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Chapter 1

General Introduction and Scope of the Thesis
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General Introduction and Scope of the Thesis

A perspective review, carried out in 2002, estimated that the percentage of the human 

genome associated to the “druggable” proteins is approximately between 10% and 14% 

corresponding roughly to 500 – 1500 members distributed in six major classes of proteins 

[1] (Figure 1). 

Figure 1 Pie chart of the most represented protein families within the druggable targets. The picture 
is adapted from Hopkins AL & Groom CR, The druggable genome. Nat. Rev. Drug. Disc. 1, 727-30 (2002). 

Later on, a subsequent update covering the two-year period 2010 – 2012 identified 364 

successful targets, 286 clinical trial targets and 1331 research targets [2]. Five years later, the 

number of proteins that bind small molecules was 550 – precisely, 670 including biologicals 

[3]. This growing trend follows a joint interest of both academies and pharmaceutical 

industries to explore targets typically considered not druggable, such as protein-protein 

interactions (PPI). In physiological conditions, PPIs are involved in various intra- and inter-

cellular networks related to maintaining cell homeostasis and signal transduction [4]. The 

importance of PPIS is exemplified by the fact that the majority of viral and bacterial diseases 

require contacts between different protein surfaces in order to initiate the infection. This 

aspect is also particularly relevant in many promising targets for anticancer therapy, like the 

mixed lineage leukemia 1 and its activator WD Repeat Domain 5, bromodomain-containing 
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protein 4 /Histone H4, , BCL2 Associated Transcription Factor 1/ L3MBTL Histone Methyl-

Lysine Binding Protein 3, β-Catenin/ T-cell factor, and 14-3-3 interactions [5]. 

However, targeting PPIs is challenging, because they consist of flat molecular surfaces with 

few cavities where molecules can bind. Moreover, the binding epitopes are distant from 

each other and they are distributed along the interface. A tight network of weak interactions 

is concentrated on these areas and it contributes to the total binding affinity. On the other 

hand, druggable pockets are shallow, deep and mostly hydrophobic, implying that a classic 

small-molecule approach cannot be applied for PPIs [6]. Current strategies to target PPIs 

include macrocycles from chemical synthesis or natural sources [7], covalent inhibitors and 

stapled peptides [8].

Within this context the reader is firstly introduced to oligomeric surfaces as a specific PPI class. 

Next, the focus moves to a benchmark of a novel algorithm for conformational analysis of 

macrocycles. The job has been carried out with Moloc, one of the first open access molecular 

modeling packages. Finally, the thesis ends by reporting an interesting case of inhibition of 

Protein Tyrosine Phosphatase 1B (PTP1B) followed by a computational docking of gliptins in 

the catalytic pockets of the SARS-Cov-2 main and papain-like proteases.

OLIGOMERIC INTERFACES

Shape complementarity, electrostatics, flexibility, hydration and allostery represents the most 

conventional approaches to modulate on-target selectivity [9]. However, the discovery of 

allosteric pockets remains challenging due to their cryptic nature and to the co-existence of 

fluctuant protein conformations in equilibrium, implying thus a tailored strategy to disclose 

them [10]. 

Chapter 2 presents the crystal structure of 4-(3,4-difluorophenyl) thiazol-2-amine bound 

to malate dehydrogenase of Plasmodium Falciparum (PfMDH). This class of oxidoreductases 

is highly represented in human cancer and infectious diseases with a strongly conserved 

binding site for dicarboxylic acids, like malate and oxaloacetate. So far, the strategy of 

modulation of this class of enzyme is still based on dual target inhibitors or structural 

analogues of the substrate/cofactor. However, the high potency of these compounds is 

followed by a lack of selectivity among homologues. Within this context we have chosen 
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PƒMDH as a well-characterized model protein whose catalytic activity can be modulated 

at the oligomeric interface. Moreover, the enzyme is involved in the aspartate metabolism 

of Plasmodium Falciparum, an essential metabolite for the proliferation of the parasite. 

This biochemical pathway consists of two steps of a transamination into glutamate and 

oxaloacetate and next oxidation into malate and it is headed by aspartate aminotransferase 

(PfAspAt) and malate dehydrogenase (PƒMDH) [14]. The crystal structures of PƒAspAt [15] 

and PƒMDH [16] disclose a homo-dimeric and homo-tetrameric assembly in their quaternary 

structures with a low degree of aminoacidic conservation at the oligomeric interface, 

making them a potential candidate for drug target validation. While the main focus remains 

the antimalaria drug discovery, a significant part is dedicated to the discovery and validation 

of 4-(3,4-difluorophenyl) thiazol-2-amine through a fragment-based high throughput 

screening. Despite a weak K
D
 (equilibrium dissociation constant), the kinetics experiments of 

its scaffold derivative, namely 4-phenylthiazol-2-amine, show that oxidation of malate can be 

allosterically modulated. Inhibition of its activity is followed by a thermal destabilization of the 

tetrameric assembly in presence of the compound. Such alternative modality of inhibition 

might be eventually extended to MDHs of other organisms involved in relevant diseases. 

Actually, the primary advantage of targeting oligomeric surface relies on the fact that 60% of 

the proteins deposited in the Protein Data Bank (PDB, [17]) are oligomers with dimers being 

the majority [18], meaning that the structural data are already available. Oligomerization 

leads to the formation of a bio-functional complex regulating the gene transcription [19], 

ion influx/efflux across the membrane, cell-to-cell adhesion [20], transduction events in 

cellular regulation [21] as well as in the enzyme activity [22]. Finally, the evidence presented 

in this chapter suggests that future chemical optimization of 4-(3,4-difluorophenyl) thiazol-

2-amine should aim to expand towards from the meta position of the benzene ring since it’s 

the moiety of the molecule with higher scores in the context of the cooperativity binding 

network of molecular interaction. Based on this result, new derivatives should contain 

functional groups creating new interface, hence interfering with the correct formation of 

the tetramer. 

MACROCYCLES

Drug discovery is a risky, long-term project. It has been estimated that bringing a new 

chemical entity to the market ranges between several billion to tens of billions of dollars 

with a time frame of 3 – 20 years and an average cost of $2.7 billion, according to a research 
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survey among 106 new drugs developed by ten pharmaceutical companies [23]. Additionally, 

the risk of rejection increases during post-marketing surveillance as the data collected come 

from a wider community of consumers. 

Computer-Aided Drug Design (CADD) technologies serve the scientific community with 

the aim of predicting in silico some of the most relevant causes of drugs failure. Among 

these, the most relevant organ-related toxicities there is the cardiotoxicity caused by the 

binding to hERG potassium channel, leading to arrhythmia and, finally, to death [24]. Several 

methods allow the prediction of hERG toxicity. For instance, a well-accepted pharmacophore 

model consists in a basic nitrogen center flanked by aromatic or hydrophobic groups [25]. 

Other methodologies are 3D and 2D Quantitative Structure Activity Relationships (QSAR) 

[26-28] and Machine Learning methods (ML) [29,30]. Nevertheless, all these computational 

approaches require a dataset of conformations with structural diversity. In that respect, 

many algorithms have been developed along the years based on different principles, for 

instance distance geometry [31] with experimental torsional-angle constrains [32], stochastic 

sampling [33,34], inverse kinematics [35] or molecular dynamics in combination with low- or 

normal modes approaches [36].

The benchmark of Moloc is presented in Chapter 3. Moloc is one of the first molecular 

modeling package which has been developed since 1986 and it still counties to be, in 

close collaboration with drug designers and crystallographers from the Roche Biostructural 

community. The accuracy, the diversity, the speed and the exhaustiveness of 207 macrocycles, 

an emerging class of molecules representing a mature area of medicinal chemistry, are 

systematically assessed. Moloc was identified as having the highest sampling efficiency and 

exhaustiveness without producing thousands of conformations, random ring splitting into 

two half-loops and possibility to interactively produce globular or flat conformations with 

diversity similar to Prime, MacroModel and Molecular Dynamics.

COVALENT INHIBITORS

Binding to the pharmacological target represents one of the several main features 

required for a molecule in order to be useful as a drug. Other appropriate properties are 

necessary, though. Multiparameter optimization aims to get a reasonable balance between 

the pharmacokinetics (absorption, distribution, metabolism and excretion) and the 
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pharmacodynamics (potency, efficacy and on-target selectivity). Finding a compromise 

among all of these parameters is often conflicting and it represents a bottleneck during 

an early-stage drug discovery. Among the pharmacodynamic properties, the binding 

affinity represents a generally well accepted parameter for ranking the hits during the 

initial high throughput screening and it is quantified by the K
D
. In this phase, thousands of 

molecules are tested in order to converge on only a small fraction of molecules only to be 

subsequentially optimized. To date, there are several biophysical techniques for measuring 

K
D
, for instance isothermal titration calorimetry, microscale thermophoresis, titration with 

nuclear magnetic resonance, surface plasmon resonance and fluorescence polarization with 

related advantages and disadvantages according to which aspect of the protein/ligand 

interaction one wants to assess [37,38]. Considering the implication of kinetics in the ligand 

mode of action, this parameter can also provide also further insight into the association and 

dissociation rates.

With the growing interest of fragment-based drug design, the attention of the scientific 

community is focused on the detection limit of weak binders by modern methodologies [39]. 

In contrast, the covalent binders fix this problem in a glance by conferring unlimited or very 

high affinity, even for a small compound, while leaving a main issue for selectivity/off-target 

labeling [40]. So far, the FDA have approved 40 drugs containing a covalent warhead [41]. 

Most important, some of them have become blockbusters in the pharmaceutical market, for 

example the beta lactams antibiotics, aspirin and omeprazole (Figure 2). Within this context 

an efficient synthetic methodology for access to acrylamides using MCR will be described. 

Finally docking studies of covalent drugs is presented. 

Chapter 4 will focus primarily on a rapid access to complex acrylamides across several scales 

of production. These molecules are important scaffolds in pharmaceutical chemistry and 

many drugs for clinical use carry them in order to form a covalent bond with the side chains 

of aminoacids like cysteine, serine, threonine and histidine. In the second part of the chapter, 

the biological activity of a small library of about 90 derivatives is presented and the covalent 

inhibition of human protein tyrosine phosphatase 1B (PTP1B) will be explained. 
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Figure 2 Many medications that have become blockbuster in the last century act as covalent inhibitors. 
The picture is readapted from “The Resurgence of Covalent Drugs” Singh, Juswinder, Russell C. Petter, 
Thomas A. Baillie, e Adrian Whitty. Nature Reviews Drug Discovery 10, n. 4 (April 2011): 307–17. 

The medical significance of this protein is related to its overexpression and uncontrolled 

high activity in adipose tissues and skeletal muscles [42] which leads to obesity and type 2 

diabetes mellitus. So far, PTP1B covalent inhibitors are phosphate mimetic carrying sulfate, 

nitrate, arsenate or selelinate which cannot penetrate the lipidic cellular membrane due to 

the negative charge of the inhibitors [43]. Trypsin digestion followed by mass spectrometry 

indicates that the acrylamide compounds do bind covalently to the solvent exposed 

cysteines with no specificity among and time-dependent inhibition in the colorimetric assay.

Secondly, Chapter 5 presents a study case of nitrile containing gliptins as a potential anti-

COVID19 drug for the inhibition of coronavirus main protease (3CLpro) and papain-like 

protease (PLpro). Based on covalent computational docking, a strong relationship between 

the coronavirus 3C-like proteases inhibition and nitrile-based broad-spectrum was studied 

in 2011 with four co-crystal structures peptidomimetic structures bound to 3CLpro and 

its effectiveness against 3CL-pro from six different strains of coronavirus was proved [44]. 

The drug repurposing consists in the use of already approved drugs for original medical 
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investigations. This strategy is undoubtedly favored by the low risk failure due to the fairly 

complete understanding of the pharmacokinetic and pharmacodynamic properties in 

preclinical and clinical models [45]. The orally bioavailable antidiabetic drug class of gliptins 

is safe and it has been clinically available (and used by millions of patients) since 2006 [46].

Finally, Chapter 6 is a summary of the thesis. A short overview of possible improvements of 

the algorithm for macrocycle conformational sampling will be discussed. In the end, future 

perspectives to improve the 4-phenylthiazol-2-amine scaffold will follow.
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ABSTRACT

Malate dehydrogenases (MDHs) are a class of enzymes whose biomedical importance 

is shown by their overexpression to sustain tumor growth and involvement in carbon 

metabolism by pathogens such as Plasmodium falciparum. However, clinical success of 

MDH inhibitors is absent, as current small molecule approaches targeting the active site 

are unselective. Thus, the identification of an allosteric site that can influence MDH activity 

would allow the development of more specific MDH inhibitors. Our previous work has 

suggested that interference with the oligomeric surface of MDH modulates activity and 

a high-throughput NMR-based screening of 1500 fragments resulted in the identification 

of 4-(3,4-difluorophenyl) thiazol-2-amine (4DT) to bind at the oligomeric interface. 

Subsequent biophysical and biochemical characterization supports an allosteric mechanism 

of 4DT inhibition that appears to impact the formation of the active site loop, which is 

approximately 35 Å away from the 4DT binding site. Kinetics and biophysical characterization 

of 4-phenylthiazol-2-amine and 16 other derivatives are also reported. These data pave the 

way for downstream development of more selective MDH molecules utilizing the oligomeric 

interfaces that may show higher species sequence divergence than the MDH active site.
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INTRODUCTION

Malate dehydrogenases are a group of multimeric enzymes, typically self-organized as a 

dimers or tetramers, that reversibly catalyze the oxidation of a malate to oxaloacetate using 

the reduction of NAD+ to NADH as a cofactor of this reaction [1]. Based on sub-cellular 

localization, eukaryotic cells possesses two isoforms, cytoplasmic and mitochondrial, though 

yeasts possess a third one in glyoxysomes [2]. While the cytoplasmic MDH supports the malate-

aspartate shuttle, thus allowing reducing equivalents to pass through the inner mitochondrial 

membrane, the mitochondrial one is involved in the NADH and citrate production to support 

the electron-transport chain within the TCA cycle [1]. Under physiological conditions MDH 

plays a central role in essential biochemical pathways not only for energy metabolism, like 

gluconeogenesis and the fatty acid cycle, but also for cell division since oxaloacetate serves 

In many forms of breast cancer the growth of tumor biomass strictly depends on a constant 

NAD production which is replenished by lactate dehydrogenase, an oxidoreductase enzyme 

structurally related to MDH, whose high expression represents a diagnostic hallmark in cancer 

[3]. However, in the presence of LDH antagonists like oxamate, cancer cells adopt an evasive 

mechanism in which MDH is recruited to support glycolysis even in the absence of oxygen 

and production of NAD [4], thus suggesting that a tailored therapy aimed at modulating 

the supportive role of MDH within the glycolysis could hinder the abnormal energetic 

need required for proliferation [5]. As presented in Table S1 there are several antagonists 

for one of the two MDH isoforms or both. For instance, elevated expression of HsMDH2 

is associated with prostate cancer development and chemotherapy resistance [6] and, to 

date, 5-benzylpaullones remains the most potent compounds for the selective inhibition 

of this specific isoform, as exemplified by inhibitor 4k [7]. Dual target inhibition becomes 

particularly effective when both HsMDH1 and HsMDH2 are overexpressed in NSCLC patients 

[8]. In this regard, trimethylpentane derivatives were identified and characterized as potent 

HsMDH1/MDH2 dual target inhibitors [9]. In particular, compound 16c demonstrated the 

highest efficacy in a mouse xenograft assay and inhibited mitochondrial respiration through 

a competitive inhibition mechanism with NAD.

Given the ubiquity of the dinucleotide binding domain (Rossman fold) in NADH binding 

enzymes [10] and its presence in 155 reviewed enzymatic activities within human cells 

(Interpro ID: IPR036291 [11]), it is perhaps not surprising that many of these antagonists 

possess significant cytotoxic effects. In this regard, non-specific MDH inhibitors are reported 

in the literature: for instance, while rottlerin, quercetin and staurosporin aglycone were 
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originally designed for PKCδ/PRAK, PI3-K/GLUT2 and PKC/PKA inhibition they also inhibit 

MDH with an IC
50

 of 0.7, 6.0 and 8.0 μM, respectively [12]. In particular, 3 hours exposure 

to 5 μM of the alkaloid staurosporine aglycone led to an 80% decrease in cell viability via 

caspase-dependent and caspase-independent mechanisms [13] and oxidative DNA damage 

through reactive oxygen species formation [14]. These evidences highlight the need to 

discover selective MDH chemical antagonists which could lead to more effective treatments.

