protein) were saved and processed as
separate PDBQT files.

2.1.3. Covalent docking tools
Here, I provide an overview of the covalent docking tools (AutoDock4, CovDock, FITTED,
GOLD, ICM-Pro, and MOE) used in the comparative evaluation (see 3.1.) as well as in different
virtual screening protocols (see 3.2.1.).

AutoDock4
AutoDock 4.2 (AD4) [193] is the open-source docking tool developed at the Scripps Research
Institute. There are two version implemented for covalent docking in AD4: the two-point attractor
and the flexible side chain methods [132]. Both use grid maps pre-calculated with atom probes to
speed up the scoring procedure, but they differ in modeling ligand conformations during the
search. In the two-point attractor method, ligands are first converted to the post-reaction state by
attaching two dummy atoms corresponding to the two terminal atoms of the nucleophilic side
chain. These side chain atoms are removed from the protein, and an attractive Gaussian potential
is used to drive the placement of the dummy atoms onto their original position in the protein
structure during the untethered docking step.
Conversely, the flexible side chain method uses tethered docking to model the bound form of
the ligands in the pocket. This method requires linking the two terminal nucleophilic protein atoms
to the electrophilic center of the ligand. These two atoms are then superposed to the respective
residue atoms in the protein by specifying the corresponding SMARTS pattern. Then, the bound
ligand is treated as a fully flexible residue whose conformations are sampled in the pocket by using
the standard AD4 protocol for flexible residues.

24

Both methods use a Lamarckian Genetic Algorithm for docking simulations. As reported in
the original publication [132], the developers tested these algorithms on a set of 20 covalent
complexes collected from the PDB. The flexible side chain method showed a significantly better
performance in retrieving experimental structures within 2 Å RMSD (75%) as compared to the
two-point attractor (20%). Therefore, the former is described as the method of choice for covalent
docking simulations in AD4, and thus it was the one used in the comparative analysis (see 3.1.).
Codes

for

covalent

docking

simulations

are

freely

available

at

http://autodock.scripps.edu/resources/covalentdocking/. On the other hand, no code is provided to
fully automate the ligand preparation procedure, thus hindering its application in high-throughput
virtual screenings for less experienced users.

CovDock
CovDock, the covalent docking algorithm developed by Schrödinger Inc., is available in two
modules: CovDock-LO (for “Lead Optimization”), designed for binding mode predictions, and
CovDock-VS, designed for structure-based virtual screening applications. CovDock-LO was
developed as a multi-step workflow to predict the binding mode of covalent modifiers by
dissecting the various stages of their binding mechanism [133]. It first models the initial
noncovalent protein-ligand complex to emphasize that the formation of the covalent bond needs
an energetically favorable pre-reaction pose. Initially, Glide [194–196] docks three low-energy
pre-reaction ligand conformations generated by ConfGen [185], by allowing a maximal distance
of 8 Å between the warhead and the Cβ atom of the reactive residue. In this step, the targeted
nucleophile is mutated to alanine to prevent potential steric clashes occurring at the reaction site.
Next, the mutation is reversed and multiple rotamer states are sampled for the side chain of the
nucleophilic residue. A covalent bond is then formed between ligand poses and rotamers placed at
optimal distance. Finally, following k-means clustering of docking poses, Prime VSGB2.0
[197,198] optimizes the bound conformations (atoms of both ligand and targeted residue) to
alleviate strains and provide reasonable geometries. CovDock-LO results, given as protein-ligand
complexes, are ranked by Prime VSGB2.0 energy score. In addition, an “affinity score” accounting
for both pre- and post-reaction docking scores is provided to compare different ligands equipped
with warheads of similar reactivity. Based on these definitions, docking poses were ranked by
Prime VSGB2.0 energy score for each complex analyzed in the comparative evaluation of covalent

25

docking tools. Overall, the sophisticated workflow implemented in CovDock-LO typically
requires 1-2 CPU hours/compound, thus making it unsuitable for high-throughput virtual screening
applications.
CovDock-VS is the covalent docking module dedicated for structure-based virtual screening
[134]. It was developed by reducing the number of steps in the covalent docking workflow of
CovDock-LO. Consequently, the lower simulation time provided by CovDock-VS enables virtual
screening of larger compound libraries. CovDock-VS is rendered more efficient by the following
changes to the default workflow: a) it does not rely on ConfGen to pre-generate low-energy prereaction ligand conformations for the initial Glide noncovalent docking; b) a stricter distance
threshold (5 Å from the reactive residue) is applied to select docking poses; c) only three clusters
are kept upon gas-phase minimization of the covalent complex; d) pose optimization by Prime
VSGB2.0 is bypassed and finally, e) protein-ligand complexes are selected and ranked by the
initial GlideScore. Altogether, the less sophisticated workflow of CovDock-VS (~15 CPU
minutes/ligand) comes with an acceptably lower pose prediction accuracy that can be expected
from a protocol designed for higher screening throughputs.
In general, CovDock gives flexibility in the reaction definition, as it does not implement any
specific parameter fitting. It uses SMARTS codes to match reacting atoms, so that breaking and
forming of covalent bonds can be customized, if necessary. However, it already provides a wide
range of pre-defined reaction types that can be selected according to the warhead under
investigation. More custom reactions can be also be downloaded from the “Covalent Reactions
Repository” at https://www.schrodinger.com/covdock.
Concerning the work described in this thesis, CovDock-LO was used in the comparative
evaluation of covalent docking tools (see 3.1.), as well as in the last step of the virtual screening
protocols reported later (see 3.2.1.). On the other hand, CovDock-VS was used as the first covalent
docking method in the cascade protocol applied to screen the boronic acid library against IP-β5i.

FITTED
FITTED is the docking software included in the FORECASTER platform [199,200]. It was
described as the first fully automated docking protocol for covalent binders [144]. FITTED docks
ligands in their pre-reaction conformations, and a covalent bond is formed only if the warhead is
found within a certain distance threshold from the reactive residue (1 Å plus the ideal covalent
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bond distance). As a result, one of the main features of FITTED is the possibility to screen libraries
of compounds binding via covalent and noncovalent mechanisms together, without the need to
separate the sets. If the predicted pose places the warhead far from the protein nucleophile, then
the compound is considered as a noncovalent binder despite the presence of an electrophilic group
in its structure. It must be noted that covalent docking is limited to the set of reaction mechanisms
that are already parameterized in FITTED, without the possibility for user customization. When
setting up a covalent docking simulation, the user should specify the targeted nucleophilic residue,
the adjacent basic residue accepting the proton from the nucleophile, the eventual presence of an
oxyanion hole in the reactive site, and also whether the covalent warhead in the docked ligand or
screening set reacts via reversible or irreversible bond formation. FITTED uses a genetic algorithm
to sample ligand conformations in the binding pocket. Finally, in the evaluation of predicted poses,
the score and the covalent or noncovalent mode of action is provided for the best scoring
conformations.

GOLD
GOLD is the docking algorithm developed at the Cambridge Crystallographic Data Centre
(CCDC) [125,201,202]. In its covalent protocol, GOLD uses a “link-atom” approach that requires
the user to define the reactive atom on the protein. An atom of the same type must be linked to the
ligand electrophile, so that GOLD will superpose the link-atom of both the protein and the ligand
to simulate a covalent bond between them. Therefore, the link-atom approach requires the
modification of input ligand structures into their post-reaction conformations, where the
nucleophilic atom has already been attached to the warhead. Next, docking poses generated by its
genetic algorithm are evaluated by a fitness scoring function modified with an additional anglebending potential taken from the Tripos Force Field [203], used to account for an optimal geometry
of the covalent linkage.

ICM-Pro
Molsoft developed ICM-Pro as a modeling environment that includes several features based
on ICM methods [204]. Among them, the covalent docking module allows to recognize the
reactive group of the ligand in an automated fashion based on a user-defined reaction type. In turn,
the warhead is converted into a post-reaction state, a so called “pseudo-ligand”, where the
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nucleophilic side chain is attached to the electrophile by enumerating all the possible stereoisomers
generated upon addition. Then, the atoms involved in the reaction are tethered to the corresponding
coordinates on the protein partner by applying harmonic terms. A Monte Carlo search algorithm
is used to sample ligand conformations in the pocket that is represented as grid maps. Finally, a
modified version of the standard ICM scoring function is used to score docking conformations, by
neglecting pairwise interactions occurring among atoms that are directly linked to the new covalent
bond.

MOE
The Molecular Operating Environment (MOE) suite integrates a covalent docking module
relying on the built-in docking application. Docking poses are generated by a methodology called
reaction transformation placement. The covalent bond between protein and ligand atoms is
constructed at this point, and the generated poses are assigned a score. The user is allowed to
import custom reaction schemes as RDF files, if not already listed among the pre-defined ones. In
the default covalent docking protocol, docking solutions resulting from the placement stage are
refined using MOE’s rigid receptor scheme, and finally rescored by the force field-based
GBVI/WSA dG scoring function to estimate the free energy of binding from the given pose [205].

2.1.4. Virtual screening protocol against IP-β5i
For the virtual screening of boronic acid ligands against IP-β5i, I have designed a custom
protocol using different docking methods developed by Schrödinger Inc., to model both the initial
noncovalent complex and the post-reaction conformation of docked ligands [206]. These methods
were arranged in a hierarchical manner to gradually reduce the number of compounds to be
modeled with more demanding computational tools.

Modeling the noncovalent complex by Glide
First, the boronic acid library was screened by using Glide (Grid-based LIgand Docking with
Energetics), the noncovalent docking method of Schrödinger Inc. [194,195]. Glide docks ligand
poses into a binding pocket that is mapped to a 3D grid, which ensures high speed evaluations of
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the interactions formed by ligand atoms at each point of the grid. Finally, poses are scored with
GlideScore, an empirical scoring function derived from ChemScore [207], that accounts for
various energy terms such as van der Waals, Coulomb, H-bonding and lipophilic, among others.
An alternative score is the “Docking score”, a modified version of GlideScore that also includes
protonation state penalties calculated by Epik. Glide allows to choose between two docking modes:
SP (Standard Precision), for docking tens to hundreds of thousands of ligands, and XP (eXtra
Precision), using more extensive sampling and advanced scoring to enable higher enrichments. In
the reported application, the grid was centered on the co-crystallized ligand noncovalently bound
in the structure used for the virtual screening against IP-β5i (PDB ID: 5M2B). Then, Glide docking
was carried out by using the SP mode due to the efficiency of its simulation (~10
seconds/compound). However, being a noncovalent docking algorithm, Glide does not allow
modeling of the warhead geometry in the bound form. To partially overcome this limitation, Glide
SP was performed by using the following conditions:


the targeted Thr1 was mutated to alanine (Ala1) in order to extend the sampling space
available for the boronic acid group at the reaction site;



a positional constraint was set for the electrophile in the vicinity of Ala1-Cβ in order to
filter out compounds not able to place the warhead close to the targeted nucleophile.

These expedients were implemented to reproduce the first stage of CovDock, the covalent
docking workflow developed by Schrödinger Inc. (see 2.1.3.). Furthermore, this approach is
supported by previous findings [133,135] as well as by the results of the comparative analysis
described later in this thesis (see 3.1.5.), showing that reliable binding mode predictions for
covalent binders can be obtained even by using properly tailored noncovalent docking protocols.

Modeling the covalent complex by CovDock
Two consecutive covalent docking simulations were performed to model the bound form of
the best scoring compounds generated by the previous Glide docking. Compounds ranked in top
10% by Glide’s docking score (~10,000 unique ligands) were first screened by CovDock-VS. In
this step, the grid was centered on the same coordinates as in the previous Glide stage, and the
screening was performed against the original protein structure with no mutation of the reactive
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Thr1. This residue is indeed required by CovDock, since the program uses a SMARTS pattern to
match the reactive groups on both ligands and protein to drive the covalent bond formation
according to the selected reaction type (in this case, “Boronic Acid Addition”).
Finally, top 10% ligands ranked by docking score were screened by CovDock-LO, carried out
using the same options as in the previous stage. This last step allowed: a) ranking the virtual
screening hits by affinity score, and b) prediction of the binding mode of boronic acid hits through
more sophisticated covalent docking simulations.

2.1.5. DUckCov
I have contributed to develop DUckCov, a time‐efficient multi-step virtual screening protocol
for the identification of novel covalent binders [208]. It was devised to emphasize the role of the
interactions mediating the initial noncovalent complex, whose optimization can result in both an
increase of the selectivity for the target and in an opportunity to decrease the reactivity of the
electrophile (thus also its promiscuity). The efficiency of DUckCov is due to a highly controlled
stepwise filtering of the screening library using complementary tools that model pre- and postreaction ligand binding modes.

Modeling the noncovalent complex
A) Virtual screening by rDock
rDock [209] is a fast and versatile open-source program for noncovalent docking of small
molecules. It was optimized specifically for high-throughput virtual screening (HTVS) campaigns,
enabled by potentially unlimited parallelization on computer clusters. rDock docks ligand poses
into binding pockets represented as cavities that can be defined using either ligands identified in
crystal structures or other supplied 3D coordinates. Among the available customizations, rDock
allows to perform tethered docking, by defining common ligand atoms or groups that should
maintain the same coordinates occupied in the reference structure, or pharmacophore-based
docking, by defining the features (e.g., H-bond interaction points) that should be used as restraints
to guide the placement of ligand poses. rDock was chosen for noncovalent docking simulations in
DUckCov due to its optimal integration with other computational tools used later in the workflow.
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In DUckCov applications, an acrylamide library (~50,000 compounds) was first screened with
rDock by tethering the covalent warhead to its reference coordinates in the experimental structure.
The cavity was prepared with the reference ligand method, namely using the coordinates of the
co-crystallized ligand in the corresponding structure used for the virtual screening. Tethered
docking consists of two steps: I) superposing atoms corresponding to the defined SMARTS
pattern, and II) docking, during which the superposed atoms can only deviate from the original
position within a user‐defined cutoff. The warhead was defined by the SMARTS pattern
corresponding to the acrylamide motif. During docking, the tethered part of the ligand could move
freely in terms of the dihedral degrees of freedom, while the translational and rotational degrees
could deviate by maximum 0.1 Å per docking run. This allows some flexibility in the sampling,
also considering that the targeted cysteine residue could display a significant degree of flexibility.
Furthermore, the tethered docking step was carried out by using pharmacophoric constraints to
enforce the main noncovalent interaction made by the crystallographic ligand. We focused only
on H-bond interactions as they are known to have a prominent role in contributing to the affinity
of many targets [210,211]. Thus, H‐bond pharmacophoric constraints were applied to keep only
those ligands that are predicted to establish the H‐bond interactions defined as important for the
formation of the noncovalent complex. In particular, for JAK3, the pharmacophoric constraints
were defined as an acceptor (backbone C=O of E903) and a donor (backbone NH of L905)
features, both of which interact with the reference ligand bound in the PDB ID 5TOZ. These
features correspond to residues belonging to the well-known hinge-binding region of kinases, a
highly conserved motif where ATP-competitive kinase inhibitors typically anchor in order to
determine a functional modulation. For the virtual screening against the structural ensemble
collected for KRASG12C, the pharmacophoric constraints were defined based on the protein
structure by selecting the H‐bonds formed by the corresponding reference ligand. This was done
due to the lack of conserved H-bond contacts observed in the KRAS G12C covalent complexes
reported by the time of this study.
In the following step, the HTVS protocol of rDock was implemented by setting up three
docking stages for each ligand. In each stage, the number of docking runs was increased to ensure
better sampling, and the docking score threshold was decreased to filter out worse scoring ligands.
In other words, a ligand could only proceed to the next stage if its docking score was better than
the defined threshold within the specified number of runs. This was done to increase the efficiency
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of the simulation by progressively decreasing the number of ligands moved forward. The docking
score filters were selected based on the score of the reference ligands, being stricter for JAK3 (as
the defined noncovalent interactions necessary for binding are well-known) and less strict for
KRASG12C (as the defined noncovalent interactions necessary for binding are not known a priori).
For the same reason, the total number of docking runs for JAK3 was significantly lower than that
for KRASG12C.

