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Abstract

Computational representation of metal-containing systems is a considerable chal-

lenge that derives from the complex nature of the metal coordination bond. Herein

we tested computational methods with increasing level of accuracy to handle zinc-

containing systems, starting from simplistic approaches and moving to more com-

plex descriptions. Fragment-based molecular docking was applied for drug design of

novel inhibitors of HDAC, a metallo-enzyme containing a catalytic zinc ion within

the binding pocket. Although metal ion interactions were treated with classic ap-

proaches, some promising compounds have been identified. Then docking, MD

simulations and MM-GBSA free energy calculations were applied to study the inter-

action between AChE and a new metallo-organic reactivator. The MD simulation

was carried out using the 12-6-4 non-bonded model, which was able to maintain the

integrity of the ligand and its correct octahedral geometry through all the trajec-

tories. A similar workflow was applied also for drug discovery of new inhibitors of

CN1, a di-peptidase containing two catalytic zinc ions within the binding pocket.

Small molecules able to coordinate the metal ions were found by docking of different

libraries, then the hit compounds underwent to MD simulations using the cationic

dummy atoms approach, where we parametrized de novo the five-coordinated zinc

ion. As a last step, the free binding energy was computed using the MM-GBSA

method. Finally, a multiscale approach for the binding mode prediction of new

metallo β-lactamase IMP-1 inhibitors was developed. Docking and MD simulation

using a restrained non-bonded model were applied, followed by a QM/MM refine-

ment step, which was able to recover the correct coordination geometry and to fix

the errors introduced by the MD simulation. Different modelling techniques applied

to representative case studies are reported, considering increasing level of accuracy

and illustrating the advantages and weakness of each approach.
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Chapter 1

General introduction

1.1 Importance of

metalloproteins

The ubiquitous occurrence of metalloproteins in all organisms testify the essential

role they play in biochemical processes [1]. Proteins require metal ions generally for

either structural or catalytic functions. The former is necessary for protein folding

where the major example is represented by the zinc-finger motif, which allows the

protein to bind nucleic acids [2]. In the latter, metal ions are generally placed within

the active site. Several classes of enzymes belong to this group such as oxidoreduc-

tases, transferases, hydrolases, lyases, isomerases and ligases, where the metal ion

participates in substrate recognition and binding as well as in catalytic processes

(i.e. redox, electrostatic stabilizers and activators by increasing acidity, nucleophilic-

ity and electrophilicity) [3]. Evidence of the importance of metalloproteins can be

found in Protein Data Dank (PDB) [4] where almost one-third of protein crystal

structures contains metal ions (Figure 1.1A), with Zn, Mg, Ca and Fe being the

most abundant elements, and together they constitute almost the 85% of all the

metal ions contained in proteins (Figure 1.1B).

Looking at these numbers, it is easy to imagine that metalloproteins are involved

in several cellular vital functions such as DNA replication and repair [5], metabolism

[6], gene regulation [7], transport [8], protein degradation [9], etc. They are also used
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Figure 1.1: PDB statistics on metalloproteins (data retrieved on 26/02/2020). (A) Percentage of
metal-containing (39 %) and not-containing (61 %) proteins. (B) Percentage of metal elements

found in metalloproteins.

by microorganisms as survival mechanism like in bacteria, in the case of metallo-

β-lactamases [10], or in viruses in the case of HIV integrase [11]. Their versatility

has also made them an emerging tool for biocatalysis, with an increasing number of

papers regarding artificial metalloenzymes [12].

For these reasons, metalloproteins have become a common target, especially in

the pharmaceutical field [13]. Many new drugs approved by FDA target metallopro-

teins (Table 1.1), and the majority of these molecules are inhibitors that coordinate

the metal ion within the active site preventing the substrate binding. For instance,

histone deacetylases (HDACs) are well-known for their implication in cancer [14] and

four inhibitors sharing the same mechanism of action (i.e. chelation of the catalytic

zinc ion) were approved (Vorinostat, Belinostat, Panobinostat and Romidepsin) [15].

Tyrosinases are Cu-dependent enzymes that catalyse the conversion of L-tyrosine

to L-DOPA followed by the oxidation of L-DOPA to L-DOPAquinone, which is

further transformed into melanin. Tyrosinases are therefore a promising target for

pharmaceutical regulation of melanin production [16]. As seen for HDACs, also for

tyrosinases the inhibition strategy is metal-driven, where the only approved drug

hydroquinone coordinates the copper ions through its hydroxyl group, preventing

the entrance of the substrate. Several other drugs with this mechanism of action

were approved for metalloenzymes by FDA, for a complete review see the work of

Chen et al. [17].

This rising interest has brought to an increase of computational studies trying
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Number of FDA-approved
drugs

NMEs for metalloenzyme
targets

Year NMEa BLAb Total Not Metal-
binding

Metal-
binding

Total

2013 25 2 27 1 2 3
2014 30 11 41 2 3 5
2015 33 12 45 0 3 3
2016 15 7 22 0 1 1
2017 34 12 46 1 0 1

2013-2017 137 44 181 4 9 13

Table 1.1: FDA-approved drugs by year [17]. aNME: new molecular entities. bBLA: biologics
license applications.

to interpret chemical phenomena and simulate biological mechanisms, but also to

rationally design new drugs via ligand- and structure-based approaches [18]. There

are many examples of successful computational pipelines that led to the identifica-

tion of new drugs like Zolmitriptan for the treatment of migraine, Losartan for the

hypertension [19], Saquinavir as HIV protease inhibitor, Dorzolamide for the glau-

coma and Norfloxacin which targets bacterial DNA gyrase, which is a metelloenzyme

[20]. Despite the results obtained so far, computational treatment of metalloproteins

remains a critical issue that many researchers have tried to address.

1.2 Challenges of modelling

metal ion-containing systems

The difficulties of the computational treatment of systems containing metal ions

derive from the nature of the coordination bond, which is different from both ionic

or covalent bond between s and p orbitals. Transition metals (TMs), unlike other

elements of the periodic table, have d and f orbitals that give them unique proper-

ties. Given the orbitals degeneracy, TMs can have multiple spin and oxidation states

that can lead to highly charged systems with pronounced long-range effects. The

coordination bond is more labile than the classical covalent bond and this results

in multiple coordination numbers associated with different coordination geometries,

which depend also on the type of ligand that interacts with the TM. Furthermore,

TMs are affected by the Jahn-Teller effect that distorts the structures of metal

complexes [21]. Finally, even if TMs can form σ and π bonds, the d orbitals can

9



be implied also in back-bonding phenomena, further complicating the behaviour of

these elements [22]. For all these reasons, the computational representation of this

kind of interaction is quite complex.

In order to overcome this problem, several techniques have been proposed, which

can be divided into two main categories: classical and quantum methods. In classical

mechanics methods (molecular mechanics, MM), metal ions are described with force

fields. The most popular ones are the Amber ff 99 [23] and ff 14SB [24], CHARMM

22 [25] and 36 [26], OPLS 2005 [27] and 3 [28], GROMOS 96 [29] and 11 [30].

The interaction with the metal ions can be represented through four models: non-

bonded model, ligand field, bonded model and the Cationic Dummy Atoms (CDA).

In the former the evaluation of the interactions between atoms is based only on

the Coulombian and the Lennard-Jones potential [24], which confers large flexibility

to the bond, but it remains quite simplistic and usually this model tends to un-

derestimate the strength of the coordination bond [31]. The ligand field molecular

mechanics model incorporates the ligand field stabilization energy directly into the

potential energy equation of the force field [32]. In the bonded model metal ions

are covalently bond with the coordinating atoms [33], resulting in greater stability

compared with the non-bonded model, but this description does not allow neither

the ligand exchange nor the change of coordination number that are important fea-

tures of the coordination bond. In the CDA method the metal ion is considered

without charge and dummy atoms with partial charges and no van der Waals radius

are placed around the metal center. Therefore ligands will interact with the dummy

atoms and not with the central metal ion [34]. One advantage of this model is the

delocalization of the metal ion charge, and the flexibility of the bond. However, as

the bonded model, also in CDA it is not possible to change the coordination number.

To overcome the limitations of the classical description, polarizable force fields

have been developed (e.g. AMOEBA [35] and DRUDE [36]). These force fields have,

as a great advantage, the possibility of changing the charge distribution in response

to the environment, but their main drawback so far is the high computational cost

[37].

Quantum mechanics (QM) methods can be classified into: ab-initio, semi-empirical

and Density Functional Theory (DFT) [38].

The ab-initio methods solve the Schrödinger equation with different approximations

and do not need external parameters. They can be further divided into Hartree-

Fock (HF) and post-HF (i.e. MP2 [39], CC [40]). The former is quite fast and
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return correct geometries, but overestimate the energy of the system, while the

latter gives more accurate energies, but is computationally expensive [41]. Semi-

empirical methods solve the Schrödinger equation with approximations but also

with external parameters that could be obtained experimentally or by high-level

ab-initio calculations [42]. Depending on the atoms involved in the system, several

parametrizations are available (i.e. MNDO [43], AM1 [44], PM3 [45]). Compared

to HF or post-HF, the semi-empirical methods are much faster, but also much less

accurate. DFT methods, differently from the ab-initio, do not derive the proper-

ties of the molecules from the wave function, but from electron density, which is

a physical observable. The energy of the molecule is a functional of the electron

density and, in turn, the electron density is a function of the electron position (i.e.

Cartesian coordinates). The DFT orbitals derived from the Kohn-Sham equations

and their mathematical generation involve external parameters that are included

into the exchange-correlation energy term [46]. DFT methods are faster than the

ab-initio methods and generally give better results compared to the HF [47].

The main issue regarding QM methods is the computational cost, which limits

the calculation to few hundreds of atoms. Thus, it is not possible to simulate an

entire protein system with such methods. However, in 1976 Warshel and Levitt

proposed a hybrid approach that combined QM with MM in one system [48], for

which they won the Nobel Prize in 2013 with Martin Karplus [49]. Using this

approach it is possible to model a small portion of the system with QM that, in the

case of metalloproteins, would be the metal center and the nearest surroundings,

while the other part of the system is treated with MM. QM/MM methods allow an

accurate description of the active site of the protein, with a reasonable computational

cost.

A further and more accurate description of some of these methods will be pro-

vided in Chapter 2.

1.3 The zinc ion

As shown in Figure 1.1B, zinc is the most abundant metal ion found in metallo-

proteins. Although it belongs to the d block of the periodic table, the zinc atom is

not a proper TM since its d orbitals are filled. Nonetheless, it retains many peculiar

properties of TMs. The zinc ion has oxidation number +2, and it can be coordinated
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by four, five or six ligand atoms. Generally, given the d10 electronic configuration,

it assumes preferentially tetrahedral geometry with four coordinating atoms [50].

However, it can be found also with coordination number of five, in which case it as-

sumes either the trigonal bipyramidal or the square-base pyramidal geometries; and

finally it can also organize into octahedral geometry with six-coordinating atoms

(Figure 1.2).

Zn

1

2

3

4

(A) Tetrahedral

Zn

1

2

34

5

(B) Square-base

pyramidal

Zn

1

2

3

4

5

(C) Trigonal-base

bipyramidal

Zn

1

2

34

5

6

(D) Octahedral

Figure 1.2: Graphical representation of zinc coordination geometries. (A) In tetrahedral
geometry the zinc ion is coordinated by four atoms, (B) in square-base pyramidal geometry by
five atoms, (C) as well as in trigonal-base bipyramidal. (D) In the octahedral geometry the zinc

ion is coordinated by six atoms.

In order to get insight into zinc geometries in metalloproteins, all zinc-containing

proteins in PDB with a resolution smaller than 2.7 Å were collected1 and the re-

sulting subset of 3218 crystal structures were analysed. For each zinc ion in every

structure, the coordination number, distances, angles and residues/atoms involved

in the interactions were extracted (Table 1.2 and Table 1.3).

1Data retrieved in October 2018
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S O Odep N Npair

CN4 80.7%

min 1.32 1.59 1.42 1.75 1.64
max 2.97 2.73 2.76 2.80 2.69
mean 2.30 2.21 2.14 2.17 2.15
stnd
dev

0.44 0.37 0.37 0.34 0.35

CN5 13%

Square-base
pyramidal

2.6%

min 2.19 1.55 1.70 1.69 1.80
max 2.44 2.77 2.77 2.52 2.47
mean 2.32 2.22 2.27 2.14 2.15
stnd
dev

0.10 0.37 0.37 0.37 0.34

Trigonal
bipyramidal

10.4%

max 2.23 1.59 1.70 1.94 1.72
max 2.69 2.76 2.77 2.55 2.58
mean 2.41 2.22 2.26 2.23 2.14
stnd
dev

0.16 0.37 0.37 0.40 0.35

CN6 6.3%

min – 1.77 1.89 1.85 1.98
max – 2.77 2.76 2.72 2.64
mean – 2.28 2.31 2.20 2.22
stnd
dev

– 0.36 0.36 0.39 0.36

Table 1.2: Zinc coordination distances (Å) found in metallo-proteins. The data are divided
according the coordination number of the zinc ion, and the percentage of each coordination

geometry is reported. The coordinating atoms considered in the analysis were: sulfur (S), oxygen
(O), deprotonated oxygen (Odep), nitrogen (N) and nitrogen with an available electron pair

(Npair). For each atom type the minimum (min), maximum (max), average (mean) values of the
coordination distance are reported, together with the corresponding standard deviation (stnd

dev). These data were collected in October 2018.

Zinc ions were first filtered according to their coordination number, discarding

the incomplete geometries with a number of ligands up to three, whereas, the four-,

five- and six-coordinated were the actual subjects of the data analysis. The four-

coordinated (CN4) zinc ions represented the highest percentage (80.7%, obs. 28431),

the five-coordinated (CN5) ions were found in the 13% of the cases (obs. 457) and

the six-coordinated (CN6) in the 6.3% (obs. 222), in agreement with other studies

[51]. As a second step, the zinc ions were classified according to their geometry using

as reference the ideal angles of the corresponding solids (Figure 1.2). The cases in

which the sum of all the angles showed a difference of more than 100◦ from the ideal

values were discarded to avoid the most distorted geometries. Ligands were also

grouped according to the atom type, defining five classes: sulfur (S), oxygen (O),

deprotonated oxygen (Odep), nitrogen (N) and nitrogen with an available electron

pair (Npair). As expected, the increase of the coordination number led to a corre-
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sponding increase of the coordination distances (Table 1.2). The sulfur coordination

distances are the longest, however generally there is no significant difference between

the other atom types.

CN4 CN5 CN6

Square Bipyramidal

109.5◦ 90◦ 180◦ 90◦ 120◦ 180◦ 90◦ 180◦

min 55.5 15.0 135.1 18.3 105.0 150.2 42.9 135.5
max 178.1 135.0 179.7 104.9 149.7 179.5 134.7 179.8
mean 115.1 94.7 156.1 82.7 123.1 163.6 90.4 161.1
stnd
dev

25.2 23.1 16.2 16.7 14.5 18.3 20.5 14.9

Table 1.3: Zinc coordination angles (◦) found in metallo proteins. Data are divided according to
the four zinc geometries: tetrahedral (CN4), square-base pyramidal (CN5 square), trigonal-base
bipyramidal (CN5 bipyramidal) and octahedral (CN6). Angles were classified according to the
ideal angles of the corresponding solids. For each coordination angle type the minimum (min),

maximum (max), average (mean) values are reported, together with the corresponding standard
deviation (stnd dev). Data collected in October 2018.

Table 1.3 shows that the coordination angles are often distorted, especially those

which are close to 180◦. Looking at the frequency of the angles, we found indeed a

Gaussian-like distribution for CN4 (Figure 1.3A), while for CN6 we found two main

picks corresponding to the 90◦ and 180◦ angles, but also a smaller pick at 55◦, which

corresponds to the square-base distortion (Figure 1.3B).

50 100 150

0
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100

Angles (degrees)

F
re

q
u
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50 100 150
0

5

10

15

20

Angles (degrees)

(B)

Figure 1.3: Coordination angle (◦) frequency distribution, according to zinc ion geometry. (A)
Tetrahedral zinc ions present a Gaussian-like distribution with a pick in correspondence to almost
110◦. (B) Octahedral zinc ions show two main picks at 90◦ and 180◦, corresponding to the ideal

angle of the octahedron, and a minor at 55◦, corresponding to the distorted square-bases.

Finally, we analysed which types of proteins contain the zinc ion. The majority
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of zinc-containing proteins are hydrolases, followed by proteins involved in gene reg-

ulation (Figure1.4). As mentioned before, the catalytic role of zinc ion derives from

its capability to stabilise and activate the ligand increasing its acidity, nucleophilic-

ity or electrophilicity; these characteristics make the zinc ion a good candidate for

hydrolases. Whereas, the gene regulation as well as the DNA/RNA binding proteins

exploit mainly the zinc-finger structures.

Hydrolases
31.9%

Gene
regulation

15.3%

Transferases
9.9%

Oxidoreductase
7.3%

DNA/RNA
binding protein

5.6%

Lyases
4.1%

Ligases
3.8%

Transport proteins
0.6%

Isomerases
0.4%

Others
21.3%

Figure 1.4: Percentage distribution of different zinc proteins. The major group is represented by
hydrolases (31.9%), followed by gene regulation proteins (15.3 %).

1.4 Aim of the Thesis

The research project reported in this Thesis takes into account a representative

set of case studies of zinc-containing systems, considering both metallo-enzymes and

metallo-organic compounds. The computational treatments of the metal ion inter-

actions follow a path of increasing complexity through the chapters.

When the analysis involves screening of high number of molecules, the metal ion

can be treated by applying canonical methods based on molecular mechanics and

introducing some empirical corrective factors to account for the specific interactions

stabilized by the metals. This is the typical situation experienced when performing

molecular docking analyses, and it is suitable for preliminary studies.

Whereas, when performing MD simulations of metal-containing systems, canoni-

cal MM methods cannot properly handle the complex behaviour of metal ions. As
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mentioned before, classical force fields evaluate metal interaction using the classic

non-bonded model, which is a summation of the electrostatic and van der Waals

potential contributions. While monovalent metal ions (e.g. Na+, K+) are correctly

handle with this model, problems arise when divalent (or more) ions are involved. A

common risk of using the classic non-bonded model to treat this type of ions is to ob-

tain an altered coordination geometry and unrealistic ligand exchanges, to the extent

that a coordinated water molecule can take the place of a chelating ring. Therefore,

corrections to the classic representation need to be applied to strengthen the metal

coordination bond and to define a proper metal coordination geometry that would

be lost using classic MM approaches. These modifications can be introduced for sim-

ulations of metallo-organic small molecules, but also for more complex environment

such as metallo-proteins. This last case is of particularly difficult parametrization

since the coordination geometry is not always well defined. To date, effective MM

methods that describe metal interactions employ parametrizations that do not allow

ligand exchanges (bonded model) or coordination number and geometry changes.

When a more exhaustive description is required, the metal ion role cannot be sim-

plified by any MM approach. Therefore, specific simulation methodologies, such

as QM/MM techniques, have to be implemented to accurately treat the metal ion

and its interaction capability. In this case, neither the geometry nor the coordinat-

ing ligands need to be define a priori and, at the same time, the simulation errors

described above are overcome. Challenges derive from the choice of the structure

to use as starting point for the calculation and of the theory level to use. These

two variable can indeed change the result of the calculation. Nonetheless, so far

QM/MM methods are the most accurate technique for describing complex environ-

ments, like enzymes.

For each approach advantages and weaknesses are highlighted, with the goal to find

the best compromise between computational cost and accuracy.

On this ground, the research followed an ideal pathway starting from simplest situ-

ations to arrive to most complex representations.

1.5 Thesis overview

The aim of the present research Thesis is the identification and evaluation of

different modelling techniques, with increasing accuracy levels, to simulate various

zinc-containing systems. Eventually the most successful workflow for each system

will be identified, with the goal to be applied in similar cases for rational drug design.
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Chapter 2 is an overview on the main computational techniques used in this

Thesis. Particular emphasis is put on molecular docking, metal parametrization

in molecular dynamics and QM/MM hybrid systems. For each method a brief

theoretical background is given, together with a short comment on the corresponding

advantages and disadvantages.

1.5.1 Chapter 3: Identification of novel HDAC

inhibitors by fragment-based drug design

Histone deacetylases (HDACs) are zinc-enzymes involved in cancer development,

therefore inhibitors have been proposed to block their activity. Generally HDAC in-

hibitors are composed of three moieties: CAP, linker and zinc binding group (ZBG).

This last is often a hydroxamic acid, which has strong chelating ability, but it also

brings different side effects. The aim of this work was to design new putative HDAC

inhibitors without the hydroxamic acid as ZBG. To this end a fragment-based ap-

proach was applied. Three datasets corresponding to the three moieties of the HDAC

inhibitors were collected. The ZBG dataset contained general metal chelator frag-

ments, while the linker and CAP datasets included fragments derived from clinically

approved HDAC inhibitors. The datasets were docked into two hybrid pockets ob-

tained by computing the average 3D coordinates of the atoms of HDAC class I and

IIB (i.e. HDAC1, 2, 3,6 and 8), and HDAC class IIA (i.e. HDAC4 and 7). The best

fragments were combined with each others, obtaining the whole ligands. Further-

more, a QSAR model was developed through linear regression, using experimental

data retrieved from literature, considering descriptors of both the ligands and the

force field. In detail, interaction energies were computed using the pair module of

NAMD2 and the CHARMM22 force field, with the classic non-bonded model. The

model was applied for the activity prediction of the new molecules towards the iso-

form HDAC1. Promising compounds able to coordinate the zinc ion, without the

hydroxamic acid, were obtained.
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1.5.2 Chapter 4: Insight into the role of the zinc

ion in hAChE reactivation: computational

studies of new metallo-organic derivatives

Acetylcholinesterase (AChE) is a serine hydrolase that terminates the nervous

signal through hydrolyzation of the neurotransmitter acetylcholine. Organophos-

phorus (OP) compounds contained in several warfare agents and pesticides are able

to covalently bind AChE on the serine of the catalytic triad leading to its irreversible

inhibition and, as a result, to severe effects and eventually to death. To date, the

oxime-based compounds represent the most effective class of AChE reactivators.

Thanks to its nucleophilicity, the oximate can perform a nucleophilic attack towards

the phosphorus atom of the OP, releasing the catalytic serine. However, the efficacy

of such reactivators is quite low and depends on the type of OP bound to AChE.

In this chapter, a new set of zinc-containing reactivators were tested against AchE

and compared to a known reactivator (i.e. HI-6). In the first part of the work, the

influence of the metal ion on the nucleophilicity was assessed by semi-empirical and

DFT calculations. As expected, the insertion of the zinc ion increased the negative

charge of the oxime oxygen, thus increasing the nucleophilicity. In the second part

of the work, docking, MD simulation and MM-GBSA free energy calculations were

applied to predict the binding mode of one of these metal-containing molecules (i.e.