In terms of infectious diseases, both cytoplasmic and mitochondrial MDH have also been 

found to be anthelmintic targets: Mebendazole hinders the polymerization of microtubules, 

playing a pivotal role in blocking cell divisions. Like other three known anthelmintics (i.e. 

Albendazole, Parbendazole and Thiabendazole), it has been reported that it displays 

significant inhibitory effects for both MDH [15] and LDH [16]. In a similar fashion, MDH was 

also suggested to be the drug target of miconazole, econazole and sulconazole, originally 

designed and approved as antifungal medication for a local use with unprecedented 

inhibitory activity (95 – 99% motility inhibition at 30 μM for 48 hours) [17]. Considering 

that the mechanism of action of these compounds is based on the inhibition of the fungal 

enzyme 14α-sterol demethylase, these data suggests that they could be repurposed also as 

MDH inhibitors [18].

Recently, Lunev and Batista assessed the role of oligomeric surfaces in regulating the assembly 

of PƒMDH the deadliest causative agent of Malaria among the five species that affect humans 

[19], showing by in vivo and in vitro modulation of its activity that oligomeric surfaces might 

be targeted for the treatment of diseases related to MDH function [20, 21]. As illustrated 

in Table S2, gossypol, a phenol derivative from the cottonseed plant, is the most potent 

PƒMDH inhibitor with an IC50 of 2.03 ± 0.80 μM [22], followed by oxamic acid derivatives [22]. 

Interestingly, oxamic acid derivatives display inhibitory effect also for PƒLDH, a confirmed 

antimalaria drug target [23]. PƒMDH and PƒLDH complement each other to maintain a 

constant production of NAD, necessary for the complete oxidation of a glucose and the 

biosynthesis of ATP during the glycolysis [24]: the treatment of cultures with gossypol caused 

the reduction of PƒLDH expression with concomitant overexpression of PƒMDH. Thereby, 

the design of a dual-target inhibitors for both enzymes has been proposed. Nevertheless, 

even compounds synthesized as potential chemotherapeutics for Malaria suffer from the 

same low selectivity as those for cancer. The inhibitors 5-7 (Table S2) were also active 

against both the mammalian mitochondria and cytosolic malate dehydrogenases, since the 

naphthalene ring mimics the planarity of the adenine of NAD and the negative charge from 
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the conjugated oxamate moiety interacted with two highly conserved arginine residues 

which secure malate in the catalytic pocket [25]. Even gossypol undergoes side effects 

that may limit its use as an antimalarial compound as it has been initially characterized as 

promising male oral contraceptive but later failed due to hypokalemia and the irreversibility 

of its contraceptive effect [26]. In contrast, much is known about small molecules inhibiting 

PƒLDH, such as azole-based compounds [27], quinoline derivatives [28], tricyclic guanidine 

derivatives [29], chloroquine [30] and the aforementioned oxamic acid derivatives [22,31].

In summary, while inhibition of MDH has presented a potential opportunity in both cancer 

and infectious diseases the currently available modulating molecules all target the NADH 

binding site, resulting in significant off-target effects and limiting their clinical usefulness. To 

address this, we have systematically searched for small molecule fragments that would bind 

to the oligomeric interface of an exemplar MDH for which the presence of an allosteric cryptic 

site has been recently proposed [32], rather than the active NADH binding site. This approach 

was successful and a fragment (4DT) has been discovered using STD–NMR which has been 

orthogonally validated with microscale thermophoresis and differential scanning fluorimetry.  

As hypothesized by us, such molecules indeed inhibit MDH activity, and have identified the 

position of a proposed allosteric pocket that opens the opportunity to overcome the low 

selectivity associated with substrate or cofactor analogues and become a starting point for 

the future development. To support this, we also present the crystal structure of PƒMDH with 

4DT bound at the oligomeric interface, as well biochemical competition assays of a library 

of 16 4DT derivatives, which was further screened in an activity assay against the oxidation 

of malate to oxaloacetate. Small-angle X-ray scattering assayed the oligomeric state of the 

protein in solution in the presence of 4DT derivatives. Finally, kinetic data to support the 

proposed allosteric inhibitory nature of the scaffold 4-phenylthiazol-2-amine is presented.

MATERIALS AND METHODS  

Recombinant protein expression and purification
E. coli Rosetta 2 (DE3) pLysS (Novagen) were transformed with a pETM-13 vector bearing 

the PƒMDH gene for recombinant protein production. Cells were grown in Terrific Broth 

(TB) media supplemented with 50 mg ml-1 kanamycin and 35 mg ml-1 chloramphenicol. An 

overnight pre-culture grown at 310 K was used to inoculate the main production culture 

(supplemented by 0.5% glucose to prevent leaky expression), which was grown at 310 K to 
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an OD 600 of 0.6 – 0.8. Subsequently, enzyme expression was induced with 1 mM isopropyl- 

β -D-thiogalactopyranoside, and the cells were incubated for 16 – 18 hours at 310 K. The cells 

were harvested by centrifugation at 5000 rpm for 30 minutes at 4 C and resuspended in lysis 

buffer (50 mM Tris-HCl, 300 mM NaCl, 30 mM imidazole, pH 8.0) protease inhibitors (Complete 

Mini EDTA-free, Roche Applied Science) and a spatula tip of lysozyme. After sonication on 

ice, the lysate was centrifuged for 45 minutes at 18000 rpm and the supernatant was passed 

through a 0.45 μm filter (Whatman) to remove traces of unlysed cells and aggregates. The 

clarified cell lysate was purified by immobilized metal ion affinity chromatography (IMAC) 

with buffer A (50 mM Tris -HCl, 300 mM NaCl, pH 8.0) and buffer B (50 mM Tris-HCl pH 8.0, 

300 mM NaCl, 500 mM imidazole) over a 5 mL His-Trap HP column (GE Healthcare). Bound 

protein was eluted from the column at approximately 125-150 mM imidazole by step gradient 

elution. The sample obtained after Ni-NTA purification was diluted 6-fold with 50 mM Tris-

HCl pH 8.0 and loaded on a 5 ml Cation Exchange column (GE Healthcare). The protein was 

eluted from the column by a linear gradient ranging from 50 mM to 1 M NaCl. Finally, the 

sample was concentrated and injected onto a HiLoad 16/600 Superdex 200 column (GE 

Healthcare), previously equilibrated in buffer C (100 mM Na-phosphate buffer pH 7.4 and 

400 mM NaCl). The final yield of pure protein from 1 L culture was typically between 6 and 

10 mg ml-1. The purity of the protein was assessed by SDS gel as better than 98%.

NMR experiments
NMR spectra were acquired on Bruker Avance III (600 MHz) spectrometer at 300 K, equipped 

with a triple resonance cryoprobe head and an automated SampleJet sample changer. The 

samples for STD-experiments were prepared in 100 mM Na-phosphate pH 7.4, 400 mM NaCl 

and spectra were recorded in water with 1:100-fold excess of fragment (dissolved in DMSO 

at 100 mM) in an additional 10% (v/v) D2O to provide a lock signal. Selective saturation of 

the protein resonances (on resonance spectrum) was performed by irradiating at 0.5 ppm 

using a series of Eburp2.1000-shaped 90 pulses (50 ms, 1 ms delay between pulses) for a 

total saturation time of 2.0 s. For the reference spectrum (off resonance), the samples were 

irradiated at -10 ppm. On- and off-resonance scans were subtracted using phase cycling. The 

fragment library screening was performed by testing 300 mixtures containing five fragments 

each initially. Mixtures that yielded positive STD signals were selected and deconvolved, i.e. 

fragments that formed “active” mixtures were tested separately.
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Microscale thermophoresis
Nanotemper MonolithNT.115 instrument (Nano-temper Technologies, GmbH) was used to 

quantify the ligand/protein interaction. Purified PƒMDH was labelled using the Red-NHS 

Monolith Protein Labelling Kit according to the manufacturer‘s protocol [33]. All reactions 

were performed in 100 mM Na-phosphate buffer pH 7.4, 400 mM NaCl, 0.05% Tween-20 

in standard capillaries (Nanotemper Technologies GmbH). The ligand was 2x fold diluted 

starting from 4 mM as the highest concentration; final protein concentration was 50 nM. All 

samples were incubated with compounds for about 1 hour at room temperature followed 

by centrifugation at 18000 rpm (Eppendorf Centrifuge 5415R) and loaded into capillaries. 

Measurement was performed in triplicate at 40% LED intensity and 40% MST power. The K
d
 

model was employed to determine the binding constant using the MO.Affinity Analysis v2.3 

software.

Thermal shift assay
TSA is a rapid and economical biophysical technique for protein folding, buffer optimization 

and it has been revealed a flexible method for high thought screening in early stage drug 

discovery [34] and fragment based drug design [35]. The TSA experiment was conducted in 

a BioRad CSX 96 (Biorad). Each reaction consisted of 1 mM of compound (100 mM stock in 

100%vDMSO) and 10 μM PƒMDH in 100 mM Na-phosphate buffer pH 7.4 and 400 mM NaCl 

and 10x Sypro Orange (Invitrogen) for a total volume of 100 μl. Control experiments were 

performed with 1% (v/v) DMSO. Inflection points were determined using BioRad CSX 96 

control software. Generally, a temperature increase of over 1 °C is interpreted as a result of 

stabilization of the protein-ligand interaction. On the contrary, a negative shift is considered 

a destabilization caused by the fragment.

Crystallization, X-ray data collection and processing
 Initial efforts focused on the crystallization conditions described in the literature by Wrenger 

and coworkers [36]. Initial hits grew in 22% (w/v) PEG 3350, 4 °C, at a protein concentration of 

10 mg ml-1 after 2 days. The buffer was supplemented with 500 μM NADH, since it has been 

previously shown that it increases the thermal stability of the protein [20]. Streak seeding 

experiments were used to reproduce a large number of crystals in different buffer conditions, 

though not of sufficient quality for data collection. The crystals were subsequentially 

optimized by screening the ratio of protein to reservoir solution (1.4 M trisodium citrate, 

100 mM Hepes pH 7.5) at 20 °C. First hits appeared in 2 – 3 days and reached maximum 

dimension after one week at 10 mg ml-1 concentration and a 1:3 ratio of protein:reservoir 
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solution. To generate the complex the structure the crystals were then soaked with 2.5 mM 

ligand for two hours at 20 °C, transferred into a cryoprotective solution made of reservoir 

solution supplemented with 30% w/v ethylene glycol and flash-cooled in a nitrogen steam. 

A dataset was collected in-house, using a D8 Venture diffractometer (BRUKER) equipped with 

a PHOTON II detector, at 100 K. The crystal diffracted to 2.1 Å resolution and belongs to space 

group P2
1
2

1
2

1
 with four molecules in the asymmetric unit, corresponding to one functional 

tetramer, a solvent content of ~43% and a mosaicity of 0.3°. The data were processed using 

the program XDS [37], reduced and scaled using XSCALE [37] and amplitudes were calculated 

using CTRUNCATE [38]. The structure was solved using molecular replacement (MOLREP 

[39]) with 5NFR as a search model. Refinement was carried out using REFMAC5 [40] applying 

TLS restraints. Between refinement cycles the model was subjected to manual rebuilding 

using COOT. Water molecules have been added using the standard procedures within the 

ARP/WARP suite [41]. The quality of the refined structure was assessed using the program 

MOLPROBITY [42]. Coordinates and structure factors have been deposited at the PDB under 

the accession code 6R8G (PƒMDH in complex with 4DT and NADH) and 6Y91 (PƒMDH in 

complex with NADH).

Activity assay and data analysis
The oxidation of malate to oxaloacetate was assayed spectrophotometrically in a flat-

bottomed Corning 96-well microplates in a total volume of 250.0 µl in 50 mM glycine 

buffer pH 10.2 [24] and with an additional 400 mM NaCl for protein stability. The increase 

of absorbance at 340 nm was recorded in kinetic mode using a Tecan Spark multimode 

microplate reader at 298.15 K. A mastermix of 50 mM NAD+ and 44 μM PƒMDH was used 

for both the screening and kinetics experiments. The final concentration of protein and 

cofactor were 50 nM and 3 mM, respectively. Positive control groups were set (absence of 

compound) in the same plate with the treated group. The absorbance from the background 

noise subtracted from the data and then a linear regression model was employed in order to 

get the line slope from the first 5 mins of the reaction. The percentage of enzymatic activity 

has been calculated as follows:

enzyme activity (%) =
slope treated

  * 100
slope positive control
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Enzymatic assay and kinetics experiment of 4-phenylthiazol-2-amine
2x fold dilutions from a 200 mM stock solution of 4-phenylthiazol-2-amine (4PA) in 100% 

DMSO was prepared for initial dose response experiments. 3.3 µL of compound (DMSO in 

the case of positive control) were mixed with 233.9 µL mastermix of WT PƒMDH previously 

incubated with NAD+ using a multichannel pipette. Final conditions tested were a maximum 

of 2.5 mM of 4PA at 1.32% (v/v) final DMSO concentration. The microplate incubated for 

15 minutes at 298.5 K and the reaction started by addition of 13.0 µL of 5 mM L-malate.

Kinetics experiments were performed by mixing 1.3 µL of compound stock solutions from 

12.5 mM and 25 mM of 4PA in 100% DMSO with 223.8 µL mastermix of PƒMDH previously 

incubated in ice with NAD+ for 30 minutes. Final tested concentrations of 4PA were 125.0 

and 62.5 μM and 0.5% (v/v) DMSO. Subsequently, eight concentrations of L-malate were 

prepared apart by 2x fold serial dilution from a 100 mM stock in assay buffer at pH 10.2. 

After 1 hour of incubation at 26°C, the reaction was started by addition of 25.0 µL L-malate 

(5 mM final concentration) with a multichannel pipette. The µmol of NADH produced per 

minute were extrapolated from the calibration curve and then divided by the corresponding 

milligrams of enzyme (0.00175 mg). Kinetic constants Km
 (mM) and Vmax (Umg-1) and K

i
 (mM) 

were quantified using the substrate inhibition equation Y=V
max

*X/(K
m

 + X*(1+X/K
i
)) [43] using 

GraphPad Prism version 8.0. All measurements were performed in triplicate.

Screening of 4-(3,4-difluorophenyl) thiazol-2-amine derivatives
1.3 µL of compound in 100% DMSO was mixed with 237.7µL mastermix of WT PƒMDH 

previously incubated with NAD+. The final concentration used in this screening was 500 µM 

in the presence of 0.5% (v/v) DMSO. The microplate was sealed with silver foil for one-hour 

incubation at 298.5 K. Finally, reactions in both the samples and control wells were started 

upon addition of 13.0 µL of 5 mM malate). At the end of the experiments, the reaction the 

plate was spectrophotometrically assayed at 600 nm in order to identify turbidity due to low 

solubility of the compound. All measurements were performed in duplicate.

Statistical analysis
Data were prepared Microsoft Excel and Graph Pad Prism software (v 8.0). Pairwise p-values 

were calculated either using ordinary one-way ANOVA with Dunnet correction (Table S4) 

and one-sample t-test (Table S6). The normality tests were done using the Anderson-Darling, 

D‘Agostino, Shapiro-Wilk and Kolmogorov-Smirnov methods.
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Computational analysis
Molecular interactions as well as the representation of the bond length and the scoring 

of the cooperativity binding network was generated with Scorpion [44]. Pictures were 

rendered with Pymol (The PyMOL Molecular Graphics System, Version 2.0 Schrödinger, 

LLC). The compound 4DT was minimized using OpenBabel [45] software and docked with 

AutoDock Vina integrated into PyRx [46] using as a receptor either the human mitochondrial 

HsMDH2 (PDB: 4WLV) or the cytoplasmic homology using pig heart MDH1 as a template 

(PDB: 4MDH). The homology modeling was done with SWISS-MODEL [47]. The search volume 

was composed of the whole protein.

Small-angle X-ray scattering experiments
X-ray scattering experiments were performed using the laboratory SAXS system Xeuss 

2.0 (XENOCS, Grenoble, France) equipped with a MetalJet D2 microfocus X-ray generator 

(0.134 nm wavelength). The protein solution at a concentration of 2.49 mg ml-1 was mixed 

with the 4DT derivatives at concentration of 1mM, incubated for 1h at room temperature 

and spun at 16000 rpm (Eppendorf Centrifuge 5415R) to remove any potential aggregates 

prior to the injection in the low-noise liquid sample cell. SAXS data were collected in 3 – 4 

subsequent 10 min long frames using a Pilatus3R 1 M hybrid photon counting detector 

(Dectris, Switzerland). Data reduction and buffer subtraction procedures were performed 

using the Foxtrot package (https://www.synchrotron-soleil.fr/en/beamlines/swing). 