B) Dynamic Undocking
Dynamic Undocking (DUck) [212] was used to evaluate the strength of the H‐bonds defined
as key for the binding event. DUck is a fast computational method devised by Xavier Barril and
coworkers at the University of Barcelona, Spain, used to calculate the work required to reach a
quasi-bound state in which the ligand has just broken a key interaction with the target. Therefore,
it evaluates the structural rather than the thermodynamic stability of the complex, and it has been
shown to be orthogonal to methods that attempt to estimate binding energy (e.g., docking). H‐
bonds are suggested to be the main determinants of structural stability based on their sharp distance
and angular dependencies, and on their role in structure‐kinetic relationships [212–214]. In a DUck
simulation, a ligand is pulled from 2.5 to 5.0 Å relative to the defined H‐bond interaction point in
the protein, during a user‐defined number of molecular dynamics (MD) and steered-molecular
dynamics (SMD) replicas. SMD simulations are a type of MD simulations in which an external
force is applied to one or more atoms to induce events such as ligand unbinding and, more precisely
in this case, the rupture of a H-bond. The force necessary to pull out the ligand is then used to
calculate a work value (WQB) reflecting the strength of the H‐bond. What makes DUck
exceptionally fast is that only the local environment of the residue involved in the interaction is
required for the simulation. Indeed, the first step of a DUck simulation is the definition of the
chunk (a part of the protein structure) that represents the local environment surrounding the residue
that interacts with the ligand. Thus, for every interaction point, a separate chunk is created. When
selecting residues for the chunk, the following guidelines were considered: I) as few residues as
possible were selected to spare computational time; II) residues were not selected if they would
block the ligand from exiting the pocket during the simulations based on the directionality of the
H‐bond; III) residues were not removed if this would lead to the possibility of solvent entering the
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pocket from areas other than where the ligand is exiting; and lastly IV) the local environment of
the interacting atoms was guaranteed to be preserved. The gaps created during the definition of the
chunk were capped via acetylation or methylation of the termini. Finally, the chunk was checked
for clashes possibly created during the capping of the chains. After production of the chunk, DUck
automatically does the following: I) automatic ligand parameterization in MOE, II) minimization,
III) equilibration and IV) a series of SMD (at two different temperatures) and MD simulations, in
which the ligand is pulled from 2.5 to 5.0 Å relative to the defined H‐bond interaction. Steps II) to
IV) were performed with GPU‐based pmemd.cuda in AMBER [215]. Five replicas of step IV)
were performed, during which a WQB threshold of 6 kcal mol−1 (work necessary to pull the ligand)
was set so that the simulation stopped if a smaller W QB value was found for the inspected H-bond.
The co‐crystallized GDP cofactor was included in the chunks created for KRAS G12C structures, as
its absence would have led to the surface being more exposed to bulk solvent. For this, GDP was
parameterized using MOE′s PFROST force field, and the generated parameters were automatically
included in the DUck protocol.
Altogether, DUck is the main feature of DUckCov, since it enables the analysis of ligand pre‐
reaction states by evaluating the strength of H‐bond interactions driving the formation of the initial
noncovalent complex. It is used in the applications described here as a strict and efficient filter for
the selection of the most promising electrophilic compounds whose bound conformations should
then be modeled with a dedicated tool.

Modeling the covalent complex by CovDock-LO
CovDock-LO was the covalent docking method used to predict the bound form of acrylamide
ligands screened by DUckCov against JAK3 and KRAS G12C. More precisely, it was applied to
evaluate the binding mode of the virtual hits predicted to form strong and favorable noncovalent
interactions by the previous steps of the workflow (rDock and DUck). Thus, only molecules that
can form a stable and productive pre‐reaction state were subjected to docking by CovDock-LO,
thereby allowing to explore large chemical spaces efficiently. Contrary to the previous noncovalent
docking step, no additional restraints were applied in the covalent docking simulation other than
those used by default in CovDock-LO. Binding site residues were defined by centering the receptor
grid on the co‐crystallized ligand in the structure under investigation. When setting up the
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simulation, the acrylamide warhead was automatically recognized in each ligand structure through
the SMARTS‐based definition of the “Michael addition” reaction type. Ultimately, this covalent
docking step was incorporated in DUckCov to rank ligands by a dedicated score and to evaluate if
a change in binding mode would occur upon covalent bond formation compared to the predicted
pre-reaction conformation.

2.1.6. WIDOCK
I have developed WIDOCK as a warhead-sensitive virtual screening protocol for the
identification of cysteine-targeted covalent binders. It was devised by extending and repurposing
the reactive docking methodology designed by Backus et al. to identify ligandable cysteines in the
proteome [37]. WIDOCK enables virtual screening of compound libraries that include multiple
warhead types by incorporating their reactivity towards thiol residues into AD4, thus overcoming
the inherent limitation of covalent docking methods. It relies on the customization of the force
field-based scoring function of AD4. Besides evaluating the default set of pairwise interaction
energies, the protocol uses an additional pseudo-Lennard-Jones (pLJ) potential to model the
interaction between the electrophilic carbon of the ligand and the nucleophilic sulfur of the targeted
cysteine. This results in an energetic reward for compounds that place their warhead close to the
reactive cysteine. Therefore, WIDOCK does not produce bound poses, but it rather focuses on the
evaluation of protein-ligand noncovalent interactions driving the formation of the initial complex.
The pLJ potential depth must be scaled for each ligand in the screening set by using consistent
thiol reactivity data that can be derived from simple kinetic assays or computed reaction barriers
(see 2.1.8.). This is a significant simplification with respect to the reactive docking method [37]
and its adaptations [216,217], in which parameters were derived from large scale and expensive
proteome analysis. Also, while the cited methods were used to interpret residues ligandability by
compounds equipped with limited warhead types, WIDOCK was devised as a virtual screening
tool for the evaluation of libraries including various warheads that react via diverse chemistries.
To implement WIDOCK, the parameter file of AD4 (AD4_parameters.dat) should be modified
by defining a new atom type for each of the reacting atoms. This expedient ensures that the pLJ
potential will not override the default potentials assessing the interactions between other ligand
and protein atoms. The new atom types will share the same parameters as the atoms they
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correspond to, while only presenting different names. This change should be reflected in the
PDBQT files of both ligand and protein residue, whose reacting atoms must be renamed
accordingly. Pattern recognition algorithms can be used to automate the identification of the
electrophilic atom to be renamed in the PDBQT file. This is particularly relevant when dealing
with larger screening libraries, as in the present case, where WIDOCK was used to screen a library
of ~600 electrophiles against OTUB2 and NUDT7. Next, grid maps should be generated for atomic
probes representing those found in the ligand and in the side chain of the targeted cysteine (treated
as flexible), hence also for the custom atom types. For the applications described here, a grid box
of 60 points in each dimension was constructed and centered either on the sulfur of the targeted
cysteine or on the crystallographic cysteine-bound ligand, if available. The grid parameter file
(GPF) was created by using the prepare_gpf4.py script provided upon AD4 installation. The GPF
file must be edited by inserting a “parameter_file” keyword whose argument is the path to the
AD4_parameter.dat file initially modified to include custom atom types. Then, AutoGrid was run
to produce grid maps according to the instructions defined in the GPF file. The docking parameter
file (DPF) was created via the prepare_dpf4.py script. It must be edited by adding a new keyword
named “intnbp_r_eps”, that will instruct AD4 to evaluate the custom pLJ potential. As described
in the reactive docking methodology, the following parameters should be set for this keyword: req,
ε, n, m, A1, A2. In detail, req is the equilibrium distance for the bottom of the pLJ potential, that
was set to 1.80 Å as the optimal C-S bond length; ε is the potential well depth, which was scaled
linearly in a range between 0.175 and 1 based on the thiol reactivity parameter associated to each
ligand in the set (see 2.1.8.); n and m are the Lennard-Jones coefficients, which were set to 13 and
7, respectively; A1 and A2 are the names of the two custom atom types (for the electrophilic carbon
and the nucleophilic sulfur) whose pairwise interaction should be assessed by the pLJ potential.
The DPF file was further modified by setting the parameter of the “ga_run” keyword to 100 as the
number of docking runs to be performed for each compound. Concerning other docking
parameters, each job was defined by a population size of 150 individuals, 25x10 5 maximum energy
evaluations, 27x103 maximum generations and default Lamarckian Genetic Algorithm settings.
Finally, AutoDock was run in the same way as in a standard AD4 simulation. Overall, WIDOCK
required ~9 seconds per docking run on a single CPU, thus enabling efficient screening time.
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2.1.7. Cysteine characterization
The reactivity of a cysteine is strictly connected to the fraction existing in its thiolate form under
physiological conditions. Although estimating the pKa value of a residue would be highly
beneficial to determine its nucleophilic character, computational methods typically used for this
purpose proved to be unreliable in predicting the pKa of cysteine residues [218]. The exposure to
the solvent is another key feature to consider for a comprehensive characterization, as even highly
reactive cysteines would not be available to react if not sufficiently accessible. Reactivity and
accessibility descriptors for cysteine residues investigated in this thesis were derived by using three
computational tools. QSite [219–221] by Schrödinger Inc. was used to perform mixed QM/MM
calculations to inspect the targeted reactive center in the protein. It provided information about the
electrostatic potential on the van der Waals surface of atoms included in the QM region, which
was defined by including residues within 4 Å from the targeted cysteine. We used the calculated
electrostatic potential minima (ESPmin) on the sulfur atom of the cysteines as a descriptor of the
relative nucleophilicity of the targeted residues. This was obtained via single point DFT B3LYP
calculations with 6-31G* basis in continuum solvation models. The POPS algorithm [222] was
used to retrieve information on the accessibility of targeted cysteines, in terms of solvent accessible
surface areas (SASA) of both the whole residue and its side chain sulfur. Finally, reactivity and
pKa predictions were derived by using Cpipe, a computational platform available at
http://bioinformatics.akdeniz.edu.tr/cpipe/start.py entirely dedicated to the structure-based
analysis of cysteine residues [223].

2.1.8. Reactivity and inhibition data for WIDOCK sets
Warhead reactivity data should be derived from homogeneous sources when setting up
WIDOCK for a screening campaign, since thiol reactivities resulting from different assays could
not be directly compared to each other [224]. Therefore, libraries assessed in different
experimental conditions should be investigated separately to allow for a consistent parametrization
of the pLJ potential. Reactivity data and inhibitory activities for the three electrophilic sets
investigated by WIDOCK were taken from the following sources:
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For the library tested against KRASG12C, reactivity and inhibition data were derived from
McGregor et al. [98]. The authors assessed the thiol reactivity of tested compounds by
measuring the extent of covalent adduct formation with β-mercaptoethanol (BME) as thiol
surrogate. If the reactivity of a particular compound was not explicitly reported, we considered
the one of the closest analogue bearing the same electrophilic warhead. Inhibition data were
reported as % of KRASG12C labeling.



For the electrophilic fragment library tested against MurA, CatB and MAO-A, intrinsic thiol
reactivities were determined by kinetic measurement of adduct formation with L-glutathione
(GSH), a widely used cysteine surrogate, by an HPLC-MS methodology. Experimental
reactivities and inhibition data for the retrospective case studies (expressed as residual activity
of MurA and CatB) were taken from Ábrányi-Balogh et al. [39]. Furthermore, calculated
reactivity descriptors were also used to parametrize pLJ potentials for this set of compounds,
in order to investigate the difference in performance as compared to using experimentally
derived kinetic parameters. DFT methods were used to calculate reaction energies (ΔGr) and
activation energy barriers (ΔG‡) against the methyl-thiolate anion (MeS−) as cysteine surrogate.
Although both parameters have been already validated in predicting reactivities [21,97,142],
these studies focused only on limited warhead chemotypes. Here, their correlation to
experimental reactivity parameters was analyzed on a wider set of electrophiles and the best
predictive model was used to derive parameters for pLJ potentials in WIDOCK. However, it
must be noted that I have not been directly involved in performing the abovementioned QM
calculations.



For the electrophilic fragment library screened against OTUB2 and NUDT7, reactivity
parameters were taken from Resnick et al. [41]. Kinetic data were obtained from a highthroughput thiol-reactivity assay measuring the rate of alkylation by the reduced Ellman’s
reagent (DTNB, 5,5-dithio-bis-2-nitrobenzoic acid). Inhibitory activities were expressed as %
of OTUB2 and NUDT7 labeling.

2.1.9. Performance evaluation
In the comparative evaluation of covalent docking tools (see 3.1.), docking poses predicted for
the 207 covalently bound ligands in the set were analyzed by calculating pairwise symmetry-
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corrected root-mean-squared deviations (RMSD) from the crystallographically determined ligand
structure using a script provided by Schrödinger Inc. (rmsd.py). The covalent bond formed
between ligand and protein was disrupted to allow the calculation of ligand-focused RMSD values.
To investigate the scoring and sampling efficacy of the docking methods, docking results were
analyzed by calculating the RMSD of both the best scoring solution (TOP1), and the best RMSD
among top ten scoring poses (TOP10). Differences between TOP1 and TOP10 results were
indicative of scoring errors, contrasting the quality of the binding mode and its scoring. On the
other hand, low quality TOP10 results suggested an inappropriate sampling, since the experimental
pose was not recovered within the top ten scored solutions. The performance was also analyzed by
dissecting the success rates of predictions within ranges of several ligand and protein features, so
to enable the investigation of possible program-specific trends. Furthermore, Mann-Whitney Utests were applied to examine if there were statistically significant differences at the p = 0.05 level
between the RMSD sets obtained by using the various covalent docking tools. All statistical
analyses were carried out by using the program STATISTICA [225].
At the end of the virtual screening cascade for the identification of novel covalent inhibitors of
IP-β5i, docking results were processed by first selecting the best scoring CovDock-LO pose for
each ligand, and then ranking the set by affinity score. The 80 best scoring compounds were
analyzed by clustering them in six groups according to the substructure attached to the boronic
acid warhead. This was done to account for the change in reactivity induced by different
substituents at the covalent warhead. Finally, 32 virtual hits were selected from commercially
available representatives of each cluster to increase the diversity of compounds to be evaluated
experimentally. For the virtual screening protocol applied against JAK3 and KRAS G12C
(DUckCov), ten virtual hits were selected in each case study by: a) ranking by covalent docking
scores; b) monitoring WQB values; c) looking for compounds that reproduced the H-bond
interaction assessed by DUck in both noncovalent and covalent docking poses; d) evaluating the
similarity between the two predicted poses (RMSD). The hit rate (%) was calculated as the fraction
of experimental actives found among tested hits, in each of the three virtual screening applications
for single-warhead libraries (IP-β5i, JAK3 and KRAS G12C).
Following WIDOCK simulations applied for the virtual screening of libraries that include
multiple warhead chemotypes (see 3.2.2.), the best scoring pose was analyzed for each database
compound by checking the interatomic distance between the electrophilic carbon of the ligand and
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the nucleophilic sulfur of the targeted cysteine. If the distance was found within 2.20 Å (C-S bond
length plus additional room to account for van der Waals repulsions), then the compound was
considered as a covalent hit. Sensitivity, specificity and accuracy were used as metrics to evaluate
the performance of WIDOCK. Furthermore, this performance was compared to the one obtained
by using the dedicated covalent docking of AD4 (flexible side chain method). The effect of the
custom pLJ potential on the docking outcome was monitored by evaluating differences in the
interatomic distance found between WIDOCK and standard noncovalent AD4 poses. For covalent
docking simulations, compounds were ranked by the score calculated using the semi-empirical
force field-based scoring function of AD4. Predicted actives were selected as those retrieved in the
top N% of the scoring range, where N varied for each protein target (60% for KRAS G12C, 30% for
MurA and MAO-A, 10% for CatB, 7% for OTUB2, 5% for NUDT7) to reflect the fraction of
compounds experimentally validated as inhibitors. A tailored evaluation was carried out in the
KRASG12C case study, as ligands were screened against two structures deposited by McGregor et
al. [98] in PDB entries 5V6S and 5V6V, in which Cys12 of KRAS G12C is covalently bound to two
compounds belonging to the screening set under investigation. The two structures exhibit
significant differences in the conformations of the highly flexible switch-II region surrounding the
binding site. Therefore, the library was screened against both protein structures in an ensemble
approach. In the analysis of WIDOCK results, a compound was considered a hit if the C-S
interatomic distance was found within the threshold when docked against any of these two
structures. In the analysis of the covalent docking results, a compound was predicted as a hit if its
score was found within the top 60% scoring range when docked against any of the two structures.