K2), and to rationally explain the differences in efficacy with respect to HI-6. A

docking protocol similar to induced-fit docking was used: K2 was first docked using

flexible docking, then the complex underwent to MD simulation and finally K2 was

re-docked within the AChE structure derived from the MD. A 600 ns long MD fol-

lowed the docking, where K2 was parametrized using the 12-6-4 non-bonded model,

which maintained the correct octahedral geometry. The OP-K2 distance was mon-

itored along the trajectory and the binding free energy was evaluated. The results

suggest that Trp86 plays a crucial role in stabilising K2 at the active site of the

catalytic pocket. However, the bulky shape of the ligand hinders the descent along

the narrow gorge of AChE, decreasing the reactivation efficacy.
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1.5.3 Chapter 5: Validation of CN1 pharmacophore

and discovery of new putative inhibitors through

a combined approach

Carnosine (β-alanyl-L-histidine) is a natural dipeptide that have been described

as a potential pharmacological agent owing to some positive outcomes from several

pharmacological tests in animal models of human diseases. However, carnosine has

limited activity in humans since the peptide upon absorption is rapidly hydrolyzed

in the serum by the metallo-enzyme carnosinase (i.e. CN1; E.C. 3.4.13.20). Re-

cently, the hypothesis of co-administration of carnosine and selective inhibitors of

CN1 has been proposed. CN1 contains two catalytic zinc ions within its binding

pocket, therefore one of the most promising strategy is to design metal-chelator

binders. The work reported in this chapter is divided into two parts: (1) the molec-

ular interpretation of the serum hydrolytic rate of histidine dipeptides and (2) the

screening of five different datasets to identify new putative inhibitors. (1) So far a

resolved complex of CN1 bound to a ligand is not available, therefore docking and

DFT single point energy calculations were performed on four histidine dipeptides

(i.e. carnosine, anserine, balenine and homocarnosine), and the results were vali-

dated using the serum hydrolytic rate as measure of their binding affinity. (2) Once

defined a CN1 molecular interaction model, five databases including known drugs

(repurposing) and natural compounds were collected and screened on CN1. The

compounds with the best docking score underwent to a 100 ns molecular dynam-

ics simulation to asses the stability of the docking pose. Particular attention was

paid on the treatment of zinc ion coordination, where the cationic dummy atom ap-

proach was chosen and a new parametrization with trigonal bipyramidal geometry

was designed. Finally, the binding energy of these molecules were evaluated through

MM-GBSA free energy calculation. Five promising compounds were selected, which

elicited a stable interaction with Arg350, as seen for carnosine and its analogues,

and they appeared to have comparable binding energy.

The first part of the work described in this chapter has already been published [52].
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1.5.4 Chapter 6: A multiscale approach to pre-

dict the binding mode of metallo β-lactamase

inhibitors

Antibiotic resistance is a major threat to global public health. β-lactamases,

which catalyse breakdown of β-lactam antibiotics, are the principal cause. Met-

allo β-lactamases (MBLs) represent a particular challenge because they hydrolyse

almost all β-lactams, and to date no MBL inhibitor has been approved for clinical

use. Molecular simulations can aid drug discovery programs, but empirical molec-

ular mechanics (MM) methods often perform poorly for metalloproteins. In this

chapter a multiscale approach is presented to model the inhibitor binding to IMP-1,

a clinically important MBL containing two catalytic zinc ions, and to predict the

binding mode of a novel inhibitor. Inhibitors were first docked into the IMP-1 ac-

tive site, testing different docking programs and scoring functions on multiple crystal

structures. Complexes were then subjected to molecular dynamics (MD) simulations

and subsequently refined through QM/MM optimization with the B3LYP/6-31G(d)

DFT method, thus increasing the accuracy of the method with successive steps.

This workflow was tested on two IMP-1 thiolate complexes, for which it successfully

reproduced the crystallographically observed binding. Therefore, this workflow was

applied to predict the binding mode of an inhibitor for which a complex structure

was crystallographically intractable. A 12-6-4 model was also tested in MD simula-

tions, as well as an optimization with a SCC-DFTB QM/MM approach. The results

show limitations of empirical models for treating these systems and indicated the

need for higher level calculations (e.g. with DFT/MM) for reliable structural predic-

tions. This work demonstrates a reliable computational pipeline that can be applied

to design further MBL inhibitors and to other Zn-metalloenzyme systems.
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Chapter 2

Theoretical background

2.1 Molecular docking

Molecular docking is a structure-based method that predicts how two molecules

(usually a ligand and a protein) interact with each other’s. This approach is quite

fast and for this reason it is widely used in virtual screening campaigns [53]. The

binding pose is achieved through two main processes: the conformational sampling

and the ranking. The former samples the torsions of the ligand and, in the case of

flexible docking, of the side chains of the protein, and tries to fit the ligand inside a

defined binding pocket to optimize the steric complementarity and the non-bonded

interactions. The latter evaluates the strength of the interactions and it gives a

score, which is used to rank the poses from the best to the worse [54].

Several docking methods have been developed (i.e. protein-protein docking [55],

induced-fit docking [56], ensemble docking [57], reverse docking [58], covalent dock-

ing [59], etc.), but here we will focus on protein-ligand docking considering both

rigid protein with flexible ligand and flexible ligand and protein.

2.1.1 Sampling algorithms

Considering the conformational degree of freedom of the ligand (and in flexible

docking, also of the protein side chains) as well as the freedom of rotation and trans-

21



lation, a huge number of binding modes can be computed for each protein-ligand

complex. The generation of every possible complex would be too computationally

expensive, so various sampling algorithms have been developed.

LUDI [60] is based on interaction sites, which are points in the space available for

hydrophobic contacts or hydrogen bonds. The ligand is fitted into the interaction

sites optimizing the distance between every point of interaction.

An important class of sampling algorithms are the stochastic methods, including

Monte Carlo (MC) [61] and Genetic Algorithm (GA) [62] as the most popular. MC

methods generate multiple docking poses through random rotation and translation

of the ligand within the binding pocket. The conformations obtained with this

procedure are evaluated by an energy-based threshold. If the threshold is achieved,

the complex will be kept and further refined. Otherwise, the value of f = e(-∆E/RT)

is computed together with a generation of a random number from 0 to 1, if this

number is minor than f, than the pose is retained for further refinement as well (i.e.

Metropolis criterion) [63]. This process is iterated until a certain number of poses

is collected. GA methods take a cue from Darwin’s theory of evolution: the ligand

is encoded by binary strings, called genes, that together make a chromosome, which

represents the docking pose. The algorithm mutates randomly the chromosome

and exchanges genes between chromosomes as a genetic cross-over. This process is

iterated carrying on the recombinations that give the best fitness until a threshold is

reached (Figure 2.1). AutoDock [64] and GOLD [65] programs use the GA method.

The Ant Colony Optimization (ACO) [66], used by the PLANTS software [67], is

a method that follows the behaviour of ants in the search of the shortest path to food.

In nature, when ants are looking for food, they deposit a trail of pheromone that

will be followed by other ants. When the path to the food is short, the pheromone

trail will be strong and many ants will follow that path. On the contrary, if the

path is too long the pheromone trail will fade and few ants will follow that path.

As a consequence, the intensity of the pheromone trail indicates of the quality of

the path. ACO is a graph-based algorithm G = (N,A), in which every node (N) is

connected to each other through an arc (i, j ). The arc is associated to a variable

τi,j called pheromone trail. The value of τi,j is an index of the utility of the arc to

obtain the best solution. The path through the nodes followed by ants is defined

by stochastic decisions. All arcs start with the same amount of pheromone, the

probability that the ant k moves from the node i to the node j using the trail

τi,j is given by Equation 1, where Nk
i represents all the connected nodes beside the
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Figure 2.1: Schematic representation of genetic algorithm. The genes are the properties of the
ligands (e.g. angle, torsion, hydrophobic and hydrogen contacts). The chromosomes are the
poses, which undergo to recombination (which includes mutations and cross-over events) to
obtain new chromosomes with an improved fitness. The process is iterated generation after

generation, until a certain number of poses is reached.

predecessor node (i.e. ants can only move forward). At each iteration the pheromone

level is updated using Equation 2.1-2.2 (Figure 2.2).

pij(k) =


ταij∑

l∈Nk
l

ταij
if j ∈ Nk

i

0 if j /∈ Nk
i

(2.1)

τij(k + 1) = ρτij(k) + ∆τij(k) (2.2)
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Figure 2.2: Schematic representation of ACO algorithm. The starting point is located at the Ant
Colony, while the end point at the Food. The nodes are indicated with capital letters. At time

zero, the pheromone trail τi,j is the same for each node, so at t=1 the same amount of ants reach
nodes C and E. However, the B-E-D path is longer than the B-C-D path. As a result, at time n,

all the ants will follow the B-C-D path, and none the B-E-D.

2.1.2 Scoring functions

As mentioned before, scoring functions evaluate the strength of the interaction

between the ligand and the protein. The aim of scoring functions is not to compute

the physics in protein-ligand binding process, but to provide a compromise between

accuracy and speed [68]. Several scoring functions have been developed, and they

can be classified into four groups: force field-based [69], empirical [70], knowledge-

based [71] and machine learning-based [72]. Force field-based scoring functions use

bonded and non-bonded terms of force field to compute the score, thus employing

their parameterization. DOCK is one popular example of docking software which im-

plements this type of scoring function, that is derived from the Amber force field [73].

The major drawback of this class is the inability to account for the desolvation ef-

fect, leading to bias towards Coulombic electrostatic interactions and, consequently,

to select highly charged ligands [69]. To fix this issue, force field scoring functions

were augmented by solvation energy terms, derived from either Poisson−Boltzmann

(PB) or Generalized Born (GB) models [74]. The aim of empirical scoring functions

is to reproduce the experimental affinity data [75] through correlation of the bind-

ing free energy to a set of variables (i.e. van der Waals, electrostatics, hydrogen

bonds, etc.). These variables are associated with coefficients, obtained by regression

of experimentally binding affinity data [70]. Some examples are LUDI [60], Chem-

Score [76] or GlideScore [77]. Knowledge-based scoring functions (e.g. DrugScore

[78] and PMF-Score [79]) sum pairwise statistical potentials between protein and

ligand, retrieved from experimentally determined protein-ligand complexes (Protein
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Data Bank or Cambridge Structural Database). Generally they derive a distance-

dependent potential using the Boltzmann law [71]. Finally, machine learning-based

scoring functions are the newest. Starting from a dataset of protein-ligand com-

plexes with annotated binding affinities (e.g. DUD-E [80]), one popular choice is to

use atom pairs or structural interaction fingerprints between protein and ligand as

descriptors [72]. These descriptors account for specific interactions (electrostatics,

hydrogen bond, etc.), geometrical descriptors (surface or shape) and conventional

ligand-based descriptors [81]. RF-Score [82] and NN-Score [83] are the most used

scoring functions of this class.

Concerning how scoring functions treat metal coordination bond, two main ap-

proaches can be found. On one hand, scoring functions can implicitly evaluate the

coordination bond by the classic non-bonded interaction (i.e. van der Waals and

electrostatic potential), as in the case of AutoDock and AutoDock Vina (Equation

2.3)[84].

∆Gbind = ∆Gvdw + ∆Ghb + ∆Gelect + ∆Gsolv + ∆Gtor (2.3)

On the other hand, the evaluation of metal interactions can be treated explicitly,

like in the case of the ChemPLP scoring function (Equation 2.4) with the terms fmet

[85].

fPLANTSChemPLP = fPLP + fhb + fhb−ch + fhb−CHO

+fmet + fmet−coord − fmet−ch + fmet−coord−ch + fclash + csite
(2.4)

In this case, a common function is shared through all the energy terms (Equation

2.5). Equation 2.6 shows the example of the metal coordination bond function, which

considers both the bond length (f(pr, 2.6, 3.0)) and the angles (f(|qβ−180|, 80, 90)).
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f(x, x1, x2) :=


1 ifx ≤ x1

x2−x
x2−x1

ifx1 < x ≤ x2

0 ifx > x2

(2.5)

fmet = wmet ·
∑

p∈Pacc−met

f(pr, 2.6, 3.0) ·
∏

q∈pacc−nb

f(|qβ − 180|, 80, 90) (2.6)

Although this last type of scoring function seems to have a more solid evalua-

tion of the coordination bond, it relays on parameterization and experimental data

fitting, therefore various coordination geometries are neglected.

Docking is designed to be fast, and it is indeed used in virtual screening cam-

paigns when datasets of thousands of compounds need to be handled. Although it

could give pretty accurate results [86], when it comes to peculiar ligands or proteins,

docking performance can drop [87]. The presence of metal ions represents indeed a

challenge in docking, in particular due to the inability of scoring functions to cor-

rectly treat the metal ion interactions [88]. This is true for metal ions into either the

ligand [89] or into the protein [90][91]. For this reason different strategies have been

developed, like scoring function optimization for metal ions [92], restrained docking

[88] or multi-step approaches [93][94][95].

2.2 MD Simulation

Molecular dynamics (MD) simulates atom behaviour during a certain period of

time, and subject to a force [96]. An energy function (force field) computes the force

experienced by every atoms in the system, while Newton’s second law defines how

those forces affect the atom motions. The simulation is divided into time steps, at

each time step forces acting on every atom are computed and atom positions are

updated. The force on a certain position in the Cartesian space r is given by the

negative gradient of the potential energy U (Equation 2.7).

F (x) = −∇U(r) (2.7)
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Considering that velocity is the derivative of position and acceleration of the

velocity, the equation of motion can be written as Equations 2.8, where for n atoms

there are 3n position and 3n velocity coordinates.

dr

dt
= v

dv

dt
=
F (r)

m

(2.8)

An algebraic solution to this problem is impossible, therefore numerical methods

are required, such as integrators. The leapfrog method [97] is the one used in this

Thesis. The starting velocities of atoms are assigned with random directions and a

fixed magnitude depending on temperature. Considering the time step size as h =

∆t, the calculation is divided into two parts: first, the velocities are updated using

the starting acceleration values (vix), while the coordinates (rix) are updated by a

full time step using those preliminary velocities (Equations 2.9).

rix(t+ h) = rix(t) + hvix(t+
h

2
)

vix(t+
h

2
) = vix(t) +

h

2
aix(t)

(2.9)

Finally, these new coordinates are used to compute the final acceleration values

and to update the velocities, for the second time step (Equation 2.10).

vix(t+ h) = vix(t+
h

2
) +

h

2
aix(t+ h) (2.10)

It is clear that the choice of the correct time step is essential. Generally, the

time step size should be at least 8-10 times minor than the fastest movement of the

system [98]. In proteins such a movement is the C-H bond stretch, which occurs

on average every 10 fs, therefore the time step should be 1 or 0.5 fs long. However,

algorithms have been developed to constraint this bond (e.g. SHAKE [99], LINCS

[100]), allowing the use of a larger time step (usually 2 fs) and, as a results, speeding
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the simulation.

When performing a MD simulation, the system can be described by thermo-

dynamic ensembles, which provide a set of configurations distributed according to:

microcanonical NVE (constant number of particles N, volume V, energy E), canoni-

cal NVT (constant number of particles N, volume V, temperature T) or isothermal-

isobaric NTP (constant number of particles N, temperature T, pressure P) ensembles

[101]. In order to keep a constant temperature and pressure of the system, thermo-

stat and barostat are used along the simulation (Lavengin and Berendsen are the

two used in this Thesis) [102].

The calculation of non-bonded interactions is the most expensive part of an

MD simulation. The short-range interaction are usually handle with a cut-off value,

beyond that the interactions are smoothly switched to zero. Whereas, the long-range

interactions are treated with the Particle Mesh Ewald (PME) method, which is an

improvement of the traditional Ewald summation [103]. PME method is associated

with the Periodic Boundary Condition (PBC), an infinite periodic systems, as the

name suggests, in which a central box containing the system is duplicated infinite

times in all directions of space. As a result, when a particle leaves the central box

from an edge, it is replaced by a replica coming from one of its periodic images.

Duplicate interactions are avoided by the minimum image criterion, which states

that one particle can only interact with a single image of every other particle.

2.2.1 Force field and metal ion models

As mentioned before, in order to numerically solve the Newton’s equation of

motion for a system, it is necessary to know the potential energy, which should be

fast to compute and straightforward. To this end, force fields are used: they are

based on parameters obtained either from high-level quantum mechanics calculations

or experimental measurements. The general functional form of force field is reported

in Equation 2.11 in which bonded terms (bonds, angles and dihedrals, Equation

2.12-2.14) and non-bonded terms (van der Waals and Coulomb potentials, Equation

2.15-2.16) appear.

28



Figure 2.3: Graphic representation of PBC. The central box is coloured in yellow, while the
replica are white. The red arrows point the movement of the particles from one box to another.

(Figure from reference [104])

.

Etot = Ebonds + Eangles + Edihedrals + Evdw + Ecoulomb (2.11)

Ebonds(rij) =
1

2
krij(rij − r0

ij)
2 (2.12)

Eangles(θijk) =
1

2
kθijk(θijk − θ0

ijk)
2 (2.13)

Edihedrals(φijkl =
1

2
knφ(1 + cos(nφijkl − γn)) (2.14)

Evdw(rij) =
Aij
r12
ij

− Bij

r6
ij

(2.15)

Ecoulomb(rij) =
qiqj

4πε0rij
(2.16)

Force fields for proteins are massively used and well parametrized [105], while

more difficulties are found in nucleic acids, small molecules and metal ions [106].

However, nucleic acids force fields have been recently optimized [107][108] and for

small molecules general force field (e.g. GAFF [109] and CGenFF [110]) or quan-

tum mechanics parametrization are often used [111]. Metal ion force fields lack an

unique description instead and often relay on simplistic non-bonded model [112]. In

this Thesis, particular attention is paid in the treatment of metal interactions, and
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different models are tested. As mentioned in Chapter 1.2, non-bonded, bonded,

ligand field and Cationic Dummy Atoms (CDA) models can be used to describe

interactions involving metal ions. In this Thesis non-bonded and CDA are used.

The classic non-bonded model sums the contributions of van der Waals and elec-

trostatics, which are computed by the Lennard-Jones (LJ) and Coulomb potential

respectively (Equation 15-16). Generally this model can work on monovalent metal

ions, whereas it is not able to correctly describe the behaviour of divalent or highly

charged metal ions [113][114]. Therefore, it can be used in combination with dis-

tance restraints (restrained non-bonded model) to avoid any change in coordination.

Moreover, the classic LJ 12-6 potential was improved for divalent and highly charged

metal ion by the LJ 12-6-4, in which an r−4 term was added to describe the ion-

induced dipole interaction (Figure 2.4) [115][116].

Figure 2.4: Van der Waals potential between two particles i, j. The classic LJ 12-6 model is
represented as a black line, while the LJ 12-6-4 model is reported as a red line. Rmin,i,j is the

distance (Å) between i and j at which the potential has its minimum value. σi.j is the distance

(Å) between i and j at which the potential is equal to zero. εij is the well depth of the LJ curve.

In the CDA model dummy atoms are added in correspondence of coordination

sites. These atoms have neither mass nor van der Waals radius, but they have

partial charges instead, while the central metal ion is a van der Waals sphere with

zero charge [117]. The dummy atoms are bonded to the central metal ion, and they

are free to move around the metal center. As a result, the system is free to exchange

ligand, simulating the charge distribution around the metal ion and, differently

from the classic LJ 12-6 model, elicits stronger interactions with the coordinating

atoms, while maintaining the correct geometry [118]. The main drawback of this
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method is the need to know the coordination number a priori. So far, tetrahedral

[119], octahedral [120] and pentagonal bipyramidal [121] geometries have been used.

However, to the best of our knowledge, no CDA model have been publish for the

trigonal bipyramidal geometry, which occurs often in metal coordination [122][123].

In Chapter 5 a new parameterization of this geometry using CDA is illustrated.

2.2.2 MM-GBSA free energy calculation

Several methods have been proposed to compute the binding free energy of a

complex, starting with thermodynamic integration and free energy perturbation,

coming to the newest machine learning methods [124]. One of the most used and

straightforward free energy method is the Molecular Mechanics-Poisson/Generalized

Boltzmann Surface Area (MM-P/GBSA), an end-point method that samples the

final states of a system (for instance a MD simulation trajectory) and therefore

is much less expensive than pathways methods [125]. MM-P/GBSA computes the

binding free energy of a ligand (L) to a protein (P) as shown in Equation 2.17, where

GPL is the protein-ligand complex (Figure 2.5).

∆Gbind = GPL −GP −GL (2.17)

∆Gsolvated
binding

∆Gsolvation
protein ∆Gsolvation

ligand ∆Gsolvation
complex

∆Ggas
binding

Figure 2.5: Thermodynamic cycle used for binding free energy calculations of a protein-ligand
complex. Cyan boxes represent the solvated systems, while white background indicates the gas

phase. ∆Gsolvatedbinding is the result of the MM-P/GBSA calculation.

Equation 2.17 can be decomposed into Equation 18, in which ∆EMM is the

difference in the gas phase molecular mechanics energy, ∆Gsol the solvation free
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energy and −T∆S the conformational entropy upon ligand binding [126].

∆Gbind = ∆H − T∆S = ∆EMM + ∆Gsol − T∆S (2.18)

∆EMM = ∆Eint + ∆Eele + ∆Evdw (2.19)

∆Gsol = ∆GPB/GB + ∆GSA (2.20)

Equation 2.18 can be further decomposed into Equations 2.19-2.20. ∆EMM

includes the bonded (∆Eint) and non-bonded (∆Eele, ∆Evdw) MM energy terms

(Equation 2.19). ∆Gsol includes the polar (electrostatic solvation energy ∆GPB/GB)

and apolar (∆GSA) contribution between the solute and the continuum solvent

(Equation 2.20). ∆GSA is calculated using the Solvent-Accessible Surface Area

(SASA), while ∆GPB/GB is computed using either the PB or GB model. The for-

mer uses the Poisson-Boltzmann equation to compute the electrostatic contribution

to the free-energy, while the latter uses the Generalized Born approximation, which

is faster compared to the first. Although the solvation energy calculated by PB is

supposed to be more accurate than that solved by GB, different studies reported

just small differences between the two methods [127][128][129]. For this reason, in

this Thesis the MM-GBSA method was applied.

2.3 Hybrid QM/MM method

Molecular mechanics (MM) force fields relay on empirical parameters that are

unable to describe changes in the electronic structure. These changes can involve

bond breaking and forming, but also charge transfer, polarization and oxidation state

changes, which are key features in the interaction with metal ions [47]. The analysis

of these phenomena requires Quantum Mechanics (QM) methods. However, these

methods are highly expensive and they can handle just few hundreds of atoms [130].

Therefore, a hybrid QM/MM approach was proposed to overcome the limitations of

both the methods (see Chapter 1.2).