Scattering profiles were checked for radiation damaged and averaged. Structural parameters 

were calculated in Primus from the ATSAS package [48]. The distance distribution function 

was calculated using GNOM [49].

Dynamic light scattering
Measurements were performed on Litesizer 500 (Anton Paar). Samples were incubated 

with the highest concentrations of compounds for 2 hours at room temperature. Prior to 

measurements samples were spun for 5 min at 16000 rpm (Eppendorf Centrifuge 5415R) to 

remove aggregates.
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Table 1 Data collection and refinement statistics. Values in parenthesis refer to the high-resolution 
shell (2.23 – 2.10 Å). †Rmerge =, where I

i
(hkl) is the mean intensity of the ith observation of symmetry-

related reflections hkl. ‡Rcryst =, where Fcalc is the calculated protein structure factor from the atomic 
model (R

free
 was calculated with a randomly selected 5% of the reflections).

X-ray diffractometer BRUKER D8 Venture BRUKER D8 Venture

Wavelength (Å) 1.541 1.541

Temperature (K) 100 100

Detector PHOTON II PHOTON II

Crystal-to-detector distance (mm) 50 60

Oscillation range (°) 0.5 0.5

Total rotation range (°) 360 360

Exposure time/image (s) 60 60

Space group P2
1
2

1
2

1
P2

1
2

1
2

1

Unit cell parameters: a, b, c (Å) 84.76, 106.89 145.01 84.62, 107.42, 145.08

Mosaicity (°) 0.3 0.3

Resolution range (Å) 50.0 – 2.1 50.0 – 2.5

Total reflections 1110099 (166675) 779593 (52991)

Unique reflections 77233 (12302) 46208 (3249)

Completeness (%) 99.8 (99.4) 99.7 (96.6)

CC1/2 99.8 (71.5) 99.5 (61.3)

I/(I) 14.3 (2.0) 9.3 (2.1)

Rmerge
† 0.19 (0.91) 0.29 (0.99)

Wilson plot B factor (Å2) 35.5 14.8

Rcryst / Rfree
‡ (%) 20.6/23.5 23.8/28.6

Protein atoms 9566 9268

Water molecules 320 147

Ligand atoms 48 176

RMSD bond lengths (Å) 0.010 0.007

RMSD bond angles (º) 1.850 1.323

PDB ID 6R8G 6Y91

Ligands 4DT, NADH NADH
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Enzymatic assay and kinetics experiment of 4-phenylthiazol-2-amine
2x fold dilutions from a 200 mM stock solution of 4PA in 100% DMSO was prepared for initial 

dose response experiments. 3.3 µL of compound (DMSO in the case of positive control) 

were mixed with 233.9 µL mastermix of PƒMDH previously incubated with NAD+ using a 

multichannel pipette. Final conditions tested were a maximum of 2.5 mM of 4PA at 1.32% 

(v/v) final DMSO concentration. The microplate incubated for 15 minutes at 25 °Cand the 

reaction started by addition of 13.0 µL of 5 mM L-malate.

Kinetics experiments were performed by mixing 1.3 µL of compound stock solutions from 

12.5 mM and 25 mM of 4PA in 100% DMSO with 223.8 µL mastermix of PƒMDH previously 

incubated in ice with NAD+ for 30 minutes. Final tested concentrations of 4PA were 125.0 

and 62.5 μM and 0.5% (v/v) DMSO. Subsequently, eight concentrations of L-malate were 

prepared apart by 2x fold serial dilution from a 100 mM stock in assay buffer at pH 10.2. 

After 1 hour of incubation at 26°C, the reaction was started by addition of 25.0 µL L-malate 

(5 mM final concentration) with a multichannel pipette. The µmol of NADH produced per 

minute were extrapolated from the calibration curve and then divided by the corresponding 

milligrams of enzyme (0.00175 mg). Kinetic constants Km
 (mM) and V

max
 (Umg-1) and K

i
 (mM) 

were quantified using the substrate inhibition equation Y=V
max

*X/(Km + X*(1+X/K
i
))[41] using 

GraphPad Prism version 8.0. All measurements were performed in triplicate.

Screening of 4-(3,4-difluorophenyl) thiazol-2-amine derivatives
1.3 µL of compound in 100% DMSO was mixed with 237.7 µL mastermix of PƒMDH 

previously incubated with NAD+. The final concentration used in this screening was 500 µM 

in the presence of 0.5% (v/v) DMSO. The microplate was sealed with silver foil for one-hour 

incubation at 25 °C. Finally, reactions in both the samples and control wells were started 

upon addition of 13.0 µL of 5 mM malate). At the end of the experiments, the reaction the 

plate was spectrophotometrically assayed at 600 nm in order to identify turbidity due to low 

solubility of the compound. All measurements were performed in duplicate.

Statistical analysis
Data were prepared Microsoft Excel and Graph Pad Prism software (v 8.0). Pairwise p-values 

were calculated either using ordinary one-way ANOVA with Dunnet correction (Table S3) 

and one-sample t-test (Table S5). The normality tests were done using the Anderson-Darling, 

D‘Agostino, Shapiro-Wilk and Kolmogorov-Smirnov methods.
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Computational analysis
Molecular interactions as well as the representation of the bond length and the scoring of 

the cooperativity binding network was generated with Scorpion [42]. Pictures were rendered 

with Pymol (The PyMOL Molecular Graphics System, Version 2.0 Schrödinger, LLC). The 

compound 4DT was minimized using OpenBabel [43] software and docked with AutoDock 

Vina integrated into PyRx [44] using as a receptor either the human mitochondrial HsMDH2 

(PDB: 4WLV) or the cytoplasmic homology using pig hearth MDH1 as a template (PDB: 

4MDH). The homology modeling was done with SWISS-MODEL [45]. The search volume was 

composed of the whole protein.

Small-angle x-ray scattering experiments
X-ray scattering experiments were performed using the laboratory SAXS system Xeuss 

2.0 (XENOCS, Grenoble, France) equipped with a MetalJet D2 microfocus X-ray generator 

(0.134 nm wavelength). The protein solution at a concentration of 2.49 mg ml-1 was mixed 

with compounds at concentration of 1mM, incubated for 1h at room temperature and spun 

at 16000 rpm (Eppendorf Centrifuge 5415R) to remove any potential aggregates prior to the 

injection in the low-noise liquid sample cell. SAXS data were collected in 3 – 4 subsequent 

10 min long frames using a Pilatus3R 1 M hybrid photon counting detector (Dectris, 

Switzerland). Data reduction and buffer subtraction procedures were performed using the 

Foxtrot package (https://www.synchrotron-soleil.fr/en/beamlines/swing). Scattering profiles 

were checked for radiation damaged and averaged. Structural parameters were calculated 

in Primus from the ATSAS package [46]. The distance distribution function was calculated 

using GNOM [47].

Dynamic light scattering
Measurements were performed on Litesizer 500 (Anton Paar). Samples were incubated 

with the highest concentrations of compounds for 2 hours at room temperature. Prior to 

measurements samples were spun for 5 min at 16000 rpm (Eppendorf Centrifuge 5415R) to 

remove aggregates.
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RESULTS 

Initial identification and orthogonal validation of the fragment hit
PƒMDH and V190W PfMDH were cloned, expressed and purified with minor modifications 

as previously described [20,36]: 20 mM Tris-base was used in place of 100 mM citrate at the 

same pH 7.4 and ionic strength of 400 mM NaCl. We performed the Saturation Transfer 

Difference NMR (STD) against a library of 1500 fragments from the Maybridge Ro3 diversity 

fragment library. Initially, 16 fragments were identified for WT PƒMDH and 37 for V190W 

PƒMDH, which has previous been shown to possess a perturbed oligomeric interface 

resulting in a breakdown of the wildtype tetrameric assembly into dimers [20]. Comparisons 

of the results reveals that seven fragments bound to both protein constructs, meaning 30 

potential candidates interacting with the oligomeric interface. Our selection was inspired by 

the principle that the nearest the ligand protons are to the protein, the more likely become 

highly saturated. Consequently, those signals displaying the strongest intensity in the mono-

dimensional STD spectrum reflects the proximity of the ligand to the protein surface [50,51]. 

To that respect, 4DT shows a high intensity peak in the aromatic region between 6 and 

8 ppm and weaker intensity peak at 2 ppm (Figure 1A). This was interpreted as indicating 

that 4DT binds to dimeric V190W PƒMDH at a position buried in the wild type tetrameric 

PƒMDH. MST assay orthogonally validated fragment binding with K
d
 of 99.0 ± 1.7 μM (Figure 

1B) against PƒMDH. At saturating concentrations of the compound, a bleaching effect due 

to the fluorescence of the molecule at high concentration was observed. Nevertheless, no 

protein aggregates were detected in either of capillaries. As depicted from the spider plot 

in Figure 1C, five out of six chemical-physical properties calculated by SwissADMET server 

fall within the drug-like area except for the number of saturations. Additionally, thermal shift 

assays revealed a thermal destabilization of PƒMDH with a measured ΔT
m

 of -2 °C (Figure 1D). 

4-(3,4-difluorophenyl) thiazol-2-amine binds at the oligomeric interface
In order to elucidate the binding site of 4DT, crystals of PƒMDH were soaked in the presence 

of 2.5 mM of compound and diffraction data were collected at 2.1 Å resolution (Table S3). 

The reservoir solution was supplemented with 0.5 mM of NADH. The WT PƒMDH-NADH-4DT 

complex is deposited in the PDB under the accession code 6R8G. Based on the presence 

of unambiguous electron density, one molecule of NADH and four molecules of 4DT were 

modeled in the dinucleotide binding site of chain D and at the AC, BD interfaces, respectively. 

At the AC interface, 4DT occupies a total surface area of 307 Å2, 60% of which consists of 

contacts with chain A and the remaining 40% with chain C. The fluoride atoms face the  
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Figure 1 Biophysical characterization of 4DT. (A) signals from STD – NMR from the mixture, (B) MST 
validation with fluorescently labelled PƒMDH, (C) drug likeness profile from SwissADME server [52] and 
(D) thermal destabilization of TSA experiments. RFU = real fluorescence unit. The pink area represents 
the optimal range for each property (lipophilicity: XLOGP3 between −0.7 and +5.0, size: MW between 
150 and 500 g/mol, polarity: TPSA between 20 and 130 Å2, solubility : log S not higher than 6, saturation: 
fraction of carbons in the sp3 hybridization not less than 0.25, and flexibility : no more than 9 rotatable 
bonds.

β7 sheet, while the amino group and thiazole ring flank the β10 – 12 sheets from chain A. 

On the opposite side, these functional groups contact the loops K160 – D165 and N188 – 

P192 from chain C (Figure 2B). PISA analysis quantified the ΔiG P-value as equal to -1 for all 

four molecules, suggesting that the interface surface to be interaction-specific rather than 

an artifact due to the crystal contacts. Furthermore, it shows that the binding site mainly 

consists of hydrophobic contacts. Most interestingly, the fragment binds next to V190 whose 

mutation to tryptophan interferes with the protein native assembly [20]. As shown in Figure 

2A, the benzene and the thiazolyl moieties at the AC interface form a T-shaped π stacking 

interaction with F284 side chain. Further visual inspection of the pocket revealed a wide 

network of Van der Waals interactions between the sulfur of 4DT and the V161, M200, F195, 
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F284 side chains and between the fluorine atom in meta position and the V187, N188 and 

V169 side chains. In addition, other Van der Waals interactions were observed between the 

other aromatic carbons of T271, V190, L250, and V282 side chains with the fluorine atom, 

the ortho/meta carbons and sulfur atoms accounting for the highest cooperativity binding 

scores (Figure 2C).

Figure 2 (A) Left: overview of WT PƒMDH tetramer with bound 4DT (pink color, sticks). Monomers 
are displayed as surfaces. Right: close-up view of the binding site of 4DT showing interactions with 
the protein residues (magenta and green sticks). Van der Waals, π-stacking and other interactions are 
indicated in brown, orange and green dotted lines respectively. (B) Secondary structure representation 
of the AC interface containing two molecules of 4DT contoured as an isomesh electron density surface 
(omit map) contoured at 1.0σ. The position of the V190W mutation used for the protein interference 
method is indicated. (C) Individual atomic scores within the cooperativity binding network. The score 
is assigned according to an increasing rank, starting with gray (neutral), blue/purple (moderate) and 
red (relevant). 
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Structural rearrangements related to 4-(3,4-difluorophenyl) thiazol-2-amine 
binding
The binding of 4DT did not have a significant impact on the overall tetrameric structure 

of WT PƒMDH in comparison with the unliganded form (0.47 Å RMSD). Nevertheless, a 

closer inspection of both AD and BC interfaces revealed substantial rearrangements of 

the L250 (3.52 Å, CD1), V282 (3.10 Å, CG2) and K273 (2.84 Å, CE) side chain positions for 

the accommodation of 4DT in the binding site (Figure 3B, C, D and E). Moreover, we 

have observed further significant Cα shifts in the 177 – 174 loop near the NAD binding 

site (Figure 3A). Additionally, the atomic coordinates of the R75-I87 loop located between 

helices α3 and β4 sheet of the catalytic site of chains A, B and C were omitted due to a 

lack of electron density, caused by an increase of the local structural flexibility. Similarly, 

disordered active site loops were observed in the NADH bound form and no electron 

density is observed for residues Q80-L90. Finally, a structural comparison between the ligand 

and citrate bound forms (Figure 3F) reveals an active site loop in a solvent-exposed open 

conformation. In contrast, when PƒMDH interacts with citrate the active site loop secures 

the molecule through ionic interactions with arginines R150 and R81 which both confer 

substrate specificity. This observation was previously noted also in E. coli MDH [53]. Following 

this loop motion of approximately 80°, the R81 guanidine group loses the ionic contact 

with the carboxylic moiety of the citrate. Taken together, these data corroborate the recent 

hypothesis of a cryptic allosteric site in P. falciparum interface for potential development of 

modulators that do not affect human isoforms and suggest its location is to be found at the 

AD, BC interfaces [32].

Sequence and interface analysis of the binding site
To explore the sequence identities at the 4DT and orthosteric binding sites, we have 

performed multiple sequence alignment with ClustalW [54] of three MDHs from pathogenic 

microorganisms and the two human isoforms. PƒLDH was included in the analysis. This 

resulted in 97% sequence coverage (Figure S1) with H. sapiens accounting for the highest 

sequence identity (34%) followed by B. antracis (28%), H. influenzae (23%), S. Aureus (22%) and 

lastly L. major (21%). Eighteen identical residues (G8, G10, L30, D32, G40, D71, G84, D89, L90, 

N94, P120, L146, S227, A233 with D147, R150, R87, N119) cluster at the N-terminal cofactor 

binding domain (Rossmann-fold) (Figure S2, upper part). Five of these (H174, R150, R87, R81, 

D147) are involved in the catalytic mechanism where the three arginines interact with the 

carboxylates groups the substrate (malate or oxaloacetate) through ionic contacts [55]. Table 

2 summarizes the sequence and surface analysis. Overall, PƒMDH possesses a buried solvent 

accessible surface area of 3481 Å2 combining three independent oligomeric interfaces.
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Figure 3 Apo (green cartoons), citrate-liganded (orange cartoons, PDB ID:5NFR) and 4DT bound 
(purple cartoons) structures of PƒMDH. (A) A close-up view of the active site loop in a close proximity 
to the NAD binding site. Pairwise Cα distances are expressed in Å and represented as red dotted lines 
while loop amino acids as lines. (B, C, D, E) Side chain rearrangements of the interface residues involved 
in the formation of 4DT binding site (sticks representations). (F) Close-up view displaying the lifting 
of the active site loop and distancing of R81 (stick representation) with consequent loss of one ionic 
interaction depicted as red dotted lines.
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Table 2 Surface analysis with PISA online server [48] and sequence conservation across other malate 
dehydrogenase. 