2.2.

Experimental methods

Here I report the experimental methods used to confirm the virtual screening hits identified in
the applications described in this thesis. It is important to note that the following experimental
procedures were carried out by other people with dedicated expertise and are only reported to
facilitate the understanding and the retrieval of the corresponding information.

2.2.1. Enzyme-based IP-β5i inhibition assays
Virtual hits selected from the screen against the β5i subunit of the immunoproteasome (IP-β5i)
were evaluated in orthogonal assays to determine their inhibitory activity and to confirm their
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covalent binding mechanism based on a time-dependent inhibition. First, a preliminary screening
of the hits was performed to monitor the residual activity of IP-β5i using the following protocol:
Compounds were screened at 100 μM final concentrations in assay buffer (0.01% SDS, 50 mM
Tris-HCl, 0.5 mM EDTA, pH 7.4). To each compound, 0.2 nM human immunoproteasome
(Boston Biochem, Inc., Cambridge, MA, USA) was added and incubated for 30 min at 37 °C.
Afterwards, the reaction was initiated by the addition of Suc-LLVY-AMC (Succinyl-Leu-LeuVal-Tyr-7-amino-4-methylcoumarin; Bachem, Bubendorf, Switzerland) at 25 μM final
concentration. The reaction progress was recorded on the BioTek Synergy HT microplate reader
by monitoring fluorescence at 460 nm (λ ex = 360 nm) for 90 min at 37 °C. The initial linear ranges
were used to calculate the velocity and to determine the residual activity.
Then, compounds showing the lowest residual activity were investigated in microscale
thermophoresis measurements to confirm the binding to IP-β5i and to determine titration curves
according to the following procedure:
Microscale thermophoresis measurements were conducted on a NanoTemper Monolith
NT.115 device (NanoTemper Technologies GmbH, München, Germany). Human IP-β5i (PSMB8,
ProSpec, cat. no: ENZ-600) was transferred from the vendor buffer to 20 mM phosphate buffer
(pH 8.0) with 10% glycerol and was labeled with RED fluorescent NT-647-NHS dye
(NanoTemper, cat. no: L001) following the suggested protocol. Ligand stocks were prepared in
DMSO and diluted into the protein buffer, with final DMSO concentrations not exceeding 1%.
Single-concentration binding measurements at 100 µM ligand concentration [with 0.65 µM
protein, 40% light emitting diode (LED) power] revealed fluorescence changes significantly
different from the DMSO control for both of the boronic acids as well as for the known inhibitors
PR-957 [226] and compound “42” in reference [227] (included for validation). Titration curves
were acquired with serial 1:1 dilutions starting from 100 µM ligand concentration (with 0.13 µM
protein, 80% LED power). Each data point was acquired in duplicate.
Finally, IC50 values were determined in biochemical fluorescence-based assays. Compounds
were initially dissolved in DMSO and then added to black 96-well plates in the assay buffer (0.01%
SDS, 50 mM Tris-HCl, 0.5 mM EDTA, pH 7.4) to obtain eight different final concentrations. The
inhibitors were pre-incubated with 0.2 nM human immunoproteasome (IP) or 0.8 nM human
proteasome (CP) (both from Boston Biochem, Inc., Cambridge, MA, USA) at 37 °C for either 0
min or 30 min for IP, or for 30 min for CP, before the reaction was initiated by the Suc-LLVY-

40

AMC substrate (Bachem, Bubendorf, Switzerland). The fluorescence was monitored at 460 nm
(λex = 360 nm) for 90 min at 37 °C. The progress of the reactions was recorded, and the initial
linear ranges were used to calculate the velocity. IC50 values were calculated in Prism (GraphPad
Software, CA, USA) as means from at least three independent determinations.

2.2.2. Enzyme-based JAK3 inhibition assays
JAK3 virtual screening hits identified by DUckCov were tested at 10 μM in duplicate with the
Z′‐LYTE kinase inhibition assay (Life Technologies). The assay uses a fluorescence‐based format
and is based on the different sensitivity of phosphorylated and non‐phosphorylated peptides to
proteolytic cleavage. A suitable peptide substrate is labeled with two fluorophores (coumarin and
fluorescein), forming a FRET pair. After incubating the kinase + peptide + test compound mixture
for an hour, a development reaction is carried out. Any peptide that was not phosphorylated by the
kinase is cleaved, disrupting the resonance energy transfer between the FRET pair. The reaction
progress is quantified based on the ratio of the detected emission at 445 nm (coumarin) and 520
nm (fluorescein) that is the ratio of cleaved versus intact peptide. IC 50 values were determined
from 10 points titration measurements using the same assay.
A more detailed description of the assay is available on the website of Life Technologies (Z′LYTE Kinase Assay Kits: http://www.lifetechnologies.com/hu/en/home/life-science/drugdiscovery/target-and-lead-identification-and-validation/kinasebiology/kinase-activity-assays/zlyte.html).

2.2.3. Structural characterization of binding to KRASG12C
The binding of KRASG12C virtual screening hits identified by DUckCov was tested and
structurally characterized by NMR measurements (performed on a Bruker Avance III 700 MHz
spectrometer equipped with a 5‐mm Prodigy TCI H&F‐C/N‐D, z‐gradient probe head operating at
700.05 MHz for 1H and 70.94 MHz for 15N nuclei). 1H,15N‐HSQC spectra were recorded at 298 K
to obtain the protein 1H and 15N resonances in both free and small‐molecule‐bound state, and the
changes in chemical shifts were followed upon complex formation. NMR samples contained 15N‐
labeled KRASG12C (catalytic domain, residues 1–169) in 150 and 50 μM concentration in free
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protein measurement (as a reference) and binding test, respectively, 5 mM GDP, 10 mM EDTA,
15 mM MgCl2 in PBS buffer, 5% DMSO and 10% D2O at pH 7.4 and 150–500 μM ligand. Because
some of the ligands were not fully dissolved, we used a longer incubation time (96 h), and a high
number of scans for every HSQC spectrum (NS=128). To avoid false positive results, the free
protein was incubated for four days as well, and the spectra of the samples were compared with
the spectrum of the incubated free protein. All 1H chemical shifts were referenced to the DMSO
peaks (which were calibrated to DSS resonance before in free protein measurements) as DSS was
not added to avoid any side reactions with the ligand.

15

N chemical shift values were referenced

indirectly using the corresponding gyromagnetic ratios according to the IUPAC convention.
Sequence‐specific assignments of HN and N in the bound KRASG12C spectra were transferred from
our results to be published elsewhere (BMRB entry code: 27646). There were ambiguities in a
number of resonances in crowded spectral regions; however, this fact did not influence the final
outcome. All spectra were processed with Bruker TOPSPIN and analyzed using NMRFAM‐
SPARKY software [228].

2.2.4. Enzyme-based MAO-A inhibition assay and binding characterization
Screening compounds were investigated against MAO-A using a fluorimetric assay, following
a previously described methodology [229]. The inhibitory activity of the compounds was evaluated
by their effects on the production of hydrogen peroxide (H 2O2) from p-tyramine. The production
of H2O2 was detected using Amplex Red reagent in the presence of horseradish peroxidase, where
a highly sensitive fluorescent product, resorufin, is produced at stoichiometric amounts.
Recombinant human microsomal MAO-A enzyme expressed in baculovirus infected insect cells
(BTI-TN-5B1-4), horseradish peroxidase (type II, lyophilized powder), and p-tyramine
hydrochloride were obtained from Sigma Aldrich. 10-Acetyl-3,7-dihydroxyphenoxazine (Amplex
Red reagent) was synthesized as described in the literature [230].
Briefly, 100 µL 50 mM sodium phosphate buffer (pH 7.4, 0.05% Triton X-114) containing the
compounds and MAO-A were incubated for 30 min at 37 °C in a flat-bottomed black 96-well
microplate, and placed in a dark microplate reader chamber. After pre-incubation, the reaction was
started by adding the final concentrations of 200 µM Amplex Red reagent, 2 U/mL horseradish
peroxidase, and 1 mM p-tyramine (final volume: 200 µL). The production of resorufin was
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quantified based on the fluorescence generated (λ ex = 530 nm, λem = 590 nm) at 37 °C over a period
of 30 min, during which time the fluorescence increased linearly. For control experiments, DMSO
was used instead of the appropriate dilutions of the compounds in DMSO. To determine the blank
value (b), phosphate-buffered solution replaced the enzyme solution. The initial velocities were
calculated from the trends obtained, with each measurement carried out in duplicate. The specific
fluorescence emission to obtain the final result was calculated after subtraction of the blank activity
(b). The inhibitory potencies are expressed as the residual activities (RA): RA =

, where vi is

the velocity in the presence of the test compounds, and v 0 the control velocity in the presence of
1.5% DMSO.
To perform the labelling, human MAO-A (150 µL, 52 µM) stored in 50 mM Hepes at pH 7.5
with 0.25% Triton X-100 was first thawed at 37 °C, and then desalted using a G-25 (fine) Sephadex
column to 50 mM K3PO4, at pH 7.5, containing 0.25% Triton X-100. The resulted 40 µM sample
was divided, 35 µL were taken, and the electrophilic fragment (0.5 µL, 100 mM in DMSO) was
added. The mixture was incubated at 4 °C for 24 h.
Then, a tryptic digestion method was adapted from our former publication [39] to perform
digestion and LC-MS/MS analysis of labelled human MAO-A. Briefly, 35 µL of MAO-A (40
μM), 10 µL 0.2% (w/v) RapiGest SF (Waters, Milford, USA) solution buffered with 50 mM
ammonium bicarbonate (NH4HCO3) were mixed (pH = 7.8). 3.3 µL of 45 mM DTT (~150 nmol)
in 100 mM NH4HCO3 were added and kept at 37.5 °C for 30 min. After cooling the sample to
room temperature, 4.16 µL of 100 mM iodoacetamide (416 nmol) in 100 mM NH 4HCO3 were
added and placed in the dark at room temperature for 30 min. The reduced and alkylated protein
was then digested by 10 µL (1 mg mL−1) trypsin (the enzyme-to-protein ratio was 1:10) (Sigma,
St Louis, MO, USA). The sample was incubated at 37 °C overnight. To degrade the surfactant, 7
µL of formic acid (500 mM) solution were added to the digested MAO-A sample to obtain the
final 40 mM (pH ~2) and incubated at 37 °C for 45 min. For LC-MS analysis, the acid treated
sample was centrifuged for 5 min at 13,000 rpm.
QTRAP 6500 triple quadruple – linear ion trap mass spectrometer, equipped with a Turbo V
source in electrospray mode (AB Sciex, CA, USA) and an Agilent 1100 Binary Pump HPLC
system (Agilent Technologies, Waldbronn, Germany) consisting of an autosampler was used for
LC-MS/MS analysis. Data acquisition and processing were performed using Analyst software
version 1.6.2 (AB Sciex Instruments, CA, USA). Chromatographic separation was achieved by

43

using the Discovery® BIO Wide Pore C-18-5 (250 mm × 2.1 mm, 5 μm). The sample was eluted
with a gradient of solvent A (0.1% formic acid in water) and solvent B (0.1% formic acid in ACN).
The flow rate was set to 0.2 mL min−1. The initial conditions for separation were 5% B for 7 min,
followed by a linear gradient to 90% B by 53 min, from 60 to 63 min 90% B is retained; from 64
to 65 min back to the initial conditions with 5% eluent B retained to 75 min. The injection volume
was 10 µL (300 pmol on the column).
An Information Dependent Acquisition (IDA) LC-MS/MS experiment was used to identify the
modified tryptic MAO-A peptide fragments. Enhanced MS scan (EMS) was applied as survey scan
and enhanced product ion (EPI) was used as dependent scan. The collision energy in EPI
experiments was set to rolling collision energy mode, where the actual value was set on the basis
of the mass and charge state of the selected ion. Further IDA criteria: ions greater than 400.000
m/z, which exceeds 106 counts, exclude former target ions for 30 seconds after 2 occurrences. In
EMS and in EPI mode the scan rate was 1000 Da/s as well. Nitrogen was used as the nebulizer gas
(GS1), heater gas (GS2), and curtain gas with the optimum values set at 50, 40 and 40 (arbitrary
units). The source temperature was 350 °C and the ion spray voltage set at 5000 V. Declustering
potential value was set to 150 V. GPMAW 4.2 software was used to analyze the large number of
MS-MS spectra and identify the modified tryptic MAO-A peptides.
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CHAPTER 3 – RESULTS AND DISCUSSION
Compared to the extensive use of noncovalent docking applications, only few successful
covalent docking studies had been reported at the time of this work. Therefore, we believed that a
thorough assessment of covalent docking methods was required to evaluate their potential to
effectively support the design of TCIs. Comparative analyses of covalent docking tools had only
been performed on limited sets of protein−ligand complexes (from six [127] up to 76 complexes
[129,131,135]). The increasing number of covalently bound structures available in the PDB
prompted us to evaluate some of these methods on a much wider data set of 207 complexes
representing 54 targets. In addition, covalent complexes collected in previous comparative studies
only included Michael acceptors and β-lactams as electrophiles, thus limiting the analysis only to
these types of warheads. Thus, we aimed to extend the scope of investigated electrophiles to reflect
the much broader landscape of warheads and reaction mechanisms available for TCIs (see 1.1.3.).
In this chapter, I will first describe an unbiased evaluation of six different covalent docking
algorithms including the flexible side chain method of AutoDock4, CovDock-LO (also referred to
as CovDock for the sake of simplicity), FITTED, GOLD, ICM-Pro, and MOE’s built-in covalent
docking module [123]. Overall, the objective was to analyze the performance of these tools in the
prediction of experimental binding modes, by also inspecting the impact of several ligand and
target features on the docking outcome. This study provided many insights on the state-of-the-art
of the technology and paved the way for the prospective covalent docking-based applications
described later in this section. It is worth mentioning that, following our study, another evaluation
of four covalent docking methods appeared [231], reporting the performance obtained on a set of
330 cysteine- and serine-bound covalent complexes by using different metrics.

3.1.

Comparative evaluation of covalent docking tools

3.1.1. Overall success rates
As shown in Figure 6, using an RMSD cutoff of 2.0 Å as the criterion for successful
predictions, ICM-Pro was able to retrieve the experimental conformation in TOP1 in 62% of the
complexes, followed by CovDock (59%), AutoDock4 (55%), and GOLD (53%). Since FITTED
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can perform covalent docking only on limited types of chemistries, its success rate (48% in TOP1)
was normalized on the whole set to ensure a fair comparison among the tools (56% and 81% for
TOP1 and TOP10 on the set actually evaluated, respectively). A much lower performance was
observed for MOE, which could produce accurate predictions only in 37% of the cases by using
default settings. In general, analyzing the TOP1 performance can also provide insights on the
efficacy in virtual screening applications, where only the best scoring pose is typically considered
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Figure 6. Overall success rates in the prediction of experimental binding modes. Rates are calculated as the
percentage of complexes for which a ligand pose was predicted within the specified RMSD cutoff. Bright
colors refer to success rates in the best scoring (TOP1) docking conformation; lighter colors to rates within
TOP10 poses. The grey dashed area stacked on FITTED reflects the percentage of complexes for which a
covalent docking could not be performed (~15%).