In this Thesis DFT and semi-empirical QM methods were used, therefore below is

reported a very brief introduction on these theories.
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2.3.1 Brief introduction on QM methods

Among all QM methods, Density Functional Theory (DFT) is routinely used

thanks to favourable scaling with the number of atoms and its accuracy, in particu-

lar regarding metal-containing complexes [46][47]. The electron density distribution

can be used to compute the ground-state energy of a molecule, which is much sim-

pler (three variables) compared to ab initio methods (3N variables, where N is the

number of electrons). DFT theory states that the energy of a system (in which the

nuclei are fixed and only electrons move) can be expressed as a functional of the

electronic density function E[ρ] (Equation 2.21) [131]. However, the exact form of

this functional is unknown.

E[ρ] =

∫
v(r)ρ(r)dr + J(ρ) + Ts(ρ) + EXC(ρ) (2.21)

The first term represents the electrostatic interaction between nuclei and elec-

trons, the second the repulsion between electron density and itself and the third ac-

counts for electronic kinetic energy. The last term EXC(ρ), the exchange–correlation

functional, contains corrections of the previous terms, and it is the main responsible

for the level of accuracy, as it is the source of errors in a DFT calculation. Fur-

thermore, the exchange–correlation functional neglects the dispersion interactions,

leading to the need of inclusion of dispersion effects by empirical corrections like the

Grimme’s [132]. Starting from Equation 2.21, a set of functionals can be derived to

describe the orbitals by the Kohn–Sham equations [133]. The exchange–correlation

functionals can be the Local Density Approximation (LDA), which is an earlier ver-

sion of DFT and exhibited large errors in the calculation of bond energies [134]; the

Generalised Gradient Approximation (GGA) and the most popular hybrid density

functionals (e.g. B3LYP, PBE0) [135].

Semi-empirical methods derive from either Hartree−Fock (HF) or DFT meth-

ods, by the inclusion of approximation with external parameters to simplify the

calculation. Semi-empirical methods based on the HF theory are NDDO, AM1, the

PM series and MNDO; while based on DFT is the Density Functional Tight Bind-

ing (DFTB) [42]. Semi-empirical methods are cheaper in terms of computational

cost if compared to ab initio or DFT thanks to the use of minimal basis sets and

approximations to electron integrals. Recently Kř́ı̌r et al. published a benchmark of

different semi-empirical methods, where they showed that PM6 and DFTB obtained
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the best results [136].

2.3.2 Setting up a QM/MM system

The first thing to consider setting up a QM/MM system, is to decide which

part of the system will be treated by MM and QM. The QM calculation is the most

demanding, thus it should contain the minimum number of atoms to study the event

of interest. When working with proteins, it is often necessary to cut covalent bonds

in order to divide the two subsystems (e.g. protein side chains) [137]. In this case,

two main approaches are available: the frozen bond orbitals [138] and the link atoms

[139]. In the former, a frozen bond orbital is added to satisfy the valence shell of

the QM atom at the QM/MM interface, that could be placed using either the Local

Self-Consistent Field (LSCF) or the Generalized Hybrid Orbital (GHO) method.

In LSCF localized orbitals are place on the QM atom at the interface, and the one

pointing at the MM atom is double occupied and blocked, while the orbitals pointing

towards QM atoms are optimized and single occupied (Figure 2.6A). In GHO the

orbitals are placed on the MM atom at the interface, and the one pointing at the

QM atom is single occupied and frozen, while the other pointing to MM atoms are

double occupied and optimized (Figure 2.6B).

QM

QM

QM

MM

MM

MM

(A)

QM

QM

QM

MM

MM

MM

(B)

Figure 2.6: Graphical representation of the frozen bond orbital partitioning method. (A) The
LSCF and (B) GHO methods are shown. QM atoms are coloured in red, MM atoms in green.

The single occupied and optimized orbitals are coloured in yellow, while the double occupied and
frozen orbitals are blue.

The second approach consists in the addition of a link atom, often a hydrogen

atom, at an appropriate distance along the QM/MM bond vector, and it will be

included only in the QM calculation [140]. In both the methods, polar bond break

(as the peptide bond) should be avoid to prevent convergence issues.
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The evaluation of energies within the two regions is straightforward: QM meth-

ods (i.e. HF, post-HF, DFT, semi-empirical) in the QM region and force field in

the MM region. Differently, the interactions between the two portions need to be

defined by a coupling scheme: either subtractive or additive [137][141]. In the sub-

tractive one, the energy of the whole system (Etotal
sub ) is obtained following Equation

2.22, where EMM
total is the MM energy computed for the entire system, EQM

QMregion is

the QM energy of the QM region and EMM
QMregion is the MM energy of the QM region

(Figure 2.7) [142].

Etotal
sub = EMM

total + EQM
QMregion − E

MM
QMregion (2.22)

+EMM
total

+EQM
QMregion −EMM

QMregion

Figure 2.7: Schematic representation of the subtractive coupling scheme. First the energy of the
whole system is evaluated by MM (EMM

total , in green), then the QM energy of the QM subsystem is

added (EQMQMregion, in red). Since the QM energy is computed two times, finally the MM energy

of the QM subsystem is subtracted (EMM
QMregion).

In the additive approach (Equation 2.23), the potential energy for the whole

system is a sum of QM energy of the QM region (EQM
QMregion), MM energy of the MM

region (EMM
MMregion) and a QM/MM coupling term (EQM/MM) (Figure 2.8) [142].

Etotal
add = EQM

QMregion + EMM
MMregion + EQM/MM (2.23)

+EQM
QMregion +EMM

MMregion +EQM/MM

Figure 2.8: Schematic representation of the additive coupling scheme. First the energy of QM

region is evaluated by QM (EQMQMregion, in red), then the MM energy of the MM subsystem is

added (EMM
MMregion, in green). Finally the QM/MM interface energy is also added (EQM/MM , in

blue).

In this last case, the interactions between the two subsystems are treated explic-

itly and they can be described with different levels of accuracy. In the mechanical

embedding scheme these interactions are treated at the force field level, and it is the
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most simplistic embedding scheme. By using the electrostatic embedding scheme,

the electrostatic interactions between the QM and the MM regions are handled in

the calculation of the electronic wave function, and the MM atoms will enter the

QM Hamiltonian as one-electron operators. As a result, the atoms in the QM region

can be polarized by the MM atoms [143]. Although this is a much more accurate

description of the system, compared the mechanical embedding, over-polarization

issues can occur, and so different charge smearing methods have been proposed [144].

In the most recent polarization embedding scheme, both the regions can polarized

each other thanks to polarizable force fields. However these scheme is not fully

developed [145].
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Chapter 3

Identification of novel HDAC

inhibitors by fragment-based drug

design

3.1 HDACs as pharmaceutical

targets

Transcription in eukaryotes is regulated by several mechanism on either DNA

(i.e. DNA methylation [146]) or histones. Histones are strongly basic proteins

able to package the DNA, which brings a strong negative charge derived from the

phosphate groups of the nucleotides. Epigenetic modifications on histones include

methylation [147], phosphorylation, ubiquitination [148], acylation, hydroxylation,

glycation, serotonylation, glycosylation, sumoylation ADP-ribosylation and acety-

lation [149]. This last mechanism consists in the addition of an acetyl group on

lysine residues, located upon histone tails, by histone acetylases (HATs). Such a

post-tradutional modification leads to a decrease of the positive charge on histones

and therefore to a loose packaging of DNA, which results in the activation of tran-

scription [150]. HATs enzymatic activity is combined with histone deacetylases

(HDACs), which on the contrary deacetylate the histones leading to a suppression

of transcription. The balance between these two modifications is essential for a cor-

rect genetic transcription [151]. Changes in HAT/HDAC activity balance can lead
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to altered gene expression and signaling pathways [152] that often bring to cancer

[15].

HDACs can be divided into two families (zinc-dependent and NAD-dependent)

and four classes. The NAD-dependent family correspond to the class III, which

includes sirtuins 1-7 [153]. While the zinc-dependent family can be grouped into

three classes based on sequence identity: class I which comprises the isoforms 1, 2,

3 and 8. Class II further divides into IIA (HDAC4, 5, 7 and 9) and IIB (HDAC6

and 10), finally class IV includes only HDAC11 [154].

The zinc-dependent HDACs share the same catalytic mechanism, reported in Figure

3.1, as their binding pocket is highly conserved [155].

Figure 3.1: HDAC catalytic mechanism. (A) The zinc ion is coordinated by two aspartate and
one histidine residues. When the acetylated lysine (in blue) enters HDAC binding site, (B) the
carbonyl oxygen coordinates the zinc ion and a histidine facilitates the nucleophilic attack of a

water molecule, coordinated with the zinc ion as well, to the carbonyl carbon of the lysine. (C) A
tetrahedral intermediate is produced followed by a proton transfer from the histidine to the

lysine, (D) which releases an acetate group (in red) and the lysine [155]. Coordination bonds are
shown as dotted lines.
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HDAC biding pocket is tubular and divided into three portions: at the bottom

of the pocket is located the catalytic site, which includes the zinc ions and its

coordinated residues, two histidine residues that participate to the catalytic reaction

and usually a tyrosine that stabilizes the tetrahedral intermediate. Two aromatic

phenylalanine residues are placed at the middle of the pocket, whereas the apical

and external portion is surrounded by loops that change across isoform and confer

specificity [156].

As mentioned before, an alteration of HAT/HDAC balance can bring to cancer.

Over expression of HDACs is found indeed in prostate, gastric, lung, colon and

breast tumors [15]. Therefore a promising pharmaceutical approach is targeting

HDACs using small molecules as inhibitors, which bind the enzyme preventing the

entrance of the substrate. So far, different HDAC inhibitors have been approved

for clinical use by FDA and others are in clinical trials [157]. Generally, all HDAC

inhibitors are composed by three moieties that interact with the three portions of

the binding site described above: a zinc binding group (ZBG), a linker and a CAP

(Figure 3.2).

Figure 3.2: Structure of SAHA as an example of HDAC inhibitor. The CAP is coloured in blue
and interacts with the apical portion of the binding pocket. The linker is coloured in black and
interacts with the middle region of the pocket. The ZBG (hydroxamic acid) is coloured in red

and interacts with the zinc ion at the inner region.

The CAP moiety interacts with the surface of the binding pocket, which is vari-

able through the different HDAC isoforms and, for this reason, it confers selectivity.

Nonetheless, several non-specific inhibitors (i.e. pan inhibitors) able to bind dif-

ferent isoforms are available. The linker portion is usually composed by an alkyl

chain or a phenyl ring, that interacts with the aromatic residues at the middle of

the tubular binding site. The ZBG region contains groups able to chelate the zinc

ion. The most popular ZBG is the hydroxamic acid, but thiols, benzamides and

trifluoromethyl ketones have been used as well [158].

Hydroxamic acid is often chosen for its strong chelating ability. However, such an

ability can cause the inhibitors to bind other metal ions (e.g. iron and copper) that

are essential for biological processes [159]. Furthermore, hydroxamic acid-based

compounds are unstable in vivo as they showed low bioavailability and a short half-

life (∼ 2 hours) [160]. Finally, compounds containing hydroxamic acid have been
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shown to be mutagenic by sulphation or acylation of their ester oxygen, that can

undergo to the Lossen rearrangement (Figure 3.3) resulting in isocyanates, which

serve as electrophiles in DNA carbamoylation [161][162].

Figure 3.3: Schematic representation of the Lossen rearrangement. (A) The hydroxamic acid
group undergo to either acylation or sulphation in its ester oxygen atom (label R). This is
followed by (B) deprotonation of the amide nitrogen of the activated hydroxamates that

eventually (C) rearrange to isocyanate by Lossen rearrangement [162].

These findings rise the need to design new HDAC inhibitors without hydroxamic

acid as ZBG. In order to explore different ZBG, in this chapter a fragment-based

approach is proposed. Fragment-based drug design (FBDD) has become a widely

used approach thanks to the low degree of complexity of the fragments and to the

high amount of molecules that derives from their combination [163]. Moreover,

FBDD allows the discovery of low molecular weight ligands with an affinity range

from micromolar to millimolar [164].

Here fragments corresponding to the three HDAC inhibitor portions (i.e. CAP,

linker and ZBG) are combined together and tested through docking on different

HDAC isoforms, with the aim to design a novel HDAC pan-inhibitor. Molecular

descriptors are used, as well as descriptors derived from docking and force fields,

and these descriptors were applied to a QSAR analysis, for the prediction of the

binding affinity of the new molecules.
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3.2 Methods

3.2.1 Protein preparation

Since the aim was to identify new pan-inhibitors, different HDAC isoforms were

used in the docking study. In detail, resolved HDAC structures were chosen accord-

ing to resolution and to the type of co-crystallized ligand (Table 3.1). All class I

HDACs are resolved, as well as some of class II (i.e. HDAC4, 6 and 7).

PDB Id HDAC isoform Resolution (Å) Co-crystallized ligand ZBG

5ICN [165] 1 3.30 hydroxamic acid
4LXZ [166] 2 1.85 hydroxamic acid
4A69 [167] 3 2.06 –
2VQJ [168] 4 2.10 trifluoromethyl ketone
5EDU [169] 6 2.79 hydroxamic acid
3C10 [170] 7 2.00 hydroxamic acid
5THS [171] 8 1.90 hydroxamic acid

Table 3.1: HDAC crystal structures used in the docking studies. One resolved structure for each
class was chosen based on the resolution and the ligand type. In the table the PDB Id, HDAC

isoform and resolution (Å) are reported, as well as the ZBG contained in the co-crystallized
ligand. HDAC3 crystal structure is available only in the apo form.

Hydrogen atoms were added to all the crystal structures according to physi-

ological pH and they underwent to an energy minimization using NAMD2 [172],

CHARMM22 as force field and constraints on the backbone atoms. In order to pre-

vent the binding site collapse, the pan-inhibitor SAHA was inserted into the HDAC3

structure (crystallized in the apo form) through docking (Figure S3.1).

As mentioned in the previous section, the inner and middle portions of the bind-

ing pocket (that are the ZBG and liker binding regions) are highly conserved through

HDAC isoforms (Figure S3.2). In particular, superimposition of class I and IIB pro-

teins reveals an almost identical disposition in space of these portions, which com-

prise in the inner region: two aspartate and one histidine residues that coordinate

the zinc ion, two histidine residues that participate in the catalytic reaction and a

tyrosine that stabilise the tetrahedral intermediate. While the middle region com-

prises two phenylalanine orientated in a π-π stacking interaction (Figure 3.4A). The

average RMSD of these residues between the five crystallized isoform is 0.98 Å. Lit-

tle differences are present in class IIA, where the tyrosine is replaced by a histidine

residue. However, a water molecule was frequently found near the histidine (PDB

41



Ids: 2VQM, 2VQO, 2VQQ [168], 4CBY [173], 3C0Z [170]). Such a disposition seems

to mimic the hydroxide group of the tyrosine, as reported in Figure 3.4B. Therefore,

this water molecule was retained during docking, as considered important for the

ligand interaction.

(A) (B)

Figure 3.4: Comparison between inner and middle region of (A) class I-IIB and (B) class IIA.
The residues of the inner region are reported in cyan and the the residues of the middle region in
green. In panel (B), the water molecule replacing the hydroxyl group of tyrosine is represented as
a red sphere, while the histidine taking the tyrosine place is coloured in gray. The zinc is shown

as a silver sphere.

Docking studies of the ZBG and linker libraries were performed in these highly

conserved regions (see below). Given the high similarity between the isoform, two

hybrid pockets (one for class I and IIB, and one for class IIA) were created to save

computational time. In detail, the average position of the 3D coordinates of the

residues mentioned above was computed and used to generate the hybrid pockets.

3.2.2 Fragments molecular docking

Docking studies were performed using the software PLANTS [67] with speed1

accuracy, ChemPLP scoring function and generating 10 poses.

Three docking runs were performed using first the ZBG fragment library and con-

sidering the inner region as a binding pocket. Second, the ZBG fragments resulted

from docking that coordinated the zinc ion were combined with the linker library
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and we considered both the inner and middle region as a binding pocket. Finally,

the resulting fragments that coordinated the zinc ion were combined with the CAP

library and docked on the entire binding site (i.e. considering a radius of 10 Å

around the zinc ion), to include the external portion of the pocket, where is located

the CAP interaction site. In all of the steps, fragments that did not interact with

the zinc ion were excluded.

The binding pockets were chosen with small size to avoid misplacement of the frag-

ments, that can easily interact with different portions of the protein.

3.2.3 QSAR model creation

In order to predict the activity of the new inhibitors obtained by molecular dock-

ing, a QSAR model was developed. A training set that comprised 40 molecules with

known activity (i.e. IC50), ranging from pM to µM, was collected from literature

(Figure S3.3). For time reasons, only HDAC1 inhibitors were considered.

Physicochemical descriptors were computed by both VEGA ZZ [174] (molecular

mechanics descriptors) and Mopac2016 [175] using the PM7 Hamiltonian (semi-

empirical descriptors). Furthermore, protein-ligand interaction descriptors were

computed: the training set was docked into HDAC1, following the procedure de-

scribed above for the whole ligands. Then, Rescore+ script, implemented in VEGA

ZZ, was used to compute different interaction scores, together with the pair interac-

tion calculation of NAMD2. The latter computes ligand-protein interaction energy

using force field.

These descriptors were combined through linear regression obtaining Equation

3.1, where Lipole and Dipole are physicochemical descriptors of ligands, while Eff

is the force field interaction energy. The r2 value was 0.74 and the q2 was 0.54.

pIC50 = 6.964− 0.469Lipole− 0.017Eff − 0.047Dipole (3.1)

However, removing one molecule (i.e. valproic acid) from the training set, the r2

and q2 values increased up to 0.78 and 0.72 respectively (Figure 3.5), with ± 0.34

as mean error on the prediction, and a new equation was computed (Equation 3.2).

The valproic acid was considered an outlier, as its structure differs from the others

of the training set (Figure S3.3), and generally from the ZBG-linker-CAP structure.
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Figure 3.5: Linear regression used for the creation of the QSAR model. The regression line is
coloured in red, while the experimental and calculated pIC50 are reported on the x - and y-axis

respectively. The black dots indicate the molecules of the training set.

pIC50 = 7.106− 0.469Lipole− 0.019Electff + 0.115V irtualLogP (3.2)

3.3 Results

3.3.1 Generation of the fragment libraries

Three fragment libraries were collected, corresponding to the three portion of

HDAC inhibitors (i.e. CAP - linker - ZBG).

The ZBG library included 50 general metal chelator fragments retrieved from liter-

ature (Figure S3.4) [155][176][177][178][179]. Hydroxamic acid was inserted into the

ZBG library as positive control.

The linker library included four fragments derived from known HDAC pan-inhibitors

already approved for clinical use (Figure 3.6). The linker length was 6 or 7 carbon

atoms, which is reported to be the best length for HDAC ligands [180].
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(A) PABI (B) VOR

(C) GIV (D) QSN

Figure 3.6: Linker library. The four fragments derive from approved HDAC pan-inhibitors: (A)
Panobinostat, (B) Vorinostat, (C) Givinostat and (D) Quisinostat. An identifier is assigned to

each fragment. ZBG and CAP binding positions are reported.

The CAP library included five fragments derived from the CAP moiety of Beli-

nostat, Panobinostat, Vorinostat, Givinostat and Pracinostat (Figure 3.7).

(A) PAN (B) SAH (C) BEL

(D) GSN (E) PRAC

Figure 3.7: CAP library. The five fragments derived from approved HDAC pan-inhibitors: (A)
Belinostat, (B) Panobinostat, (C) Vorinostat, (D) Givinostat and (E) Pracinostat. An identifier

is assigned to each fragment. Linker binding position is reported.

3.3.2 Fragment docking and combination

As mentioned in the Methods section, docking of the ZBG library was per-

formed using the hybrid pockets, considering just the residues of the inner portion

as a binding pocket. Fragments that did not interact with the zinc ion were excluded,

while the remaining fragments were selected and combined with the linker library.

Table 3.2 reports the selected fragments, ranked by docking score (ChemPLP nor-

malized by the number of heavy atoms) and divided according to the hybrid pocket
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used in the docking calculation. It is worth noticing that the majority of the se-

lected fragments are shared by the two hybrid pockets and that the hydroxamic

acid fragment (HA), inserted as positive control, was ranked in the second and first

positions, suggesting that the scoring function is able to identify strong-binders.

Class I & IIB Class IIA

Fragment
identifier

ChemPLPHA Fragment
identifier

ChemPLPHA

PA -31.12 HA -30.09
HA -30.80 PA -29.64
BA -30.34 BOA -28.31

PICA -30.14 HZ -28.23
QUI -29.65 QUI -27.70

bLATT -29.53 PICA -27.29
HZ -29.52 PHA -26.87

PHA -29.28 SA -26.80
DIPHE -28.62 bLATT -26.28
DKA -28.40 HU -26.27
BOA -28.27 SHYPYD -25.53

SHYPYD -27.69 DIPHE -25.44
TMK -22.30 TMK -25.53

BA -19.47

Table 3.2: ZBG fragments derived from docking and selected for the next step of the
fragment-based approach. Fragments are ranked according to the docking score ChemPLP

normalized by the number of heavy atoms (ChemPLPHA). Docking calculations were performed
on the two hybrid pockets. The 2D structures of the fragments linked with their identifier can be
found in Figure S3.4. The HA fragment refers to the hydroxamic acid included as positive control.

These fragments were combined with the linker library. For some fragments,

more than one binding point for the linker was considered. In Figure 3.8 the linker

binding points are indicated, with the new nomenclature.
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(A) BA (B)

bLATT
(C) BOA (D) DIPHE (E) DKA (F) TMF (G) HU

(H) HZalphaN (I) HZalphaO (J)

PAalpha

(K)

PAbeta
(L) PHA (M) PI-

CAmeta

(N) PI-

CApara

(O) QUI (P) SAmeta (Q) SApara (R) SHYPY-

DparaN

(S)

SHYPYD-

paraS

Figure 3.8: ZBG fragments selected for the combination with the linker library. The arrows
indicate the points at which the linkers are attached. For some fragments, more than one binding

point is reported. In these cases a new nomenclature is introduced.

The ZBG fragments BA and QUI were excluded from the combination with

the linker library for their steric hindrance, and they were directly combined with

the CAP fragments. The ZBG-linker fragments that interacted with the zinc ion

were selected (Table 3.3). As seen for the docking results of the ZBG, most of the

fragments are shared between the two pockets and the fragment HA-VOR, which

derives from the inhibitor SAHA, is still included in the selection.

Finally, these fragments were combined with the CAP library, obtaining the

whole ligands. These ligands were docked into each HDAC isoform (Table 3.1),

considering as a binding pocket for the docking, a radius of 10 Å from the zinc ion.