Number of residues 313

Identical 18 (5.7%)

Similar 52 (16.6%)

Active site residues 5

Identical 4 (80%)

Similar 1 (20%)

Interface AB AC AD Total

Residues 50 38 12 100

Identical 8 (16.0%) 0 0 8 (8.0%)

Similar 3 (6.0%) 7 (18.4%) 1 (8.3%) 11 (11.0%)

Not identical 39 (78.0%) 31 (81.6%) 11 (91.7%) 81 (81.0%)

Total ASA per monomer (Å2) 14577

Buried ASA (Å2) 1811 (12.4%) 1309 (9.0%) 361 (2.5%) 3481 (23.9%)

Furthermore, as shown by our analysis, five of these interface interactions are specific 

because they involve residues not strictly conserved in PƒLDH or in the MDH of H. sapiens, 

B. anthracis, T. cruzi and B. abortus (V169, N188, V190, F195 and M200) and, eventually, two 

residues share similar physiochemical properties with other MDHs (V161, L250) (Figure S2, 

lower part). Among these, the AD interface has a relatively small area (361 Å2) and accounts 

only for 2.5% of the total buried surface area. In contrast, the AB and AC interfaces represent 

the key contact surface for the oligomerization (1811 Å2 and 1309 Å2 respectively) and are 

essential for the biological activity in vitro. In comparison with the other six homologues, 

the interface residues are less conserved than those of the active site (20%). Like the AD 

interface, the AC contains no identical residues, however, it accounts for significantly higher 

buried ASA than the former, thus making it an attractive target for structure-based drug 

design. PISA analysis shows that upon ligand binding the guanidine side chain of R183 from 

chain C loses one salt bridge with the E194 of chain A. Similarly, contacts between K198 and 

E164 both in common with the citrate and NADH bound form are lost as well as between 

K228 from chain C and E164 of chain A. These data suggest that 4DT most likely interferes 

with a correct orientation of intra-oligomeric contacts.
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6.7. 4-(3,4-difluorophenyl) thiazol-2-amine derivative screening
In order to explore the structure activity relationships, we bought new compounds from 

vendors carrying different functional groups with electron-withdrawing effect higher than 

fluorine (i.e. nitrile, trifluoromethyl groups) or with different atomic radius (i.e. chlorine, 

bromine) and steric effect (i.e. isopropyl). We also bought compounds in which the amine 

group with a carboxylic acid and we also considered to replace the whole thiazole ring 

with isoxazole, pyrazole and thiadiazole. To measure the impact of these compounds on 

the biological activity, enzymatic reaction of PƒMDH in presence of its substrate malate and 

cofactor NAD was measured in the presence of 4DT derivatives.

Figure 4 Enzyme activity of the 4DT derivatives versus control (DMSO). Data are represented as mean 
± SEM; *p < 0.05, **p < 0.01, ***p < 0.001 for n = 2 per each group.

The results of our experiments are presented in the bar plot inhibition of Figure 4. The 

enzyme activity in the presence of compounds 7a (23%) and 4b (20%) was significantly 

reduced in comparison with the DMSO treated group, followed by compounds 5a (52%) 

and 5b (53%). Additionally, enzymatic activity in the presence of 4DT (1a), 4a, 9a, 1b and 

2b resulted in a reduction of PƒMDH activity with similar statistical significance (Table S5). 
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Only compound 6b showed no statistically difference with the DMSO treated group. A 

precipitation of compound was observed for the para-isopropyl (compound 10a), para-nitro 

(compound 2a), meta-trifluoro (compound 8a) and para-bromo (compound 6a) derivatives, 

due to their low solubility in the assay buffer. Finally, the activity of the enzyme in presence 

of compound 6b was not statistically different from the control (p = 0.33).

Thermal destabilization related to 4-(3,4-difluorophenyl) thiazol-2-amine 
derivatives
Differential Scanning Fluorimetry experiments showed an overall decreased thermal stability 

of PƒMDH by 4DT and derivatives. The trifluoromethyl substituted compound accounted 

for the highest destabilizing effect (ΔT
m

 = -10 °C, Figure S3A) followed by the dimethyl 

(ΔT
m

 = -4 °C, Figure S3B). Similarly, 4PA resulted in a thermal shift ΔT
m

 of -3 °C, Figure S3B).

Validation of the allosteric nature of the pocket with 4-phenylthiazol-2-amine 
as a model molecule
Intrigued by the fact that the highest cooperativity score of 4DT is mostly distributed around 

the benzene and thiazole rings (Figure 5A), we decided to buy and test 4PA with the aim of 

investigating its inhibitory and kinetics properties. 4PA and 4DT are structural highly similar 

and differ only by two fluorines whose van der Waals radius (1.47 Å) is able to mimic hydrogen 

atom (1.20 Å). This makes their dimensions very similar but at the cost of a decrease in water 

solubility for 4DT. Our choice is thus motivated as 4PA has proved to be slightly more soluble 

than 4DT. Furthermore, due to its structural similarity with 4DT, it served as a model molecule 

to confirm the allosteric nature of the pocket we elucidated. Finally, this molecule could be 

used as a starting point for the chemical synthesis of other derivatives for future chemical 

optimization.

The activity assay indicates a significant difference between the groups treated with 

332 μM and 651 μM which display 68% and 60% remaining catalytic activity respectively 

in comparison with DMSO (p < 0.001 and statistical details in Table S6). This suggests an 

inhibitory nature of 4PA in vitro. However, during further dose response experiments, the 

turbidity in the treated wells was observed due to the low compound solubility in aqueous 

buffer at the highest concentration of 1.5 mM (data not shown). Thus, for the kinetic 

experiments we decreased the concentration in order to avoid false positives.
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Figure 5 (A) Left part: bar plot inhibition of PƒMDH in presence of two concentrations of 4PA versus 
the control group (DMSO). Data are presented as mean ± SEM of three independent experiments; 
**: p < 0.01. Right part: analysis of the molecular moieties involved in the highest cooperativity binding 
score for future scaffold hopping. (B) Kinetics studies of two different concentrations of 4PA versus 
control group (DMSO) using the substrate inhibition model. Experiments were carried in the same 
plate. Y-axis shows enzyme activity expressed as U = μmol of NAD+ reduced per minute by 1.0 mg of 
PƒMDH. Data are presented as mean ± SEM of three independent experiment

Kinetic measurements were performed with PƒMDH, varying the concentration of malate 

as the reaction substrate in optimal assay conditions. The results of our investigations are 

presented in Figure 5B while kinetics data are shown in Table S7. In contrast to previous 

reports [24], the control group shows substrate inhibition at the highest malate concentration 

(10 mM). Thus, oxidation of malate curve was fitted using a substrate inhibition model 
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resulting in a calculated V
max

 of 967.8 ± 99.0 U mg-1 and Km of 0.4 ± 0.1 mM. The same 

experiment was performed in the presence of 63 μM of 4PA, resulting in a decreased Vmax 

of 645.7 ± 29.0 U mg-1 and Km of 0.2 ± 0.0 mM. Similarly, doubling the concentration of 4PA 

to 125 μM led to V
max

 of 630.2 ± 28.5 U mg-1 and K
m

 of 0.2 ± 0.003 mM. Moreover, our data 

indicate a decrease in substrate binding affinity induced by the presence of the 4PA inhibitor 

with a calculated K
i
 of 12.5 ± 4.2 mM in the control and K

i
 63.0 ± 31.8 mM and 72.9 ± 41.9 mM 

in the presence of 63 and 125 μM 4DT, respectively. Taken together, these data suggest a 

non-competitive mechanism of the inhibition of 4PA and a simultaneous decrease in the 

binding affinity for malate as a consequence of the inhibitor interactions with key residues 

involved in the 4DT binding pocket formation at the PƒMDH oligomeric interface.

Figure 6 The overlay of scattering profiles from PƒMDH apo protein (blue), PƒMDH in complex with 
compound 6a (orange) and compound 2a (green).

Small Angle X-ray Scattering
In order to further validate the interference effect at the oligomeric interface, we performed 

small-angle X-ray scattering experiments. SAXS is routinely used to determine the oligomeric 

states of proteins in solution due to the non-invasive character of this technique. As SAXS 

detects even nanoscale electron density fluctuations it can be employed to determine 

the tetrameric and dimeric states of malate dehydrogenase. Only the 4DT derivatives that 

previously showed no aggregation in DLS, i.e. 2a and 6a, were tested with SAXS, since 
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aggregated protein samples give SAXS signals that cannot be interpreted. The samples of 

PƒMDH apo protein and in complex with compound 2a appear to be tetramers of ca. 110 kDa 

(expected molecular weight calculated from the sequence would be 136 kDa) and the radius 

of gyration of 33.8 Å (Table S8). Only the complex with compound 6a seems slightly more 

open, with a Rg of 36.4 Å. Finally, Figure 6 shows that the three scattering curves fit the 

crystal structures of PƒMDH in the absence and presence of compounds 2a and 6a well with 

the goodness-of-fit below 1.0 as calculated using crysol software, thus suggesting a good 

correlation between crystal structures and complexes in a solution (Figure S4).

Figure 7 Surface representation of the protein of HsMDH2 (upper part) and HsMDH1 (lower part) with 
the docking poses of 4DT (sticks representation). Right: close-up view of the molecular interactions. 
Hydrogen bond – π, van der Waals, hydrogen bonding, π stacking and dipolar interactions are shown 
in yellow, brown, red, orange and cyan dotted lines, respectively.
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Docking of 4-(3,4-difluorophenyl) thiazol-2-amine in other MDHs
In order to better understand the potential of 4DT to bind oligomeric surfaces of different 

malate dehydrogenases from other species, the molecule was docked on human HsMDH1 

and HsMDH2. Since no crystal structure of HsMDH1 has been deposited in PDB, we have 

built a homology model from its primary sequence. As a result, the model predicted by us 

showed sequence identity of 94.26% with pig heart MDH1 which was used as a template 

(PDB: 4MDH), a global QMEAN of -0.45 and a Z-score < 1, indicating a model of good quality 

among proteins with similar size (Figure S5A and S5B). The region comprising the amino 

acids from K201 to V207 and active site loop R92 – L102 presented both a poor-quality score 

due to the lack of electron density (Figure S5D). Nevertheless, none of the best poses were 

found near these regions. Finally, as can be seen in Figure S5C, with all 1.21% Ramachandran 

outliers located outside the 4DT binding site and 0.13 Å RMSD between the experimental 

crystal structure and the crude model itself, we felt confident to proceed forward for the 

docking analysis. 

In our docking predictions against both human homologs, the best binding poses of 4DT 

were found at the AB interface with scorpion scores of 3.6 for the HsMDH1 and 5.2 for the 

HsMDH2. As presented in Figure 7 (upper panel), the binding pocket of HsMDH2 is located 

in a region between the alpha helixes α1, α2, α8 from each monomer. Here, 4DT forms two 

hydrogen bonds with the CO group side chain of Q38 and the OH group of T248 from chain 

B. Next, several Van der Waals contacts were observed between the two fluoride atoms 

and the hydrophobic residues L249, P39 of each chain. Similarly, also the thiazole ring is 

involved in two Van Der Waals contacts with G35. Interestingly, the benzene ring forms a 

dipolar contact with G35 from chain A. In contrast, 4DT binds HsMDH1 on the top of the 

NAD cofactor's binding site, between the alpha helices α2 and α6 which both possess 

a good QMEAN score (Figure S5D). Our docking studies predicted a number of Van der 

Waals contacts with hydrophobic residues A61 from chain B and A165, A168 and L169 from 

chain A. Furthermore, Q58 and G172 interact with the fluoride atom in meta position of the 

benzene and the thiazole rings through two Van Der Walls contacts. In addition, G172 forms 

one hydrogen bond – π stacking interaction with the amino group. Finally, one π stacking 

interaction was observed between the backbone NH group of L169 and the benzene.
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DISCUSSION

Several reports in literature discuss the biomedical importance of MDH in pathological 

conditions like cancer and infectious diseases, underlining a general interest in developing 

antagonists for HsMDH1 and HsMDH2 (Table S1) for cancer, or substrate/cofactor analogues, 

i.e. oxamic acid derivatives for PƒLDH (Table S2) and PƒMDH for parasitic diseases. 

Unfortunately, such molecules lack on-target selectivity, since they bind a strongly conserved 

active site. An allosteric modulation of this class of enzymes would be a novel alternative 

and potentially better tolerated treatment. Our PIA method previously demonstrated that 

disruption of the PƒMDH oligomeric interface impacted activity, suggesting the potential 

for an allosteric mode of inhibition that may allow improved selectivity between host and 

pathogen MDHs, as well as between MDHs and LDHs.

Following the differential STD-NMR fragment-based screening of both dimeric V190W PƒMDH 

and tetrameric WT MDH for compounds that bind at the AC/BD interface, we identified and 

orthogonally validated with MST the binding of 4DT, resulting in the measurement of a weak 

dissociation constant, which nevertheless is typical for fragments [56].

Next, using X-ray crystallography we identified four molecules of 4DT in a cavity between 

the AC/BD interfaces at approximately 35 Å from the substrate binding pocket. The 

orientation of the fragment is consistent with the NMR spectrum, which showed high peak 

intensities in the region of aromatic protons. Structural alignment between the bound and 

unbound forms of PƒMDH shows a structural rearrangement of L250 and F284 in order to 

accommodate the ligand in the pocket, allowing an optimal orientation for a wide network 

of contacts with residues involved in oligomeric interface, including π-stacking and van 

der Waals interactions. Additionally, the pocket includes the residue V190 whose mutation 

into tryptophan interferes with the formation of the AC dimers into the final tetrameric 

WT complex and thereby implicates the oligomeric surface in the activity of PƒMDH. Most 

relevantly, a clear structural re-arrangement at the active site loop of monomer C was 

observed with no detectable electron density related to citrate, despite the presence of 1.4 M 

citrate in the reservoir solution, or at the loops Q80-L90 of the remaining monomers. Given 

that no crystal structures of MDH from Plasmodium (or other species of similar tetrameric 

assembly) deposited to date display this allosteric pocket with the binding site loop in an 

open conformation, it is tempting to speculate that the binding may well result from ligand-

dependent conformational selection. In support of this hypothesis, all our TSA data, including 
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those from the 4DT derivatives, report a negative ΔT
m

, implying a thermal destabilization of 

the tetramer with the bulkiest CF3 functional group accounting for the highest decrease in 

ΔT
m

. When 100 mM citrate is present in the solution a significant increase of ΔT
m

 is observed 

and the co-crystal structure reveals polar contacts between citrate and R81, R87 and R150. 

Since R81 is clearly involved in an ionic bond with the negatively charged COOH group, the 

loss of this interaction due to increase of local flexibility may impact the affinity towards 

citrate. This implies that 4DT most likely binds and stabilizes a conformation of the protein 

with a low affinity for carboxylic acids, such as citrate, malate or oxaloacetate. In support of 

this hypothesis, our kinetics data effectively show a decrease in K
i
 by 6 – 5x fold in presence 

of 125 and 63 μM of the 4DT derivative 4PA. Taken together, these data provide further 

evidence that a correct formation of the AC, BD interfaces is necessary for proper catalytic 

activity. Furthermore, our sequence and interface analysis show that the oligomeric surface 

located downstream does not contain strictly conserved residues, implying that each MDH 

possesses a unique AC/BD interface – allowing the possibility for improve selection between 

the MDH of distinct species. As nine of the sixteen derivatives of 4DT displayed significant 

inhibition, it is likely that replicating the same fragment-based approach as described in 

this paper to other homologues from pathologic microorganisms, for instance leishmaniosis, 

anthrax, and invasive bacterial infection may yield similar results. Moreover, the fact that 

we have observed significant Cα deviations at the level of loop 174 – 177 containing the 

mutated amino acid D176N (90% inhibition a) corroborates the hypothesis that the cryptic 

allosteric site is located at the AD interface [32].

This observation interestingly correlates with a recent study in which D176N PƒMDH 

showed 90% lower activity than wild type PƒMDH and, combined with the R214E mutation, 

resulted in more than 20x fold decrease in NADH affinity [32]. Another major consequence 

involves PfLDH. As previously described, slight chemical modifications of gossypol produce 

remarkable changes in the selectivity of inhibition of two human LDH isoforms [48]. However, 

these derivatives could not discriminate between the mammalian MDHs as demonstrated 

later by Choi in 2007 [22]. In contrast, our approach could potentially overcome this drawback 

and even differentiate PƒMDH from PƒLDH. Indeed, comparison of the 4DT pocket with the 

corresponding PƒLDH oligomeric interfaces show two hydrophobic residues (V282/I285 and 

L250/V253) flanking the molecule. The first identical residues between these two proteins is 

N167 which is located 9 Å downstream. On the other hand, the fact that we see a difference 

for the scattering profiles of apo protein and in complex with compound 6a strongly suggest 



40

A Fragment-Based Approach Identifies an Allosteric Pocket that impacts Malate Dehydrogenase Activity

that, although the complex is not dissociated, compound 6a binds to the protein causing 

the complex to structurally diverge, as indicated by the increased radius of gyration. 