By inspecting TOP10 docking solutions, we could systematically retrieve more near-native
conformations. In particular, ICM-Pro performed the best retrieving 88% of the ligands within 2
Å from the corresponding experimental pose, followed by AutoDock4 and CovDock (~75%).
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The RMSD sets of each docking tool were analyzed by Mann-Whitney U-tests performed in
pairwise comparisons both within the TOP1 and the TOP10 solutions [123]. The majority of the
probability values (p) were found to be less than 0.05, thus indicating statistically significant
differences at the p < 0.05 level. Values of p > 0.05 were obtained when AutoDock4, GOLD, and
FITTED, the three tools using genetic algorithms to explore the conformational space, were
compared. A lower level of differences was seen for ICM-Pro, CovDock, and FITTED, in line
with their similar (and top) performance. The differences between the TOP1 and TOP10 RMSD
sets of each individual docking tool were also statistically analyzed and they were all found to be
different at the p < 0.05 significance level.
The results were then inspected to identify possible scoring and sampling errors of the docking
tools. Scoring error was classified as a case when a near-native ligand conformation was retrieved
within ten docking solutions, but not scored as the best. A sampling error, instead, refers to a case
in which a correct ligand conformation could not be predicted within the top ten docking poses.
The summary provided in Table 2 shows how the majority of unsuccessful results in FITTED and
ICM-Pro (~25%) derived from an imperfect scoring of a ligand binding conformation close to the
co-crystallized structure, since a different docking pose was scored the best. For the remaining
methods, a higher number of wrong predictions arouse from an inaccurate conformational
sampling. GOLD and MOE have shown a large gap between the two sources of error, with 35%
and 49% of failed predictions caused by inappropriate sampling, respectively. The difference
between the potential sources of error was less pronounced for AutoDock4. Inaccurate sampling
is obviously most remarkable for MOE because of the higher number of complexes that were
erroneously predicted by its covalent docking module (~63%). It should also be highlighted that
MOE could provide ten docking solutions only in 56% of the cases, which further supports the
influence of its sampling flaws on the performance. Overall, the performance of GOLD was more
affected by sampling errors as compared to other genetic algorithm-based docking tools, thus
questioning its default conformational search. Finally, 26% of the failed TOP1 predictions
produced by CovDock were caused by sampling errors. Based on its workflow (see 2.1.3.), it
samples ligand conformations only on the pre-reaction form, namely before the covalent bond is
formed. Later on (see 3.1.5.), I will describe the results obtained by using only the noncovalent
docking step compared to the whole CovDock protocol.
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Table 2. Distribution of scoring and sampling errors across failed TOP1 covalent docking predictions when
considering 2.0 Å as the RMSD cutoff.
covalent docking
method

data set size

% error

% scoring error

% sampling error

AutoDock4

207

45%

20%

25%

CovDock

207

41%

15%

26%

FITTED

175

44%

25%

19%

GOLD

207

47%

12%

35%

ICM-Pro

207

38%

26%

12%

MOE

207

63%

13%

49%

3.1.2. Cases of scoring errors
An example of scoring error can be illustrated by analyzing the PDB complex deposited in
4US2 [232], since four out of six covalent docking methods could retrieve a near-native
conformation in TOP10, but not in TOP1 (Figure 7). In particular, the fragment-sized maleimide
derivative covalently bound to Cys118 in the HRas:SOS complex does not make significant
noncovalent interactions, except for a H-bond with Asn85 characterized by a rather suboptimal
geometry. In addition, the overall structural change of the electrophile upon binding makes the
binding mode prediction even more challenging. As a consequence, none of the programs could
correctly predict its geometry in TOP1, suggesting that this error was likely due to an incorrect
modeling of the geometry of the electrophile at the attachment point. As for GOLD, whose
deviation was only slightly larger than the accepted threshold, this case can be rather considered
as an exception, since it proved to be the best in predicting fragment-sized covalent inhibitors in
TOP1 (as discussed later in 3.1.4.).
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Figure 7. Scoring error arising from docking results for the PDB entry 4US2, a maleimide bound to the
HRas:SOS complex. The co-crystallized ligand is shown in purple sticks, the best docking pose (TOP1) in
orange, and the best pose in TOP10 in green.

On the other hand, the scoring error observed for the complex in 2YJ2 [233] with CovDock,
ICM-Pro, and MOE resulted from an inaccurate evaluation of the noncovalent interactions driving
the binding mode of the nitrile-based covalent inhibitor of Cathepsin L1 (Figure 8). In particular,
CovDock and MOE were not able to score in TOP1 the ligand conformation forming a halogen
bond between the aryl-bromide and the C=O group of Gly61 in the S3 pocket. In the case of ICMPro, the docking pose wrongly predicted in TOP1 completely lacked the H-bond framework
formed by the amide group in the vicinity of the warhead, therefore producing a large deviation
from the experimental pose (12.6 Å). The same applies to the best scoring conformation observed
with GOLD, while in the case of FITTED the TOP1 pose missing the halogen bond also provided
the lowest RMSD within ten solutions. In this example, the flexible side chain method of
AutoDock4 was the only one that properly identified the experimental binding mode already in
TOP1.
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Figure 8. Scoring error arising from docking results for the PDB entry 2YJ2, a nitrile-based covalent
inhibitor bound to Cathepsin L1. The co-crystallized ligand is shown in purple sticks, the best docking pose
(TOP1) in orange, and the best pose in TOP10 in green.

3.1.3. Cases of sampling errors
A specific example of sampling error was found for HCV NS5b RNA polymerase structures
(2AX0, 2AX1 and 2AWZ) [136]. This resulted from the improper treatment of structural changes
occurring in the electrophile geometry upon covalent bond formation. Indeed, as already described
previously (see 1.2.1.), the mechanism of inhibition for this series is characterized by a large
conformational change upon ligand binding. When considering its pre-reaction form, the
rhodanine-based warhead is located at the center of a highly conjugated planar system that gets
broken upon covalent linkage to Cys366, leading to a structural rearrangement into a more packed
conformation. As shown in Figure 9, most of the docking poses were predicted in an extended
conformation that was clearly derived from the pool sampled from the initial pre-reaction form.
Not surprisingly, the few accurate predictions were only made by protocols (i.e., AutoDock4 and
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GOLD) using a post-reaction ligand structure, where conformational sampling takes place on the
ligand showing no π-conjugation in the warhead.

Figure 9. Sampling error detected for 2AWZ, a rhodanine derivative bound to HCV NS5b. Large
conformational changes occurring upon protein-ligand reaction can represent a major challenge for covalent
docking protocols. The co-crystallized ligand is shown in purple sticks, the best docking pose (TOP1) in
orange, and the best pose in TOP10 in green.

A distinct type of sampling error instead emerges by analyzing the complex in 5P9K [234], an
acrylamide inhibitor bound to Bruton’s tyrosine kinase (BTK) (Figure 10). Indeed, failed
predictions observed in this case were mainly due to an inaccurate sampling of the 5-fluoropyrimidine scaffold involved in a noncovalent interaction with the backbone NH of Met477 at the
hinge-binding region. The lack of the H-bond at the hinge is basically responsible for the sampling
error detected, although a misplacement of the solvent exposed tail of the ligand also contributed
to the docking failure in certain cases. It is likely that such sampling errors could be effectively
reduced by using appropriate pharmacophore constraints as pre- or post-docking filters [134]. The
well-known binding mechanism of kinase inhibitors would suggest the application of H-bond
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filters in proximity to the hinge region in order to ensure that only ATP-competitive conformations
would be generated by the docking simulation. Even without these filters, MOE was exceptionally
good in making an accurate prediction already in TOP1, while other tools found it difficult to
sample this rather flexible ligand (trends related to ligand flexibility will be discussed in 3.1.4.).

Figure 10. Docking results for the PDB entry 5P9K, an acrylamide inhibitor bound to the Bruton’s tyrosine
kinase. The co-crystallized ligand is shown in purple sticks, the best docking pose (TOP1) in orange, and
the best pose in TOP10 in green.

3.1.4. Factors influencing the docking performance
From here on, I illustrate the impact of several features on the performance of covalent docking
methods. In particular, results were analyzed based on the trends observed within the specific
warhead chemistry as well as for different ligand properties. From the target side, we evaluated
the performance according to the accessibility of targeted cysteines and the volume of the binding
site that accommodates them. Finally, the effect of the protein and the impact of the general
noncovalent interaction framework were also investigated.
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Warhead chemistry
Different warhead chemistries can undergo distinct types of reaction with targeted cysteines.
In turn, each reaction type has a specific influence on the final geometry of the bound ligand.
Therefore, covalent docking results were clustered and analyzed according to the warhead
chemistries represented in the set (Figure 11). Considering only the top scoring solution, ICM-Pro
has shown the best performance (71%) in modeling Michael additions, the most represented type
of reaction in the library. Together with CovDock (68%), it hence represents the method of choice
for a virtual screening of compound libraries containing Michael acceptors. When considering
nucleophilic additions involving aldehyde-, ketone-, and nitrile-based warheads, all of the methods
successfully retrieved at least half of the experimental poses (~60% for ICM-Pro and FITTED),
except for MOE, whose rate virtually matched the overall one (39%). Although the reaction
mechanism of these warheads is identical, the different parametrization and product geometry
prompted to analyze them separately. In this sense, ICM-Pro and FITTED have shown the highest
success rate on the aldehyde subset (67%), GOLD performed better with ketones (58%), while
AutoDock4 proved to be most reliable in modeling nitriles (62%, in common with ICM-Pro),
slightly more than FITTED (60%) and CovDock (58%). These findings suggest that better hit rates
could be obtained in virtual screening applications if using the covalent docking tool that provided
the best performance with the corresponding electrophile. All of the methods made a successful
prediction for nucleophilic substitutions in nearly half of the complexes. On the contrary, poor
performances were registered for both the scarcely represented three-membered ring opening
reactions and disulfide bond formation. GOLD was the best exception in the latter case, as it was
able to predict a reliable docking pose for four out of five ligands reacting through a thiol oxidation.
These warhead types were out of the scope of FITTED (grey area in Figure 11).
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Figure 11. Docking performance (% success rate with 2.0 Å as RMSD cutoff) obtained for the reaction
types represented in the set. The number of complexes per reaction type is shown in brackets. The grey area
in FITTED refers to reaction mechanisms for which covalent docking is not supported yet (~15%).

Ligand descriptors
We were interested in exploring to what extent ligand properties influenced the performance
of covalent docking methods. Our data set is well suited for this type of analysis, since it contains
ligands spanning a wide range of size and flexibility descriptors. By investigating the impact of
the ligand size (Figure 12), a distinct descending trend in the success rate was identified for GOLD
and MOE, while a steady performance (~60%) was observed for AutoDock4 up to 35 heavy atoms.
Within the same limit, ICM-Pro and FITTED have shown some improvement by increasing
ligands size, indicating that they can properly capture the native binding mode of bulky structures.
Fragment-sized covalent binders, however, were best retrieved by GOLD in TOP1. By focusing
to the difference between trend lines in TOP1 and TOP10 we could generally see that scoring
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errors are typically larger for fragments. Inspecting this part of the set is particularly interesting
for fragment-based ligand discovery applications aimed to the identification of covalent binders.

Figure 12. Impact of ligand size on the covalent docking prediction, expressed as success rate (2.0 Å as
RMSD cutoff) against number of heavy atoms. Black and red lines refer to rates in TOP1 and TOP10,
respectively. Ligands distribution across the different groups of heavy atoms is shown as a light blue area.
Success rates and ligands distribution for FITTED are normalized to the actual set of complexes for which
a covalent docking could be performed.

Analyzing the impact of ligand flexibility, a clear drop in the prediction rates was generally
observed by increasing the number of rotatable bonds (Figure 13). ICM-Pro showed much less
dependence on the number of rotatable bonds. In particular, we found that the increased flexibility
of the ligand raised the relevance of sampling errors for CovDock, GOLD and MOE. In
AutoDock4, the widening range between TOP1 and TOP10 indicates that scoring errors contribute
almost equally to the failed predictions (as already observed in Table 2). It should be noted that
the normalized trend lines of FITTED are related to a smaller set and therefore the results could
not be compared directly to those of the other tools.
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Figure 13. Impact of ligand flexibility on the covalent docking prediction, expressed as success rate (2.0 Å
as RMSD cutoff) against number of rotatable bonds. Black and red lines refer to rates in TOP1 and TOP10,
respectively. Ligands distribution across the different groups of rotatable bonds is shown as a light blue
area. Success rates and ligands distribution for FITTED are normalized to the actual set of complexes for
which a covalent docking could be performed.

As a complementary descriptor, we inspected the effect of the pharmacophore content on the
covalent docking performance to estimate the impact of the noncovalent interaction framework on
the prediction accuracy (Figure 14). Using e-Pharmacophores, a method developed by Schrödinger
Inc. [235,236], we analyzed the energetically favorable pharmacophore features available in
protein−ligand complexes. A drastic improvement in the success rates of FITTED and ICM-Pro
was observed by increasing the number of pharmacophores. This finding indicates that their
performances become more accurate when the binding mode is stabilized by multiple noncovalent
interactions within the pocket. As for the remaining methods, we could not identify any distinctive
trend other than a consistency of the prediction.
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Figure 14. Effect of the pharmacophore content on the covalent docking prediction, expressed as success
rate (2.0 Å as RMSD cutoff) against the number of pharmacophore features in the complex. Structure-based
pharmacophore models were generated with the e-Pharmacophores method. Black and red lines refer to
rates in TOP1 and TOP10, respectively. Ligands distribution across the different groups of features is shown
as a light blue area. Success rates and ligands distribution for FITTED are normalized to the actual set of
complexes for which a covalent docking was performed.

Target analysis
On the protein side, docking results were first analyzed by looking at the solvent accessible
surface area (SASA) of the reactive cysteine and the binding site volume. Considering the protein
surroundings at the reaction site is key not only for the electronic effects exerted on the warhead
reactivity and cysteine nucleophilicity, but also for the steric influence on the accessibility of the
targeted cysteine. By crossing docking results with the SASA of cysteines, we observed that the
rate of successful TOP1 predictions was generally improved by increasing the surface accessibility
(Figure 15A). This is in line with the expectation that a more spacious reactive site allows the
ligand warhead to be placed in the correct position in the cysteine surroundings. Conversely, steric
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clashes occurring in more densely packed subpockets represent a challenge for the accuracy of the
binding mode prediction. Only FITTED has deviated from this trend, since the majority of its
errors were generated with SASA higher than 30 Å 2. Interestingly, by looking at the distribution
of warheads across the different groups of SASA, we found that the largest part of electrophiles
used to target less accessible cysteines react through nucleophilic addition (75%). By contrast,
Michael acceptors were mostly used to target residues with a larger surface accessibility (70% for
SASA higher than 30 Å2). As seen when analyzing the performance against warhead chemistries,
the prediction accuracy of covalent docking programs has generally improved by increasing the
occurrence of Michael additions in the subset, demonstrating that both factors (warhead geometry
and cysteine accessibility) influence the docking performance.