The resulting docking poses underwent to an energy minimization using NAMD2.
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Class I & IIB Class IIA

Fragment identifier ChemPLPHA Fragment identifier ChemPLPHA

TMK-PABI -33.45 BOA-PABI -30.04
BOA-PABI -32.99 PHA-PABI -28.69
BOA-PABI -30.45 TMK-PABI -27.87
PHA-PABI -30.37 BOA-VOR -26.98

HZalphaO-PABI -29.66 HU-PABI -25.63
TMK-VOR -28.64 HA-VOR -25.49
HU-PABI -28.42 HA-PABI -24.83

bLATT-PABI -27.68 BOA-GIV -24.43
PHA-VOR -27.41 PHA-VOR -24.13
DKA-VOR -27.33 bLATT-VOR -23.90

bLATT-VOR -26.55 DKA-VOR -23.51
HA-VOR -26.15 HZalphaO-PABI -23.44

PAbeta-VOR -25.85 HU-VOR -22.89
PICAmeta-VOR -23.81 PICAmeta-VOR -23.36

Table 3.3: ZBG-linker fragments derived from docking and selected for the next step of the
fragment-based approach. Fragments are ranked according to the docking score ChemPLP

normalized on heavy atoms (ChemPLPHA). Docking calculations were performed on the two
hybrid pockets. The 2D structures of the fragments linked with their identifier can be found in

Figure S3.4 and 3.6. The HA fragment refers to the hydroxamic acid, included as positive control.

3.3.3 Activity prediction

The QSAR model reported in Equation 3.2 was applied for the activity prediction

of the new ligands, obtained from docking. Table 3.4 indicates the prediction referred

to the HDAC1 isoform.
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Ligand identifier Predicted IC50 (nM)

bLATT-PABI-GSN 4.56

bLATT-PABI-PAN 9.99

bLATT-VOR-PAN 229.06

DKA-VOR-BELI 215.50

DKA-VOR-GSN 3.31

DKA-VOR-PAN 0.31

DKA-VOR-SAH 1869.20

HU-PABI-BELI 227.59

HU-PABI-GSN 26.66

HU-PABI-PAN 1.11

HU-PABI-SAH 465.91

HU-VOR-BELI 678.11

HU-VOR-GSN 12.95

HU-VOR-PAN 1.70

HU-VOR-SAH 1070.92

HZalphaO-PABI-BELI 6.80

HZalphaO-PABI-PAN 1.20

HZ-PABI-GSN 42.57

HZ-PABI-SAH 194.30

PAbeta-VOR-BELI 0.45

PAbeta-VOR-PAN 0.08

PAbeta-VOR-SAH 0.75

PICAmeta-VOR-SAH 1.77

QUI-BELI 6.61

Table 3.4: Predicted IC50 (nM) for the whole ligands, using the QSAR model of Equation 3.2.
The ligands were tested on the HDAC1 isoform. Ligands containing the hydroxamic acid moiety

were excluded.

Tanimoto index was computed between the molecules that were predicted as

the most active and Belinostat, Panobinostat, Givinostat, Pracinostat, Quisinostat

and Vorinostat (Table 3.5). A threshold of 0.6 was chosen to exclude molecules too

similar to the known HDAC inhibitors.
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Ligand identifier Bel Pan Giv Pra Qui Vor

DKA-VOR-GSN 0.260 0.645 0.386 0.250 0.260 0.286

DKA-VOR-PAN 0.288 0.339 0.322 0.269 0.288 0.290

HU-PABI-GSN 0.344 0.448 0.398 0.340 0.344 0.329

HU-PABI-PAN 0.288 0.779 0.349 0.412 0.288 0.277

HU-VOR-GSN 0.258 0.398 0.430 0.272 0.258 0.406

HU-VOR-PAN 0.220 0.686 0.337 0.354 0.220 0.318

HZalphaO-PABI-PAN 0.310 0.843 0.324 0.450 0.310 0.263

HZ-PABI-GSN 0.262 0.385 0.333 0.301 0.263 0.208

PAbeta-VOR-PAN 0.282 0.301 0.282 0.244 0.244 0.245

Table 3.5: Tanimoto index between the best molecules, obtained from docking and QSAR
analysis, and approved HDAC inhibitors: Belinostat, Panobinostat, Givinostat, Pracinostat,

Quisinostat and Vorinostat. DKA-VOR-GSN, HU-PABI-PAN, HU-VOR-PAN and
HZalphaO-PABI-PAN have one index higher than 0.6, therefore were excluded.

DKA-VOR-GSN, HU-PABI-PAN, HU-VOR-PAN and HZalphaO-PABI-PAN ob-

tained a index higher than 0.6, therefore were excluded.

The four molecules predicted with a pM activity contained as ZBG the DKA

and PAbeta fragments. Figure 3.9 shows their binding mode inside HDAC1.
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(A) DKA-VOR-PAN (B) PAbeta-VOR-BELI

(C) PAbeta-VOR-PAN (D) PAbeta-VOR-SAH

Figure 3.9: HDAC1 in complex with the four molecules predicted with a pM activity. (A)
DKA-VOR-PAN is coloured in cyan, (B) PAbeta-VOR-BELI in purple, (C) PAbeta-VOR-PAN
in green and (D) PAbeta-VOR-SAH in yellow. The complexes were obtained through docking

with PLANTS. The silver sphere is the zinc ion.

When the CAP fragment PAN (derived from Panobinostat) is included, the

amine group of the ligands elicits an electrostatic interaction with Asp99 and the

indole moiety is involved in hydrophobic interaction with Tyr204. This hydropho-

bic interaction is present also between the benzyl moiety of PAbeta-VOR-BELI and

PAbeta-VOR-SAH (Figure 3.9B and D).

The six-carbon chain was chosen as linker in all of the four inhibitors, confirming

its versatility [180].
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The PAbeta was chosen as ZBG in three of the best ligands, and it coordinates

the zinc ion with either the carboxyl group (Figure 3.9B) or the pyrrole moiety

(Figure 3.9C-D). However this ZBG was expected to chelate the zinc ion with both

the carboxyl and pyrrole group [176]. A similar result was obtained with the DKA

ZBG, that coordinates the zinc ion, without chelation, which however was expected

as well [178]. These results can be due to the scoring function used during docking

(i.e. ChemPLP) that includes a specific term for the treatment of metal ion chela-

tion. However, it was parametrized only for tetrahedral and octahedral geometries,

therefore the five-coordinated zinc ion is not considered, and this could explain why

the docking poses do not favour chelation over coordination.

3.4 Conclusions

HDAC inhibitors have risen a lot of interest as anticancer agents, where hy-

droxamic acid-based compounds represent the majority of the approved molecules.

However, hydroxamic acid can bring severe side effects like mutagenesis [161][162].

Therefore, the aim of the work was to design new HDAC inhibitors without using

the hydroxamic acid as ZBG. We applied a fragment-based approach to screen gen-

eral metal chelator fragments, then these fragments were combined with linker and

CAP fragments retrieved from approved HDAC inhibitors.

A QSAR model was created to quantify the binding affinity of these new ligands to-

wards the HDAC1 isoform. Finally, different promising compounds were identified,

with a predicted binding affinity in the range of nM/pM.

In this work we used a simplistic approach to treat the zinc ion. Such an ap-

proach comprises molecular docking, where the scoring function determinates how

the ligand interacts with the metal ion, and interaction energies derived from the

force field (i.e. CHARMM22), which uses the classic non-bonded model to describe

metal interactions. Despite these simple descriptions of coordination bond, we were

able to identify some promising compounds that will be tested in experimental as-

says.

Nonetheless this approach has some limitations: first in the various steps of the dock-

ing procedure, we excluded those fragments (or molecules) that did not coordinate

the zinc ion. The fragments were frequently docked with the ZBG pointing towards

the apical portion of the binding pocket, whereas the linker or the CAP pointed

towards the zinc ion. This could results in the exclusion of potential good molecules
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that were discarded due to the inability of the docking program to correctly predict

their binding. Second, the force field used to compute the interaction energy tends

to favour the electrostatic interactions above the metal coordination bond [112].

Third, the metal coordination term of the scoring function includes only the tetra-

hedral and octahedral coordination geometries, and not the five-coordinated which

is frequently found in zinc-metalloproteins [85].

This approach allows a fast screening of new putative HDAC inhibitors and the

identification of hit compounds. However, given these inaccuracy, further analyses

should follow to better validate the results.
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3.5 Supplementary Information

Figure S3.1: HDAC3-SAHA complex obtained through docking. HDAC3 crystal structure (PDB
Id: 4A69 [167]) is resolved in the apo form. A pan inhibitor (i.e. SAHA) was inserted into the

binding site to prevent its collapse during the minimization step.

(A) (B)

Figure S3.2: The ZBG and linker binding region are highly conserved in (A) class I and IIB and
(B) class IIA. (A) Superimposition of class I and IIB crystal structures. The average RMSD of
the represented residues is 0.98 Å. HDAC1 is coloured in light gray, HDAC2 in cyan, HDAC3 in

purple, HDAC6 in yellow and HDAC8 in pink. (B) Superimposition of class IIA crystal
structures. HDAC4 is coloured in green while HDAC7 in cyan. Zinc ions are represented as silver

spheres and dotted lines represent the coordination bonds. PDB Ids for each isoform can be
found in Table 3.1.
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(A) Abexinostat, 7 nM [181] (B) Valproic

acid, 400 nM

[182]

(C) CHR-3996, 3 nM [183]

(D) 19.38 nM [184] (E) 50 nM [185] (F) 35 nM [186]

(G) 33.6 nM [184] (H) 14 nM [186] (I) 9.1 nM [186]

(J) 100 nM [185] (K) 24 nM [186] (L) 6710 nM [187]

(M) 30 nM [187] (N) 40 nM [185] (O) 30 nM [185]
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(P) 30 nM [188] (Q) 5400 nM [189] (R) 241 nM [190]

(S) 1300 nM [191] (T) 200 nM [185] (U) 26.28 nM [184]

(V) 300 nM [185] (W) 5310 nM [192] (X) 6640 nM [192]

(Y) 150 nM [185] (Z) Etacrox, 187 nM

[193]

(AA) KA1010, 356 nM

[194]

(AB) Quisinostat, 0.11 nM [195] (AC) RGFP109, 60 nM

[196]

(AD) SAHA, 11 nM

[197]

(AE) 604.4 nM [198] (AF) 262.4 nM [198] (AG) 46.2 nM [198]
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(AH) 200 nM

[185]

(AI) 50 nM

[185]

(AJ) 300 nM

[185]

(AK) 300 nM

[185]

(AL) 100 nM [185]

(AM) 100 nM

[185]

(AN) 66.5 nM [198]

Figure S3.3: 2D structures of the 40 molecules of the training set used to create the QSAR
model. For each molecule the activity (pIC50) and reference are reported. Only proper names are

reported.
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(A) BA (B)

bLATT

(C)

BOA
(D) BTA (E) CHA (F)

CHA2

(G)

CMP

(H) DEPYR (I)

DIOLO

(J)

DIPHE
(K) DKA (L) DKAet (M) DOIND

(N) HU (O)

HYISOQ

(P)

HYPY

(Q)

HYPYC1

(R)

HYPYD

(S)

HYPYDA

(T)

HYPYDet

(U)

HYPYmetoh
(V) HZ (W) NDGA (X) OXAM (Y) OXES (Z) PA (AA)

PHA

(AB)

PHA2

(AC)

PICA

(AD)

PICABr

(AE)

PICDA
(AF) PYR (AG) QUI (AH)

QUIAM

(AI)

QUIOX
(AJ) SA (AK) SAF (AL) SDI (AM)

SHA

(AN)

SHYPY

(AO)

SHYPYD

(AP)

SHYPYD2
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(AQ)

SHYPYmet

(AR)

SPYR

(AS)

SSH

(AT)

TDN

(AU)

TDZ

(AV)

THK

(AW)

TMK

(AX)

TYetoh

Figure S3.4: ZBG library. The fragments are general metal chelators retrieved from literature
[155][176][177][178][179]. An identifier was assigned for each fragment.
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Chapter 4

Insight into the role of the zinc ion

in hAChE reactivation:

computational studies of new

metallo-organic derivatives

4.1 AChE and its reactivators

Acetylcholinesterase (AChE) is a serine hydrolase that plays an essential role in

terminating the nervous signal, by hydrolysing the neurotransmitter acetylcoline in

the synaptic cleft [199]. The catalytic active site (CAS) contains the catalytic triad

(Ser203, Glu334, His447 in the human isoform), which is located at the bottom of

a 20 Å deep gorge [200]. Substrate trafficking is controlled by aromatic residues

(Tyr72, Tyr124 and Trp286) at the peripheral anionic site (PAS) of the gorge [201].

Organophosphorus (OP) nerve agents irreversibly inhibit AChE through covalent

binding to the catalytic serine. The recent attack against the Russian journalist

Skripal in Salisbury [202], along with other attacks [203][204] shows the employment

of these chemicals as warfare weapons, although the use of OPs is internationally

banned [205]. However, given their widespread use in agriculture, people are more

frequently poisoned by OP pesticides leading to an alarming increase of pesticides-

related deaths [206]. OP severe effects are due to the covalent phosphoester conju-

gate that they form with the catalytic Ser203, resulting in the enzyme inactivation
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and, as a consequence, in death through respiratory paralysis [207]. Generally the

structure of OPs is a phosphate ester bound to two alkyl chains and a leaving group,

that is removed after the conjugation (Figure 4.1A). Furthermore, over time, the

inhibited enzyme can undergo to dealkylation of the conjugate and become com-

pletely resistant towards reactivation: this process is called aging [208][209].

(A)

(B)

Figure 4.1: AChE inhibition and reactivation mechanisms. (A) The phosphorus atom of the OP
binds the oxygen atom of the catalytic serine with loss of the leaving group and formation of the

O-P bond between the enzyme and the inhibitor. (B) The oxime-based reactivator cleaves the
covalent bond between OP and AChE through nucleophilic attack, releasing the catalytic serine.

In the example paraoxon is the OP and HI-6 the reactivator.

The enzyme activity can be restored through administration of strong nucle-

ophilic agents such as oximes, called reactivators, that break the strong phosphorus-

oxygen bond between the OP and the Ser203 (Figure 4.1B) [210]. In the last

decades, several AChE reactivators have been synthesized by many groups worldwide

[211][212]. Generally, the quaternization of the pyridine nitrogen atom is essential

for the reactivator efficacy, together with the position and amount of oxime groups

[213]. However, none of the known oxime reactivator is effective against all OPs,

due to the broad structural variability of these compounds [207]. Therefore, the de-

velopment of new AChE reactivators able to remove any OP type remains an open

challenge.

4.2 Aim

A promising approach is to increase the nucleophilicity of the oxime group

through lowering the pKa of the molecule. To this end, the inclusion of a metal
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ion, in particular of the zinc ion, can increase the nucleophilicity of the oxime as

well as the Lewis acidity of the zinc ion, and efficiently break the covalent bond

between the enzyme and the inhibitor. Such an approach was proposed for the first

time by Bolton and Beckett in 1964 [214] and later again by Breslow [215][216],

where their findings suggested that the oximate ion and the zinc Lewis acid actions

can be synergistic.

(A) Compound 1 (B) Compound 2

(C) Compound 3

Figure 4.2: First serie of mononuclear zinc-containing reactivators proposed by Konidaris et al.
[217]. The zinc ion is in tetrahedral geometry, coordinated by two nitrogen atoms of the

pyridyloxime ligands in all compounds, and (A) by two Cl− in compound 1, (B) two Br− in
compound 2 and (C) two oxygen atoms of the acetate ions in compound 3. Coordination bond is

represented with a dotted line.

Following these findings, Konidaris et al. proposed zinc-pyridyloxime complexes

[217] with either one (Figure 4.2) or two metal centers. These compounds were tested

on paraoxon inhibited TcAChE and they showed an enzyme reactivation rate up to

28.3%, which was still lower than the obidoxime’s (i.e. 72.4%) (Table 4.1).

Reactivation %

Reactivator 1 nM 0.5 nM 0.1 nM

Compound 1 28.3 15.4 5.4
Compound 2 12.0 6.1 1.5
Compound 3 8.8 4.7 0.2
Compound 4 0.2 0.3 0.0
Obidoxime 72.4 70.6 57.3

Table 4.1: Reactivation potency (%) for paraoxon-inhibited AChE of mononuclear compounds
(Compounds 1, 2, 3) and binuclear compound (Compound 4), compared with obidoxime, at

different concentrations [217].

According to the authors, the poor reactivation potency might be due a to a dis-

tant orientation of the oximate towards the P–O bond. Although the modest results,
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the metal-containing compounds retained their integrity in solution and the effec-

tiveness of some ligands was found incosequential [217]. For this reason, Konidaris

and colleagues synthesised a new series of zinc-containing reactivators (Figure 4.3),

here called K-series, for which activity tests are currently ongoing. Nonetheless,

some preliminary results showed a very similar reactivation rate, around 28-30%

(data not shown).

(A) K1 (B) K2 (C) K3

(D) K4 (E) K5 (F) K7

(G) K8 (H) K9 (I) K10

Figure 4.3: K-series of AChE zinc-reactivators. The 3D structures were solved by X-ray. The zinc
ion (purple sphere) is in octahedral geometry, with the exception of K5 where it is in square-base

pyramidal geometry. The coordination bond is represented as a yellow dotted line.

With the aim of better exploring the role of the zinc ion in AChE reactiva-

tors and to rationalise the modest activities of these compounds, we investigated

both the electronic features of the reactivators and the structural insights of the

ternary complex (i.e. AChE, inhibitor, reactivator). First, a quantum mechanical
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(QM) study was performed to quantify the increasing of nucleophilicity of the oxime

group. Then, the dynamical behaviour of the enzyme was explored through molec-

ular dynamics (MD) simulations. This last point is of particular interest given the

well-known AChE “breathing” that influences the substrate binding [218][219][220].

For time’s sake, only one compound was tested with MD simulation, that is K2, as

an exemplification of all the others. To avoid any bias during the modelling proce-

dure and to verify the reliability of the method, the entire study was performed also

on the co-crystallized reactivator HI-6 (see Supplementary Information section).

4.3 Methods

4.3.1 QM calculations

The key step for the reactivation mechanism is the nucleophilic attack of the

oxyme oxygen to the phosphorus atom of the OP [210]. Nucleophilicity is the abil-

ity of a species to react at an electron-deficient center and it is influenced by charge,

electronegativity, solvent and steric hindrance. The addition of a zinc ion into

oxyme-containing molecule is supposed to increase the nucleophilicity and, as a con-

sequence, the potency of the reactivators. To verify this hypothesis, partial charge

calculations of the oxyme oxygen atom were performed using both semi-empirical

and density functional theory (DFT) calculation.

The semi-empirical program MOPAC2016 (Version: 20.015W) [175] was used with

two different Hamiltonians: PM6-DH2 [221] and PM7 [222]. PM6-DH2 has improved

and transferable H-bonding correction, which are present in some of K-series ligands,

while PM7 has an improved parametrization for metal ions. Dielectric constant of 80

was set using the COSMO method for implicit solvent [223]. The DFT calculations

were performed using Gaussian16 (Revison: A.03) [224], with the hybrid functional

B3LYP [225], which is frequently used in presence of zinc ion [226][227][228][229],

and two basis sets: a double ζ split valance 6-31G(d) and a triple ζ split valance

6-311G(d), both with polarization on heavy atoms. Grimme’s GD3 correction of dis-

persion [230] was included, as well as Polarizable Continuum Model for the implicit

solvent [231]. Electrostatic potential (ESP) charges [232] for DFT and net charges

for semi-empirical calculation are reported. The K-series molecules were obtained

through X-ray diffraction by Konidaris and colleagues, while the structures of the

known reactivators used for comparison (i.e. 2-PAM, HI-6, obidoxime and trime-
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doxime) were first optimized with molecular mechanics (MM) using CGenFF as

force field [110].

4.3.2 Docking studies

Molecular docking was used to generate the ternary complex. Human AChE

inhibited by paraoxon (which is the same inhibitor used in the K-series activity as-

says) and complexed with the reactivator HI-6 was chosen (PDB Id: 5HF9 [233]).

The choice of such a structure was driven by the type of inhibitor and reactiva-

tor in complex with the enzyme, and by the quality of the resolution (i.e. 2.20

Å). However, the complex was obtained through soaking, which consists in the im-

mersion of protein crystals into a solution containing the ligand, which eventually

diffuses into protein cavities [234]. During soaking the crystal lattice could hinder

conformational changes of the protein upon ligand binding [235][236], preventing

ligand-induced conformational changes. Perhaps, it is no coincidence that in the

majority of AChE crystal structures the oxime moiety of the reactivator is often

placed relatively far from the catalytic serine (around 5-7 Å) [237][238][239][240].

Furthermore, the steric hindrance of the K-series compounds represents a challenge

during classical rigid protein-flexible ligand docking. For these two reasons, an al-

ternative docking protocol, combined with MD simulation, was designed.

First, missing residues of the crystal structure were manually added. The protona-

tion state of the aminoacidic residues, histidine tautomers and asparagine/glutamine

flipping were checked by H++ server [241], considering physiological pH of 7.4. Fur-

thermore, Driant et al. [242] highlighted the importance of the protonation state of

the active site residues to lower the energy barriers during the reactivation process.

According to these findings, His447, belonging to the catalytic triad, was considered

as protonated, Glu202, located near His447 (3-4 Å), was represented in its neutral

form and the reactivator with the oximate group instead of oxime.

The reactivator was docked into AChE by GOLD [243] using the ChemPLP scoring

function [244] and considering, as a binding site, a sphere centered on the paraoxon

phosphorus atom with a radius of 18 Å, thus including all the residues of the gorge.

Flexible docking was used, considering the side chains of Tyr72, Tyr124, Trp286,

Phe295, Phe297, Phe338 and Tyr341 as flexible (Figure 4.4). Genetic algorithm

(GA) parameters were set to 100 GA runs and a minimum of 100000 operations.

Furthermore, the ligand QM charges computed with DFT B3LYP/6-311G(d) where

used for docking. Although the combination of such an accurate method with dock-
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ing can seem odd, the partial charges of ligands affect the performance of the scoring

function [245], in particular considering also the presence of a metal ion. The best

pose were chosen according to the best docking score.

Figure 4.4: Binding pocket with residues considered as flexible during docking (represented in
stick). The OP bound to Ser203 is also highlighted (ball and stick).

After the MD simulation (see below), the frame with the lowest potential energy

was extracted and used for a new docking calculation. This second docking was

performed following the settings described above, but considering the protein as

rigid. This procedure resemble the induced-fit docking [56] and allows overcoming

the limitations of steric hindrance and soaking crystallization.

4.3.3 MD simulations

The resulting complex was then solvated into a box of TIP3P water molecules,

counter ions (Na+ and Cl−) were added to neutralize the system and to reach the

ionic concentration of 0.15 M and PBC with PME were used. The protein, glyco-

sidic adducts (i.e. N-acetyl-D-glucosamine and alpha-L-fucose) and paraoxon were

parametrized with ff14SB, GLYCAM 06j and GAFF force fields respectively. The

organic portion of the K-series ligands was treated with GAFF, while the interac-

tions with the zinc ion were handled by the 12-6-4 model from Li-Merz et al. [115].