Finally, our docking studies suggest several interactions between 4DT and HsMDH1 and 

HsMDH2 (taken as exemplary MDHs) and ranked the pocket in HsMDH2 as more relevant in 

providing interactions for the overall bond affinity than that one of HsMDH1. However, the 

scores of both proteins are substantially lower than PƒMDH (9.5), meaning that binding to the 

AC/BD interfaces benefit from the cooperativity binding network in a more substantial way 

than the AB/CD interface. Hence, future chemical optimizations should aim to create more 

steric surface, paving the way towards novel compounds that can leverage the existence of 

our proposed allosteric pocket. 

Nevertheless, during the homology modeling process we found only 16 crystal structures 

corresponding to the desired homodimer quaternary structure and none of these is co-

crystallised with inhibitors similar to 4DT. This implies that our models need to be interpreted 

cautiously since they cannot be validated with a co-crystalized reference. In that respect, 

further kinetics experiments should be carried out in the future to better understand the 

nature of 4DT against both human isoforms.
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SUPPORTING INFORMATION 

Table S1 Top ten MDH antagonists with anticancer activity sorted according to their increasing 
potency.

Name Structure IC50 (μM) Target name Reference

Inhibitor 4k 0.770 ± 0.02 HsMDH2
10.1016/j.

ejmech.2009.10.018

Inhibitor 8e 0.92 ± 0.28 HsMDH1
10.1021/acs.

jmedchem.7b01231

Inhibitor 16c 1.06 ± 0.03 HsMDH2
10.1021/acs.

jmedchem.7b01231

Inhibitor 16c 1.07 ± 0.07 HsMDH1
10.1021/acs.

jmedchem.7b01231

Inhibitor 4h 1.10 ± 0.10 HsMDH2
10.1016/j.

ejmech.2009.10.018

Inhibitor 1 1.10 ± 0.10 HsMDH1
10.1021/acs.

jmedchem.7b01231

Inhibitor 14c 1.11 ± 0.01 HsMDH2
10.1021/acs.

jmedchem.7b01231

Inhibitor 14b 1.11 ± 0.01 HsMDH2
10.1021/acs.

jmedchem.7b01231

Inhibitor 6 1.14 ± 0.09 HsMDH1
10.1021/acs.

jmedchem.7b01231

Inhibitor 14b 1.18 ± 0.08 HsMDH1
10.1021/acs.

jmedchem.7b01231
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Table S2 Structure of bioactive compounds against PƒMDH sorted according to increasing potency. 

Name Structure IC50 (μM) DOI

Oxamate > 2000 10.1021/jm070336k

Inhibitor 2 > 241 10.1021/jm070336k

Inhibitor 4 > 225 10.1021/jm070336k

Inhibitor 6 86.90 ± 0.46 10.1021/jm070336k

Inhibitor 1 48.30 ± 0.30 10.1021/jm070336k

Inhibitor 5 6.76 ± 0.39 10.1021/jm070336k

Inhibitor 7 2.66 ± 0.24 10.1021/jm070336k

Gossypol 2.03 ± 0.80 10.1021/jm070336k
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Table S3 Data collection and refinement statistics. Values in parenthesis refer to the high-resolution 
shell (2.23-2.10 Å). †R

merge
 =, where I

i
(hkl) is the mean intensity of the ith observation of symmetry-

related reflections hkl. ‡R
cryst

 =, where Fcalc is the calculated protein structure factor from the atomic 
model (R

free
 was calculated with a randomly selected 5% of the reflections).

X-ray diffractometer BRUKER D8 Venture BRUKER D8 Venture

Wavelength (Å) 1.541 1.541

Temperature (K) 100 100

Detector PHOTON II PHOTON II

Crystal-to-detector distance (mm) 50 60

Oscillation range (°) 0.5 0.5

Total rotation range (°) 360 360

Exposure time/image (s) 60 60

Space group P212121 P212121

Unit cell parameters: a, b, c (Å) 84.76, 106.89 145.01 84.62, 107.42, 145.08

Mosaicity (°) 0.3 0.3

Resolution range (Å) 50.0 – 2.1 50.0 – 2.5

Total reflections 1110099 (166675) 779593 (52991)

Unique reflections 77233 (12302) 46208 (3249)

Completeness (%) 99.8 (99.4) 99.7 (96.6)

CC1/2 99.8 (71.5) 99.5 (61.3)

I/(I) 14.3 (2.0) 9.3 (2.1)

Rmerge 
† 0.19 (0.91) 0.29 (0.99)

Wilson plot B factor (Å2) 35.5 14.8

Rcryst / Rfree
‡ (%) 20.6/23.5 23.8/28.6

Protein atoms 9566 9268

Water molecules 320 147

Ligand atoms 48 176

RMSD bond lengths (Å) 0.010 0.007

RMSD bond angles (º) 1.850 1.323

PDB ID 6R8G 6Y91

Ligands 4DT, NADH NADH
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Figure S1 ClustalW multiple sequence alignment of four pathogenic microorganisms and human 
MDHs with P. falciparum set as reference (blue colored). The aminoacids involved in the catalysis are 
indicated with a purple triangle. Strictly and slightly conserved residues are respectively boxed in red 
and yellow. Characters of residues with similar physiochemical properties are colored in red characters. 
Secondary structures were created with ESPript [1]. Primary sequences were fetched from UniProtKB 
database under the accession IDs Q6VVP7 (Plasmodium falciparum), Q27743 (Plasmodium falciparum, 
LDH), P40925 (Homo sapiens, cytoplasmic), P40926 (Homo sapiens, mitochondrial), C3PAI1 (Bacillus 
anthracis), A0A2V2WGI8 (Trypanosoma cruzi) and Q2YLR9 (Brucella abortus).

Figure S2 Upper part: surface representation of the PƒMDH with NADH and 4-(3,4-difluorophenyl) 
thiazol-2-amine displayed as sticks. Residues with similarity global score lower than 0.7 are white 
colored while those in the range from 0.7 to 1.0 (1 = strictly conserved residues) in salmon or red. 
Lower part: ClustalW Multiple sequence alignment with same representation as described in Figure S1. 
Brown stars indicate the aminoacids interacting with 4-(3,4-difluorophenyl) thiazol-2-amine through 
Van der Walls or π-stacking contacts. “acc”: solvent accessibility of each residue (blue = accessible, white 
= buried, cyan = intermediate); “hyd”: hydropathic character of a sequence (pink = hydrophobic, grey 
= intermediate, cyan = hydrophilic).
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Statistical data

Table S4 ANOVA summary

F 10.40

P-value < 0.001

P value summary ***

Significant diff. among means (P < 0.05)? Yes

R squared 0.9044

ANOVA summary

F 10.40

P-value < 0.001

Table S5 Pairwise p-value calculation between the treated group with the molecule and the positive 
control (DMSO).

Dunnett’s multiple comparisons test Adjusted p-value

Positive control vs. 1a 0.02

Positive control vs. 4a 0.03

Positive control vs. 5a 0.003

Positive control vs. 7a < 0.001

Positive control vs. 9a 0.003

Positive control vs. 1b 0.01

Positive control vs. 2b 0.03

Positive control vs. 4b < 0.001

Positive control vs. 5b 0.004

Positive control vs. 6b 0.33

Table S6 Summary table of the ANOVA statistical analysis for the 4-phenylthiazol-2-amine treated 
groups in comparison with the DMSO treated group.

One sample t test PƒMDH + 332 μM PƒMDH + 651 μM

t, df t = 10,47, df = 2 t = 23,09, df = 2

P-value (two tailed) 0,0090 0,0019

P-value summary ** **

Significant? (alpha = 0.05) Yes Yes

Kinetics data 
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Table S7 Parameters for the substrate inhibition model. V
max

, K
m

 and K
i
 are presented as mean ± SEM 

of three independent experiments. 

Parameters Control 63 μM 125 μM

Best-fit values (pH 10.2)

V
max

967.8 ± 99.0 645.7 ± 29.0 630.2 ± 28.5

K
m

0.4 ± 0.1 0.2 ± 0.003 0.2 ± 0.03

K
i

12.5 ± 4.2 63.00 ± 31.8 72.93 ± 41.9

95% CI (profile likelihood)

V
max

790.8 to 1255 588.4 to 713.5 574.1 to 696.8

K
m

0.2438 to 0.7037 0.1395 to 0.2614 0.1378 to 0.2595

K
i

6.209 to 29.59 28.66 to 1374 30.76 to +infinity

Goodness of Fit

Degrees of Freedom 20 20 20

R squared 0.8779 0.9290 0.9291

Sum of Squares 108093 31909 31624

Sy.x 73.52 39.94 39.76

Constraints

K
m

Km > 0 Km > 0 Km > 0

K
i

Ki > 0 Ki > 0 Ki > 0

Number of points

# of X values 24 24 24

# Y values analyzed 23 23 23
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Differential scanning fluorimetry of 
4-phenylthiazol-2-amine derivatives

Figure S3 First derivative curves of TSA experiments. Samples treated with (A) 4-(3-(trifluoromethyl)
phenyl)thiazol-2-amine (B) 4-(3,4 dimethyl phenylthiazol-2-amine) (compound 5a) and (C) 
4-phenylthiazole-2-amine are green colored while DMSO is in red. T

m
 = melting temperatures. 
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SAXS data goodness-of-fit and 
parametrization summary 

Figure S4 Comparison of goodness-of-fit between experimental SAXS curve of (A) apo PƒMDH, (B) in 
complex with inhibitor 2a, (C) in complex with inhibitor 6a with putative scattering curves from crystal 
structures generated using Crysol software.
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Table S8 Overview of SAXS parameters for apo PƒMDH dehydrogenase and with complex with 
compound 2a and compound 6a.

Rg [Å] Rg from Dmax 
analysis [Å]

Dmax [Å] MW estimate 
[kDa]

credibility interval 
[kDa]

apo 33.78 ± 5.51 33.93 ± 4 104.75 113.65 106.9 – 121.45

2a 33.78 ± 0.83 33.93 ± 4 104.75 113.65 106.9 – 121.45

6a 36.4 ± 3.15 34.52 ± 4.3 113.74 91.175 81.3 – 95.8
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Homology model: validation and evaluation

Templates were searched with BLAST [2] across the SWISS-MODEL template library using the 

primary sequence of MDH1 (Uniprot ID: P40925). Templates to build up the models were 

chosen based on a sequence identity cut-off of 30% and the reported oligomeric state of 

HsMDH1 in presence of NAD. Next, the model was built with ProMod3 algorithm [3] which 

replaces missing sides chains atoms with a fragment library while loops modelling has been 

performed with PROMOD-II. The global and per-residue model quality has been assessed 

using the QMEAN scoring function [4]. Finally, the model was validated using Ramachandran 

plot which quantifies the number of outliers and clashing contacts. 

Figure S5 Homology modeling report for HsMDH1. (A) The four principal individual terms QMEAN 
scoring function. White, blue and red areas indicate properties being on average equal, better or worse 
than the reference structure. (B) Comparison plot of HsMDH1 model quality scores (red star) versus 
proteins of similar sizes. Black dots are crystal structures with normalized QMEAN score (0 < Z-score < 1) 
while those ones with Z-score even further are grey colored. (C) Ramachandran plot showing the 
energetically favored regions where 80% (third contour), 95% (second contour) and 99.7% (first contour) 
of dihedral angle combinations fall. (D) Cartoon representation of the homomeric form of HsMDH1. 
Poorly modelled structures are coloured red and those with positive QMEAN in blue.
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ABBREVIATIONS

FAD: Flavin adenine dinucleotide;

HsMDH1: human cytosolic malate 

dehydrogenase; 

HsMDH2: human mitochondrial malate 

dehydrogenase; 

K
i
: substrate dissociation constant;

K
d
: dissociation constant;

MDH: malate dehydrogenase; 

MST: microscale thermophoresis; 

NAD+: nicotinamide adenine dinucleotide 

oxidized form; 

NADH: nicotinamide adenine dinucleotide 

reduced form; 

NSCLC: Non-small Cell Lung Carcinomas;

PDB: Protein Data Bank;

PƒLDH: lactate dehydrogenase from 

Plasmodium falciparum;

PƒMDH: MDH from Plasmodium falciparum; 

PIA: protein interference assay;

PKCδ/PRAK: Protein kinase C delta type/ 

p38-regulated/activated protein kinase;

PKC/PKA: protein kinase C, protein kinase 

A4DT: 4-(3,4-difluorophenyl) thiazol-2-

amine;

PI3-K/GLUT2: Phosphoinositide 3-kinaes, 

Glucose transporter 2;

SAXS: small angle X-ray cattering;

STD-NMR: saturation transfer difference 

nuclear magnetic resonance spectroscopy;

TCA: tricarboxylic acid cycle; 

TPSA: total polar surface area; 

TSA: thermal shift assay;

4DT: 4-(3,4-difluorophenyl) thiazol-2-amine;

4PA: 4-phenylthiazol-2-amine;
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ABSTRACT

Macrocycles target proteins that are otherwise considered undruggable due to a lack 

of hydrophobic cavities and the presence of extended featureless surfaces. Increasing 

efforts by computational chemists have developed effective software to overcome the 

restrictions of torsional and conformational freedom that arise as a consequence of 

macrocyclization. Moloc is an efficient algorithm, with an emphasis on high interactivity, 

and has been constantly updated since 1986 by drug designers and crystallographers of 

the Roche bio-structural community. In this work we have benchmarked the shape-guided 

algorithm using a dataset of 208 macrocycles, carefully selected on the basis of structural 

complexity. We have quantified the accuracy, diversity, speed, exhaustiveness and sampling 

efficiency in an automated fashion and we compared them with four commercial (Prime, 

MacroModel, Molecular Operating Enviroment, and Molecular Dynamics) and four open 

access (Experimental-Torsion Distance Geometry with additional “basic knowledge” alone 

and with Merck Molecular Force Field minimization or Universal Force Field minimization, 

Cambridge Crystallography Data Centre conformer generator, and Conformator) packages. 

With three-quarters of the database processed below the threshold of high ring accuracy, 

Moloc was identified as having the highest sampling efficiency and exhaustiveness without 

producing thousands of conformations, random ring splitting into two half-loops and 

possibility to interactively produce globular or flat conformations with diversity similar to 

Prime, MacroModel and Molecular Dynamics. The algorithm and the python scripts for full 

automatization of these parameters are freely available for academic use
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INTRODUCTION

Macrocycles comprise a (hetero) cyclic core of at least 12 atoms, with molecular weight 

typically between 500 and 2000 Daltons. Ring sizes of 8 – 11 atoms and 3 – 7 atoms are 

classified as medium and small cycles. Though some naturally occurring rings contain up to 50 

atoms, 14- 16- and 18-membered rings occur at a higher frequency [1] 16-, and 18-membered 

rings are of frequent occurrence based on a data mining study. The results raise a question 

about the limited diversity of macrocycle ring sizes and the nature of the constraints that 

may cause them. The data suggest that the preference bears no relationship to the odd-

even frequency in natural fatty acids. The trends reported here, along with those reported 

previously (Wessjohann et al. (2005). Generally, they encompass a large variety of chemical 

structures that originate from macro-cyclization of simple building blocks, for example 

cyclopeptide [2], cyclodextrins [3], or as a result of de novo total synthesis or semi-synthetic 

routes [4]. Among their clinical applications as drugs, macrocycles are used in oncology 

(temsirolimus [5,6], epothilone B derivatives [7,8]), as antibiotics (vancomycin, macrolides, 

rifampicin), immunology (sirolimus, zotarolimus) and in dermatology (pimecrolimus) [9]. 

Other applications of macrocycles are in supramolecular chemistry (crown ethers [10], 

cryptands, catenanes, rotaxanes [11] and calixarenes). Recently, macrocycles have received 

growing attention in medicinal chemistry [12-15] because of their unique ability to disrupt 

protein-protein interactions [16], improve metabolic stability [17], and improving cellular 

permeability by conformational restriction [18-21] – resulting in a higher oral bioavailability 

compared to non-cyclic congeners. Although macrocycles are outside of Lipinsk’s rule of 

five, these molecules are able to bind proteins that are otherwise considered challenging 

due to their lack of hydrophobic cavities where functional groups can be anchored [22,23]. 