Figure 15. Impact of protein descriptors on the covalent docking performance: A) solvent accessible
surface area (SASA) of the reactive cysteine against success rate in TOP1. SASA calculations were
performed on unbound protein structures with POPS [222]. Warhead distributions on the whole set (thus
not relevant for FITTED) across the different groups of SASA are shown on top of the respective fields. B)
Binding site volume against success rate in TOP1. Volumes were calculated using SiteMap [42] in the
Schrödinger Suite. Success rates are based on a RMSD tolerance of 2.0 Å. Success rates in FITTED are
normalized to the actual set of complexes for which a covalent docking was performed.

As a complementary analysis on the noncovalent counterpart, we inspected the impact of the
binding site volume on the performance, as it is expected that a higher number of interactions
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would be permitted in larger pockets. In line with the trend observed when considering the effect
of the pharmacophore content (see Figure 14), ICM-Pro has shown a linear improvement in the
success rate by increasing the size of the pocket (Figure 15B). The other tools do not appear to be
affected to the same extent, although for all of them the best performance was registered for
volumes larger than 300 Å3. In particular, CovDock and MOE seem to be less dependent on the
binding site volume considering TOP1 solutions. It is worth mentioning that methods using genetic
algorithms for the conformational sampling (AutoDock4, FITTED, and GOLD) shared a highly
similar trend by changing the binding site volume.
Next, we investigated the impact of protein targets on the prediction accuracy of covalent
docking tools (Figure 16). Considering only targets having at least ten structures (i.e., Cathepsin
L1, KRASG12C, Cruzain, Cathepsin S, and Cathepsin K), the best average success rate of docking
predictions within 2.0 Å was shown by CovDock in TOP1 (64%) and ICM-Pro in TOP10 (93%).
Analyzing TOP1 results for the same set of proteins revealed the target specific performance of
the programs and might help to find a suitable tool for virtual screening against the target of
interest. For example, AutoDock4 retrieved a near-native pose for all of the Enterovirus A71
genome polyprotein structures (UniProt ID: A9XG43), CovDock showed the highest success rates
in covalent docking against KRASG12C (85%), Cruzain (77%), and Cathepsin S (70%), while
GOLD achieved above 65% and 75% on Cathepsin K and KRAS G12C, respectively. FITTED
proved to be reliable with Cathepsin L1 (65%), EGFRs (77%), and A9XG43 (88%); ICM-Pro,
instead, performed best with KRASG12C (85%) and could exhaustively predict accurate
conformations on EGFRs and A9XG43. MOE, on the other hand, has shown a success rate above
75% only for KRASG12C. Among less represented targets with 3−9 structures, GOLD showed high
performances against BTK (80%), Cathepsin C (100%), PADI4 (100%), and ITK (100%, shared
with FITTED). On the other hand, ICM-Pro correctly predicted all of the experimental
conformations of ligands bound to JAK3, TAK1, Caspase-1, ERK2, and Adenain. By focusing on
protein families, proteases-bound ligands were overall retrieved with a success rate around 50%,
except for MOE which did not exceed a 30% rate. Kinases were better predicted by ICM-Pro
(90%), followed by AutoDock4, FITTED, and CovDock (~70%). Finally, CovDock and ICM-Pro
showed a success rate around 80% against GTPases, followed by GOLD and MOE (~70%).
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Figure 16. Performance distribution across proteins having at least three representative structures. Success
rates are calculated as the percentage of docking predictions with a RMSD within 2.0 Å from the reference
ligand. Targets are sorted by members count in ascending order, with Cathepsin K (CatK) being the most
represented group in the data set. “FITTED (not supp.)” complements the adjacent column, as it refers to
the percentage of complexes for which a covalent docking was not supported.

3.1.5. Comparison to noncovalent docking
In an attempt to identify the source of covalent docking failures, we investigated those cases in
which ICM-Pro and CovDock, the two methods having the best rate of predictions within 2.0 Å
on the whole set, could not accurately reproduce the experimental conformation of the reference
ligand. In particular, the multi-step protocol used by CovDock suggested to analyze whether the
first noncovalent docking stage would result in better binding mode predictions as compared to
modeling the covalent bond formation. Following the default workflow in the pose prediction
mode, we evaluated a maximum of 100 poses obtained by docking the pre-reaction ligand structure
against the protein target having its reactive cysteine mutated to alanine. As shown in Table 3,
Glide SP was able to retrieve 65% of the failed covalent docking predictions, with more than onethird already as the best scoring conformation (37%). Considering only complexes with
unsuccessful predictions from TOP10 poses gave highly similar rates (59% in TOP100, 34% in
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TOP1). These results show that the Prime refinement stage of the covalent docked complex might
be responsible for the loss of accurate docking poses identified in the previous noncovalent step
with Glide.
Table 3. Noncovalent docking results on failed covalent docking predictions.
Failed covalent predictions in TOP1
noncovalent
docking method

Failed covalent predictions in TOP10

successful
predictions
in TOP1

successful
predictions
in TOP10

successful
predictions
in TOP100

successful
predictions
in TOP1

successful
predictions
in TOP10

successful
predictions
in TOP100

Glide SP

37%

57%

65%

34%

49%

59%

ICM-Pro

32%

71%

86%

12%

56%

68%

We performed a similar analysis on ICM-Pro TOP1 covalent failures using its conventional
noncovalent docking protocol against Cys-to-Ala mutated proteins (Table 3). Also in this case,
remarkable rates of accurate predictions were observed, with a total of 86% near-native
conformations retrieved by noncovalent docking. More than two-thirds of these were among
TOP10 docking solutions (71%) and one-third already as the TOP1 pose (32%). By focusing on
the failed covalent docking outcomes in TOP10 (25 complexes in total), ICM-Pro could make a
correct prediction in the TOP1 pose only for three complexes (12%) and showed a significantly
improved performance (56%) in the TOP10 poses. These results show that the complexes
concerned are subject to sampling error in covalent docking and to scoring error in noncovalent
docking. Also, in spite of the excluded direct contribution of the reaction center, the constrained
pseudo-ligand approach might provide unfavorable electrophile geometries, thus affecting the
overall binding conformation.
Finally, the performance of noncovalent docking algorithms was investigated on the whole set
of covalent complexes. We found that both Glide SP and ICM-Pro in Cys-to-Ala mutated proteins
were able to make an accurate TOP1 prediction in around 53% of the covalent complexes (Table
4), approximately 6% and 9% less than the respective covalent docking modules. Considering
TOP10 solutions, the gap from covalent counterparts was further reduced (2% and 6% difference
for Glide and ICM-Pro, respectively).

61

Table 4. Noncovalent docking analysis of covalent complexes by Glide SP and ICM-Pro.
noncovalent
docking method
Glide SP
ICM-Pro

TOP

covalent docking

noncovalent docking
on failed covalent

noncovalent docking
on whole set

successful

failed

successful

failed

successful

failed

1

59%

41%

15%

26%

53%

47%

10

74%

26%

9%

17%

72%

28%

1

62%

38%

12%

26%

53%

47%

10

88%

12%

2%

11%

82%

18%

Overall, these findings suggest that solid success rates can be obtained by using dedicated
covalent docking methods to predict the binding mode of covalent binders. The performance was
shown to be better than what achieved by noncovalent algorithms that neglect the structural
arrangements at the reaction center. However, the modest improvement observed might question
the direct application of covalent docking tools in virtual screening of large electrophilic libraries,
especially due to the higher computational cost generally required by these methods.

3.2.

Virtual screening protocols for TCIs

Following the evaluation of currently available covalent docking methods we focused on the
development of new computational protocols to screen electrophilic libraries against targets of
high pharmacological relevance. Our primary objective was to design computationally efficient
protocols enabling large-scale virtual screening by also:


accounting for all the relevant contributions to the multi-step binding process of TCIs;



overcoming the limitations of covalent docking methods in handling warheads reactivity.

From here on, the design concepts, development, and validation of these protocols will be
described by dividing them into two groups based on the scope of their application: virtual
screening of single-warhead and multi-warhead libraries.

3.2.1. Virtual screening of single-warhead libraries
This group of techniques includes hierarchical structure-based virtual screening protocols
relying on the use of dedicated covalent docking methods for the identification of novel TCIs. As
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such, a proper application of these tools requires the compilation of electrophilic libraries in which
compounds are equipped with a single warhead chemotype, due to the inability of covalent docking
to account for differences in warheads reactivity. In our previous study, we have shown that
noncovalent docking tools can be applied to predict the binding mode of covalently bound ligands
with little loss of accuracy compared to dedicated covalent docking methods (see 3.1.5.). Thus,
taking into account the significantly higher throughput of noncovalent docking and scoring, it was
appealing to build multi-step virtual screening protocols where noncovalent docking is first used
to filter a large number of compounds, and then covalent docking is only applied to a limited
number of pre-screened ligands. Furthermore, such a procedure reflects the binding process of
TCIs with the initial formation of the noncovalent complex before the covalent bond is formed.
Therefore, we developed two protocols sharing similar design principles, while using distinct and
orthogonal approaches to model the noncovalent step and progressively filter the number of
screening compounds along the way. Eventually, given the accurate performance shown in the
comparative study and the significant experience accumulated in our group, we used the “Pose
Prediction” module of CovDock (CovDock-LO) as covalent docking method of choice to predict
post-reaction ligand conformations as the final step of the virtual screening protocols.
The first protocol is described in a large-scale virtual screening application against the
chymotrypsin-like (β5i) subunit of the 20S immunoproteasome (IP-β5i), carried out to identify
new hits binding covalently via a boronic acid warhead. Next, DUckCov is illustrated as a protocol
used in the virtual screening of an acrylamide library against JAK3 and KRAS G12C. It is worth
emphasizing that these approaches were validated prospectively against targets of high therapeutic
interest, providing novel covalent inhibitors as promising starting points for medicinal chemistry
optimizations.

Boronic acid library screened against IP-β5i
In this case study, we designed a computational protocol to screen a library of ~104,000
compounds equipped with a boronic acid warhead against the β5i subunit of the
immunoproteasome (IP-β5i), aiming to identify covalent binders that label the catalytic Thr1 with
the same mechanism displayed by bortezomib [206]. In particular, other than developing a
covalent virtual screening methodology that can be possibly applied against any target, our
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objective was to search for β5i selective covalent inhibitors with a nonpeptidic scaffold attached
to the boronic acid warhead. Selective nonpeptidic inhibitors of IP-β5i are still scarce [227,237–
239] and are expected to cause fewer side effects as compared to pan-proteasome inhibitors.
Furthermore, nonpeptidic inhibitors are expected to have better pharmacokinetic properties than
currently available inhibitors presenting a peptide-like scaffold [88,240].

Figure 17. Hierarchical protocol for the large-scale virtual screening performed against IP-β5i.

The virtual screening workflow presented in Figure 17 shows our hierarchical approach using
various docking methods provided by Schrödinger Inc., applied in consecutive simulations. In
particular, the boronic acid library was first pre-screened by Glide SP (noncovalent docking)
applying positional constraints for the warhead near the targeted residue, which in this step was
mutated to alanine to reduce unfavorable contacts at the reaction site. Then, dedicated covalent
docking tools were used to model the bound form of the compounds, by using the virtual screening
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mode of CovDock (CovDock-VS) followed by CovDock-LO simulations to predict the binding
mode and rank ligands by affinity score. It is worth to emphasize that virtual screening by
CovDock-VS could produce a protein-bound docking pose only for around half of the input
structures, thus further supporting the previous faster noncovalent protocol for filtering the number
of compounds to be subjected to more demanding covalent docking simulations.
When inspecting the hits identified by the virtual screening cascade, priority was given to
compounds with a binding mode similar to Ro19 [188], a known β5i selective noncovalent
inhibitor with a nonpeptidic scaffold. Among these, 32 were commercially available and were
purchased from Enamine. Five of the compounds tested in a biochemical assay were
experimentally confirmed at 100 μM concentration (Table 5), thus resulting in a final hit rate above
15% (see Appendix C).
Table 5. Biochemical assay results for the active virtual screening hits. To monitor the residual activity of
the IP-β5i, Suc-LLVY-AMC was used as the substrate.
Compound

Structure

Residual Activity (%)
at 100 μM Compound

1

2±4

2

1±4

3

55 ± 9

4

62 ± 2

5

77 ± 15
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All these compounds have similar architecture and shape. The boronic acid warhead is bound
to either an aromatic or a saturated ring that is linearly attached to two or three additional rings.
Compounds 1 and 2, the ones showing the lowest residual enzyme activity, were further
investigated by microscale thermophoresis measurements to confirm their binding to IP-β5i. In
addition, biochemical fluorescence-based assays were performed to determine that compounds 1
and 2 inhibit IP-β5i with IC50 values of 34 µM and 45 µM, respectively (Table 6).

Table 6. Experimental results showing dissociation constants (Kd) by microscale thermophoresis and
inhibitory potencies (IC50). The latter were determined without pre-incubation, with 30 min pre-incubation
of immunoproteasome (IP) + compounds, and with 30 min pre-incubation of constitutive proteasome (CP)
+ compounds. For IC50 determinations, Suc-LLVY-AMC was used as a substrate. PR-957 [226] was used
as a positive control, showing an experimentally determined IC50 value of 0.018 ± 0.005 µM.
IC50 (μM) IP
Compound

Kd (μM)

IC50 (μM) CP

Pre-incubation
Time: 0 min

Pre-incubation
Time: 30 min

Pre-incubation
Time: 30 min

1

22.4 ± 5.1

60 ± 7

34 ± 2

102 ± 1

2

41.1 ± 0.6

59 ± 6

45 ± 1

105 ± 5

Boronic acids are expected to bind covalently and reversibly to the catalytic Thr1 of IP-β5i
[241,242]. Since covalent binding is typically associated with an appreciable reaction barrier that
causes time-dependent inhibition, inhibitory potencies were measured with (30 min) and without
pre-incubation of compounds and immunoproteasome prior to addition of the substrate. Both
compounds 1 and 2 have shown time-dependent IC50 values (Table 6 and Figure 18), thus
confirming their covalent binding mechanism.
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Figure 18. Representative shift of the IC50 curves for compound 1. The shift to the left is characteristic for
the time-dependent type of enzyme inhibition.

A pyrrolidine ring is attached to the boronic acid warhead in four of the active compounds (1‒
4) shown in Table 5, while compound 5 presents an aromatic ring instead of the pyrrolidine. This
is remarkable since aromatic boronic acids (25) are more represented than pyrrolidines (7) among
the 32 compounds tested (Appendix C). Moreover, the two compounds showing the best activity
also have the boronic acid attached to a pyrrolidine ring. The preference of the pyrrolidine over
the benzene ring in these covalent binders is in line with the higher reactivity of alkyl boronic acids
compared to aromatic boronic acids [243].
In the post-reaction form modeled by CovDock-LO, the negatively charged boron atom attracts
the positively charged terminal Thr1-NH3+ group and the side chain of Lys33. In addition, an OHgroup attached to the boron atom accepts a hydrogen bond from the terminal Thr1-NH 3+ group
and donates a hydrogen bond to the backbone carbonyl of Arg19. The three rings fit well into a
predominantly hydrophobic pocket and form mainly van der Waals contacts with Lys33, Met45,
Ala49, and Val31, the side chain of the latter adopting a quasi-parallel position with the thiophene
and the furan ring of 1 and 2, respectively (Figure 19 and 20B).
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Figure 19. Interactions of compound 1 (represented as thick tubes in magenta) docked into IP-β5i.
Interacting residues discussed in the text are in thin tubes, while other residues are in a wire representation.
Interactions are shown with dashed lines: ionic interactions in magenta and hydrogen bonds in yellow.