As a matter of fact, the classic non-bonded model struggled to maintain the in-

tegrity of the ligand during the simulations, whereas the 12-6-4 non-bonded model,
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that is parametrized considering the octahedral geometry of the zinc ion, was able

to preserve the ligand original structure. The system underwent to a three steps en-

ergy minimization using Amber18 [246]: first only hydrogen atoms were optimized,

then water molecules and finally side chains. A heating phase of 10 ps followed

the minimization, increasing the temperature from 0 to 300 K (using the Langevin

thermostat) and applying position restraints on the α carbon atoms. SHAKE algo-

rithm [99] was applied with a time step of 2 fs. The equilibration was conducted

in the NPT ensemble (using the Berendsen barostat and maintaining the pressure

at 1 atm) with position restraints on Cα for 50 ps, and then for 70 ps decreasing

the weight of the restraints. The last step of equilibration was performed using the

NVT ensemble and letting the protein free to move.

The production runs were conducted using the NVT ensemble, and forcing the lig-

and inside the binding site though distance restraints of 20 kcal/mol·Å between the

oximate oxygen and the paraoxon phosphorus atoms, with an equilibrium distance

of 2.00 Å, for 50 ns. Then, the simulation was run for 200 ns without restraints in

order relax the system adapting it to the new position of the ligand.

The new docking pose (see above) was then used as a starting structure for further

MD simulations, using the same procedure illustrated before (i.e. minimization,

heating, equilibration and production). This last production run was 600 ns long,

and it was performed twice, with an overall simulation time of 1.2 µs.

4.3.4 MM-GBSA free energy calculations

As a final step, binding free energy was computed using the MM-GBSA methods

[127]. The Python program MM-PBSA.py [247] implemented in Amber18 was used,

considering an external dielectric constant of 78.3, and an ionic concentration of 0.15

M. Generalized Born (GB) mbondi2 model was applied [248] with a surface tension

value of 0.0072 kcal/mol/A2 and a maximum distance between atom pairs of 25.0

Å. The calculation was performed for all the MD frame (30000 frame in 600 ns), for

both the replica and the average value (kcal/mol) was returned.
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4.4 Results

4.4.1 Nucleophilicity analysis

To quantify the influence of the zinc ion on the partial charge of the oxygen

atom of the oxime of reactivators, that is responsible for the nucleophilic attack,

QM methods were applied. In detail, both semi-empirical and DFT calculations

were performed. Two Hamiltonians were used for the semi-empirical calculation:

PM6 with a correction for the hydrogen bonding (which are present in K2, K3, K4,

K9 and K10) and PM7, that is the newest version of the PM Hamiltonians. In the

DFT calculation the hybrid functional B3LYP and two different basis-set were used:

a double ζ split valance 6-31G(d), and a triple ζ split valance 6-311G(d).

Although some successful examples are available [249], generally semi-empirical

method struggle to generate accurate results when metal ions are involved in the

calculation [250]. A recent study reported optimized molecular geometries and elec-

tronic properties calculated by the PM6 method of 91.2 million molecules catalogued

in PubChem [251]. Geometries of zinc ion-containing compounds were correctly pre-

dicted only in the 65.2% of the instances, while other elements like phosphorous or

sulfur were predicted correctly in the 90.9% and 97.8% of the instances respectively.

Therefore DFT methods were also applied and differences were found between the

double and the triple ζ split valance basis set.

In Table 4.2 the partial charges of oxime oxygen atoms are reported. Confronting

some of the most popular reactivators and the K-series, with both semi-empirical

and DFT methods, the mean partial charge of the oxygen atom increase in presence

of the zinc ion. It’s worth noticing that, in K-series ligands, the increase of accu-

racy of the QM method leads to an increase of the negative charge on the oxygen

atom as well; while considering the organic known reactivators smaller differences

are reported. This is a further proof the of need of high level methods when metal

ions are involved in the calculation.
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Semi-empirical DFT (B3LYP)

Reactivator PM6-DH2 PM7 6-31G(d) 6-311G(d)

2-PAM -0.355 -0.315 -0.382 -0.415

HI-6 -0.338 -0.301 -0.361 -0.392

Obidoxime -0.349 -0.316 -0.358 -0.388

Trimedoxime -0.356 -0.321 -0.365 -0.395

K1 -0.380 -0.381 -0.547 -0.629

K2 -0.362 -0.303 -0.513 -0.594

K3 -0.358 -0.290 -0.549 -0.629

K4 -0.391 -0.359 -0.515 -0.578

K5 -0.406 -0.403 -0.479 -0.539

K7 -0.342 -0.307 -0.526 -0.588

K8 -0.387 -0.324 -0.504 -0.548

K9 -0.395 -0.344 -0.565 -0.628

K10 -0.423 -0.374 -0.569 -0.628

Known reactivators

mean

-0.350 -0.313 -0.367 -0.398

K-series reactivators

mean

-0.383 -0.343 -0.530 -0.596

Table 4.2: Oxime oxygen partial charges of the K-series and four known reactivators. Partial
charges were computed using both semi-empirical and DFT methods. PM6-DH2 and PM7

Hamiltonians were used in the semi-empirical calculation, while the hybrid functional B3LYP was
chosen for the DFT calculation using both a double and a triple ζ split valance basis set. The
mean value of oxime oxygen atoms is reported when more than one oxime group is present. In

the lower panel the mean values of the known reactivators and the K-series are reported for each
method.

As expected, the farther the oxime moiety from the zinc ion, the less negative the

oxygen atom (i.e. K5 with -0.539 using DFT B3LYP/6-311G(d)). This evidences

suggest that the inclusion of the zinc ion can facilitate the nucleophilic attack of the

reactivators through increasing of the electron density.

4.4.2 Generation of the ternary complex

To generate the ternary complex, K2 was docked into the binding site of AChE,

as described in the Methods section. Given the K2 large size, flexible docking

procedure was chosen. The side chains of seven bulky residues located at the mid
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gorge (Phe295, Phe297, Tyr338, Tyr341), at the PAS (Tyr72, Tyr286) and at the

CAS (Tyr124) were free to rotate [252]. The docking procedure was previously

tested by redocking on nine covalently inhibited AChE structures in complex with

reactivators, obtaining an average RMSD of 2.45 Å (Table S4.1). HI-6 was docked in

a similar conformation, compared to the crystal structure (Figure S4.1). However,

such a docking procedure was not able to place K2 near the bottom of the binding

pocket, but on the contrary the ligand remained at the entrance of the gorge, with

a distance between the oximate group and the OP of 10.6 Å (Figure 4.5).

Figure 4.5: Docking pose of K2 (in green) obtained by flexible docking. K2 steric hindrance and
the bulky residues at the mid gorge prevented the approach of the reactivator to the OP. The

distance of 10.6 Å between K2 and paraoxon (in ball and stick) is highlighted as a yellow dotted
line. The zinc ion is represented as a silver sphere.

Therefore, an alternative docking protocol was designed: the docking complex

underwent an MD simulation, the frame with the lowest potential energy was ex-

tracted, and that protein structure was used for a new docking calculation (see

below). This approach, which resembles induced-fit docking, allows considering the

flexibility of the protein and the influence that the ligand exerts on protein con-

formation. Protein flexibility is of particular importance in AChE given the gorge

“breathing” that facilitates the pass-through of the substrate and inhibitors [220].

The complex obtained from docking (Figure 4.5) underwent to an MD simulation

in which the reactivator was moved closer to Ser203 with distance restraints for 50

ns, then the system was left free to move for 200 ns to let the enzyme adapt to the

new conformation.
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Figure 4.6A shows the RMSD of the protein backbone along the trajectory which,

after a first phase of adjustment, reached convergence fluctuating no more than 1

Å. Thus, forcing of K2 along the gorge did not impair the protein folding. Figure

4.6B refers to K2 RMSD along the trajectory, as seen for the backbone, also the

reactivator reached stability. The distance between the center of mass of K2 and

paraoxon was monitored (Figure 4.6C) highlighting that after 50 ns, K2 moved

away from the OP, assessing at a distance between 8 and 10 Å. The frame with the

lowest potential energy was extracted for the next step of docking (Figure 4.6D). A

comparable result was obtained with HI-6, with major fluctuation of HI-6 compared

to K2, probably due to its higher flexibility (Figure S4.2).

(A)

(B)

(C)

(D)

Figure 4.6: Results from K2 MD simulation. Distance restraints were used for 50 ns to force K2
entrance into the binding site, then the system was left free to move for 200 ns. (A) Protein

backbone and (B) K2 RMSD fluctuation (Å) along the trajectory are reported, as well as (C) the
distance (Å) between K2 and the OP. Panel (D) shows the frame chosen for the new docking run.
K2 is coloured in green, the OP is represented in ball and stick, the zinc ion is represented as a

silver sphere, and the bulky residues of the gorge are shown.

Water molecules, counter ions and the reactivator were removed from the system,
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and a second docking calculation was performed using the new protein structure.

The second docking was performed with rigid protein, as the structure was supposed

to enlarge during the MD. This time, K2 was placed at the CAS (Figure 4.7), as

well as HI-6 (Figure S4.3).

Figure 4.7: Docking pose of K2 (in green) obtained using the MD-derived structure of AChE.
The reactivator interacts with Trp86 via π-π stacking interaction, at the bottom of the gorge,
near the OP. Paraoxon is represented in ball and stick, while the zinc ion as a silver sphere.

The volume of the gorge cavity expanded during the trajectory leading K2 to

settle at the bottom of the binding pocket, and eliciting both π-π stacking and π-

cation interactions with Trp86. These interactions were also present in HI-6 docking

pose, differently from the crystal structure in which this interaction is missing and

HI-6 binds above the CAS. Actually, in all the available crystal structures, none

of the reactivators seems to bind in an active conformation, remaining quite far

from the OP (5-7 Å) [237][238][239][240]. On the contrary, HI-6 docking pose seems

much more favourable for the reaction with the inhibitor. This difference could be

explained by the soaking crystallization procedure, which could hinder the ligand-

induced rearrangement of the protein, preventing the descent of the ligand into the

gorge. Furthermore, evidences of Trp86 importance are widely reported in literature

[253][254][255][256][257][258][259].

72



4.4.3 MD simulation analysis

To evaluate the stability of the ternary complex, the system underwent to a

further 600 ns long MD simulation (with two replica). Backbone and K2 RMSD

along the trajectory suggest that the convergence were reached in both the replica

(Figure 4.8A-B). Nonetheless, K2-OP distance fluctuated through the trajectory: in

the first replica, after almost 150 ns, K2 moved towards the upper portion of the

gorge; while in the second replica it remained stable at the CAS (Figure 4.8C). A

similar RMSD profile was obtained for HI-6 (Figure S4.4A-B), while the fluctuation

of HI-6-OP distance (Figure S4.4C) is slightly different with a higher number of

HI-6 approaches to paraoxon, compared to K2. This difference can be related to

the difficulty of K2 to move along the gorge because of its steric hindrance whereas

HI-6, which has an elongated shape, can easily diffuse along the binding site.
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(A)

(B)

(C)

(D)

Figure 4.8: Results from K2 MD simulation. Black lines refer to the first run, while red lines
refer to the second run (overall time: 1.2 µs). (A) Protein backbone and (B) K2 RMSD

fluctuation (Å) along the trajectory are reported, as well as (C) the distance (Å) between K2 and
the OP. Panel (D) shows a representative AChE-K2 complex extracted from the 600 ns MD: K2
is coloured in green, the OP is represented with ball and stick, the zinc ion is reported as a silver

sphere. The distance between OP and the oxime is highlighted as a yellow dotted line (6.1 Å).

The trajectories were clustered based on the reactivator RMSD value, with a

cut-off of 1 Å. Figure 4.8D shows the representative K2 conformation. As seen

before, the interaction with Trp86 is still present, as well as H-bond with Tyr337

and Ser125.

HI-6 trajectories were clustered as well, and the representative conformation is shown

in Figure S4.4D. The binding mode differs from the one of the crystal structure: π-π

stacking and π-cation interactions were elicited with Trp86 and Tyr72, while Tyr337

established a H-bond interaction with the oximate group. Moreover, the HI-6-OP

distance is 6.0 Å, which is shorter than the one of the crystal structure (9.7 Å).
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4.4.4 Binding free energy

The K2-OP distance profile of the first replica and the interaction that K2 elicited

with the binding site, suggest that the poor activity of K2 is due to its steric hin-

drance. Therefore, MM-GBSA free energy calculation was performed to asses the

binding free energy of K2, compared to HI-6. The calculation was performed on all

the frames of both the trajectories, and the average ∆G values of each trajectory

are reported in Table 4.3.

∆G replica 1
(kcal/mol)

∆G replica 2
(kcal/mol)

HI-6 -29.26 ± 4.22 -29.10 ± 3.40
K2 -14.03 ± 4.86 -15.83 ± 4.41

Table 4.3: MM-GBSA free energy calculation results. Energy values are reported in kcal/mol.
The ∆G refers to the mean energy value of all the frames of the trajectories, which is composed

by hydrophobic and electrostatic contribution calculated with both MM and GB methods.
Values for both the replica (replica 1 and replica 2) are reported.

HI-6 and K2 binding energies differ by almost 14 kcal/mol. MD simulation

results suggest a propensity of K2 to bind at the CAS, where it can elicit several

interactions (see above). However the free energy calculation results highlight a

weaker binding of K2 compared to HI-6. This is in according to preliminary activity

data and it could explain the displacement of K2 from the CAS after almost 150 ns

of the replica 1 production.

In Figure 4.9 the binding free energy trend for both the replica is reported (in

black), together with the distance between K2 and paraoxon (in green). In replica 1

(Figure 4.9A) the increase of K2-OP distance after almost 150 ns was associated with

a reduction of the binding energy that remained stable until the end of the trajectory.

While in replica 2 (Figure 4.9B) decreasing of the K2-OP distance corresponded to

a decrease of the binding energy as well.
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(A) (B)

Figure 4.9: Comparison between K2 binding free energy and K2-OP distance along the MD
trajectories. Results for (A) replica 1 and (B) replica 2 are reported. Black lines indicate the
binding free energy and its values refer to the left y-axis (∆G (kcal/mol)), while green lines

indicate the K2-OP distance and its values refer to the right y-axis (Distance (Å)).

Although in replica 1 K2 stabilized at 11 Å away from the OP, the lowest values

of energy were reached in replica 2, where K2 was placed closer to paraoxon. This

suggest that K2 binding to AChE is energetically favourite in proximity of paraoxon

(i.e. at the CAS), however it can also stabilised away from the OP (i.e. at the PAS).

4.5 Discussion

The key role of AChE reactivators is to unbind the OP from the catalytic Ser203,

by nucleophilic attack on the phosphorus atom of the inhibitor [213]. Therefore,

nucleophilicity is an essential factor for new reactivators design. The most popular

functional group found in AChE reactivators is the oxime [211], nonetheless different

strategies have been proposed to further increase the nucleophilicity of such a group,

like including metal ions [214][215]. A new series of zinc-containing ligands (K-series)

designed by Konidaris and colleagues are presented, with a moderate reactivation

capacity (i.e. ∼30%).

Partial charge on the oxime oxygen atom has been computed as representative of

nucleophilicity. Compared with other known reactivators, the K-series ligands seem

to have increased nucleophilicity, thanks to the zinc ion. The fact that the lower

partial charge found in K-series ligands belonged to K5, which is the compound

where the oxime group is farthest from the metal ion (Figure 4.3), further confirms

the role that the zinc ion plays in nucleophilicity. Partial charges were computed
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by both semi-empirical and DFT methods. The former was unable to find differ-

ences between know reactivator and metal-containing K-series ligands (the average

difference between the partial charges of the two types of reactivators was 0.03). On

the contrary, DFT has proven to be more efficient in finding the difference derived

from the insertion of zinc ion (0.163 and 0.198 with double and triple ζ split valance

basis set respectively, Table 4.2), and these results highlighted the need for high

level methods when metal ions are involved.

A combination of molecular docking and MD simulation was used to generate

the AChE-OP-reactivator complex. Difficulties arising from the crystallization pro-

cedure (i.e. soaking), the bulky shape of the ligand and the conformational change

of the enzyme (i.e. “breathing”) required the development of an alternative docking

protocol. K2 was first docked into the binding pocket, then it was forced to enter

the bottom of the gorge by MD simulation, and finally it was re-docked into the

protein structure derived from the MD. This approach allowed AChE to adapt to

the ligand and to modify the binding site conformation. Although forcing the ligand

inside the binding pocket could seem a harsh choice, the RMSD of protein backbone

during the 200 ns production testifies that no denaturation occurred (Figure 4.6).

This procedure has the same rational of the induced-fit docking, but it allows a more

extensive rearrangement of the binding site [260].

A long MD simulation was performed (1.2 µs overall) on both HI-6 and K2. Inter-

estingly, HI-6 arranged differently compared to the crystal structure [233] (Figure

S4.4D), in a way that seems much more incline to react with the OP (HI-6-OP dis-

tance of 6.0 Å). Both K2 and HI-6 located at the bottom of the gorge, interacting

with different aromatic residues (i.e. Tyr72, Trp86 and Tyr337), suggesting the im-

portant role of π-π and cation-π interactions. The choice of the correct parameters

to treat the zinc ion interactions in K2 was essential to maintain the integrity of the

ligand. Li-Merz 12-6-4 non-bonded model for divalent metal ions [115] was chosen

to model K2, for its parameters tuned for the octahedral geometry.

Binding free energy between AChE and the reactivators was computed using the

MM-GBSA method, showing that K2 binds to the enzyme much weaker than HI-6

(Table 4.3). However, it is worth noticing that the binding was more favourite in

replica 2, where K2 was located at the CAS, compared to replica 1; so the question

arises as to what is the reason of the relocation of K2 to the top of the gorge. One

possible explanation is that such a movement was caused by the steric hindrance of

the K2, which overcame the energy of the other interactions.
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4.6 Conclusions

This study investigated the reasons for the modest reactivation activity of the

K-series ligand. The results suggest that this is not due to a lack of neither nu-

cleophilicity nor interactions, but to the steric hindrance of K2 which prevents the

reactivator from remaining at the bottom of the gorge long enough to exploit its

function. The insertion of the zinc ion and the presence of aromatic group carrying

quaternary nitrogen seems to be functional, although a more elongated shape should

be considered. In addition to these findings, this work highlights the importance of

combining various methods, with different accuracy levels as well, into one workflow.

Such an approach allows to perform a complete analysis of the problem, revealing

multiple aspects of the same system. Finally, the method proposed here can be

applied for the design of new AChE reactivators and, in general, of zinc-containing

compounds.
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4.7 Supplementary Information

PDB Id Resolution (Å) Species RMSD (Å)

2WG1 [238] 2.21 Torpedo Californica 3.61
2WHP [237] 2.21 Mus musculus 1.75
2WHQ [237] 2.15 Mus musculus 3.98
5DTJ [261] 2.71 Mus musculus 1.55
5HF9 [233] 2.21 Human 2.52
5HFA [233] 2.22 Human 4.06
6CQW [239] 2.27 Human 1.98
6O5S [240] 2.81 Human 3.36
6O66 [240] 2.45 Human 0.89

Table S4.1: RMSD values (Å) of different AChE species obtained by reactivators redocking. All
the AChE structures are covalently inhibited by OPs. Resolution values (Å) are also reported.

Figure S4.1: Superimposition between HI-6 in the crystal structure (in light blue) and in the
docking pose obtained by flexible docking (in purple). The distance between docked HI-6 oximate

and paraoxon (in ball and stick) is highlighted as a yellow dotted line. In the crystal structure
(PDB Id: 5HF9 [233]) such a distance is 9.7 Å, while in the docking pose is 7.9 Å.
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(A)

(B)

(C)

(D)

Figure S4.2: Results from HI-6 MD simulation. Distance restraints were used for 50 ns to force
HI-6 entrance into the binding site, then the system was left free to move for 200 ns. (A) Protein
backbone and (B) HI-6 RMSD fluctuation (Å) along the trajectory are reported, (C) as well as

the distance (Å) between HI-6 and the OP. Panel (D) shows the frame chosen for the new
docking run. HI-6 is coloured in purple, the OP is represented in ball and stick and the bulky

residues of the gorge are shown. The main interactions between HI-6 and AChE are hydrophobic,
with a clear π-π sandwich with Tyr72 and Trp286.
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Figure S4.3: HI-6 docking pose (in purple) obtained by rigid docking, starting with the
MD-derived structure of AChE. Trp86 (in stick) elicits both π - π and π - cation interaction with

HI-6 pyridinium ring. Paraoxon is represented in ball and stick.
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(A)

(B)

(C)

(D)

Figure S4.4: Results from HI-6 MD simulation. Black lines refer to the first run, while red lines
refer to the second run (overall time: 1.2 µs). (A) Protein backbone and (B) HI-6 RMSD

fluctuation (Å) along the trajectory are reported, as well as (C) the distance (Å) between the
HI-6 and the OP. Panel (D) shows a representative AChE-HI-6 complex extracted from the 600

ns MD: HI-6 is coloured in purple, the OP is represented with ball and stick. The O-P distance is
highlighted as a yellow dotted line.

82



Chapter 5

Validation of CN1 pharmacophore

and discovery of new putative

inhibitors through a combined

approach

5.1 Carnosine and CN1

Carnosine (β-alanyl-L-histidine) is an endogenous peptide mostly present in

skeletal muscle of humans, which has risen lot of interests in the scientific community

owing to its properties such as metal chelation [262], buffering [263] and detoxifica-

tion of reactive oxygen [264] and carbonyl species [265]. In the past decade, several

studies have been carried out to evaluate the pharmacological properties of carnosine

in animal models of human diseases [266]. Atherosclerosis [267][268], diabetes [269],

metabolic syndrome [270][271] and neurological disorders [272] are few examples of

animal models where carnosine have been tested resulting in an overall consensus

around the benefits of carnosine intake for the prevention or mitigation of oxidative

stress-based diseases. Nevertheless, in humans, carnosine has limited activity since

the peptide is rapidly hydrolyzed upon absorption [265]. Two enzymes, namely

human carnosinase (i.e. CN1; E.C. 3.4.13.20) and cytosolic nonspecific dipeptidase

(i.e. CN2; EC. 3.4.13.18) are the main responsible for such a metabolism [273].

CN1, which is a homodimeric zinc-dependent metalloprotease belonging to the M20

83



family, is mostly produced in the brain and through the cerebrospinal fluid reaches

the blood, where is the main responsible for overall hydrolysis of carnosine absorbed

by diet [274]. Individual carnosinase activity can be quite different in humans due

to polymorphisms occurring on CN1 gene (CNDP1) [275]. Interestingly, it has been

reported that subjects with a low carnosinase activity due to specific CN1 polymor-

phisms have also a lower onset of diabetic nephropathy. To explain this phenomenon,

it has been speculated that the less carnosine is hydrolyzed the more it is excreted

by the kidney, where it can accumulate and protect renal cells from the adverse

effect of high glucose levels [276].