It has been estimated that nearly 25% of the ring atoms can contribute to the contact area 

with the protein surface through nonpolar contacts. Nevertheless, both ring atoms and 

peripheral/substituents show the same probability to match a hotspot, suggesting that 

ligand-based drug design of macrocycles should take into account these two components in 

order to identify potent binders [24]. We have recently described multiple scaffolds of artificial 

macrocycles which are readily synthesizable using multicomponent reaction chemistry (MCR) 

[25-30] and investigated the structural basis of macrocycles targeting PD1-PDL1, p53-MDM2 

and IL17A receptor interactions [30-33]. Thus, we are highly interested in computational tools 

to rapidly screen conformational space of a large virtual macrocycle libraries as a filter to 

synthesize bioactive compounds. To date, several benchmarks demonstrated the feasibility of 

algorithms with the aim of producing macrocycle conformations with enough accuracy and 

uniqueness for common CADD strategies, such as docking and pharmacophore screening 
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[34]. Some of these algorithms are based on distance geometry [35], inverse kinematics [36], 

genetic algorithms [37], molecular dynamics simulations implementing either low frequency 

modes [38] or normal-mode search steps plus energy minimization [39] and, most recently, 

Monte Carlo Multiple Minimum (MCMM)/Mixed Torsional/Low-Mode [40]. Generally, these 

programs are distinguished on the basis of the strategy adopted to generate conformations, 

systematic or stochastic. For example, Molecular Operating Environment (MOE), MacroModel 

(MD), Cambridge Crystallography Data Centre (CCDC) conformer generator and 

Experimental-Torsion Distance Geometry with additional “basic knowledge” (ETKDG) belong 

to the stochastic search category. Nevertheless, a major issue with these techniques is the 

generation of large numbers of representative conformers. On the other hand, a problem 

related to systematic search methods is the constrained flexibility of the ring, which is often 

insufficiently sampled by rotating a single bond at a time. In contrast to noncyclic molecules, 

the change in a single bond rotation impacts all bonds in macrocycles. Developing 

methods for sampling macrocycle conformations or improving upon the currently existing 

methods without generating large number of conformers is a key step in the exploration 

of macrocycles in drug discovery. The computational basis of finite Fourier transform of 

ring structures was developed in 1985 [41] and its first embedding within a specialized 

conformer generator for macrocycle conformational sampling was shown in the publication 

of Paul Gerber and coworkers in 1988 [42]. Fourier representation of the atomic position 

for macrocycle sampling has the advantage of generating a number of conformations that 

depend solely on the number of atoms in the ring, with few other user defined parameters. 

In the original publication, the author assessed the extensive conformational space covered 

by the Moloc software by taking (E)-cyclodecene and s-cis/s-trans-caprolactam as two study 

cases, investigating the potential of their method in combination with NMR spectroscopy 

of a macrocyclic tetrapeptide as a third example. This resulted in an exhaustive set of low-

energy conformations of macrocyclic systems generated automatically, reproducing the 

experimented observed conformations, including s-cis/s-trans-isomers and, finally, showing 

the potential application in modeling surface loops of proteins. Herein, we benchmark the 

Fourier-based algorithm using a database of 208 macrocycles crystal structures and compare 

the performances of Moloc with the commercial software Prime, Molecular Operating 

Environment, Molecular Dynamics (MD), MacroModel and four open access packages 

– Experimental-Torsion Distance Geometry with additional “basic knowledge” and with 

the minimization steps employing the Merck Molecular Force Field (MMFF94s, [43] or the 

Universal Force Field (UFF, [44]), Cambridge Crystallography Data Centre and Conformator. 

We systematically assess the accuracy, structural diversity and speed. Moreover, concepts 
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of exhaustiveness and sampling efficiency are introduced. The aim of our work is to identify 

software capable of producing diverse and accurate conformations for daily virtual screening 

(i.e. docking). Moreover, since significant conformational changes in total shape and volume 

guide the bioavailability of certain macrocycles [45], we believe that the application of this 

approach could efficiently identify generic shapes of membrane permeating conformations. 

A summary of the different software and the theoretical principles behind their functionality 

are presented in Table 1.

Table 1 Free (green) and commercial (red) software for the conformation generation of macrocycles 
and their working principles. 

Methodology Description

Moloc Macrocycle shapes are characterized by a selection of harmonics which occur in an approximate 
Fourier representation of the atomic coordinates of the rings [42]. 

Conformator Incremental construction of conformers with torsional angle assignment and a new 
deterministic cluster algorithm [46].

CCDC Ring template libraries to describe ring geometries using based on the wealth of experimental 
data in CSD.

ETKDG Stochastic search method that utilizes distance geometry together with knowledge derived 
from experimental crystal structures [47,48].

MOE Perturbation of an existing conformation along a molecular dynamics’ trajectory using initial 
atomic velocities with kinetic energy focused on the low-frequency vibrational modes and 
energy minimization [38].

Prime Ring splitting to create to two half-rings that are sampled independently and recombined [49].

MD Desmond from Schrödinger Suite 2014-4 chosen as a baseline method (MaestroDesmond 
Interoperability Tools; Schrödinger: New York, NY, 2014).

MM Brief molecular dynamics simulations followed by minimization and normal-mode search steps 
[39].

MATERIALS AND METHODS

Dataset
For a direct comparison of Moloc with the commercial and free software, we used the dataset 

of 208 macrocycles of Sindhikara and coworkers [49], consisting of 130 crystal structures from 

the Cambridge crystallographic dataset [50], a subset of 60 structures from the Protein Data 

Bank (PDB, [51]) selected by Watts and coworkers [39] accounting for diverse and challenging 

macrocyclic topologies (disulfide bridges, cross-linking amide bonds and polycyclic rings, 
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including, cyclodextrins, polyglycines, cycloalkanes and peptidic macrocycles), and 18 

crystals from the Biologically Interesting Molecule Reference Dictionary (BIRD) dataset 

chosen on the basis of quality (low temperature factors and/or resolution < 2.1 Å) and 

structural diversity. Further details about the full dataset composition can be found in the 

supplementary information from Sindhikara and coworkers [49].

Preparation of the input structures
Non-biased starting conformations were prepared by removing the initial crystallographic 

coordinates, the partial charges, and the explicit hydrogens. Processed structures were 

converted to isomeric SMILES preserving the stereochemistry flags. The resulting SMILES 

codes were employed as input for conformational sampling by Conformator, CCDC Conformer 

Generator, and ETKDG alone or in combination with the minimization steps employing the 

MMFF94s or UFF while for Moloc, a set of random 3D structures was generated using Mol3d.

Software tested and parametrization
MOE, Prime, MM and MD

Macrocycle sampling description and initial condition for Prime, MOE, MM, and MD can be 

found in methods section of Sindhikara and coworkers while the results of accuracy, diversity 

and speed can be found in the supplementary information [49].

Moloc

Moloc is one of the first molecular modeling packages and has since been updated 

regularly in close collaboration with drug designers and crystallographers of the Roche 

biostructural community, encompassing numerous functions, such as conformational 

sampling, generation of 3-dimensional pharmacophores [52], similarity analysis, peptide 

and protein modeling, modules for x-ray data handling and ligand based drug design. The 

generic Fourier description of the shape of the ring atoms is based on the generation of a 

series of harmonics [42]. Radial and axial deviations are then applied until a generic shape is 

found. Once it is identified, the algorithm starts to build a number of conformations that is 

proportional to the ring size. Geometric deviations, such as bond length and angles are fixed 

by minimizing against the MAB force field [53]. In order to launch a sampling job, the “Mcnf” 

module was run in batch with the parameters ‘w0’ and ‘c3’ to initiate randomization of input 

atomic 3D coordinates and preserve the stereochemistry of both E/Z bonds and sp3 carbon, 

respectively. The selection of unique conformations is based on energetic (0.1 kcal/mol) and 

structural (0.1 Å RMSD for cross rigid body superimposition) thresholds. The conformations 
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were kept within an energetic threshold of 10 kcal/mol. A conformational job can be 

launched using either 2D or 3D atomic coordinates that are generated by Mol3d. During the 

conformational sampling inner symmetries and permutations are enumerated. The number 

of generic shapes used as a start guide for the generation of the conformers grows as the 

square of N(lnN) where N represents the number of ring atoms. Finally, for assessment the 

flexibility of the software, the energetic threshold and hydrogen bond term were activated 

for the conformational job.

Conformator

Conformator is a conformer generator focused on the enhancement of molecular torsion 

based on the assessment of torsion-angles from the rotatable bonds. Conformator consists 

of a torsion driver enhanced by an elaborate algorithm for the assignment of torsion angles 

to rotatable bonds, and a new clustering component that efficiently compiles ensembles 

by taking advantage of lists of partially presorted conformers. The clustering algorithm 

minimizes the number of comparisons between pairs of conformers that are required to 

effectively derive individual RMSD thresholds for molecules and to compile the ensemble. 

For this purpose, Conformator features two conformer generation modes,” Fast” and “Best”. 

Where, “Best” and “Fast” focuses on accuracy or speed of conformer search to generate 

conformers with the lowest RMSD values against a reference, respectively. Both modes 

attempt to ensure chemically correct bond angles and lengths as well as the planarity of 

aromatic rings and conjugated systems. After conformer generation, Conformator performs 

a local optimization employing the macrocyclic optimization score (MCOS) which includes 

several well-known components from common force fields and some components specific 

to the optimization of macrocycles [46]. For optimal comparison of the software, we selected 

the “Best” feature for macrocycle conformational sampling using the isomeric SMILES codes 

described above and requesting one thousand conformers per entry.

Cambridge crystallography data centre conformer generator

Conformer Generator from CCDC is a knowledge-based method that uses data derived from 

CSD libraries and heuristic rules. For instance, Conformer Generator uses rotamer libraries to 

characterize preferred rotatable-bond geometries, and ring template libraries to describe 

ring geometries. Conformations are sampled based on CSD-derived rotamer distributions 

and ring templates. A final diverse set of conformers, clustered according to conformer 

similarity, is returned. Each conformer is locally optimized in torsion space [48,54]. For this 

work, the input structures described previously were loaded into the CCDC Conformer 



66

Benchmark of Generic Shapes for Macrocycles

Generator through the CSD Python Application Programming Interface (API). Conformer 

Generator runs a minimization using the Tripos force field prior to conformational sampling 

for which one thousand conformers were requested for each entry.

ETKDG alone and with minimization

RDKIT is an open-source toolkit for cheminformatics, comprising a wide variety of analysis 

and synthesis tools including, similarity search, fingerprint calculations, 2D and 3D descriptor 

calculation, and conformer generation (https://www.rdkit.org/). Currently, RDKIT is able to 

generate conformers using distance geometry (DG), and an improved new method called 

ETKDG. The ETKDG algorithm is based on DG including experimental torsion-angle termed 

Experimental-Torsion Distance Geometry (ETDG) and “basic knowledge” (ETKDG) of molecular 

terms, including linear triple bonds and planar aromatic rings. The ETKDG method has been 

demonstrated to be more accurate in reproducing crystal structures conformations than 

DG alone. In addition, this algorithm has been recently optimized by the implementation 

of knowledge-based terms, preference for the trans amide configuration and the control 

of eccentricity from 2D elliptical geometry [48]. Thereby we decided to explore the ETKDG 

approach for macrocycle sampling. Since ETKDG conformational sampling lacks any step of 

minimization, we ran minimization steps after the ETKDG conformational job using MMFF94s 

or UFF over 400 iterations per conformer in order to explore the minimization effect on 

macrocycle conformational sampling. We used the Python API of RDKIT to generate one 

thousand conformers per entry from the input structures.

Comparison parameters
Exhaustiveness

Not all the software compared exhaustively sampled conformational space but stopped 

before because some of them were not able to generate conformations for some of the 

input structures. For instance, no sampling was performed in the case Conformator if the 

assignment of torsion angles to rotatable bonds failed for a specific structure since this is the 

flexibility determination method employed by such a software. Thus, we defined the term 

exhaustiveness as follows:

Exhaustiveness =
Num.entriessampled

Total entries
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Accordingly, exhaustiveness values equal to 1 indicate full sampling of all entries in the 

dataset. Correspondingly, decreased exhaustiveness values indicate fewer entries sampled.

Figure 1 Example of separation of a 21-membered macrocycle into three atomic categories for the 
calculation of the RMSD backbone and RMSD heavy atoms. Side chains, backbone and heavy atoms are 
colored green, black and blue, respectively. 

Accuracy

Based on previous benchmarks of conformational sampling [38,39,46,49,55,56] we have 

used Root Mean Square Deviation (RMSD) to quantify the accuracy of the conformers in 

reproducing the reported bioactive crystallographic coordinates. Lowest RMSDs values 

between each conformational ensemble to the reference structure were calculated. Notably, 

we have quantified the ring atom accuracy (RMSD backbone) in a separate manner from 

heavy atoms accuracy (RMSD heavy atoms), as indicated in Figure 1. This is based on the 

recently described classification of contacts between the macrocycle and its target: side 

chain, peripheral functional groups and backbone atoms to the receptor [24]. Typically, a 

relative RMSD cutoff below 2.0 Å is considered an acceptable accuracy [57]. However, since 
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macrocycles are more complex and larger than small molecules, we considered RMSD 

heavy atoms value up to 2.5 Å as reasonably accurate and RMSD heavy atoms values below 

1.0 Å were treated as highly accurate. Finally, we used the Cumulative Function Distribution 

(CDF) to evaluate the performance of the algorithm in sampling a specific percentage of 

the dataset below two RMSD backbone threshold values 0.5 Å (highly accurate) and 1.0 Å 

(accurate).

Diversity and sampling efficiency

In order to systematically assess the structural diversity of each conformational ensemble 

we used torsional fingerprints (TF) in a similar manner to Sindhikara and coworkers [49]. 

The unique conformers were identified using a torsional scan on multiple conformations 

of a truncated version of the molecule comprising only the macrocycle backbone. 

Correspondence between related molecules was assessed by atom mapping from a 

maximum common substructure analysis. Then a comparison of the fingerprints between the 

conformers was calculated using the torsional fingerprint deviation (TFD) [58]. Conformers 

with unique fingerprints were identified and kept if TFD was non-zero. As a further descriptor 

for assessment of shape diversity we used the span in Radius of Gyration (RoG), which is 

defined as the difference between the highest and the lowest RoG conformers [59]. Aiming 

to establish a relation among the exhaustiveness and the capability of the software to 

generate unique conformers, we introduced the sampling efficiency (SE) as:

Sampling efficiency = Exhaustiveness ( Unique Torsional Fingerprints )Num. Conformers

Sampling efficiency values equal to 1 mean that each conformer represents a unique 

conformation within taking in account the number of entries sampled, while values close to 

0 indicate high redundancy among conformers and/or lower exhaustiveness.

Speed

Time efficiency for each software was quantified by calculating the difference between the 

start and end time for conformer generation per entry. Batch scripts were generated for 

calculation of the time consumption for Moloc and Conformator. Due to the usage of Python 

API for RDKIT and CCD conformer generator, a tailored Python script was implemented in 

order to calculate the time consumption for CCDC Conformer Generator, ETKDG, and its 

further minimizations steps (UFF or MMFF94s). Moloc, Conformator, ETKDG alone or with 

minimization and CCDC Conformer Generator were run in a machine utilizing a 4-core 
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IntelXeon 3500 CPU-processor, 12 GB RAM, and 25 GB of data storage in a 1 TB HDD. The 

speed of MOE, MM, Prime and MD were retrieved form the supporting information of the 

Prime benchmark publication [49].

Statistical analysis
Data representation was carried out using the Python library matplotlib 3.1.1 [48]. Statistical 

comparison of data was computed using a non-parametric Krustal-Wallis H-test among study 

groups using the stats module of SciPy [60]. All the p-values of the pairwise comparisons 

among the software can be found in the supporting information.

RESULTS

Exhaustiveness
According to our observations from conformational sampling of macrocycles employing 

different software some methods were incapable of sampling all entries into the database. 

Conformator resulted in the least exhaustive sampling (190 out of 208 entries). While the 

ETKDG algorithm was able to generate conformers for all input structures, the subsequent 

minimization step using UFF or MMFF94s force fields resulted in less exhaustiveness than 

the ETKDG algorithm alone (197 out of 208). All remaining software tested (Moloc, CCDC 

conformer generator, and ETKDG) or previously reported (Prime, MOE, MM, and MD) were 

able to generate conformers for all input structures (Table 3). 