The binding mode predicted by CovDock-LO was compared to that of bortezomib, a covalent
dipeptide boronic acid drug, and to Ro19, a nonpeptidic noncovalent inhibitor. The crystal
structures of both compounds in complex with yeast 20S proteasome containing human β5i unit
are available (bortezomib PDB ID: 5L5F [244]; Ro19 PDB ID: 5M2B [188]). Ro19 and
bortezomib bind differently and occupy quasi-orthogonal positions. The docked poses of
compounds 1–5 are highly similar to each other and follow the orientation of Ro19 (Figure 20A).
This is in line with our virtual hit selection process, where preference was given to compounds
reproducing the binding mode of Ro19, since it is assumed to be beneficial for achieving β5i
selectivity. Ro19 exhibits an IC50 of 0.42 μM for IP-β5i, that is almost 70-fold lower than the IC 50
for CP-β5, and this is mostly attributed to its binding into the S1 subpocket [188], where the
different conformation of Met45 in IP-β5i and CP-β5 results in differently sized pockets [245].
Indeed, compounds 1 and 2 exhibit preference for IP over CP, as shown by their IC50 values
obtained with 30 min pre-incubation time (Table 6).
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Figure 20. A) Crystal structure of Ro19 (yellow) (PDB ID: 5M2B) and docked pose of compound 1 (in
magenta). B) Superimposed docking poses of compounds 1 (in magenta) and 2 (in grey).

Pyrrolidine boronic acids have a chiral center at the attachment point of the boronic acid
warhead to the pyrrolidine ring. However, the seven pyrrolidine boronic acid derivatives (as
available from vendors and tested) were all present in racemic mixtures. In contrast, the compound
library subjected to virtual screening contains compounds with specified chiralities, and we
observed that both R and S enantiomers were included among the best scoring compounds. For
example, compounds 1 and 2 have opposite chirality. Despite this, a comparison of docking poses
of 1 and 2 shows that these compounds are able to superimpose well and adopt highly similar
binding modes (Figure 20B).
Altogether, the described virtual screening protocol provided us with suitable starting points
that in the future can be further optimized into potent nonpeptidic IP-β5i selective covalent
inhibitors. In addition, by validating this protocol against this challenging target, we believe it can
also be useful in large-scale virtual screening campaigns aimed to interrogate other proteins of
high therapeutic significance.

Acrylamide library screened against JAK3 and KRASG12C
Here, DUckCov is described as another computational protocol designed for the identification
of covalent binders by screening libraries of compounds bearing the same warhead chemotype
[208]. Similar to the protocol described previously, DUckCov models both the initial noncovalent
complex and the post-reaction conformation of screened ligands. However, following a first
noncovalent docking step, it relies on Dynamic Undocking (DUck) as an orthogonal method to
evaluate the strength of hydrogen bonds considered to be crucial for target recognition
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mechanisms. Finally, CovDock-LO is used to predict the bound pose only for ligands that bind to
their target through sufficiently strong noncovalent interactions, thus making the workflow highly
efficient and suitable for large screening libraries. DUckCov was prospectively validated in two
case studies, by screening a library of ~50,000 compounds equipped with an acrylamide warhead
against a target with highly conserved noncovalent interactions (JAK3) and another one where the
noncovalent interactions are not conserved across known inhibitors (KRAS G12C). The general
workflow is illustrated in Figure 21.

Figure 21. The general workflow of DUckCov consists in: 1) noncovalent docking with rDock using
pharmacophoric constraints for the key H-bond(s) (orange spheres) and positional restraints for the warhead
(encircled by orange ellipse); 2) Dynamic Undocking to test the strength of the H‐bond that was enforced
during docking; and 3) CovDock-LO for covalent docking of ligands that display the best noncovalent
interactions to model the bound geometry of the warhead (red arrow).

A) JAK3
First, we selected JAK3 as a model target to test DUckCov. H‐bond interactions at the hinge
region are known to play a prominent role in building up the affinity toward kinase targets, thus
making it beneficial to assess them by DUck. Furthermore, JAK3 specificity can be achieved by
covalently modifying its Cys909 (also C909), since it is not conserved across the JAK family.
Therefore, we applied DUckCov to screen a library of ~50,000 acrylamides against JAK3 with the
aim to identify covalent binders forming strong H-bonds at the hinge region. The DUckCov
workflow for JAK3 is described in Figure 22A.
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Figure 22. A) DUckCov protocol for JAK3. B) Pre‐reaction reference ligand in the PDB structure 5TOZ
(in grey), and covalent attachment in the post‐reaction form (in orange), with defined pharmacophore
features and interactions as cyan spheres and dashes, respectively. C) Docking poses for top 10 compounds,
ranked by CovDock-LO affinity scores (rDock binding modes in green; CovDock-LO binding modes in
magenta; H-bonds with the hinge residues E903 and L905 in cyan). D) Compounds experimentally tested
against JAK3.
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First, tethered and constrained noncovalent docking was used to filter the acrylamide data set
to 249 compounds that: a) satisfied the H‐bond interactions with the backbone C=O of Glu903
(E903) and with the backbone NH of Leu905 (L905), both located at the hinge region (depicted in
cyan in Figure 22B); and b) placed the acrylamide group close to the reactive C909, as observed
in the prepared reference ligand (depicted in grey in Figure 22B). Next, DUck was performed
using the H‐bonds established with E903‐O and L905-NH as simulation coordinates, as both these
interactions were found to provide stability for the reference ligand (with calculated W QB of 13
kcal mol−1 and 11 kcal mol−1, respectively). In both cases, a WQB threshold of 6 kcal mol−1 was
maintained. By pulling rDock poses from the H-bond established with E903-O, DUck filtered 92
compounds with WQB larger than threshold. From those, a second round of DUck on the H‐bond
with L905‐NH resulted in 66 hits forming strong interactions with both hinge residues. Then, in
order to get more accurate binding mode predictions and to rank ligands by score, CovDock-LO
was used for the covalent docking simulations on the 66 DUck hits. Finally, we have selected the
top 10 ligands according to their CovDock-LO affinity scores. Out of these, five commercially
available compounds (6, 8, 10, 13 and 14) were experimentally tested in an enzyme‐based activity
assay.
Compound 6, the top‐ranked ligand, has been originally reported as a potent double mutant
EGFRL858R/T790M inhibitor (PF‐06459988, IC50 = 7 nM) [246], and based on the DUckCov
prediction and subsequent in vitro testing we found that the compound inhibits JAK3 with similar
potency (5 nM). Interestingly, the activity of this compound against JAK3 was not reported
previously; however, when profiled against 54 human kinases at 1 μM, moderate JAK1 and JAK2
inhibitory activities were revealed [246]. Compounds 10, 11, 13 and 14 are characterized by a
higher rigidity of the linker between the hinge-binding region and the warhead. Compound 10
displayed an IC50 value of 389 nM on JAK3, and 18% and 62% inhibition on JAK1 and JAK2 at
10 μM, respectively, suggesting a covalent bond driven improvement of the inhibition due to the
presence of the unique reactive C909 of JAK3. Compound 14, a partially saturated analogue of
10, was found to be less potent (IC50 = 1.27 μM), in line with the observed preference of the hinge
region for aromatic ligands [247]. Similarly, compound 13 showed no activity in the biochemical
assay, further highlighting the preference for planar hinge-binding cores. Finally, compound 8 was
also experimentally tested (as an analogue of 10 with a flexible linker), but has shown no activity.
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In Figure 22C, the poses generated by rDock and CovDock-LO for the top 10 ligands are shown
in green and magenta, respectively. RMSD values between poses predicted by rDock and
CovDock-LO, their corresponding scores, DUck WQB values, along with ZINC codes of the
compounds can be found listed in Appendix D. In nine out of 10 cases, the interactions used for
pulling with DUck were reproduced in the best scoring pose generated by CovDock-LO.
Compounds 6, 9, 10, 12, 13, 14 and 15 retain the same orientation of the hinge-binding region,
while compounds 7 and 8 contain the hinge-binding scaffold in a flipped orientation, likely due to
the flexibility of the linker. However, compound 8 maintained both interactions at the hinge, while
compound 7 showed a dual interaction with L905. Compound 11 is the only case where neither an
interaction with E903 nor with L905 could be observed.
Overall, the 60% hit rate achieved by applying DUckCov against JAK3 demonstrates the
importance of assessing the noncovalent interactions established by ligands that bind covalently
to their target. However, these findings also emphasize the need for dedicated covalent docking
programs for the selection of hit candidates. By sampling multiple rotameric states of the reactive
residue, forming the covalent bond between the reactive atoms and performing structural
optimization of the covalently attached ligand, CovDock-LO allows to increase the chance of
finding an optimal geometry for the warhead.
It is also important to note that DUckCov allowed to achieve these results in highly efficient
simulation times, as running it took a total 1,200 CPU/GPU hours. As a comparison, running
CovDock in the virtual screening mode (CovDock-VS) on the whole data set would have taken
about 13,750 CPU hours by estimating ~15 minutes/ligand. The roughly 11‐fold speedup can be
mostly attributed to the quick tethered docking step, leaving only a fraction of the ligands to be
evaluated by the more expensive DUck. If we account for parallelization as well, running this
specific workflow in parallel on 24 GPUs of the Barcelona Supercomputing Center has required a
total 50 hours of runtime, while our license token limit for tools provided by Schrödinger Inc.
would have allowed us to run CovDock-VS on three parallel threads (three ligands), resulting in
about 4,600 hours of total runtime, which translates to a roughly 92‐fold decrease in speed
compared to DUckCov. The reported speedups can be considered typical for academic groups
(based on the accessible resources), but CPU/GPU time is generally more accessible (cheaper)
than state‐of‐the‐art software licenses, for industrial researchers as well.
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B) KRASG12C
To challenge the method's applicability domain, DUckCov was also applied to identify
covalent inhibitors of KRASG12C binding to Cys12. In this case study, a structural ensemble
approach was pursued due to the pronounced flexibility of the targeted switch-II pocket (see
2.1.2.). First, DUck was applied on the compiled set of KRAS G12C structures in complex with
covalently bound acrylamide ligands. This allowed calculating W QB values for each H-bond
interaction formed by crystallographic ligands (WQB are listed in Appendix E). Then, our
acrylamide library was screened by DUckCov against a structure/interaction if the work required
to break the H‐bond of the reference ligand was previously found to be higher than 6 kcal mol −1.
In Figure 23A, the workflow is summarized for the two structures (5V9O and 5V6S) and three
interactions that led to virtual hits, namely 5V9O/E63‐OE2, 5V9O/D69‐OD1, and 5V6S/D69‐
OD1 (H-bonds observed in crystal structures are shown in Figure 23B). Finally, 63, 22 and 47 hits
were generated by DUckCov with these interaction points, respectively. As in the case of JAK3,
the compounds selected for experimental testing were ensured to have maintained the inspected
H‐bond and/or displayed similar binding modes according to rDock and CovDock-LO. In Figure
23C, docking poses predicted for ten compounds retrieved using the stepwise workflow are shown.
Compounds 16, 18, 20, and 21 maintain the interaction with D69 of the KRASG12C structure in
5V6S, in both rDock and CovDock-LO poses. It should be noted that the pharmacophoric restraint
in rDock has a tolerance of 1 Å relative to the reference coordinates. As a result, in some cases the
input geometry for DUck does not form a hydrogen bond. Yet, the initial step in the DUck protocol
involves a minimization that can repair the H‐bond. For this reason, as shown by compounds 17
and 19, some interactions present high WQB values even though they were not predicted by rDock.
Importantly, these interactions are also present in the CovDock-LO pose, thus confirming that the
interaction under investigation can be relevant for ligand binding. The overall conservation of the
binding modes is reasonably good, as shown by RMSD values between poses predicted by rDock
and CovDock-LO. RMSD values, docking scores, DUck W QB values, along with ZINC codes for
these ten compounds are reported in Appendix F.
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Figure 23. A) DUckCov workflow for KRASG12C for the structures and interactions that eventually led to
virtual hits. B) Pre‐reaction reference ligands in 5V6S and 5V9O (in orange), and covalent attachment in
the post‐reaction form (in grey), with defined pharmacophore features and interactions as cyan spheres and
dashes, respectively. C) Compounds resulting from DUckCov workflow against 5V6S (16–21) and 5V9O
(22–25). In the latter case, compound 22 was retrieved considering the interaction with E63, while
compounds 23–25 were retrieved considering the interaction with D69. rDock poses and CovDock poses
are shown in green and magenta, respectively. D) 2D structures of experimentally confirmed hits against
KRASG12C.

75

All compounds except 19 (not available for purchase at the time of this study) were purchased
and tested in HSQC NMR measurements. The 2D structures of confirmed hits are shown in Figure
23D. The site specific binding of compounds 16, 18, 22 and 24 was confirmed by 1H,15N‐HSQC
(2D NMR) measurements. In particular, after the appropriate incubation time, changes in the
HSQC spectra were detected based on chemical shift perturbations confirming the binding of the
mentioned acrylamides (see Appendix G). The perturbed chemical shifts are located mostly in the
well‐known functional regions of KRAS: the P‐loop (G10‐S17), Switch-I (D30‐D38), and SwitchII (L56‐G77). Overall, the findings suggest that the compounds can bind to KRAS G12C covalently
at the Cys12 residue located in the allosteric binding pocket, similarly to known inhibitors such as
ARS‐853 [248] and ARS‐1620 [249]. It is worth noting that from the three protein structure/H‐
bond combinations investigated by DUckCov (Figure 23A), all of them have produced at least one
confirmed hit compound.
Overall, the 44% hit rate achieved by DUckCov against KRAS G12C is exceptional, given the
lower druggability of this target compared to JAK3. Considering this, the protocol was successful
in identifying four novel KRASG12C covalent binders in an efficient manner by first focusing on
the noncovalent interactions, even though these are not conserved across known inhibitors.
Furthermore, CovDock-LO was used as dedicated covalent docking method to analyze the postreaction conformation of the ligands. Interestingly, a comparison with the results obtained using
CovDock-VS clearly highlighted the advantage of applying the DUckCov workflow, as three out
of the four confirmed hits were not included in the top 10 ranked virtual hits by CovDock-VS
[208].

3.2.2. Virtual screening of multi-warhead libraries
To overcome the inherent limitation of covalent docking methods in handling different
warhead reactivities, WIDOCK was designed as a warhead-sensitive virtual screening protocol for
the identification of cysteine-targeted covalent binders of therapeutically relevant targets.
WIDOCK is based on the customization of a purely noncovalent docking protocol (AutoDock4,
also “AD4”), by including a reactivity-scaled pLJ potential to model the interaction between the
reacting atom pair (see 2.1.6.). Therefore, the advantage over other protocols is that different
warhead types with distinct intrinsic reactivities can be screened in the same set to prioritize the
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most promising hits for experimental testing. The general workflow of WIDOCK is illustrated in
Figure 24.
In this section, I will first describe how WIDOCK was retrospectively evaluated by
investigating focused sets of diverse warhead chemotypes against KRAS G12C, MurA and cathepsin
B (CatB). In addition, it was challenged to reproduce the experimental results obtained by
screening larger electrophilic libraries against OTUB2 and NUDT7. Finally, WIDOCK was
applied for the prospective identification of covalent human MAO-A inhibitors acting via a new
mechanism by binding to the active site Cys323. In each of the reported applications, WIDOCK
retrieved experimental actives with high sensitivity, by also outperforming the dedicated covalent
docking module of AD4.