Over the years, several pharmaceutical strategies were explored with the aim of en-

hancing carnosine benefits. The increase of stability towards CN1 degradation is

considered crucial since carnosine seems to exert a different activity in plasma, com-

pared to other body compartments [277]. One strategy was to design CN1-stable

analogs of carnosine by chemical modification of the structure (e.g. carnosinol) [278]

or by the simple inversion of the peptide chiral center (i.e. D-carnosine) [279]. Unfor-

tunately, the inversion of the chiral center underwent a negative impact on peptide

absorption, requiring the design of suitable prodrugs (i.e. D-carnosine octylester)

[268]. Alternative strategy of developing CN1 inhibitors have been reported with

the successful discovery of carnostatine [280] and salicyl-carnosine [281].

5.2 Aim

The lack of CN1 inhibitors and of experimental binding data makes difficult to

design new molecules able to block CN1 activity. However, several studies have been

made on hydrolytic rate of carnosine and its derivatives [282][283][276][280][284][285]

[286]. Rationalization of these experimental results can help to propose an interac-

tion model and to generate a pharmacophore hypothesis that could be applied for

the design of novel inhibitors. This work is divided into two main parts: (1) the

molecular interpretation of the serum hydrolytic rate of histidine dipeptides and (2)

the screening of different datasets to identify putative inhibitors. (1) In the first

part, serum hydrolytic rates reported in Table 5.1 were used as reference.
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Serum hydrolytic rate (nmol/h · µL)

Carnosine 1.328 ± 0.081

Anserine 0.495 ± 0.036

Balenine 0.050 ± 0.001

Homocarnosine 0.017 ± 0.001

Table 5.1: Serum hydrolytic rate of natural histidine dipeptides. Three measures were performed
at 50 µM concentration [52].

The four dipeptides reported in Figure 5.1 were first docked into CN1, then DFT

single point energy calculations were performed on a sub-system of the complex, to

quantify the binding affinity.

(A) (B)

(C) (D)

Figure 5.1: Structure of histidine dipetides. (A) carnosine, (B) anserine, (C) balenine, (D)
homocarnosine. Carnosine and homocarnosine are represented in their δ tautomer.

(2) In the second part of the work, five different datasets containing overall 11214

molecules where screened by docking on CN1. The best poses underwent to 100 ns

MD simulation, to assess the stability of the docking poses. Finally, binding free

energies were computed by MM-GBSA, to identify new hit compounds. Carnosine

and its derivatives were used as reference.
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5.3 Methods

5.3.1 Protein preparation

The crystal structure of human carnosinase was retrieved from Protein Data

Bank (PDB Id: 3DLJ), and it was co-crystallized with unknown atoms (probably

SO2−
4 , according to the electron density). Simulations were based on the chain A

which is resolved with better quality compared to chain B. Three missing portions

of the protein were added manually (i.e. residues 77-78, 208-209 and 437-438). The

protonation state of protein residues at physiologic pH, the tautomer of histidine

residues and the Ans/Gln flipping were checked using the H++ server [241]. From

this analysis and the previous work of Pavlin et al. [93], we considered Glu173 as

neutral. In order to avoid the binding pocket closure, we added SO2−
4 within the

binding pocket according to the electron density and following the geometrical ori-

entation found in other crystal structures of bi-zinc hydrolases (e.g. carbapenamase

PDB Id: 3F9O [287], β-lactamase PDB Id: 1JT1 [288]). The structure was then

solvated in a cubic box of TIP3P water molecules, and counter ions (Na+ and Cl−)

were added to neutralize the system, reaching an ionic concentration of 0.15 M. The

resulting system was then optimized by a three steps minimization, using Amber18

[246], involving first the hydrogen atoms, then the water molecules and finally the

side chains, keeping harmonic restraints in the Cα of the protein. The ligand (i.e.

SO2−
4 ) was parametrized using antechamber with AM1-bcc charges and GAFF, the

protein using ff14SB and the zinc ions using the Li/Merz ion parameters of diva-

lent to tetravalent ions [24]. Furthermore, in order to stabilize the interaction with

the metal ions and their coordination geometry, distance restraints (30 Kcal/mol·Å)

between the ions and the coordinating atoms of the protein were applied (Figure

S7.1).

5.3.2 Molecular docking

The minimized structure of the protein was used for the docking study. Water

molecules and counter ions were removed, while the SO2−
4 ligand was replaced by a

hydroxyl ion, which is known to be implicated in the catalytic mechanism and it is

found in other M20 di-zinc peptidases (e.g. PDB Id: 5UEJ, 1CG2 [289], 2PFE, 2V8D
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[290]). The docking calculations of both carnosine and homocarnosine involved all

the tautomers (ε and δ). The binding pocket used for docking was chosen by selecting

a radius of 10 Å around the hydroxyl ion. Docking calculations were performed

using GOLD [65] by generating 100 poses per molecule, using the ChemPLP scoring

function and genetic algorithm (GA) parameters were set to 100 GA runs with a

minimum of 100000 operations. Docking poses were then optimized by following the

procedure described in Protein preparation section.

5.3.3 Cationic Dummy Atom MD simulation

After the minimization, the systems underwent to 100 ns MD simulation to asses

the stability of the ligand inside the binding pocket. The heating phase of 10 ps

followed the minimization, bringing the temperature up to 300 K (using the Langevin

thermostat) and keeping restraints on alpha carbon atoms. SHAKE algorithm [99]

was applied with a time step of 2 fs. The equilibration was conducted in the NPT

ensemble (using Berendsen barostat, keeping the pressure at 1 atm) with restraints

on the Cα for 50 ps, and then for 70 ps decreasing the weight of the restraints. A

last step of equilibration was performed using the NVT ensemble and letting the

protein free to move. PBC with PME were used. Production runs of 100 ns were

conducted using the NVT ensemble.

Special attention was paid in the treatment of zinc ion interactions. In the crystal

structure, both the zinc ions are in the tetrahedral geometry, each coordinated by

three residues and the unknown ligand (probably SO2−
4 , as mentioned before). It is

reasonable to assume that, similarly to other di-zinc hydrolases [291][292][123][122],

when the substrate (i.e. carnosine) binds to the catalytic pocket, one zinc ion

temporally changes its coordination number into five (or six), until the enzymatic

reaction is done. The classic non-bonded model is unable to describe such a complex

behaviour [112], therefore the cationic dummy atom model was chosen. The zinc ion

coordinated by His106, Asp139, Asp202 and the unknown ligand (here called ZN1)

was considered as tetrahedral, while the zinc ion coordinated by Asp139, Glu174,

His452 and the unknown ligand (here called ZN2) was considered with a trigonal

bipyramidal geometry in order to allow the binding of the ligand. Dummy atoms

on ZN1 were added using the parameters for tetrahedral zinc ion developed by

Pang [34], whereas dummy atoms on ZN2 were parametrized following Liao et al.

model [118] and adapting it to the trigonal bipyramidal geometry (Table S7.1). As

suggested in the original model, the histidine residues that coordinate the ions were
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considered deprotonated [293]. The final system is shown in Figure 5.2.

(A)

(B)

(C)

Figure 5.2: Cationic dummy atom model in the carnosinase system. (A) ZN1 and (B) ZN2 are
shown. The purple sphere is the zinc ion, while the gray spheres are the dummy atoms. In ZN2,
Da and De nomenclature is used to point at the axial and equatorial position respectively. (C)
All the coordination sites of ZN1 are occupied, while ZN2 has one free coordination site for the
ligand. A hydroxide ion is placed between the two zinc ions. Protein coordinating residues are

shown.

5.3.4 Single-point energy calculation

Given the presence of the metal ions, the binding affinity was evaluated by per-

forming a single point DFT calculation using Gaussian16 (Revison: A.03) [224] and

focusing on a small system representing the binding site and the ligand (Figure S7.2).

Polarizable Continuum Model was used to treat the implicit solvent [231]. B3LYP

hybrid functional [225] with 6-31G(d) basis set was used, as commonly applied for

calculations that involves zinc-enzymes [294][295][296].
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5.3.5 MM-GBSA free energy calculation

Binding free energy was computed using the MM-GBSA methods [127]. The

Python program MM-PBSA.py [247] implemented in Amber18 was used, consid-

ering an external dielectric constant of 78.3 and an ionic concentration of 0.15 M.

Generalized Born (GB) mbondi2 model was applied [248], with a surface tension

value of 0.0072 kcal/mol/A2, and a maximum distance between atom pairs of 25.0

Å. The calculation was performed for all the MD frame (5000 frame in 100 ns), and

the average value (kcal/mol) was returned.

5.4 Results

5.4.1 Molecular explanation of serum hydrolysis

rate

Computational studies have been addressed to explain the experimental results

reported in Table 5.1. Figure 5.3 compares the docking poses computed for carnosine

(in its ε tautomer), anserine, balenine and homocarnosine (in its ε tautomer) which

can be seen as representative of good, intermediate and poor CN1 substrates.
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(A) (B)

(C) (D)

Figure 5.3: Comparison between the putative binding mode of (A) carnosine ε, (B) anserine, (C)
balenine and (D) homocarnosine ε, coloured in cyan, green, yellow and purple respectively. The

zinc ions are represented as silver spheres, while the hydroxide ion in ball and stick.

Carnosine assumes a pose in line with previous studies in which the carboxylate

is engaged in a pivotal ion pair with Arg350 while the protonated amino group con-

tacts Asp139 and Asp202 [93][284]. As expected, the oxygen atom of the carbonyl

group is directed towards a zinc ion, while the NH group of the labile amide func-

tion approaches Ser423. Finally, the imadozole ring is inserted in a rather apolar

subpocket where the Nδ atom elicits an H-bond with the neutral Glu173. This last

interaction can explain the better interaction energy as computed for this tautomer

compared to δ tautomer (see Table 5.2).
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E (kcal/mol) Heavy Atoms Enorm (kcal/mol)

Carnosine ε -7281.01 16 -455.06

Carnosine δ -7280.97 16 -455.06

Anserine -7319.92 17 -430.58

Homocarnosine ε -7206.70 17 -423.92

Homocarnosine δ -7206.66 17 -423.92

Balenine -7054.38 17 -414.96

Table 5.2: DFT-based interaction energies computed by single-point calculation of the minimized
docking poses, using B3LYP/6-31G(d). Energy values normalized by the number of heavy atoms

are also reported.

Figure 5.3B reveals that anserine assumes a pose very similar to that of carnosine

apart from the imidazole ring, which exhibits a slightly shifted arrangement by which

it loses the above described H-bond with Glu173 and inserts the N-methyl group

into a hydrophobic niche lined by Leu387, Leu389 and Pro426. Figure 5.3C shows

the putative complex of balenine which elicits the expected contacts concerning the

charged termini and the labile amide, while the imidazole ring assumes a further

shifted arrangement by which it retains the H-bond with Glu173 but addresses the

N-methyl group towards the water molecules. Finally, the computed complexes for

both homocarnosine tautomers (Figure 5.3D) confirm the detrimental role played

by the modifications on the N-terminal residue since the extended γ amino butyric

acid residue is unable to stabilize most of the polar contacts which characterize the

carnosine complexes.

5.4.2 Identification of new hit compounds

Dataset collection. Table 5.3 reports the five databases used for the screening.
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Database Number of molecules

Known drugsa 5770

Hydroxyl dipeptides 11

Lactoyl amminoacids 14

Succinyl amminoacids 14

Natural compoundsb 5404

Table 5.3: Datasets used for the virtual screening campaigns. The number of molecules contained
in each dataset is reported. aThe known drugs dataset is an in-house built library of drugs

retrieved from DrugBank [297]. bThe natural compound library was retrieved from the ChemDiv
Natural-Product-Based Library (https://www.chemdiv.com/natural-product-based-library/).

Drug reporposing is a popular and effective strategy to find novel therapeutic

applications for old molecules [298][299][300][301]. For this reason, an in-house made

dataset of known-drugs (containing 5770 molecules extracted from DrugBank [297])

was included in the screening. The hydroxyl dipeptides dataset contains different

combination of histidine- and tryptophan-based dipeptides, with a hydroxyl group

in α position to the amide carbon, creating a new chiral center (Figure S7.3). This

choice was made to mimic the carnostatine (Figure S7.3A) [280] and, to an extent,

the intermediate of the hydrolytic reaction [93]. The datasets of lactoyl and succinyl

amminoacids contained a set of amminoacids (i.e. Asp, Ans, Cys, Gln, Glu, His,

Lys, Pro, Ser, Thr, Trp, Tyr, hydroxy-Lys and hydroxy-Pro) bound respectively

with a lactoyl- [302] and succinyl-moiety (Figure 5.4).

(A) (B)

Figure 5.4: Example of molecules contained in the (A) lactoyl and (B) succinyl amminoacid
library. Histine is used as an example. Lactoyl and succinyl moieties are highlighted in red.

As natural compounds have become more and more popular in drug discovery

[303][304], a natural compound library was also collected. The molecules (5404)

where retrieved from the Natural-Product-Based Library of ChemDiv

(https://www.chemdiv.com/natural-product-based-library/).

For every dataset, molecules where ionized according to physiological pH and mini-

mized using CGenFF force field [25] and the platform VEGA ZZ [174].

Dataset screening. The five datasets were docked into CN1 following the
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procedure described in the Methods section. In particular, two steps of screening

were performed: first a docking run with the generation of a single docking pose.

Then the top five molecules for each dataset were chosen according to the metal

interaction and the ChemPLP score normalized by the number of heavy atoms [305]

and docked again producing 100 poses. Table 5.4 reports the best complexes for

each dataset with the corresponding docking score.

Molecule ChemPLP/HA
(kcal/mol)

Dataset

N-hexanoyl-L-homoserine 3.35

Known drugs
N-2-Succinylarginine 2.38

N-Succinyl Methionine 2.47
N-2-Succinylornithine 2.92

N2-(Carboxyethyl)-L-Arginine 2.61

Hydroxy-carnosine-Trp 3.03

Hydroxyl
dipeptides

Hydroxy-His-Thr 3.23
Hydroxy-His-Asn 2.91
Hydroxy-His-Tyr 2.74

Hydroxy-His-3-hydroxy
tetrahydrofuran

2.87

Lactoyl-His 3.00

Lactoyl
amminoacids

Lactoyl-Asn 3.15
Lactoyl-Hydroxy-Lys 3.40

Lactoyl-Pro 2.96
Lactoyl-Tyr 2.86

Succinyl-His 2.84

Succinyl
amminoacids

Succinyl-Lys 3.28
Succinyl-Asn 3.07

Succinyl-Hydroxy-Lys 3.41
Succinyl-Tyr 2.98

Agaridoxin 3.09

Natural
compounds

Anguibactin 3.06
Bacilysin 3.05

1-[5-(hydroxymethyl)pyrrolidin-
3-yl]-3,3-dimethylurea

3.34

N-cyclopropyl-4-(pyridin-3-
yloxy)pyrrolidine-2-carboxamide

3.03

Table 5.4: Best molecules obtained from docking. Name, score and dataset are indicated for each
molecule. The docking score (ChemPLP) is normalized by the number of heavy atoms (HA).

Assessment of binding pose stability. These docking complexes underwent

to a 100 ns MD simulation, to asses the stability of the docking poses. MD simula-

tions were performed also on carnosine and its derivatives as comparison and control.
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RMSD fluctuations of carnosine and its derivatives assessed around 1 Å, while the

backbone’s around 2-4 Å with the exception of the homocarnosine complex (Figure

5.5A-B). In this last case, the backbone RMSD reached the value of 6 Å, suggesting

that the increase of the ligand dimension can affect the binding pocket morphology.

As seen in the docking poses (see above), Arg350 elicited crucial interaction with

the ligand. In Figure 5.5C the distance between Arg350 and the carboxyl moiety

of the ligand is reported. It worth noticing that carnosine and anserine maintained

a shorter distance to Arg350 compared to balenine and homocarnosine. Such an

interaction could be one of the reasons for the differences in the hydrolytic rate.

(A) (B)

(C)

Figure 5.5: Results from the MD simulation of carnosine and its derivatives. RMSD values (Å) of
the (A) protein backbone and of the (B) ligand along the trajectory. (C) Distance between

Arg350 and the carboxyl group of the ligand along the trajectory. Carnosine is reported in black,
anserine in red, balenine in blue and homocarnosine in green. Lines of every single value recorded

during the trajectory are reported in background, and smooth lines showing the trend are
reported in foreground.

After the production run, 16 molecules out of 25 maintained the coordination

with ZN2, within the binding site of the enzyme. In order to further filter the best

hit compounds, these 16 molecules underwent to a free energy calculation.

Evaluation of the free energy of binding. MM-GBSA was computed on

the 100 ns trajectories stripped every 5 frames (1000 frames overall), to reduce com-

putational time. The free energy of binding was calculated for the 16 molecules
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selected from the MD simulation, and for carnosine and its analogues as compar-

ison. Results are reported in Table 5.5. Free energy of binding of carnosine and

its analogues partially agree with the experimental results: homocarnosine seems to

bind the enzyme stronger than carnosine, which has also a similar binding energy

to anserine. MM-GBSA is not enough accurate to perceive the slight differences

between these molecules, so it is reasonable considering the mean value of the four

ligands (i.e. -46.06 kcal/mol) as a reference value to identify other binders.

Ligand Dataset ∆G

(kcal/mol)

Net

charge

∆G

norm

Carnosine -47.43 0 -47.43

Anserine -47.45 0 -47.45

Balenine -39.68 0 -39.68

Homocarnosine -49.69 0 -49.69

N-hexanoyl-L-homoserine

Known drugs

-63.55 -1 -42.37

N-2-Succinyl arginine -82.88 -1 -55.25

N-Succinyl methionine -81.70 -2 -40.85

N-2-Succinyl ornithine -57.06 -1 -38.04

Hydroxy-His-Thr Hydroxyl
dipeptides

-53.34 -1 -35.56

Hydroxy-His-3-hydroxy

tetrahydrofuran

-82.46 -1 -54.97

Lactoyl-His

Lactoyl
amminoacids

-63.98 -1 -42.65

Lactoyl-Asn -47.66 -1 -31.77

Lactoyl-Hydroxy-Lys -46.69 0 -46.69

Lactoyl-Pro -49.05 -1 -32.70

Lactoyl-Tyr -80.92 -1 -53.95

Succinyl-His
Succinyl

amminoacids

-48.74 -2 -24.37

Succinyl-Lys -63.92 -1 -42.61

Succinyl-Hydroxy-Lys -64.85 -1 -43.23

1-[5-(hydroxymethyl)pyrrolidin-

3-yl]-3,3-dimethylurea

Natural
compounds

-60.93 1 -40.62

Agaridoxin -65.26 0 -65.26

Table 5.5: Free energy of binding computed by MM-GBSA. Carnosine and its analogues are
reported as comparison. ∆G values (kcal/mol) are normalized by the net charge of the molecule
to overcome the bias derived from charged molecules [127]. In detail, ∆G values are divided by
1.5 when the net charge is 1 or -1, and by 2 when the net charge is -2. For the 16 molecules the

dataset of origin is reported.
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The majority of the selected molecules have a net charge different from zero.

Sun et al. reported that MM-GBSA accuracy became worse with the increase of the

ligand formal charge [127]. In order to reduce the charge-derived bias, ∆G values

(kcal/mol) were normalized by dividing by 1.5 and 2 when the formal charge of

the molecule was ±1 and -2 respectively. Considering the charge-normalized free

energies, five molecules reached the reference value of -46.06 kcal/mol: N-2-Succinyl

arginine, Hydroxy-His-3-hydroxy tetrahydrofuran, Lactoyl-Hydroxy-Lys, Lactoyl-

Tyr, agaridoxin (Figure 5.6).

(A)

(B)

Figure 5.6: Graphical representation of the free energy calculation results. (A) ∆G values for
each compound, bars are coloured based on the formal charge of the molecules. (B) ∆G values
normalized on the formal charge, the best five compounds are highlighted in light blue. X -axis

labels refer respectively to: carnosine, anserine, balenine, homocarnosine,
N-hexanoyl-L-homoserine, N-2-Succinyl arginine, N-Succinyl methionine, N-2-Succinyl ornithine,

Hydroxy-His-Thr, Hydroxy-His-3-hydroxy tetrahydrofuran, Lactoyl-His, Lactoyl-Ans,
Lactoyl-Hydroxy-Lys, Lactoyl-Pro, Lactoyl-Tyr, Succinyl-His, Succinyl-Lys,

Succinyl-Hydroxy-Lys, 1-[5-(hydroxymethyl)pyrrolidin-3-yl]-3,3-dimethylurea and agaridoxin.

The trajectory of these five compounds were clustered according to the backbone
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RMSD (1 Å was considered as a threshold value) and the most populated was

compared with the one of carnosine (Figure 5.7).

(A)

(B)

(C)
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(D)

(E)

Figure 5.7: Results from the MD simulation of the five best compounds, according to the binding
free energy. The 2D structure and distance fluctuation (Å) between Arg350 and the oxygen atom

of the ligand along the trajectory are reported, together with the superimposition of carnosine
(cyan) and the ligand within the enzyme. The structures were extracted through clusterization

by backbone RMSD. (A) N-2-Succinyl arginine in orange, (B) Hydroxy-His-3-hydroxy
tetrahydrofuran in purple, (C) Lactoyl-Hydroxy-Lys in yellow, (D) Lactoyl-Tyr in violet, (E)
agaridoxin in green. Residues interacting with the ligand are also reported. The zinc ions are

represented with their dummy atoms.

The five best compounds according to the binding free energy elicited a stable

interaction with Arg350, as seen for carnosine and its analogues. Moreover, H-bonds

are frequently present with Tyr222 and Ser423.

5.5 Discussion

In absence of experimental resolved structures, very little information are avail-

able on the molecular basis of the interaction between CN1 and its substrates. How-

ever different computational studies are in agreement, proposing one common inter-
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action model [93][278], which was observed also in this work (Figure 5.3). Assuming

that a higher hydrolytic rate corresponds to higher affinity, the monitored suscep-

tibility of the dipeptides (i.e. carnosine and its analogues) to the CN1 activity is

in clear agreement with the DFT-based interaction energies as compiled by Table

5.2. In particular, the comparison of the docking results for balenine and anserine

emphasizes the crucial role of the hydrophobic interactions which only anserine is

able to stabilize and which can counterbalance the missed H-bond with Glu173, the

role of which appears to be rather marginal compared to that of the other detected

polar interactions. These results are in agreement with those reported in previous

studies [306] and emphasize that even simple modifications on N-terminal residue

are not permitted, while the subpocket which harbors the histidine moiety is more

tolerating especially for modifications able to reinforce the hydrophobic interactions

as seen for anserine.

Using carnosine and its analogues as reference, a screening to identify novel CN1

binders was performed. Five databases were collected following different strategies:

repurposing and natural compounds are popular source of hits [299][304], while hy-

droxyl dipeptides, as well as succinyl and lactoyl amminoacids, could resemble the

intermediate of reaction, which is another promising approach in drug design [307].