Accuracy
Figure 2 indicates that all the software can generate conformers with reasonable accuracy 

(RMSD 
heavy atoms

 < 2.5 Å) and MM, MOE, and Prime generated conformers with median RMSD 

heavy atoms values below a threshold of 1.0 Å with no statistical difference among the 

methods (Table S1). Amongst the six other software tested in this work, ETKDG algorithm plus 

MMFF94s minimization and Moloc were able to generate conformers with the lowest median 

RMSD 
heavy atoms

 value. However, in contrast to ETKDG plus MMFF94s minimization (0.9471), 

Moloc retained superior exhaustiveness (1), indicating it is able to generate reasonably 

accurate conformers across a complex and diverse dataset of macrocycle molecules. No 

statistical difference was found among all open-source methods, including CCDC conformer 

generator. Finally, MD showed a median RMSD heavy atoms value slightly higher for the 

highly accurate threshold, and statistical difference versus all remaining private and open-
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access methods. In RMSD 
backbone

 and CDF analysis Figure 2A shows that Prime, MM, MOE, and 

CCDC conformer generator produced the highest accurate conformers (RMSD 
backbone

 < 0.5 Å) 

with no statistical difference among these four methods (Table S2),  returning a fraction of 

entries sampled for each method of 0.63, 0.67, 0.58, and 0.46 respectively (Figure 2B and 

Table 2). In addition, our data indicate that all the remaining methods generated conformers 

below 1.0 Å. No statistical difference was observed among MD, Moloc and ETKDG with 

MMFF94s whose fraction of sampled entries were respectively 0.79 for the first two and 0.78.

Table 2 Fraction of entries sampled below the two RMSD 
backbone

 thresholds chosen as highly accurate 
(< 0.5 Å) and accurate (< 1.0 Å). 

Method < 0.5 Å < 1.0 Å

Prime 0.63 0.90

MM 0.67 0.90

MOE 0.58 0.80

MD 0.40 0.79

Moloc 0.31 0.79

Conformator 0.26 0.68

CCDC 0.46 0.65

ETKDG 0.19 0.72

MMFF94s 0.27 0.78

UFF 0.17 0.70

Such results indicate similar accuracy among these methods to reproduce the reference 

macrocycle backbone structure. Similarly, no statistical difference was found between Moloc 

and MMFF94s and both produced a similar fraction of entries sampled above the threshold 

(Moloc: 0.77, MMFF94s: 0.79). Finally, comparison between Conformator, ETKDG and ETKDG 

plus UFF minimization did not show any statistical differences. A statistical difference was 

found when comparing Conformator, ETKDG and ETKDG plus UFF minimization versus 

Moloc or ETKDG plus MMFF94s minimization with fraction of entries sampled being 0.68 

for Conformator, 0.72 for ETKDG, and 0.70 for ETKDG plus UFF minimization steps. However, 

among these last group of methods, ETKDG is the most exhaustive followed by ETKDG plus 

UFF minimization and Conformator.
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Figure 2 Crystal structures accuracies for each method displayed as (A) RMSD heavy atoms and 
(B) RMSD backbone respectively. (C) Normalized cumulative distribution function (CDFnorm). The 
accuracy thresholds values, median and outliers are presented as grey dotted, red lines and black-
contoured circles respectively.
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Table 3 Summary table of the exhaustiveness and sampling efficiency, number of conformers, and 
torsional fingerprints. 

Method Exhaustiveness Unique Torsional Fingerprints
(median)

Number of conformers 
(median)

Sampling 
efficiency

Prime 208/208 =1 707 932 0.7586

MM 208/208 =1 100 300 0.3333

MOE 208/208 = 1 48 76 0.6316

MD 208/208 = 1 59 1000 0.0590

Moloc 208/208 = 1 67 67 1

Conformator 190/208 = 0.91 246 338 0.6648

ETKDG 208/208 = 1 1000 1000 1

MMFF94s 197/208 = 0.95 998 998 0.9471

UFF 197/208 = 0.95 535 535 0.9471

CCDC 208/208 = 1 6 8 0.7500

Diversity and sampling efficiency
Although all software was challenged with a one thousand conformers per entry request, not 

all of them succeeded in accomplishing the task, either retrieving fewer conformers per entry 

or unable to sample some, resulting in poor exhaustiveness. Among the methods studied, 

only MD and ETKDG succeeded in generating all conformers requested. Nevertheless, we 

compared the torsional fingerprints of the conformers for each method in order to assess the 

number of unique conformers generated and, furthermore, we employed the exhaustiveness 

value to calculate the sampling efficiency of each software. We identified Moloc and ETKDG 

followed by ETKDG plus minimization with either MMFF94s or UFF as the most efficient 

methods to perform conformational search of macrocycles (Table 3). On the contrary, while 

MD showed an exhaustiveness value of 1 it is also a highly redundant method generating 

only a median of 59 unique conformers across 1000 conformers retrieved, obtaining the 

lowest sampling efficiency value (0.059) among all reported methods. In a similar fashion to 

MD, MM showed a low sampling efficiency. Despite being a highly exhaustive methodology, 

the relation between the number of conformers generated and their uniqueness results 

in a sampling efficiency of 0.333. Thus, Moloc or ETKDG are three times more efficient in 

macrocycle conformation sampling than MD. However, Prime (exhaustiveness: 1) was able 

to produce a median of 707 unique conformers for a median of 932 conformers, resulting in 

a sampling efficiency of 0.7586. A similar behavior was observed for MOE, which obtained 
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exhaustiveness equal to 1 and a sampling efficiency of 0.6316. CCDC conformer generator 

showed a sampling efficiency of 0.7500 with the lowest number of unique conformers 

generated (Figure 3A and 3B) across all the software studied.

Figure 3 Panel showing (A) box plot of number of the conformers and (B) torsional fingerprints for 
each method. Graphical description of median and outliers are the same as in Figure 2.

Figure 4A compares the results obtained from the span of RoG as a parameter to study 

the 3D conformational diversity of the conformers moving from a globular to a flat-

shaped conformation (Figure 4B). Our data indicate that ETKDG algorithm plus MMFF94s 

minimization (1.13 Å) achieved the highest span in RoG with no statistical difference with 

Prime (1.02 Å) and ETKDG with UFF minimization (1.08 Å) (Table S4). On the other hand, 
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the conformations produced by Moloc (0.86 Å) were proven to be statistically similar to 

MM (0.93 Å), MOE (0.74 Å), MD (0.85 Å), Conformator (0.87 Å) and ETKDG alone without 

minimization (0.82 Å). Lastly, with a span in RoG of 0.15 Å the conformers produced by CCDC 

conformer generator were identified as having the lowest diversity among all the software 

tested.

Figure 4 (A) Box plot of span RoG for each method and (B) example of a cyclic octapeptide [68] in its 
globular (lowest RoG) and flat-like conformations (highest RoG) with intramolecular hydrogen bonds 
predicted with Moloc (red dotted lines). 

Speed
Surprisingly, the speed of macrocyclic conformation generation differed dramatically 

between the software ranging from seconds to more than a day. This will have consequences 

for usage in virtual screening of large macrocycle libraries. Due to sampling being carried out 

under similar conditions, comparisons allow analysis of the time required to accomplish the 

conformational task. The overall results of the computational speed are shown in Figure 5. 

With 2.6 seconds per entry CCDC conformer generator outperformed the other software in 

time needed to finish a conformational job. On the other hand, MD was the slowest followed 

by Conformator, which required 17.9 hours. Prime, Moloc and MOE produced conformations 

with a similar speed within 1 hour with non-significant differences between MOE and Moloc 



75

Benchmark of Generic Shapes for Macrocycles

3

(Table S5). More interestingly, we observed statistical difference between ETKDG alone and 

UFF/MMFF94s resulting in a median of 35.1 s, 1.3 min and 17.6 per entry.

Figure 5 Box plot showing the distribution of the speed ranges for each entry. The reader is referred 
to Figure 2 for the legend. Three significant threshold values were added to visualize the differences in 
performance level in completing a conformation work, i.e. 1 min, 1 h and 1 d.

Study cases
In addition to the benchmark results described above, we report cases of effective accuracy in 

predicting the crystallographic coordinates of macrocycles by Moloc both in terms of lowest 

RMSD backbone/RMSD heavy atoms and in relation with the ring size. For convenience, we 

kept the same categories as previously reported [49], binning the database in three groups 

containing 10 – 19, 20 – 29 and over 30 ring atoms respectively. We referred to Prime as a 

comparative example amongst other commercial software.

10 – 19 ring sized macrocycles

10 – 19 ring size macrocycles represent a challenge in the context of organic synthesis 

because of the high energetic strain. Similarly, medium sized rings suffer from increased 

ring strain over their 5 and 6-membered or macrocyclic congeners [62,63]. This can be 

quantitatively captured in deviations from ideal antiperiplanar conformations, transannular 

strain and Pitzer strain components. Out of the total 208, 117 macrocycles belong to this 

class, including 30 from PDB, 79 from CSD and 8 from BIRD datasets. According to our 
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findings, Moloc predicted the coordinates of ACOPUF (Figure 6A), a 12 sized macrocycle 

from the CSD database, with a RMSD backbone of 0.07 Å – slightly better than Prime (0.12 

Å) – and with less conformations (requiring only 93 for the former against 871 for the latter). 

Figure 6 Examples of macrocycles having flexibility of 10 – 19 atoms backbone and indication by 
their dataset identifier (A-D). The atoms of the crystallographic structure to which the lower RMSD 
conformer has been aligned are colored in grey whereas those of the conformer predicted by Moloc 
are in green.

In a similar fashion, Moloc predicted the bioactive conformation of Cytochalasin D (Figure 

6C), a 11-membered ring macrocycle from the PDB database, with a high accuracy (0.12 Å) 

employing only 9 conformers whereas Prime (0.15 Å) employed 185. BANROX (Figure 6B) 

and DOZWUL (Figure 6D), two CSD macrocycles of 13 and 14 atoms backbone, respectively 

with RMSD 
heavy atoms

 of 0.09 Å and 0.10 Å. These data indicate that this software is highly 

accurate for medium sized rings. In contrast to Prime, Moloc proved also to be superior in 

terms of number of conformations, producing only 33 and 93 conformers rather than 95 for 

BANROX and 388 for DOZWUL, and accuracy with RMSD 
heavy atoms

 values of 0.44 Å and 0.41 

Å for Prime.
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20 – 29 ring sized macrocycles

This category includes 67 x-ray structures, 27 from PDB, 34 from CSD and 6 from BIRD 

database. On one hand, Moloc reproduced 7 entries with high accuracy (< 0.5 Å) and 38 

with accuracy < 1.0 Å, with the best being DEMJAG10 (Figure 7A) and kabiramide C (Figure 

7B), two macrocycles of 22 and 25 ring size from the CSD and PDB dataset, whose closest 

coordinates to the bioactive molecule were 0.13 Å and 0.17 Å RMSD 
backbone

, respectively. 

Despite producing 789 and 172 conformations, Moloc remained superior to Prime for which 

the closest for the two referred macrocycles were 0.82 Å and 0.35 Å, respectively (1000 

conformations per entry). On the other hand, it is also interesting to assess the robustness 

of Moloc in generating accurate conformations of the heavy atoms. In that respect, only 

11 crystal structures resulted in an interval of RMSD 
heavy atoms

 <1.0 Å – mostly belonging to 

the CSD (10) with only one from the PDB dataset (Figure 7C). Amongst these macrocycles, 

it is noteworthy to mention WURVEL (Figure 7D), a 27-membered ring entry from the CSD 

database, whose closest atomic coordinates (1.0 Å) indeed were not dissimilar from those = 

predicted by Prime (1.06 Å); nevertheless, Moloc produced 163 conformations while Prime 

produced 983.

Figure 7 Examples of macrocycles having flexibility of 20 – 29 atoms backbone and their dataset 
identifier (A-D). The atoms of the crystallographic structure to which the lower RMSD conformer has 
been aligned are colored in grey whereas those of the conformer predicted by Moloc are in green.
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> 30 ring sized macrocycles

Highly flexible macrocycles represent a challenge for every conformational algorithm, given 

the large number of rotatable bonds and possible values of torsional angles around the ring. 

Another problem is the number of replacements that attach to the ring and their degree of 

branching. In this subset a total of 24 crystalline structures can be found and, specifically, 

5 are cross-linked and another 5 are cyclopeptides that were originally included by the 

Prime developers in order to make the benchmark more challenging. Five macrocycles, all 

belonging to the CSD database, appeared in the list predicted with RMSD 
backbone

 < 1.0 Å. 

Among them, Moloc predicted the crystallographic coordinates of OCERET (Figure 8A), a 35 

atoms backbone macrocycle, with a RMSD backbone of 1.04 Å with 168 conformations. In 

comparison Prime performed slightly better with 0.83 Å, but produced 957 conformations. 

Only SUMMOC (Figure 8B) and LENPEA (Figure 8C) were predicted below the threshold of 

1.0 Å with values of RMSD heavy atoms of 0.74 Å and 0.92 Å, respectively. In addition to the 

advantage of Moloc being able to handle large sized macrocycles, we noticed a limitation 

of Moloc in the complexity of the functional groups – expressed in terms of degree of 

branching. An example of this limit is shown in Figure 8D. The measured RMSD 
heavy atoms

 of 

(−)-Rhizopodin (PDB: 2VYP), a potent actin-binding anticancer molecule [64], decreases from 

Figure 8 Examples of macrocycles indicated by their dataset identifier (A-D). The atoms of the 
crystallographic structure to which the lower RMSD conformer has been aligned are colored in grey 
whereas those of the conformer predicted by Moloc are in green.
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6.444 Å to 1.49 Å upon pruning the lateral substituents. This evidence can be explained by 

the ability of Prime to randomly cleave the macrocycle and reconnect the two generated 

semi-loops.

Intramolecular interactions
The ideal software is required to predict intramolecular interactions as it is generally 

appreciated that they play a pivotal role in defining both overall shape of a molecule [65] 

and the stabilization of the functional groups by masking or exposing them to the external 

environment [66]. This change regulates the passive membrane permeability of macrocycles 

which adopt a globular shape while passing through the lipidic environment of the 

membrane and adopt a stretched conformation in the cytosol/extracellular environment 

[45]. Knowledge of the chameleonic properties of macrocycles has recently expanded far 

beyond the historical case of Ciclosporin A [67,68]. As exemplified by the crystal structures of  

Figure 9 Panel showing the intramolecular interactions predicted by Moloc (green sticks) for (A) 
CUQYUI, (B) 3WNF-ACE and (C) YIWHOB0 alongside with the RMSD 

heavy atoms
 calculated for the hydrogen 

bond weight applied in MAB force field. Hydrogen bonds, π stacking and aromatic hydrogen bonds 
are respectively colored as red, blue and orange dotted lines while the crystal structure atoms are 
represented as grey sticks.
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Cyclosporin A in chloroform (CSD ID P212121) and in the protein bound form (PDB ID: 2X2C 

[69]), the conformational change is followed by formation of new intramolecular hydrogen 

bonds, underlying their role in the dynamics of binding. As can be seen in Figure 9A, the 

crystal structure of CUQYUI, the 24 backbone atoms of the uncross-linked cyclopeptide has 

4 internal hydrogen bonds (between N15 and O2 and N16 and O2, O6 and N11 as well as 

one transannular interaction between N12 and O10). 

Moloc successfully predicted 3 of these internal hydrogen bonds with RMSD 
heavy atoms 

of 1.365 Å and, most notably, matched the lowest global minimum among the 38 local 

minima, with a potential energy of 5.33 kcal/mol. 3WNF-ACE (Figure 9B) is a 20 backbone 

atoms hexacyclic peptide whose binding affinity for HIV-1 integrase was measured in the 

low millimolar range by surface plasmon resonance, and HSQC-NMR while the binding 

mode with the target was confirmed by X-ray crystallography [70]. Visual inspection of the 

co-crystal structure revealed the presence of two internal hydrogen bonds between N35 

and O13, N10 and O38 and two transannular interactions, between O34 and N27, and O2 

and N10. Moloc was able to predict three of these four interactions with reasonable accuracy 

(RMSD 
heavy atom

 = 1.945 Å) and a local minimum with a potential energy of 11.13 kcal/mol. 

YIWHOB01 (Figure 9C) is 30 backbone atoms non cross-linked artificial macrocycle used as a 

charge transfer system in the field of supramolecular chemistry [71]. Visual inspection of the 

CSD structure revealed the presence of a pi-stacking interaction between the pyridine and 

phenyl rings. Again, Moloc predicted the conformation with the bipyridinium units being 

parallel to the phenyl ring with RMSD 
heavy atom

 of 1.642 Å and potential energy of 9.846 kcal/

mol, despite minor deviations at the dioxoaryl moiety.