Figure 24. General workflow of WIDOCK, a virtual screening protocol for electrophilic libraries that
include multiple warhead chemotypes.
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Retrospective applications
A) KRASG12C
First, WIDOCK was applied on a library reported by McGregor et al. [98] in a study aimed to
expand the range of warheads used to target KRASG12C. This set was perfectly suited to test
WIDOCK, as it is composed of compounds sharing the same KRAS G12C switch-II inhibitor
scaffold elaborated by introducing different warhead chemotypes to probe the reactivity of Cys12
(see structures in Appendix A). The tested electrophiles included acrylamides, epoxides,
aziridines, α-chloroacetamides, β-chloroethylureas, acyl-imidazoles, diazoacetamides and other
warheads reacting through nucleophilic substitution, thus spanning a wide range of reactivities
toward thiol residues (as measured against BME, see 2.1.8.). We used the reactivity data provided
in the reference study to parameterize the pLJ potential for WIDOCK simulations.
In particular, by docking this set of compounds against KRAS G12C, we could inspect the ability
of the pLJ potential included in WIDOCK to induce a conformational change in the warhead with
respect to docking poses generated by the standard noncovalent docking in AD4. As an illustrative
example, Figure 25 shows the binding modes generated for compound 26, a co-crystallized
KRASG12C covalent inhibitor. Both standard docking by AD4 and WIDOCK could provide an
overall good consensus with the experimentally determined binding mode (Figure 25A). However,
by focusing on the warhead conformation (Figure 25B), the best scoring standard docking pose
predicted an incorrect geometry of the acrylamide moiety (Figure 25B-I vs 25B-II). On the other
hand, the reactivity-scaled interaction potential introduced between reacting atoms in WIDOCK
induced a flip in the warhead structure, by placing the reactive β-carbon in close proximity to the
targeted cysteine sulfur (2.06 Å) (Figure 25B-III). This result highlights the capability of
WIDOCK to predict the correct geometry of the ligand warhead while keeping the correct binding
mode in the noncovalent pocket.
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Figure 25. Self-docking of the acrylamide-based KRASG12C inhibitor 26 co-crystallized in 5V6S. Crystal
structure in cyan; AD4 noncovalent docking pose in pink; WIDOCK pose in orange. A) Overall consensus
found in the predicted binding modes with respect to the co-crystallized conformation. B) Structural
differences in the warhead region: I) warhead conformation in the crystal structure; II) warhead
conformation in the standard noncovalent AD4 pose; III) warhead conformation in WIDOCK pose.

Overall, by using WIDOCK on KRASG12C we could retrieve 10 out of the 12 experimental
actives (except for the acyl-imidazole 35 and the α-chloro-acetamide 38), which corresponds to
83% sensitivity (or True Positive Rate, TPR) (Figure 26). In comparison, we screened the library
using the dedicated covalent docking module of AD4 (flexible side chain method). By analyzing
the results based on docking scores, covalent docking provided a TPR of 75% (Figure 26B),
somewhat lower than the one achieved by WIDOCK. In addition, covalent docking showed
significantly lower specificity and accuracy (13% and 50%) as compared to WIDOCK (100% and
90%). No hits were predicted by the standard noncovalent AD4 within the same distance threshold
used to evaluate WIDOCK results.

79

Figure 26. Evaluation of AD4 covalent docking protocol and WIDOCK against KRAS G12C. A) Docking
results: colored cells represent experimental and predicted actives (in green and blue, respectively).
Experimental actives were considered as those showing >50% KRASG12C labeling at pH 7.5 at 100 μM
concentration in the reference study. Pseudo-Lennard-Jones potentials for WIDOCK were derived using
experimental reactivities against BME. B) Performance metrics for WIDOCK and covalent docking in
AD4.

B) MurA and CatB
Next, WIDOCK was evaluated by screening another focused set of 29 electrophilic fragments
equipped with diverse warheads (see structures in Appendix B) against MurA and CatB. Reactivity
and inhibitory activity data against these two targets were taken from our previous publication [39]
and are reported here in Appendix H. An analysis of the biochemical results showed that a large
fraction of highly reactive compounds led to a better inhibitory profile (lower remaining activity)
when tested against MurA. This is in line with the idea that a more pronounced reactivity improves
the chance of covalent binding, and consequently enhances the inhibitory activity. This trend,
however, is not reflected by the results obtained against CatB. This highlights once more that the
reactivity is not the only factor driving the binding of covalent inhibitors, and significant degree
of target selectivity can be achieved [41]. The role played by the binding site residues involved in
the initial ligand recognition, and by the targeted cysteine’s surroundings that affect its intrinsic
nucleophilicity, can be interpreted by characterizing the active site cysteines of MurA (Cys115)
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and CatB (Cys29). We applied different tools to obtain reactivity and accessibility descriptors (see
2.1.7.), such as electrostatic potential minima (ESP min) on the cysteine’s sulfur, solvent accessible
surface areas (SASA) of both the whole residue and its side chain sulfur (SG), as well as pKa and
knowledge-based predictions of cysteine reactivity by Cpipe (Table 7).
Table 7. Parameters indicating reactivity and accessibility of targeted cysteines in MurA and CatB.
QSite

POPS

Cpipe

Target

Residue

ESPmin
[kcal/mol]

Cys (whole)
SASA [A2]

Cys (SG)
SASA [A2]

pKa

Prediction

MurA

C115

-370.85

34.78

15.1

4.26

reactive

CatB

C29

-383.32

19.97

10.7

2.45

reactive

By investigating the calculated properties, the lower ESPmin and pKa values of CatB-Cys29
compared to MurA-Cys115 suggested a more pronounced nucleophilicity of the former, which is
accompanied, however, by a lower accessibility. Overall, the lower accessibility of the catalytic
cysteine in CatB could provide an explanation of the lower number of experimental actives found
against this target.
The experimental reactivity data measured against GSH [39] were used to derive parameters
for WIDOCK. Then, ligands were docked against MurA and CatB by targeting the reactive
cysteine available at the active sites of these targets. WIDOCK was able to retrieve most of the
validated actives, with few false positives having the reacting atom pair within the defined distance
cutoff (Figure 27A). Overall, screening by WIDOCK resulted in 60% and 100% sensitivity against
MurA and CatB, respectively (Figure 27B). The different performance reflects the distinct
structural framework defined by the binding site residues involved in the noncovalent recognition
of these ligands.
Next, the performance of WIDOCK was compared to that of the dedicated covalent docking
algorithm of AD4. Contrarily to our protocol, we could not retrieve a significant amount of
experimentally validated covalent inhibitors by covalent docking (“Covalent AD4”, Figure 27A).
Considering MurA, covalent docking showed a sensitivity of 20%, thus substantially lower than
that achieved by WIDOCK (60%) (Figure 27B). As for CatB, no actives were correctly predicted
(sensitivity = 0%). Overall, the sensitivity of WIDOCK is remarkably higher as compared to
covalent AD4. This improvement in the sensitivity is generally considered significant, since the
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successful prediction of actives is one of the most important performance metrics of virtual
screening protocols. Also in these cases, no hits were predicted by the standard noncovalent AD4
within the same distance threshold as in WIDOCK.

Figure 27. Evaluation of docking protocols in AD4 against MurA and CatB. A) Docking results: colored
cells represent experimental and predicted actives (in green and blue, respectively). Pseudo-Lennard-Jones
potentials were parametrized using experimental reactivities against GSH. Experimental actives were
defined as those showing a residual activity <60% in the reference study (see Appendix H). B) Performance
metrics for WIDOCK and covalent docking in AD4.

We also investigated the possibility of using calculated reactivity descriptors (ΔG r, ΔG‡) for
the parametrization of pLJ potentials. Reaction energy (ΔGr) did not turn out to be useful for this
compound set with diverse warhead chemotypes (R 2 = 0.066 between ΔGr and lnk(GSH)). Although
a warhead-independent quantum chemical prediction of reactivity is highly challenging,
reasonable correlation was found (R2 = 0.505; RMSD = 1.99; N = 29) between ΔG‡ and lnk(GSH)
by considering the investigated warhead chemotypes (see Appendix I). The correlation was found
to be statistically significant at the p = 1.08 × 10–5 level. Therefore, we applied this model to predict
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kinetic rate constants for all compounds in the set, which were then used to derive the parameters
of the pLJ potentials for WIDOCK. The performance was shown to be highly similar to that
obtained by using experimental reactivity parameters, with only slightly lower sensitivity against
MurA. In particular, it resulted in 53% and 100% sensitivity against MurA and CatB, respectively
(Figure 28).

Figure 28. Comparison of WIDOCK performance metrics obtained using experimental and calculated
reactivity parameters (defined by the area within blue and green lines, respectively) against MurA and CatB.

It is instructive to analyze docking poses predicted by WIDOCK and to compare them with the
poses calculated by both standard noncovalent and covalent AD4. In Figure 29, docking
conformations generated by all the evaluated methods are shown for selected experimental actives.
MurA actives shown in Figure 29A include acrylamide (53), maleimide (62), and α-haloacetophenone (67) warheads. These three fragments were all predicted as true positive hits by
WIDOCK, while the covalent docking in AD4 only predicted the maleimide 62 among the best
scored. While the methods provided different poses for 53, the predicted binding modes of 62 and
67 by covalent docking and WIDOCK overlapped significantly. In contrast, the poses predicted
by the standard noncovalent AD4 for fragments 53 and 62 occupied a different subpocket.
Interestingly, an overlap is displayed by the phenyl ring in 67, although in a flipped conformation
that places the reactive carbon far from the reactive cysteine.
Concerning CatB, α-bromo-acetophenone was found as the only warhead type in
experimentally validated inhibitors. WIDOCK was able to predict all the true actives in the set,
although together with a higher number of false positives as compared to its application against
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other targets. By contrast, no actives were found in the top scoring compounds by covalent
docking. In Figure 29B, docking poses predicted for two experimental actives (65 and 67) are
shown. As in the case of MurA, significant overlap was found between conformations generated
by the covalent docking and WIDOCK, with only a slight deviation of the biphenyl system in 65
toward a different subpocket. In addition, both 65 and 67 clearly show the distinct binding mode
that is produced by a standard noncovalent docking method neglecting reactivity information.

Figure 29. Surface representation showing the best scoring poses obtained by different docking protocols.
Standard noncovalent docking pose in pink; covalent docking pose in cyan; docking pose provided by
WIDOCK parametrized with experimental reactivities in orange; docking pose provided by WIDOCK
parametrized with predicted reactivities in green. A) Docking poses predicted for compounds 53, 62 and
67 against MurA. B) Docking poses predicted for compounds 65 and 67 against CatB.
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Interestingly, by comparing the distances between the reactive atom pairs in the poses predicted
by WIDOCK and noncovalent AD4, we observed how the difference increased together with the
inhibitory activities (Figure 30). The most striking differences involve those compounds that were
predicted as covalent binders by WIDOCK, a significant fraction of whom were found as
experimental actives. Altogether, these data clearly show that the improved sensitivity of
WIDOCK can be traced back to the ligand reactivity considered within the docking process.

Figure 30. Differences of the distances between the reacting ligand atom and the cysteine sulfur as obtained
with WIDOCK and with the noncovalent AD4 docking. Average differences plotted against binned
remaining activities are shown.

C) OTUB2 and NUDT7
To analyze the performance in a larger-scale virtual screening scenario, WIDOCK was applied
on the set experimentally screened by Resnick et al. [41] against OTUB2 and NUDT7. The
screening library consisted of mildly reactive chloroacetamides and acrylamides for which thiol
reactivity data were reported, thus enabling the parametrization of WIDOCK. Overall, WIDOCK
predicted 24 of the 42 experimental actives reported in the screening against OTUB2 (TPR = 57%)
and 10 of the 29 actives found against NUDT7 (TPR = 34%). Structures of true positive hits are
shown in Appendix J. The library was also screened by the covalent docking module in AD4 to
have a direct comparison with a dedicated program. It is worth noting that such a large scale virtual
screening application of covalent docking by AD4 is unprecedented and required automating the
generation of post-reaction conformations. Evaluating the results based on the default criteria
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(detailed in 2.1.9.), covalent docking predicted only one of the experimental actives found against
OTUB2, while no actives were correctly predicted against NUDT7. Furthermore, even by
extending the evaluation to top 10% scoring compounds (~60 hits), the TPR obtained by covalent
docking (29% and 31% for OTUB2 and NUDT7, respectively) could not match the one achieved
by WIDOCK (Figure 31). Interestingly, all the true actives predicted by WIDOCK against NUDT7
(10/10) and most of those found against OTUB2 (21/24) were non-promiscuous hits in the
screening carried out by Resnick et al. against 10 different targets. These findings further highlight
the utility of WIDOCK in prioritizing the electrophiles to be selected for experimental testing.

Figure 31. Docking poses for the compounds co-crystallized in the structures used for the screening against
OTUB2 (A) and NUDT7 (B). Crystal structure in cyan; covalent docking pose in purple; WIDOCK pose
in orange. Performance metrics for the virtual screenings are also shown.

Docking poses predicted by WIDOCK and covalent docking for the compounds co-crystallized
in 5QIV (OTUB2) and 5QHA (NUDT7) are shown in Figure 31A and 31B, respectively. The
targeted cysteines (Cys51 in OTUB2 and Cys73 in NUDT7) are located in pockets that are close
to the protein surface, thus challenging the prediction of accurate conformations. Despite this, the
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protocols could reproduce the experimental structures with deviations found mainly in the solventexposed terminal of the ligands.

Prospective application against MAO-A
Encouraged by the results obtained in the retrospective validation of WIDOCK, we applied the
protocol to identify new covalent MAO-A inhibitors. Although several known MAO-A inhibitors
bind covalently to the FAD cofactor, no validated cysteine-binding covalent inhibitor was reported
yet for MAO-A. By inspecting the active site residues, we identified Cys323 in a position that is
suitable to block the access to the active site, if covalently labeled. Since two additional residues,
Cys201 and Cys321, are found near the active site, the reactivity and accessibility of these three
cysteines were characterized in the same way as for MurA and CatB. By comparing the values
obtained for these three residues in MAO-A, we observed that Cys323 not only has the most
negative ESPmin, but also the largest SASA considering both the whole residue and the side chain
sulfur (Table 8). These data suggested that Cys323 is the cysteine residue having the highest
nucleophilic character and accessibility among the ones analyzed in MAO-A. Furthermore, Cpipe
predicted it to be reactive, together with Cys321, despite their high pKa values. It is worth
mentioning that several cysteine residues for which labeling was proved by X-ray crystallography
and/or MS experiments were found to have high predicted pKa values [250]. Altogether, these data
suggested that Cys323 is potentially tractable and that its labeling may lead to MAO-A inhibition
with a novel covalent binding mechanism. This hypothesis is also supported by a recent report of
several cysteine reactive covalent MAO-A inhibitors, although their mechanism of action was not
confirmed experimentally [251].
Table 8. Reactivity and accessibility descriptors for three cysteines in the active site of MAO-A.
QSite
Target

MAO-A

POPS

Cpipe

Residue

ESPmin
[kcal/mol]

Cys (whole)
SASA [A2]

Cys (SG)
SASA [A2]

pKa

Prediction

C201

-170.41

8.17

2.25

11.23

not reactive

C321

-285.77

10.18

3.99

10.12

reactive

C323

-298.69

24.53

13.57

13.20

reactive

87

Therefore, the same set of in-house electrophiles previously evaluated against MurA and CatB
was docked against MAO-A by using both experimental and computation-derived pLJ potentials
in WIDOCK. Virtual screening with standard covalent AD4 was also performed, as done in the
retrospective applications.

Figure 32. Evaluation of docking protocols in AD4 against MAO-A. A) Docking results: colored cells
represent experimental and predicted actives (in green and blue, respectively). For WIDOCK, results
obtained by using both experimental (exp-based) and predicted (pred-based) reactivity parameters are
shown. B) Performance metrics for WIDOCK and covalent docking in AD4.