From the screening of these databases, 25 molecules were selected.

Docking is able to rapidly screen a huge amount of molecules, however it is im-

portant to further validate its results [308]. Therefore 100 ns MD simulations were

performed to test the stability of the docking poses and, as a matter of fact, nine

molecules moved away from the binding site, even if one dummy atom was available

for the interaction.

A further filter was represented by the free energy calculation using MM-GBSA.

According to the results reported in Table 5.5, this method is not enough accurate

to correctly rank carnosine and the other dipeptides, as opposed to the DFT sin-

gle point calculation. However, a reference value of energy was identified and used

as comparison for the other 16 molecules. Although MM-GBSA method allows to

compute the free energy of binding along a trajectory in a short amount of time, it

suffers from formal charge bias [127]. To reduce such a bias and the charge effect,

a normalization based on the net charge of the molecules was performed. Following

these results, five hit compounds were identified (Figure 5.6B).

The hit compounds elicited similar binding mode compared to carnosine, where the

interaction with Arg350 seems to play a key role (Figure 5.5 and 5.7). In particu-

lar, N-2-succinyl arginine, hydroxy-His-3-hydroxy tetrahydrofuran and lactoyl-Tyr

mimic the carnosine binding as seen in the superimposition (Figure 5.7A, B, D).
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5.6 Conclusions

Carnosine exploits many beneficial effects, however its fast hydrolysis prevents

the use of this dipeptide for therapeutic applications. Inhibition of CN1 can increase

the availability of carnosine and, as a consequence, can lead to its use in clinics.

This work proposes five new hit compounds for the inhibition of CN1, selected from

five different databases. The pipeline included docking, MD simulation and free en-

ergy calculation. DFT-based single point energy calculations show the importance

of using high level methods when metal ions are included in the system, and it was

able to detect binding energy differences even upon small changes in molecule struc-

tures (i.e. between anserine and balenine).

A further evidence of the need to validate docking poses arises in this study, where 9

molecules out of 25 moved away from the binding site after MD simulation. Nonethe-

less, the cationic dummy atom approach maintained the correct coordination geom-

etry along the trajectories and, to the best of our knowledge, a new parametrization

of 5-coordinated zinc ion was presented here for the first time.

The five selected compounds interact with the enzyme similarly to carnosine, and

the binding energy equals or exceeds the one of carnosine, making them promising

lead compounds.
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5.7 Supplementary Information

Figure S7.1: Graphical representation of the distance restraints (30 kcal/mol·Å) applied between
the zinc ions and the coordinating atoms of the protein, coloured in red. The coordination bond

is represented as a dot line.
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Bonded parameters

bond typea Kb (kcal/mol·Å2) b0 (Å)

Da-Zn 640.0 0.92

De-Zn 640.0 0.82

Da-De 640.0 1.23

De-De 640.0 1.42

angle typeb Kθ (kcal/mol·rad2) θ (◦)

Da-Zn-Da 55.0 180.00

De-Zn-De 55.0 120.00

Da-Zn-De 55.0 90.00

De-De-De 55.0 60.00

De-Da-De 55.0 70.37

Da-De-Da 55.0 96.58

Da-De-Zn 55.0 48.29

Da-De-De 55.0 54.81

Zn-Da-De 55.0 41.71

Zn-De-De 55.0 30.00

diehedral typec phase shift angle (◦) periodicity

Zn-Da-De-De 322.28 2.00

Zn-Da-De-Da 359.97 2.00

Zn-De-De-De 0.03 2.00

Zn-De-De-Da 65.98 2.00

Zn-De-Da-De 322.28 2.00

Da-Zn-Da-De 219.14 2.00

Da-Zn-De-De 90.00 2.00

Da-Zn-De-Da 180.00 2.00

De-Zn-De-De 180.00 2.00

De-Zn-De-Da 90.00 2.00

De-Zn-Da-De 240.00 2.00

Da-De-Da-De 37.72 2.00

Da-De-De-De 294.02 2.00

Da-De-De-Da 131.96 2.00

De-Da-De-De 75.44 2.00

De-De-Da-De 75.44 2.00

Non-bonded parametersd

atom type mass charge Rmin/2 (Å) ε (kcal/mol)

Da 3.0 0.5 0 0

De 3.0 0.5 0 0

Zn 50.380 -0.5 1.0900 0.250

Table S7.1: Force field parameters for the trigonal bipyramidal dummy model presented in this
work. aUb = Kb(b − b0)2, where Kb is the force constant and b0 is the equilibrium bond length.
bUθ = Kθ(θ − θ0)2, where Kθ is the force constant and θ0 is the equilibrium angle. cPhase shift
angle in the torsional function (in degrees) with the periodicity of the torsional barrier reported

(for more information see Weiner et al. [309]). dRmin/2 is the the van der Waals radius and ε the
6-12 well depth potential. Zn denotes the central zinc ion, while Da and De denote axial and

equatorial dummy atoms respectively (Figure 5.3).
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Figure S7.2: Sub-system of CN1-ligand complex used in the single point energy calculation. For
the QM calculation we considered the zinc ions (silver sphere), the hydroxide ion (ball and stick),
the side chain of the binding pocket residues and the ligand (cyan). Only heavy atoms are shown

for clarity.

(A) (B) (C)

(D) (E) (F)

(G) (H) (I)

(J) (K) (L)

Figure S7.3: Hydroxyl dipeptides dataset. (A) Carnostatine is shown as comparison. (B)
Carnosine and (C) carnostatine with substitution of the imidazole ring were also included. (D)
His-Arg, (E) His-Asn, (F) His-Gln, (G) His-Thr, (H) His-Ser, (I) His-Tyr dipeptides with the

addition of an hydroxyl group at the α position of the amide carbon. Histidine bound with (J)
hydroxy-lysine and (K) 3-hydroxy tetrahydrofuran were included in the dataset, together with

(L) pyrrolysine.
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Chapter 6

A multiscale approach to predict

the binding mode of metallo

β-lactamase inhibitors

6.1 Antibiotic resistance and

β-lactamases

The spread of antimicrobial resistance threatens our capability to treat infec-

tious diseases [310]. Microorganisms have developed several resistance mechanisms

including efflux pump production, target alteration, decreased drug uptake and

drug inactivation [311]. The latter mechanism is one of the most important and

is often seen in the form of the hydrolysis of β-lactam antibiotics, catalysed by

serine-β-lactamases (SBLs) and metallo-β-lactamases (MBLs) [312][313]. One ef-

fective strategy to overcome this resistance mechanism is to inhibit β-lactamases

[314][315][316][317]. However, while for the SBLs several compounds of different

classes have already been approved for clinical use, no MBL inhibitor has yet been

approved [316].

MBLs can be divided into three subclasses: B1, B2 and B3, with B1 emerging as

the most clinically significant because they catalyse the hydrolysis of a broad spec-

trum of β-lactams [318] and several family members, notably the NDM, IMP and

VIM enzymes, are disseminating among Gram-negative bacterial pathogens (e.g.
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Escherichia coli, Pseudomonas aeruginosa) on mobile genetic elements [317][319].

MBLs contain two catalytic zinc ions within the active site which participate in the

reaction mechanism by coordinating the substrate and activating a bound water

molecule to undergo nucleophilic attack upon the carbonyl carbon of the scissile

amide [317][320][321][322] (Figure 6.1). Thus, efforts have been made to design in-

hibitors that coordinate one or both the zinc ions and compete with substrate for

binding to the active site [320], which could potentially be co-administered with

β-lactams to restore their efficacy against MBL-producing strains.

Figure 6.1: Possible mechanism of β-lactam ring hydrolysis by subclass B1 metallo-β-lactamases
[323]. (A) Catalysis initiates with coordination of the zinc ions by the β-lactam (here drawn as a
carbapenem), with a hydroxide ion bridging the two metal centers. (B) The carbonyl carbon of
the β-lactam ring undergoes nucleophilic attack by the hydroxide ion, leading to formation of a

transient tetrahedral species; (C) followed by cleavage of the C-N bond that leads to the
accumulation of an anionic intermediate (D) that may be resolved by protonation of the nitrogen.

In silico drug discovery to identify new MBL inhibitors is more challenging than

for SBLs because of the presence of zinc ions. Zinc ions possess d orbitals that

participate in chemical bonding and, compared to s or p orbitals, have more com-

plicated shapes. Furthermore, zinc ions can have multiple coordination numbers and

different coordination geometries [51]. In molecular mechanics (MM) approaches,

metal ions are often represented as point charges with van der Waals interactions

[24][324]. This simplistic representation cannot reproduce all the properties of the

zinc ion described above, and in consequence fails to successfully model the dynamic

and versatile nature of zinc coordination in many biological systems [31][325][326].

Over the years there has been significant effort to overcome these limitations by

introducing alternative MM models to treat metal ions, including bonded models,

non-bonded models, ligand field molecular mechanics, cationic dummy atoms or

polarizable force fields. Bonded models add bonding potentials between the metal

and ligands and can also include angles, torsions, electrostatic and van der Waals

terms; drawbacks include the inability to model ligand exchange and dissociation, or

changes in coordination [326]. The ligand field molecular mechanics model incorpo-

rates the ligand field stabilization energy directly into the potential energy equation
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of molecular mechanics [32]. The cationic dummy atom model places additional

virtual atoms around the ion to mimic a covalent bond [117]. Polarizable force fields

include terms to account for the polarization effect, but so far are computationally

expensive and not fully developed [37]. Finally, in typical MM non-bonded ap-

proaches, interactions are evaluated by the sum of the Coulomb and Lennard-Jones

terms (Equation 6.1) [112]. However, this type of model tends to underestimate the

strength of the coordination, and does not represent coordination geometry pref-

erences as well as other electronic effects [112]. For this reason, other non-bonded

interaction models have been proposed, such as the restrained non-bonded model or

the LJ12-6-4 model (Equation 6.2), which was tested mainly for Mg2+ [327][328] but

also for Zn2+ ions [329][115] and contains an r−4 term that is included to describe

the ion-induced dipole interaction [116].

Uij(rij) =
e2QiQj
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+
Cij

12

r12
ij

− Cij
6
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r12
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In this chapter, we investigate the binding of inhibitors to the imipenemase

(IMP)-1, a B1 MBL that is frequently found on mobile genetic elements that fa-

cilitate its spread through bacteria [319][330][331][332]. The primary host, Pseu-

domonas aeruginosa, is a Gram-negative bacterial pathogen responsible for a va-

riety of opportunistic infections of immunocompromised patients, and notably as-

sociated with infections of burn wounds and the lungs of individuals with cystic

fibrosis [333]. In the continued absence of new antibacterial agents with anti-Gram-

negative activity, infections by resistant P. aeruginosa strains are very difficult to

treat [334]. Various compound classes have been investigated as potential MBL in-

hibitors [313][316][318] [320][335]; we here focus on thiolate-based compounds which

exploit the high affinity of zinc for sulfur ligands and have been extensively in-

vestigated [336][337]. In consequence, relatively extensive structural data exist for

thiolate complexes of IMP-1 that may be exploited for development and assessment

of approaches to model inhibitor binding [336][338].

Accordingly, we have developed a multiscale approach to investigate the binding

of thiolates to IMP-1, in which successive docking, molecular dynamics (MD) and

quantum mechanics/molecular mechanics (QM/MM) simulations provide a stepwise

refinement of complex models. This has been applied to study a newly characterised
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series of thiazolidine inhibitors (Figure 6.2), first successfully replicating two known

crystal structures of IMP-1 complexes with two different thiazolidine stereoisomers

(structures not yet released) and subsequently predicting the mode of binding for a

third form known to inhibit IMP-1 but for which the crystal structure of its com-

plex with the protein could not be obtained. This approach could be applied to

design other potential metallo-β-lactamase inhibitors to predict their binding mode

and optimise their interactions with enzyme, aiding their development as poten-

tial pharmaceutical leads. Moreover, it could be applied also to model other similar

metalloprotein systems: an example is represented by di-zinc metalloenzyme human

carnosinase CN1, where Pavlin et al. [93] adopted a similar workflow (i.e. docking,

MD and DFT/MM) to simulate the binding mode of the substrate carnosine.

(A) (B) (C)

Figure 6.2: Structures of thiazolidine inhibitors (not yet published). (A) THZ (2S, 4S), (B) VCZ
(2S, 4R) and (C) RSZ (2R, 4S).

6.2 Methods

6.2.1 Molecular docking

Different docking procedures were tested for crystal structures of IMP-1 (see

below) co-crystallized with thiolate-based inhibitors (Figure S6.1), in order to find

the docking set-up that best reproduced their interactions. The region of the protein

included in docking was selected by considering whole residues within a 10 Å radius

around the two zinc ions of the IMP-1 active site, which comprises the whole catalytic

pocket. Docking with PLANTS [339] (see below) applied distance restraints between

the sulfur atom of the ligand and the zinc ions with a weight of - 7.5 kcal/mol, and

a maximal and minimal distance of 3 and 1.30 Å, respectively. A σ value of 5 was

applied to increase the number of search iterations of the ACO algorithm [67] and

10000 clusters were produced, using the ChemPLP scoring function and the speed

option equal to 1. Furthermore, we tested both the flexible (designated Opt1) and
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rigid (Opt2, Opt3) binding pocket and we also included the water molecules present

in the binding site of the crystal structures (Opt3). In Opt1 the side chains of Val31,

Phe51, Lys161, Leu165, Asn167, Asp170, Trp176 and Ser198 (which face the binding

site) were treated as flexible. For docking with AutoDock Vina, we considered the

binding pocket as rigid, and tested the procedure with and without crystallographic

water molecules (Opt5 and Opt4 respectively). The results of docking experiments

were evaluated by computing the RMSD values between binding poses identified by

docking and the corresponding crystal structure.

6.2.2 Molecular dynamics simulations

Amber 18 [246] was used for MD simulations. Complexes derived from docking

were solvated in a box of TIP3P water molecules, with 10 Å between the protein and

the edges of the box. The systems were neutralized with Na+ and Cl− ions at an

ionic concentration of 0.15 M, and periodic boundary conditions were applied. The

ligands were prepared in Antechamber with AM1-BCC charges and GAFF as force

field [109], while the protein was parameterized using the ff14SB force field [105].

Given the challenges associated with evaluating the interactions between the zinc

ions and their coordinating atoms, we tested two different non-bonded models. First,

the restrained non-bonded model (LJ12-6-R), which combine a non-bonded model

(Equation 6.1) with distance restraints of 30 kcal/mol·Å between the two zinc ions

and their coordinating protein atoms (Figure S6.2), and equilibrium distances as in

the respective crystal structures (Table 6.1). Second, a 12-6-4 non-bonded model

(LJ12-6-4) (Equation 6.2) in which an extra term is added to the Lennard-Jones

equation [115] to represent the charge-induced dipole interaction.

Residue number Residue name Atom name Zinc ion Distance
(Å)

139 His NE2 ZN1 2.1
77 His NE2 ZN1 2.1
79 His ND1 ZN1 2.0
81 Asp OD2 ZN2 2.0
197 His NE2 ZN2 2.1
158 Cys SG ZN2 2.3

Table 6.1: Distance restraints of the LJ12-6-R model. Equilibrium distances of the restrained
non-bonded model between the zinc ions and the protein coordinating atoms are reported in Å.

We applied the SHAKE algorithm [99] and a time step of 2 fs. The simulation
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protocol included energy minimization of the hydrogen atoms followed by minimiza-

tion of the water molecules, and finally of the whole complexes, using 100 steps of

steepest descent and 2900 steps of the conjugate gradient algorithm. The system was

then heated to 300 K using the Langevin thermostat for 20 ps. Equilibration was

performed at a pressure of 1 atm with the Berendsen barostat for 240 ps. Finally,

we computed the production run using the NVT ensemble over 100 ns.

6.2.3 QM/MM optimization

For QM/MM calculations we tested an approximate DFT-based method, SCC-

DFTB (self-consistent charge-density functional tight binding, abbreviated here as

DFTB, in particular DFTB3 that is a third order expansion of DFTB [340]) and a

DFT method [140]. The latter originates from the Kohn–Sham formulation. SCC-

DFTB is in turn derived from DFT by approximation and parameterization of multi-

center electron integrals, resulting in a significant increase in speed of calculation

at the expense of accuracy [341]. SCC-DFTB/MM geometry optimization was per-

formed with DFTB3 for the QM region and the ff14SB force field for the MM

region using Amber. DFT QM/MM optimization was carried out using ChemShell

(www.chemshell.org), which combines MM and QM software: in detail, the MM

portion of the system was handled by DL-Poly [342] using the Amber ff14SB force

field, while Gaussian09 handled the QM portion, with electrostatic embedding. In

both DFT/MM and DFTB3/MM optimizations, the QM region was defined as the

zinc ions, the ligand, any water molecule coordinated to the zinc ions, the side chains

of the zinc coordinating residues (His77, His79, Asp81, His139, Cys158, Lys161 and

His197), and the side chain of the conserved residue Lys161 that interacts with the

ligands (Figure S6.3). The QM region included the ligand and the residues in the

nearest neighbourhood, and its net charge was +1. A charge state close to neutrality

is generally desirable in the QM region to avoid unbalance charge interactions at the

boundary of the two regions [140]. In the DFT optimization, a sphere of 8 Å around

the QM region was considered as the active portion, while the remaining residues

were fixed to decrease the computational cost. For the QM portion, we tested both

the B3LYP and PBE0 hybrid functionals with the 6-31G(d) basis set and the DFT-

D2 Grimme dispersion correction [343], which is important for predicting accurate

structures [344]. We considered the zinc ions as closed shells. Covalent C-C bonds

between the MM and the QM regions were capped with hydrogen atoms.
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6.3 Results

6.3.1 Method validation

We envisaged a workflow for developing models of IMP complexes with thiolate

inhibitors that involved successive steps (docking, MD, QM/MM) of higher levels

of theory, to improve the accuracy of the final model. As described in Methods,

for each step we tested multiple settings, in order to find the best combination to

describe the structure and interactions with the metal ions.

We first tested docking options and scoring functions for thiolate-based inhibitors

(Table 6.1). Molecular docking predicts the binding mode of a ligand to a target

molecule, usually a receptor or an enzyme. The resulting poses are generated by

the combination of the conformational sampling algorithm, which explores the con-

formers of the ligand, and the scoring function that ranks those poses. When metal

ions are included in the docking region, the scoring function needs to address a fur-

ther level of complexity that can lead to the failure of the prediction of the correct

binding mode [345]. We tested two docking tools that use two different search algo-

rithms: the ant colony optimization (ACO) and the genetic algorithm (GA), namely

PLANTS [67] and AutoDock Vina [346], respectively. Moreover, these docking tools

apply different scoring functions: ChemPLP from PLANTS derives from the combi-

nation of ChemScore and Piecewise Linear Potential (PLP) and includes a specific

term to evaluate the coordination interactions [85], while the AutoDock Vina Energy

was calculated from the AutoDock4 scoring function and does not include specific

terms for metal coordination [346]. Both these tools were tested with different

settings in order to determine the setup that most reliably reproduced the crystal

structures of protein-ligand complexes.

Literature and database searches identified crystal structures of IMP complexes

with seven different thiolates (Figure S6.1), to which we added a recently deter-

mined structures of IMP complexes with two different thiazolidine stereoisomers

(structures not yet released). These nine thiolate-based inhibitors were redocked

into the corresponding (ligand-free) IMP-1 crystal structures using either PLANTS

or AutoDock Vina and alternative treatments for the protein binding pocket, with

the aim of obtaining an average ligand RMSD to the experimental crystal structure

of less than 2 Å. Table 6.2 shows that the use of flexible side chains in the binding

pocket (Opt1) resulted in relatively high RMSD values. Indeed, for both PLANTS
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and AutoDock Vina, lower RMSD values were generally obtained using a rigid bid-

ing pocket (Opt2, Opt4), and these further improved (for 6 out of 9 thiolate ligands)

when PLANTS was used with crystallographic water molecules added to the binding

pocket (Opt3). This finding highlights the important role of interactions involving

the water network in the binding sites of ligands [347][348][349]. However, with one

exception (PDB id: 2DOO [350]), improvement was generally not observed when

AutoDock Vina was used with water molecules included. Comparing the average

RMSD values we identified the Opt3 approach as providing the best results, with

6 out of 9 ligands reaching the target RMSD of less than 2 Å with respect to the

crystal structure. Redocking of mercaptopropionamide to 2DOO was significantly

the worse, probably due to the large size and flexibility of the ligand compared to the

others tested here, but also to the low resolution of the crystal structure, moreover

it performed poorly in all the docking setting indeed.

IMP-1
PDB Id

Resolution
(Å)

Inhibitor PLANTS
Opt1a

PLANTS
Opt2b

PLANTS
Opt3c

AutoDock
Vina

Opt4d

AutoDock
Vina

Opt5e

VCZ 1.87 Thiazolidine (VCZ) 5.56 4.27 1.91 4.01 4.25
THZ 1.87 Thiazolidine

(THZ)
4.74 3.49 4.57 4.25 4.32

1DD6
[351]

2.00 Mercaptocarboxylate 9.46 2.34 1.70 4.17 4.58

1VGN
[352]

2.63 Ethanethiolate 8.41 2.94 2.94 5.24 5.18

2DOO
[350]

2.43 Mercaptopropionamide 4.39 4.30 7.68 11.08 5.1

4C1F
[338]

2.01 L-captopril 2.13 5.18 1.18 3.91 3.91

4C1G
[338]

1.71 D-captopril 2.01 2.07 1.73 4.46 4.46

5EV8
[353]

2.30 Bisthiazolidine 2.13 1.09 1.63 3.52 3.52

5EWA
[353]

2.30 Bisthiazolidine 1.37 1.23 1.29 2.94 2.95

Table 6.2: RMSD values of the ligands between the crystal structure and redocked pose. All the
RMSD values are reported in Å. aOpt1: S-Zn distance restraints, flexible binding pocket. bOpt2:

S-Zn distance restraints, rigid binding pocket. cOpt3: S-Zn distance restraints, rigid binding
pocket, crystallographic water molecules. dOpt4: rigid binding pocket. eOpt5: rigid binding

pocket, crystallographic water molecules.

The results of the best docking runs (Opt3) for the two thiazolidine compounds,

for which the complex structures were available, were then subjected to molecular

dynamics (MD) simulations to improve the quality of the models obtained. These

were run using either the restrained non-bonded (LJ12-6-R) model or the LJ12-6-4

model; averaged RMSD values for the production run frames are reported in Table

6.3.
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MD model THZ VCZ

MD
simulation

Binding sitea
LJ12-6-R 1.93 1.78

LJ12-6-4 1.20 1.62

Ligand
LJ12-6-R 1.06 1.19

LJ12-6-4 1.21 1.23

QM/MM
optimization

Binding sitea
LJ12-6-R 1.33 1.22

LJ12-6-4 1.17 1.44

Ligand
LJ12-6-R 0.65 1.36

LJ12-6-4 1.09 1.34

Table 6.3: Average RMSD (Å) between the crystal structures of VCZ and THZ complexes.
RMSD values of the MD simulated (upper panel) and B3LYP 6-31G(d)/MM optimized

complexes (lower panel) are reported. aBinding site residues: Glu23, Val25, Trp28, Val31, Phe51,
Ala53, His77, His79, Ser80, Asp81, His139, Thr140, Cys158, Lys161, Gly166, Asn167, Ser196,

His197, HO−, ZN1, ZN2.