As summarized in Figure 32A, applying WIDOCK with experimental reactivity parameters
resulted in eight predicted actives, which were all confirmed as MAO-A inhibitors in an
experimental assay. Since four other compounds were found to inhibit MAO-A when testing the
rest of the library, the performance of WIDOCK could be quantified in terms of sensitivity (67%),
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specificity (100%) and overall accuracy (86%) (see “exp-based” in Figure 32B). The performance
was found to be slightly lower when parametrizing the potentials with computed reactivities. In
this case, one active was missed (compound 60) and four false positives (51, 52, 54, 72) appeared,
corresponding to 58% sensitivity, 78% specificity, and 70% accuracy (see “pred-based” in Figure
32B). Considering the performance achieved by covalent docking in AD4, the most notable
difference is the lower sensitivity of 33%, as only four out of the 12 experimental actives were
correctly predicted. As observed for the other targets, no hits were predicted by the standard
noncovalent AD4 within the same distance threshold used in WIDOCK.
The labelling of MAO-A by compound 53 was confirmed by MS/MS studies. Proteomics
studies revealed that 53 forms a covalent bond with Cys323 located at the active site of MAO-A
(see Appendix K).
Docking poses predicted for two compounds found to inhibit MAO-A activity (53 and 66) are
shown in Figure 33. Once more, they illustrate how WIDOCK was able to predict active ligands
equipped with different warheads reacting through distinct mechanisms (53 via Michael addition
and 66 via nucleophilic substitution). Docking poses generated by noncovalent docking in AD4
were used again as reference to monitor the changes induced by the pLJ potentials in WIDOCK.
For the acrylamide 53, the reactive atom in the pose generated by WIDOCK was found to be within
bonding distance from the cysteine sulfur. By contrast, the best scoring pose provided by standard
noncovalent docking placed the warhead farther away from the cysteine, showing a H-bond
interaction between the acrylamide-NH and the backbone carbonyl of Val210. Also the reactive
carbon of the α-bromo-acetophenone 66 was placed at short distance from the cysteine sulfur by
WIDOCK. On the other hand, standard noncovalent docking led to a flipped binding mode with a
H-bond predicted between the carbonyl oxygen and the hydroxyl group of Ser209. Covalent AD4
docking poses are also included to show differences in the predicted binding modes, although
neither of the two was predicted as active by this protocol. Furthermore, poses generated by
WIDOCK using experimental and computed reactivity parameters were found to be highly
overlapping in most of the cases, thus further supporting the computational parametrization.
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Figure 33. Best scoring conformations of compounds 53 and 66 against MAO-A obtained by different
docking protocols. Noncovalent docking pose in pink; covalent docking pose in cyan; WIDOCK docking
pose obtained by experimental and computed reactivity parameters in orange and green, respectively. Some
residues were trimmed to aid the visualization.

The distances between the reactive atom pairs in the poses predicted by WIDOCK and by the
standard noncovalent AD4 were compared to the inhibition data. Similarly to the trend observed
by screening the same set of compounds against MurA and CatB (see Figure 30), the difference
increased in parallel with the inhibitory activities (Figure 34). This finding confirmed and further
underlined the importance of including reactivity information in a docking protocol for covalent
binders.

Figure 34. Difference of the distances between the reacting ligand atom and the cysteine sulfur as obtained
with WIDOCK and with standard noncovalent AD4. Average differences plotted against binned remaining
activities are shown.
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CHAPTER 4 – CONCLUSIONS
4.1.

Conclusions and thesis points

The present thesis was focused on the investigation, development and application of
computational protocols aimed to support the rational design and identification of covalent binders.
At the time of this work, several covalent docking algorithms were available to predict the binding
mode of TCIs by modeling the contacts formed at the reaction site. First, an unbiased comparative
evaluation of six covalent docking methods was performed by inspecting their ability to reproduce
the binding mode observed in an unprecedentedly large set of covalent protein-ligand complexes
collected from the PDB. It was found that these tools could predict experimental conformations
with significant accuracy, showing various ranges of success rates (40-60% of near-native best
scoring conformations). To infer the most relevant factors influencing the docking performance,
the results were analyzed by investigating the source of incorrect predictions and the impact of
multiple ligand and structure-based features. Furthermore, a comparison to the performance
obtained using noncovalent docking tools has shown that accurate predictions can be made even
without modeling the bound form of covalent binders. Overall, these findings provided an
overview on the state-of-the-art of the technology, together with guidelines for the development
of new protocols for the virtual screening of electrophilic libraries.
A hierarchical protocol using different docking algorithms provided by Schrödinger Inc. was
devised and applied for the identification of novel nonpeptidic covalent inhibitors of the β5i
subunit of the immunoproteasome (IP-β5i). In particular, by screening a virtual library of boronic
acids via consecutive noncovalent and covalent docking methods, we were able to identify five
hits that were finally confirmed in experimental assays. The inhibitory profile of the two most
potent compounds was further characterized and their covalent binding mechanism was validated.
Moreover, DUckCov was designed as a novel time-efficient virtual screening protocol intended
to emphasize the importance of the noncovalent interactions driving the recognition mechanism of
covalent binders. Dynamic undocking (DUck) is used to capture the strength of H-bonds formed
by screened ligands in the target binding site, and only compounds with sufficiently stable
interactions are then subjected to covalent docking. DUckCov was applied to screen an acrylamide
library against two targets with distinct noncovalent interaction patterns. For JAK3, a kinase with
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well-known anchoring points, we were able to identify three actives out of the five tested
compounds (60% hit rate). Solid results were also obtained for the more challenging KRAS G12C, a
target with less conserved contacts, with four inhibitors confirmed out of nine tested (44% hit rate).
Finally, WIDOCK was developed as a warhead-sensitive virtual screening protocol for
cysteine-targeted covalent binders. It allows to screen compound libraries that include multiple
warhead types by incorporating their reactivity towards thiol residues into AutoDock4, thus
overcoming one of the main limitations of covalent docking methods. WIDOCK was validated in
several retrospective cases using independent libraries, and was successfully applied in a
prospective virtual screening leading to the first experimentally confirmed cysteine-bound
covalent inhibitors of MAO-A.
The results of this work can be summarized in the following thesis points:
1. I have provided a comprehensive overview of available covalent docking algorithms with
the aim to analyze the state-of-the-art of the technology by highlighting its current scope
and limitations. A comparative evaluation of six covalent docking methods was performed
on a set of 207 covalent protein-ligand complexes. These tools showed significant accuracy
in predicting experimental binding modes, with ICM-Pro and CovDock retrieving around
60% of best scoring near-native conformations. A thorough analysis was carried out to
reveal key trends and features influencing the docking performance. In particular, the
success rate was found to vary depending on the warhead chemistry modeled. The analysis
of ligand descriptors showed that increasing size and flexibility generally affected the pose
prediction unfavorably, while a higher number of noncovalent pharmacophore features
mediating the binding resulted in an improved performance of FITTED and ICM-Pro.
Covalent docking programs performed differently for various proteins, hence suggesting a
target-dependent choice of the docking tool to be preferred. Furthermore, it was found that
increasing the accessibility of the target cysteine can generally lead to improved binding
mode prediction accuracies. Finally, it was shown that noncovalent docking can provide
accurate predictions despite neglecting the bound form of covalent binders [123].
2. I have designed a computationally efficient virtual screening protocol using different
docking methods provided by Schrödinger Inc., arranged in a hierarchical manner to
optimize the screening throughput. The protocol was applied for the prospective

92

identification of novel nonpeptidic boronic acids as covalent inhibitors of IP-β5i, finally
resulting in five experimentally confirmed hits [206].
3. I have contributed to design DUckCov, a stepwise virtual screening protocol for the
identification of covalent inhibitors. DUck is used to prioritize stable binders by estimating
the strength of H-bonds involved in the noncovalent complex. I have performed covalent
docking simulations to predict ligand conformations in bound complexes. DUckCov was
successfully applied in two case studies yielding remarkable hit rates (60% vs JAK3; 44%
vs KRASG12C) [208].
4. I have developed WIDOCK as a warhead-sensitive virtual screening protocol allowing the
incorporation of reactivity data into docking simulations by AutoDock4. By reflecting
differences in reactivity profiles, WIDOCK enables virtual screening of libraries composed
of multiple warhead chemotypes. Following retrospective validations on diverse
independent case studies, WIDOCK successfully identified the first experimentally
confirmed cysteine-bound covalent inhibitors of MAO-A.
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APPENDIX A
Structures for the set screened against KRAS G12C by WIDOCK. Compounds taken from ref. [98].

A1

APPENDIX B
Structures for the set screened against MurA, CatB and MAO-A by WIDOCK. Compounds taken
from ref. [39].

A2

APPENDIX C
ZINC IDs, structures, and results of the biochemical characterization of virtual screening hits
against IP-β5i.
ZINC ID
(Number in main text)

RA[a] [%] (β5i)
Structure

at 100 µM
[compound]

ZINC000585013431

NA

ZINC000584965614

NA

ZINC000585006455

NA

ZINC000584940375
(5)

77±15

ZINC000584966354

NA

ZINC000584998523

NA

A3

ZINC000585008215

NA

ZINC000584933439

NA

ZINC000584962040

HO

OH
B
H
N
O

A4

OH

NA

O
N
H

O

ZINC000584987882

NA

ZINC000584963490

NA

ZINC000584975979

NA

ZINC000584927965

NA

O

ZINC000585009142

N
HO

NA

B
OH

ZINC000584929122

NA

ZINC000584982993

NA

ZINC000585009673

NA

ZINC000584976792

NA

ZINC000584934459

NA

A5

ZINC000584929203

NA

ZINC000584957148

NA

ZINC000584931137

NA

ZINC000584987346

HO

OH
B

O

O
N
H
O

A6

NA

N
NH

ZINC000584971306

NA

ZINC000584992783

NA

ZINC000585071378

NA

ZINC000585077110
(3)

55 ± 9

very high
ZINC000585075958

background,
could not determine
RA

ZINC000585076051

ZINC000585078236
(1)

ZINC000585076961
(4)

ZINC000585073522
(2)

[a]

NA

2±4

62 ± 2

1±4

RA, residual activity; NA, not active
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APPENDIX D
Data reported for top 10 virtual screening hits resulting from the application of DUckCov against
JAK3: RMSD values between docking poses calculated by rDock and CovDock-LO, their
corresponding scores, and WQB values calculated by DUck for the two assessed H-bond
interactions. Compounds are ranked by CovDock-LO affinity score.
DUck DUck
E903 L905
WQB
WQB

RMSD

CovDock

rDock vs
CovDock

Affinity
Score

SCORE.INTER

ZINC000204947687
(6)

2.1

-9.9

-23

16

12

ZINC000161074700
(7)

5.3

-9.1

-17

9.3

11

ZINC000171805058
(8)

4.8

-9.1

-15

11

9.2

ZINC000292089827
(9)

2.5

-9.0

-15

6.2

7.5

ZINC ID
(Number in main text)

A8

Structure

rDock

ZINC000136550518
(10)

0.8

-8.8

-22

12

11

ZINC000176723207
(11)

3.6

-8.6

-22

13

11

ZINC000490601242
(12)

0.94

-8.5

-15

10

8.8

ZINC000490676647
(13)

1.5

-8.5

-15

12

12

ZINC000490581921
(14)

0.73

-8.5

-21

8.6

11

ZINC000584627637
(15)

2.6

-8.5

-18

9.8

15

A9

APPENDIX E
Interaction patterns for the selected KRASG12C structures in complex with covalently bound
acrylamide ligands. Here, data for 10 complexes are reported, since no H‐bond could be reliably
identified for two of the 12 initially selected structures (PDB IDs: 4M21, 6ARK). W QB values
calculated by DUck on the H-bonds formed by the crystallographic ligands are shown: X is used
for WQB < 6 kcal mol−1, otherwise the value corresponds to the work (in kcal mol −1) necessary to
break the H‐bond during the DUck simulation.
PDB
ID

LIG
ID

4M22

22C

5F2E

5UT

5V6S

8YD

X

5V71

8ZG

X

X

5V9L

91D

X

X

5V9O

91G

10

5V9U

91S

5YXZ

94C

X

X

5YY1

94F

X

X

6B0V

C8G

A10

R68-NH2
[Don]

K16-NZ
[Don]

Q63-O
[Acc]

Q63-OE2
[Acc]

D69-OD1
[Acc]

H95-NE2
[Don]

6.5
10

X

10

13
9.2

12

X

21
X

X

X

APPENDIX F
Data reported for the 10 virtual screening hits selected from the application of DUckCov against
KRASG12C: RMSD values between docking poses predicted by rDock and CovDock-LO, their
corresponding scores, and WQB values calculated by DUck for the respective H-bond interaction
(in red).
DUck
WQB
value

RMSD

CovDock

rDock vs
CovDock

Affinity
Score

SCORE.INTER

ZINC00058823329
(16)

1.4

-7.7

-20

7.2

ZINC000157292437
(17)

2.1

-8.3

-22

12

ZINC000136603796
(18)

2.7

-7.0

-22

14

1.7

-7.6

-22

7.8

ZINC ID

Structure

(Number in main text)

rDock

5V6S D69-OD1

O
CH2
HN

ZINC000490670179
(19)

O

O

OH

A11

ZINC000490557519
(20)

1.0

-7.0

-20

7.5

ZINC000264777750
(21)

2.3

-8.4

-20

12

1.1

-5.8

-23

10

ZINC000136617934
(23)

5.1

-6.6

-25

9.8

ZINC000162217082
(24)

1.6

-7.0

-25

10

ZINC000156629354
(25)

1.7

-6.2

-26

7.5

5V9O E63-OE2

ZINC000366691596
(22)

5V9O D69-OD1
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APPENDIX G
1

H,15N‐HSQC spectra of the nine molecules tested against KRAS G12C, showing the spectral region

of C12 and other binding site residues (blue), overlaid on the reference spectrum of the free protein
(red), after incubation. For compounds 16, 18, 22 and 24, most of the highlighted residues from
the P‐loop (C12, S17, A18), Switch-I (Y32, D38) and Switch-II (L56, D57, Q61, E62, M67)
regions are significantly perturbed, while almost no changes are detected for 17, 21 and 23. Small
(inconclusive) changes are detected for compounds 20 and 25.
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APPENDIX H
Experimental results of the investigated electrophilic fragments in kinetic measurements against
L-glutathione (GSH) and in single point enzyme activity assays with MurA and CatB, expressed
as residual activities (RA) % at 100 μM. For inhibition data, each point was acquired twice. SD of
the data points was typically less than 10% of the mean. Data taken from ref. [39].
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Compound

GSH
half-life [h]

lnk(GSH)

MurA
RA [%]

CatB
RA [%]

46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74

7.4
20.8
48.2
41.2
127
70.1
422
4.2
86.8
0.16
94.3
4.66
16.9
<0.1
<0.1
<0.1
<0.1
161
194
<0.1
<0.1
<0.1
326
32.8
5.8
95.2
22.9
8
16.1

-2.37
-3.40
-4.24
-4.08
-5.21
-4.62
-6.41
-1.80
-4.83
1.45
-4.91
-1.91
-3.19
1.94
1.94
1.94
1.94
-5.45
-5.63
1.94
1.94
1.94
-6.15
-3.86
-2.12
-4.92
-3.50
-2.45
-3.15

50%
41%
92%
101%
95%
78%
80%
51%
59%
12%
82%
75%
82%
1%
2%
1%
1%
92%
75%
0%
2%
3%
83%
110%
29%
35%
61%
47%
61%

106%
97%
79%
87%
75%
88%
87%
90%
100%
87%
77%
70%
84%
91%
87%
89%
82%
85%
99%
0%
27%
55%
86%
88%
106%
91%
87%
90%
87%

APPENDIX I
Correlation between calculated activation energy barriers (ΔG‡) and experimental reactivities
measured against GSH (lnk).
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APPENDIX J
True positive hits identified by WIDOCK in the screening against OTUB2 (a) and NUDT7 (b).
Compound names agree with those reported in the reference work [41].
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APPENDIX K
MS/MS spectrum of 53 double modified MAO-A enzyme peptide fragment [319-356] together
with annotations.
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