In the two MD simulations, the average RMSD values (compared to crystal

structures) of the binding site residues for the LJ12-6-4 model are lower than those

for the LJ12-6-R, although in the latter the inhibitor RMSD is slightly smaller.

In general, for both the treatments, the difference in coordination bond lengths

compared to the crystal structure is small (Figure 6.3).

(A) (B)

Figure 6.3: Comparison of coordination distances for crystal and MD-simulated structures (last
frames) using the LJ12-6-R (blue) and LJ12-6-4 (red) models. Panel (A) refers to the THZ

complex, panel (B) to the VCZ complex. Water molecules that coordinate the zinc ions are also
reported.

In the crystal structures of both thiazolidine complexes, the two zinc ions are

each in a tetrahedral geometry, with the first (ZN1) coordinated by three histidine

residues (His77, His79, His139) and by the thiolate of the inhibitor, whilst the

second (ZN2) is coordinated by Cys158, Asp81, His197 and by the inhibitor thiolate,
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which, as in other complexes of IMP-1 with thiolate-based inhibitors, replaces the

Zn-bridging hydroxide present in structures without ligands [354]. However, during

the MD simulations using either models, the coordination number of the zinc ions

tends to increase, through addition of extra water molecules, up to a limit of six.

This tendency is enhanced when the LJ12-6-4 model is used. It worth noticing that

generally the distance between the two zinc ions did not change significantly (i.e.

the major difference was 0.77 Å, found in the VCZ LJ12-6-4 simulation).

Finally, we refined the complexes by QM/MM geometry optimization. In the

refinement step we used two different methods: DFTB3 and DFT, and in the lat-

ter we tested two functionals (B3LYP and PBE0). The DFTB3/MM method was

tested to establish whether it could improve structures from MM MD (e.g. whether

it would decrease the RMSD and recover the tetrahedral geometry of the zinc ions

that was observed in the crystal structures). Thus, the complexes underwent to

a DFTB3/MM geometry optimization. We found none or slight improvement in

RMSD values (a decrease of 0.43 Å RMSD of the binding site in THZ) (Table S6.1,

Figure S6.4), but the geometry of the zinc ions was not recovered: they remained oc-

tahedrally coordinated (Figure S6.5), even if DFTB3 was parameterized and tested

also considering tetrahedral Zn-protein [355]. Accordingly, DFTB3/MM was applied

for other Zn tetrahedral complexes, but with further refinement with DFT [356].

Therefore, DFT methods were then employed to provide a more accurate description

of the metal ions, with application of the hybrid functionals B3LYP and PBE0 which

are commonly used in QM/MM studies of zinc-containing proteins [47][357][358].

Both the functionals gave similar results: there are only very small differences be-

tween the two calculations (Tables 6.3, Table S6.1). The results obtained with

the PBE0/MM treatment are reported in the Supplementary Information sec-

tion. Final RMSD values, with respect to the experimental crystal structures, are

reported in Table 6.3. Compared to MD treatments, by using the QM/MM op-

timization the RMSD values decreased, in particular when starting from the last

frame of the LJ12-6-R MD simulation. Moreover, in this case, the zinc coordination

distances after DFT/MM optimization are almost identical to those measured in the

crystal structure (Figure 6.4) and the additional Zn-coordinating water molecules

that were introduced during MD simulations moved away from the zinc ion, with

the result that the starting (crystallographic) coordination geometry was restored.

In contrast, in DFT/MM calculations starting from the last frame of the MD sim-

ulation using the LJ12-6-4 model, the zinc ions remain in the octahedral geometry.

The distance between the two zinc ions also changed significantly using the LJ12-

6-4 model, and the QM/MM optimization was unable to relocate the two ions at
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the correct separation distance. This demonstrates the need to apply restraints in

MM MD simulations to maintain the original active site structure and metal ion

coordination.

(A) (B)

Figure 6.4: Differences of the coordination bond length between the crystal structure and the
B3LYP/6-31G(d) QM/MM optimized complexes, starting from the last frame of the MD

simulation of the LJ12-6-R (blue) and the LJ12-6-4 (red) models. Panel (A) refers to the THZ
complex, while panel (B) to the VCZ complex. Water molecules that coordinate the zinc ions are

also reported.

The results indicate that QM/MM optimization of MD simulations, carried out

using the LJ12-6-R model, leads to restoration of the inhibitor binding mode ob-

served in the crystal structure, with correct coordination geometry of the zinc ions.

This approach thus successfully replicates crystallographically observed THZ and

VCZ binding modes.

6.3.2 Prediction of RSZ binding mode to IMP-1

RSZ, as well as THZ and VCZ, acts as micromolar inhibitor of IMP-1 (data

not shown). However its crystal structure in complexes with IMP-1 could not be

obtained, even though biochemical data indicated that the potency was comparable

to that of compounds whose IMP-1 complexes could be structurally characterised.

Accordingly, we sought to apply the approach developed here to model interac-

tions of RSZ with IMP-1. RSZ is respectively a diastereoisomer and enantiomer

of THZ and VCZ. As it was unclear which of these complexes was likely to bet-

ter accommodate the binding of RSZ, docking experiments were carried out using

IMP-1 conformations derived from both the THZ and VCZ crystal structures, and

subsequent simulations were undertaken in parallel. Based upon the results above,

molecular docking of RSZ into IMP-1 in both conformations (i.e. from the THZ and
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VCZ complexes) used the Opt3 approach described above. Figure 6.5 shows the

binding modes obtained using the two crystal structures. The orientations of RSZ

differ significantly between the two models, with the inhibitor carboxylate group

oriented towards the Lys161 side chain in the model based upon the THZ structure

(with a distance of 3 Å between the carboxylate group and the lysine amino group),

while in that based upon the VCZ structure the inhibitor thiazolidine core is rotated

by almost 180◦ and the interaction with Lys161 is lost. Thus, further simulations

tested which of the two conformations generated stable binding of the inhibitor to

the IMP-1 active site.

(A) (B)

Figure 6.5: Superimposition of the docked poses of the RSZ (gray) with the crystallized
inhibitors using: (A) the THZ protein structure (coloured in cyan) and (B) the VCZ protein

structure (coloured in green). The ligands are represented in stick. The interaction between the
carboxylate group of the ligand and Lys161 is highlighted with a dotted line.

To this end, we carried out MD simulations on both the structures using both

the LJ12-6-R and LJ12-6-4 models. The averaged RMSD values of the binding site

of all the MD frames are reported in Table 6.4. We obtained higher RMSD values

(of both the ligand and the binding site) using the VCZ structure suggesting that,

in this structure, the protein was not in the best conformation to accommodate

and establish interaction with RSZ. In contrast, when using the THZ structure

lower RMSD values of the binding site were obtained and the ligand remained more

stable with an RMSD along the trajectory that fluctuated around 0.5 Å (Figure

S6.6). These values were little changed after QM/MM optimization using the B3LYP

hybrid functional with the 6-31G(d) basis set (Table 6.4).
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MD model THZ crystal

structure

VCZ crystal

structure

MD
simulation

LJ12-6-R 1.20 2.21

LJ12-6-4 1.37 1.53

QM/MM
optimization

From LJ12-6-R 1.31 2.58

From LJ12-6-4 1.49 1.73

Table 6.4: Averaged RMSD of the binding site (Å) versus crystal structures of VCZ and THZ
and all the frames of the MD simulation (upper panel) and the B3LYP/6-31G(d)/MM optimized

complexes (lower panel), in respect with the binding, using the two models.

As observed for the simulations described above, the use of the LJ12-6-4 model re-

sulted in increased coordination numbers for the active site zinc ions, and B3LYP/6-

31G(d)/MM optimization did not restore the tetrahedral coordination geometry

present in the crystal structures of either the THZ or VCZ complexes. Figure 6.6 il-

lustrates the differences in the coordination bond lengths with respect to the starting

crystal structures in simulations using the LJ12-6-R model. During MD simulations

based upon both starting structures, an additional water molecule (H2O(1) in Figure

6.6) coordinates the first zinc ion, changing the original tetrahedral coordination into

five-coordinated geometry. Moreover, in simulations based upon the VCZ structure,

the residue Asp81 moved from the starting position and coordinated both the zinc

ions, which contrasts with the architecture reported in published crystal structures

of IMP-1 and its complexes [338][350][351][352][353]. Notably, after the QM/MM

optimization of the structure from THZ simulated with the LJ12-6-R model, the

additional water molecule (H2O(1)) that coordinated ZN1 moved away (i.e. from

2 to 2.6 Å, where we did not consider it as coordinated), restoring the tetrahedral

geometry of ZN1. In contrast, in simulations starting from the VCZ structure, both

the additional water molecule (H2O(1)) and Asp81 maintained coordination with

ZN1 even after the QM/MM optimization. These results suggest that the complex

obtained from simulations based upon the VCZ structure is not reliable, given the

major changes in the coordination sphere of the metal center. On the contrary, the

final complex derived from simulations based upon the THZ structure is consistent

with crystallographically determined coordination distances and geometries between

the inhibitor thiolate and the zinc ions reported in the literature for other thiolate

inhibitors [51] (Table S6.2).

Given these data, we considered as the final reliable model of the binding mode,

the complex obtained using the THZ structure, in which we docked the inhibitor
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(A) (B)

Figure 6.6: Differences of the coordination bond length between the crystal structure and (A) the
last frame of the LJ12-6-R MD simulation and (B) the B3LYP/6-31G(d) QM/MM optimization,
for the THZ (blue) and VCZ (red) structures. The water molecule that coordinate the zinc ions

is also reported.

using the Opt3 treatment, and that subsequently underwent MD simulation using

the LJ12-6-R model and finally B3LYP QM/MM optimization.

The final predicted binding mode for RSZ is illustrated in Figure 6.7. The thiolate

coordinates both zinc ions, and inhibitor binding is stabilized by the interaction

between the carboxylate group of the ligand and the amino group of the Lys161

side chain. Notably, the conformation of Trp28 changed, compared to its position in

the crystal structure of the THZ complex. Conformational flexibility of this residue

and the extended loop (sometimes termed the L3 loop) upon which it sits, has been

previously described in multiple studies [353][359][360][361]. The RMSD of the IMP-

1 binding site (including Trp28, Glu23, Val25 and Val31, which are located in the L3

loop and face towards the binding site) compared with the starting THZ complex

crystal structure is 1.31 Å, indicating that the complexes remained stable during

the simulation.
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Figure 6.7: Superimposition of the crystal structure of IMP-1 THZ (cyan) and the predicted
binding mode of RSZ (orange), obtained after QM/MM optimization. The ligands are

represented in stick. The interaction between the carboxylate group of the ligand and Lys161 is
highlighted with a dotted line

6.4 Discussion

The drug discovery process often relies upon molecular docking and MD simu-

lations, which can usefully be combined [260][57][362]. However, when considering

metalloproteins, docking approaches suffer from important limitations due to the

functional forms used to describe interactions of metal ions and related difficulties

in their interactions (e.g. polarization) [363]. It is well known that scoring functions

struggle to correctly rank docking poses in metalloproteins [364][365]. Similarly,

despite several efforts to develop non-bonded parameters for metal ions [114][113],

MD simulations with typical empirical MM force fields also often fail to maintain

protein-ligand complexes with correct metal ion coordination numbers and geome-

tries [112][115][366]. We found that the LJ12-6-4 non-bonded model led to changes
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from the original tetrahedral coordination into an octahedral geometry through ad-

dition of water molecules on both zinc ions. This incorrect coordination could not

be reversed, even with QM/MM calculations. This variability of coordination geom-

etry, which is an important contributor to the versatility and biological activity of

metalloprotein zinc centres, compromises the stability of models of the binding site

and the reliability of predictions of ligand binding. In this work, we tested work-

flows to predict the binding mode of thiolate inhibitors to metallo β-lactamases, in

which the accuracy of the method increases with the application of MD simulations

followed by QM/MM modelling, and we tested the workflows ability to reproduce

the binding modes seen in crystal structures. The overall approach has potential

applications in drug discovery/design for zinc-containing proteins.

The best docking results were achieved by including the crystallographic water

molecules, considering the protein as rigid and increasing the contribution of the

interaction of the thiolate with the zinc ions, through addition of distance restraints

to the ChemPLP scoring function [90]. Subsequently, MD simulations refined the

docking poses, with the lowest RMSD values observed using a restrained non-bonded

model. As in docking experiments, restraints were necessary in MD simulations to

maintain the active site structure, demonstrating the limitations of empirical force

fields for modelling zinc sites. In MD, restraints were applied between each zinc ion

and the coordinating protein atoms. These MD simulations produced protein-ligand

complexes in which the coordination number of the zinc ions was still increased

compared to crystal structures, though to a lesser extent in simulations using the

LJ12-6-R as opposed to the LJ12-6-4 model. Further QM/MM calculations showed

that the approximate SCC-DFTB3 method was unable to restore the experimen-

tally observed coordination geometries of the metal ions, while the use of better DFT

methods (i.e. B3LYP/6-31G(d)) enabled recovery of the tetrahedral geometries of

the zinc ions present in the crystal structures as well as a significant reduction in

RMSD. Our results thus demonstrate that this last step is of particular importance

in obtaining correct coordination geometries that cannot be maintained using just

MM MD simulations. QM/MM optimization, with reasonable levels of DFT QM

treatment, is required to generate reasonable geometries for these complexes.

6.5 Conclusions

In this work we tested several techniques and their ability to reproduce the in-

hibitor binding modes observed in crystal structures. However, we also identified
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methods that failed handling the metal coordination sphere. In detail, docking

without the inclusion of crystallographic water molecules was not able to produce

poses with an RMSD lower than 2 Å compared with the corresponding original

crystal structure. The results also demonstrate limitations of standard MM models

for MD simulations of these systems. MD simulations with a LJ12-6-4 model in-

creased the zinc ions coordination number up to six; therefore this model may be well

suited for zinc sites with octahedral coordination geometry [327][367], but less so

for other architectures. Application of coordination restraints with a standard non-

bonded model gave better results. Finally, we could not obtain the correct coordina-

tion geometry of the zinc ions using geometry optimization with the semi-empirical

SCC-DFTB3/MM method. In contrast, QM/M geometry optimization with DFT

methods restored the experimentally observed coordination. The results indicate

the need for a high level/quantum chemical treatment for accurate modelling for

the zinc metalloenzyme active sites and their interactions. Finally, we applied the

workflow to predict the binding mode for a thiazolidine MBL inhibitor for which the

crystal structure of the complex with IMP-1 could not be obtained. Our workflow

produced a solid model for an inhibitor complex that is biochemically realistic both

with respect to zinc coordination and interactions with active site residues (Lys161)

known to be important to ligand binding by IMP-1 [353][293][292].

This work presents a validated, multiscale approach to computational prediction of

IMP-1 interactions with thiolate inhibitors that is suitable for application to other

MBL inhibitors and other zinc-containing proteins.
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6.6 Supplementary Information

Figure S6.1: Structures of IMP-1 inhibitors for the redocking validation. (A)
(2-mercaptomethyl-4-phenyl-butyrylimino)-(5-tetrazol-1-ylmethyl-thiophen-2-yl)-acetic acid, (B)

3-oxo-3-[(3-oxopropyl)sulfanyl]propane-1-thiolate, (C) dansylC4SH; D, L-captopril, (E)
D-captopril, (F) D-CS319, (G) L-VC26. The PDB code of every compound is reported above the

structure.

Figure S6.2: Schematic representation of the IMP-1 active site. The atoms restrained in the
LJ12-6-R model are highlighted in red.
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Figure S6.3: QM and MM regions of IMP-1 active site. The QM atoms are represented as green
sticks, while the MM region is coloured in blue. Bonds between the two regions are shown in gray

and atoms at the interface are represented as balls.

QM/MM theory THZ VCZ

Binding sitea
PBE0 1.43 1.87
DFTB 1.50 1.88

Ligand
PBE0 0.66 1.37
DFTB 0.80 1.36

Table S6.1: RMSD expressed in Å between the crystal structures of VCZ and THZ and the
QM/MM optimized complexes, in respect with the binding site and the ligand, using DFT

(PBE0) and DFTB3. aBinding site residues: Glu23, Val25, Trp28, Val31, Phe51, Ala53, His77,
His79, Ser80, Asp81, His139, Thr140, Cys158, Lys161, Gly166, Asn167, Ser196, His197, HO−,

ZN1, ZN2.

(A) (B)

Figure S6.4: Differences in coordination bond length between the original crystal structure and
its final QM/MM optimized complexes using DFT (PBE0) (red) and DFTB3 (blue), starting

from the last frame of the MD simulation of the LJ12-6-R model. Panel (A) refers to the THZ
complex, while panel (B) to the VCZ complex. Water molecules that coordinate the zinc ions are

also reported.
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(A) (B)

Figure S6.5: Superimpositions of the DFTB3 optimized models with the starting crystal
structures. (A) THZ crystal structure (cyan) and the corresponding optimized structure in gray.

(B) VCZ crystal structure (green) and the corresponding optimized structure in gray. Water
molecules are represented in ball and stick.

(A) (B)

Figure S6.6: CRMSD (Å) fluctuation during the MD of (A) RSZ and of (B) the binding site
during the MD simulations. In black the results using the THZ structure with the LJ12-6-R

model, in red the THZ structure with the LJ12-6-4, in gray the VCZ structure with the LJ12-6-R
model and in green the VCZ structure with the LJ12-6-4 model.
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MD QM/MM B3LYP QM/MM

PBE0

LJ12-6-R LJ12-6-4 From

LJ12-6-R

From

LJ12-6-4

From

LJ12-6-R

THZ VCZ THZ VCZ THZ VCZ THZ VCZ THZ VCZ

ZN1 1.98 2.16 2.15 2.24 2.28 3.19 2.43 2.33 2.27 3.11

ZN2 2.24 1.96 2.21 2.17 2.62 2.26 2.45 2.29 2.59 2.24

Table S6.2: Coordination distances (Å) between the zinc ions and the thiolate of RSZ. THZ and
VCZ refer to the starting structures of the protein used in the calculations.
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Chapter 7

Conclusions and Future

perspectives

The main objective of this Thesis is to investigate computational approaches

to handle zinc-containing systems. In detail, we tested modelling techniques with

different levels of accuracy, starting from simplistic approaches and moving toward

complex description of the metal coordination bond.

A classic approach was applied in Chapter 3 for the design of new HDAC

inhibitors, where the metal ion interactions were described using scoring function

and the binding affinity was evaluated using a force field, which uses the classic non-

bonded model. Such an approach allows a fast screening of large library of molecules

(or fragments) and does not require complex settings. However, it has some limi-

tations: good candidates can be excluded from the selection due to missing metal

interaction, which could depend on the inability of the docking software to correctly

place the ligand inside the binding pocket. A second limitation derives from the

difficulty of scoring function to represent all the metal coordination geometries and

therefore a reliable binding mode of the ligand, that is confirmed by the preference

of metal coordination over metal chelation in the resulting complexes.

The 12-6-4 non-bonded model was used in both Chapter 4 and 6. In Chapter 4

this model was used for the parametrization of a metallo-organic AChE reactivator,

which included a zinc ion complexed in octahedral geometry. During the MD sim-

ulations the reactivator maintained its integrity as well as the octahedral geometry,

allowing a solid description of its dynamic behaviour into AChE. In cases in which

the metal ion is included into a ligand (and not into a protein), a popular strategy
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is to use the bonded model, with parameters derived from QM calculations [368].

Although such an approach could better reproduce the properties of the specific

ligand, it could be time consuming. In the case of the reactivator K2 we obtained

good results even with a more straightforward parametrization.

Different results were obtained when the 12-6-4 non-bonded model was applied to

the metallo-enzyme IMP-1 in Chapter 6. In this case the geometries of the zinc ions

resulted distorted compared to the crystal structure used as reference, suggesting the

increase of difficulty in modelling metal ions included into complex environments,

like proteins.

In Chapter 5 the cationic dummy atom approach was applied for drug discovery

of new CN1 inhibitors. We decided to model one catalytic zinc ion as tetrahe-

dral (using Pang’s parameters [34]) and the other zinc ion as five-coordinated. For

this last parametrization, de novo parameters were created considering a trigonal-

base bipyramidal coordination geometry. The cationic dummy atoms were able to

maintain the correct coordination geometries with both the ligands and the protein

residues. At the same time, exchange ligand events could occur without altering the

coordination site integrity. On the contrary, changes in neither coordination number

nor geometry can occur. This is the main limitation of this method that forces the

choice of the coordination geometry a priori.

The highest level of accuracy was reached in Chapter 6 using a QM/MM geometry

optimization for the modelling of the binding mode of a new β-lactamase inhibitor.

A multiscale approach that comprised docking, MD simulation and DFT/MM geom-

etry optimization was developed. In the MD simulation a combination of the classic

non-bonded model with distance restraints was applied to model zinc ion interac-

tions. MD simulations returned overall good results (i.e. complexes with general

low RMSD values with respect to the crystal structures), however distortions in the

coordination geometries were found. Therefore, a DFT/MM optimization step was

added, and it was able to fix the errors introduced by the MD simulation, recovering

the correct coordination geometry. QM methods are able to better describe metal

interactions and to overcome the approximations introduced by force fields, their

main limitation is linked to the computational cost and to the complexity of the

set-up.

Although the parametrization issues mentioned above, this work shows that

zinc-containing biological systems can be simulated by combinations of different

methods designed ad hoc for each case. This combination allows to compensate

errors introduced by classic approaches (e.g. docking and MD simulation) and to

analyse the system under multiple points of view (classic MM and QM). Moreover,
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the pipelines proposed here can be applied to similar systems, which comprise both

metalloproteins and organometallic ligands.

The constant increase of computational power has broadened our possibilities in

terms of modelling techniques. In metal ion modelling lots of expectations have been

risen by polarizable force fields [37][369][370] and ab initio force fields [371] derived

by machine learning techniques [372][373][374][375]. To date these methods are still

not fully developed and tested, however they suggest a path towards an improvement

of parametrization that will include further aspects of metal interaction that are still

neglected and simplified by classical force fields.

127



Acknowledgements

The work of Chapter 4 was in collaboration with Dr. Kostantis Konidaris from

the University of Patras.

The work of Chapter 5 was in collaboration with Prof. Giancarlo Aldini, Dr.

Luca Regazzoni and Dr. Ettore Gilardoni from the Universitá degli Studi di Milano.
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