User-defined energy threshold for improved accuracy and diversity
In a standard Moloc conformational job the structures are only kept if their energy is less 

than 10 kcal/mol above the lowest-energy conformation. Such an energetic cutoff is typical 

for many other conformational software. However, Prime sets the cutoff to 100 kcal/mol. 

Thus, we have quantified the diversity and the accuracy at 100 kcal/mol and chose 4MNW 

and 4KEL, two cyclopeptides, cross-linked macrocycles with 42 backbone atoms. Based 

upon our data (Table S6), no improvement over the diversity was observed independently 

from the chosen threshold since the number of unique fingerprints for 4MNW (192) and 

4KEL (290) remained unchanged. However, when the energy threshold was increased to 

100 kcal/mol, Moloc produced new conformers with expanded globularity, since the span 

radius of gyration increased from 1.179 Å to 1.660 Å for 4KEL and from 1.041 Å to 1.704 
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Å for 4MNW. Additionally, we observed a marginal improvement in both the ring and the 

heavy atoms structure accuracies: -0,42 Å /-0.23 Å (4MNW) and -0.22 Å /-0.08 Å (4KEL) at 

20 kcal/mol and -0.83 Å /-0.76 Å (4MNW) and -0.25 Å /-0,39 Å (4KEL) at 100 kcal/mol (Figure 

S2A). As the number of conformations for both cases exponentially increased (Figure S2B), 

the global minimum energy of the most accurate conformer of 4MNW displays an increase 

in the potential energy by 6 kcal/mol and 15 kcal/mol, whereas for 4KELthe equivalent values 

were 8 kcal/mol and 5 kcal/mol (Figure S2C and 2D).

DISCUSSION

Computational screening of large virtual macrocycle libraries is an effective way to prioritize 

compounds for expensive and time-consuming synthesis in the laboratory. We have recently 

described convergent and short syntheses of macrocycles using multicomponent reaction 

chemistry. One synthesis consisted of a short 2-step assembly of macrocycles from cyclic 

anhydrides, diamines, oxo components (aldehydes and ketones) and isocyanides. Based on 

commercial availability of the building blocks a very large chemical space is spanned: 20 

(cyclic anhydrides) x 20 (diamines) x 1000 oxo components x 1000 isocyanides = 400 million 

macrocycles. Computational generation of conformers for such large chemical space 

requires fast and optimized software. Therefore, in this manuscript we have benchmarked 

Moloc versus available commercial and freeware for their performance as defined by 

accuracy, speed, exhaustiveness, diversity and sampling efficiency. 

Our results confirmed that Prime, MM, and MOE possess higher accuracy in reproducing 

both the heavy atoms and ring coordinates of the crystallographic macrocycle references. 

According to our results, conformational sampling with ETKDG algorithm could be improved 

by subsequent minimizations steps with MMFF94s but not UFF. This finding could be related 

to the existence of out-of-plane bending and dihedral torsion parameters to planarize certain 

types of delocalized trigonal N atoms applied by the MMFF94s force field, thus providing a 

better match to the reference crystal structures. However, UFF contains basic parameters 

for all types of atoms on hybridization and connectivity and thereby is able to parameterize 

the restricted patterns of dihedrals angles and rotatable bonds, both present in macrocycles 

[44]. Nevertheless, these data lead us to suggest that the implementation of minimization 

steps employing specific force fields after conformational sampling of macrocycles would 

lead to improvements of sampling. For instance, the OPLS 2005 in Prime or MAB force field 
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in Moloc represent the most accurate commercial and open software, respectively. Such 

evidence could allow further analysis to study the effect of different force fields to improve 

macrocycle sampling. On the other hand, we show that the use of DG methods as ETKDG 

could be improved to generate conformers closely related to the crystal structures. In this 

sense, a modification to the ETKDG algorithm for macrocycle sampling has been recently 

published by the developer team of RDKIT and will be available in the upcoming RDKIT 

release 2020.03 [47]. 

Along with a restriction in search space for macrocycles, the new implementations in 

ETKDG will include additional torsional-angle potentials to describe small aliphatic rings 

and adapt the previously developed potentials for acyclic bonds to facilitate the sampling 

of macrocycles. Nevertheless, due to the novelty of this algorithm more testing is needed 

to evaluate its capability in diverse and challenging macrocycle datasets, such as those 

presented in this work.

MD were performed only in solvated conditions [49] with no major improvement in generate 

high quality conformers according to the sampling efficiency value. However, other reported 

molecular dynamics-based approaches using different simulation conditions have reported 

the importance of solvation for the generation of bioactive conformations of macrocycles 

[72]. An enhanced sampling method has been reported using molecular dynamics 

simulations that resulted in a reliable method to reproduce the experimentally determined 

structure of 3 macrocycles [73]. Nevertheless, the major drawback for molecular dynamics-

based methods relies on its low scalability of large and diverse macrocycle datasets. As a 

result, such methods can be an option when working with a limited number of macrocyclic 

structures, but not for virtual screening approaches as Prime, MM, Moloc, ETKDG or other 

software reported here. 

While CCDC Conformer Generator was one of the most efficient software for conformer 

generation in terms of speed and exhaustiveness, it suffers a low rate of conformational 

sampling exploration as only one single conformer was generated for 37 structures. The most 

noticeable exception relies on 76 cases where the RMSD 
backbone

 values were unrealistically 

lower than (0.1 Å) and hence equal to the crystallographic reference. This behavior could 

be explained by a bias in the sampling of entries from CSD: the CCDC Conformer Generator 

assigns the crystallography coordinates prior to conformation sampling. The CCDC 

Conformer Generator uses bond lengths and valence angles taken from CCDC Mogul and 
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one of its best strengths consist in the use of dynamic rotamer libraries that are automatically 

updated with new data inside of CCDC [74,75]. However, while CCDC Conformer Generator 

has implemented strategies to deal with conformer generation of rings as set preclustered 

templates for isolated, fused, spiro-linked and bridged ring systems [75], there is no a specific 

method regarding macrocyclic conformers yet described. For instance, in rings for which no 

template is obtainable from Mogul data, the templates are generated on the fly using rotamer 

distributions for cyclic bonds [74,75]. If ring generation fails, and no template structure can 

be generated, the ring conformation from the three-dimensional input structure is used. 

According to our results, the conformational sampling with CCDC Conformer Generator 

for the CSD entries the bond lengths and valence angles were taken from CCDC Mogul 

retrieving conformers with conformations close to the crystal structures. Thus, for the 

macrocycles not present in CSD database, the conformers were generated either from an 

on the fly template assignment or using the input coordinates. This could explain the lowest 

number of conformers generated per entry and the reduced number of unique torsional 

fingerprints. Furthermore, the span in RoG values from CCDC Conformer Generator suggests 

a tendency to retain conformations with higher compaction in comparison to any other 

methods for macrocycle conformational sampling described here, thus omitting possible 

extended states. Taking these results together, the restricted usage of CCDC Conformer 

Generator within the macrocycle conformational sampling could lead to poor results in 

terms of conformational space exploration or even a lack of conformers, suggesting that 

this tool is useful only to generate conformers for small molecules or for the assignment of 

crystallographic coordinates to macrocycle structures.

Overall, our analysis indicated Conformator as the lowest efficiency conformational sampling 

software tested in this work. This tool showed one of the lowest exhaustiveness among 

the studied methods, just below that of MD. The accuracy of Conformator reproducing 

the macrocycle backbone is also the lowest and is also one of the slowest conformational 

sampling methods – generating structures with the lowest span in RoG of all methods 

tested. Nevertheless, the authors of Conformator have tested this algorithm employing 49 

different macrocyclic structures [46]. These evidences suggest that the use of Conformator 

could be restricted to small to medium macrocycles. Further analysis and testing are needed 

to assess the feasibility of Conformator in generating conformers for a dataset containing 

large and complex structures. Furthermore, this software produces conformations that differ 

each other by rotation of one single bond at a time which may limit its use to macrocycle 

with few rotatable bonds. 
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As for Moloc, we are indeed aware that reproducing the accuracy of all heavy atoms, as our 

RMSD 
heavy atoms

 data demonstrates, represents its main limitation. However, we would like to 

emphasize that one of the main challenges in the conformational analysis of macrocycles is 

the accuracy of ring atoms. Based on our RMSD 
backbone

 data, Moloc has similar accuracy to the 

negative control (MD) and MD, Moloc and ETKDG alone or in combination with MMFF94s, 

implying that it can be used as a valid alternative to these two methodologies to produce 

conformations with similar accuracy. Most importantly, Moloc retains good exhaustiveness, 

sampling efficiency, and economy in terms of least numbers of conformers to generate 

high quality conformers without requiring 1000 or more conformers for the exhaustive 

exploration of the chemical space, saving computational resources and avoiding redundancy 

in the conformers generated suggesting this software as an acceptable alternative to Prime, 

MM and MD for sampling. One major drawback of Moloc is that it relies on the number 

of symmetry elements within the macrocycle structure needed for the sampling. This is 

particularly evident in the case of POGLIH, a macrocycle from the CSD, for which 5 days 

were necessary to complete the conformational sampling. Indeed, the enumeration of 

topological symmetries is intended to avoid the counting of identical conformations that 

vary only by altered atom-numbering (e.g. 180 deg. rotation of a phenyl ring in the structure). 

Such enumeration takes an (exponentially) increasing time in accordance with number of 

symmetry elements. For POGLIH, all 8 phenyl rings can be rotated, and methyl groups can 

be exchanged, as well as oxygen in the sulfates. In addition, the whole structure has a two-

fold symmetry. All in all, there are over 32000 symmetry elements present, meaning that the 

same conformation may occur 32000 times – indicating that a threshold or restricted search 

of symmetries and their calculation could improve the speed of sampling. Another limitation 

of Moloc consists in sampling macrocycles with complex side chains: this has been seen in 

rhizopodin (PDB: 2VYP), a potent actin-binding anticancer agent [64]. Aiming to understand 

the relation between the accuracy and the side chain complexity, we firstly trimmed the two 

15-atoms branched symmetrical side chains of rhizopodin and subsequently sampled again 

the macrocycle (Figure S1). As result, we observed an improvement of heavy atom accuracy 

(from 6.27 to Å 2.17 Å) as well as an increased number of conformers (increasing from 62 to 

205). Nevertheless, several parameters allow the user a full control of the output ensembles, 

making Moloc a flexible piece of software for the molecular modeling of macrocycles. Our 

data indicate that the number of ensembles can be interactively controlled by applying 

either by energy thresholds (parameter “e”) or hydrogen bound weight (parameter “h”) term 

in batch mode, allowing the enumeration of globular or flat conformations, the identification 

of intramolecular hydrogen bonds and potentially predicting the most accurate ones in 
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non-polar environments. Taken altogether, these applications of Moloc indeed represent a 

“nice-to-have” tool in the molecular modeling toolkit of permeable macrocycles. 

Not lastly, the user can decide whether to apply a final energy minimization after 

conformational sampling followed by addition of hydrogens to heteroatoms by invoking 

the parameter “q1”. As a result, Moloc returns all the energetic components calculated 

by MAB per each conformer produced, bonds, valence angles, torsions, pyramidalities, 

1 – 4 repulsion, Van der Walls interactions, hydrogen bonds and polar repulsion. To our 

knowledge, recent algorithms were published with already built-in protocols including the 

maximum ensemble size, RMSD or energy thresholds, add further constrains like NMR data, 

enforcement of the chirality, geometry check before sampling, and apply a filter to retain the 

conformers according to a certain R value of the crystal structures [38,46,49,76]. MM presents 

indeed the advantage of tuning several parameters such as electrostatic treatment and 

possibility to choose two different force field (OPLS2005 or MMFF94s) [39]. In the case of 

open access software, such as ETKDG, recently new improvements were released in order to 

favor certain interactions or orientation angles [48]. Additionally, we would like to point out 

that CCDC conformer generator as well as ETKDG and Conformator are knowledge-based 

systems with pre-existing rotational libraries of small-medium rings. This implies that if a 

test set entry is derived from the CSD it will have prior information and make use of these 

coordinates. Nevertheless, CSD entries were retained in knowledge-based systems. 

Finally, a possible strategy to improve the accuracy of complex macrocycles could be the 

implementation of further shape constrains accounting for the crystallographic packing 

forces – since most of the macrocyclic crystal structures are flattened in a high energy level 

conformation. Additional improvement of Moloc should also consider the flexibility of the 

complex side chains, since the current version of the algorithm starts the identification of the 

first generic shape from a polar coordinate of a circle with an acceptable degree of accuracy 

and time.
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CONCLUSION

In this work we have benchmarked the shape-guided algorithm using a dataset of 

208 macrocycles from Prime publication, carefully selected on the basis of structural 

complexity (e.g. ring size, cyclopeptide/aliphatic, cross-linkings) and we have quantified 

accuracy, diversity, speed, exhaustiveness and sampling efficiency with four conformational 

commercial (Prime, MM, MOE, MD) and five open access (ETKDG, MMFF94s, UFF, CCDC, 

Conformator) software packages. A python scrip to streamline the whole data collection of 

these parameters has been written ad hoc. The results of our benchmark are summarized in 

Table 4. 

While Prime, MM, MOE and MD remained the most accurate software tested in this paper in 

reproducing macrocycle heavy atoms, Moloc retained the same exhaustiveness. However, 

Moloc stood out for highest sampling efficiency in producing an acceptable number 

of conformations per entry and three-quarters of the database was processed with high 

accuracy (RMSD 
backbone

 < 1.0 Å). Interactive control of the hydrogen bond terms allows the 

enumeration of globular and flat conformers and prediction of intramolecular interaction in 

non-polar solvent. However, the structural accuracy of Moloc is hampered by long branched 

side chains. In that respect, side chain pruning in batch mode with “Mdfy”, a built-in module 

within Moloc, and subsequent reattachment to the ring could be an option for future 

improvement. Surprisingly, minimization with UFF and MMFF94s managed to produce 

macrocycles with the most diverse shapes in terms of radius of gyration, suggesting these 

types of software as a valid free alternative for the prediction of the most likely shape that 

the macrocycles can adopt in their bulk environment, e.g. the cellular membrane or water. 

Follow up studies could include modifications to ETKDG algorithm or the use of force field 

minimization in order to predict the X-ray structure. For instance, the evaluation of ETDKG 

conformational sampling combined with OPLS-2005 and/or MAB as minimization methods.
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Supporting Information

STATISTICAL ANALYSIS P-VALUES

RMSD heavy atoms

Table S1 Summary of the pairwise Krustal-Wallis H-test calculated for the median of RMSD 
heavy atoms

.  
* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, ns: not significant.

Comparison p-value Statistical Significance

Conformator_vs_CCDC 0,1231 ns

Conformator_vs_ETKDG 0,4009 ns

Conformator_vs_MMFF94s 0,5512 ns

Conformator_vs_UFF 0,344 ns

ETKDG_vs_CCDC 0,0507 ns

ETKDG_vs_MMFF94s 0,1264 ns

ETKDG_vs_UFF 0,967 ns

MD_vs_CCDC 0,0011 **

MD_vs_Conformator < 0,001 ***

MD_vs_ETKDG < 0,001 ***

MD_vs_MMFF94s < 0,001 ***

MD_vs_Moloc < 0,001 ***

MD_vs_UFF < 0,001 ***

MMFF94s_vs_CCDC 0,2774 ns

MMFF94s_vs_UFF 0,1002 ns

MOE_vs_CCDC < 0,001 ***

MOE_vs_Conformator < 0,001 ***

MOE_vs_ETKDG < 0,001 ***

MOE_vs_MD 0,0057 **

MOE_vs_MMFF94s < 0,001 ***

MOE_vs_Moloc < 0,001 ***

MOE_vs_UFF < 0,001 ***

Macromodel_vs_CCDC < 0,001 ***

Macromodel_vs_Conformator < 0,001 ***

Macromodel_vs_ETKDG < 0,001 ***

Macromodel_vs_MD < 0,001 ***
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Comparison p-value Statistical Significance

Macromodel_vs_MMFF94s < 0,001 ***

Macromodel_vs_MOE 0,9174 ns

Macromodel_vs_Moloc < 0,001 ***

Macromodel_vs_UFF < 0,001 ***

Moloc_vs_CCDC 0,3281 ns

Moloc_vs_Conformator 0,3895 ns

Moloc_vs_ETKDG 0,111 ns

Moloc_vs_MMFF94s 0,833 ns

Moloc_vs_UFF 0,1025 ns

Prime_vs_CCDC < 0,001 ***

Prime_vs_Conformator < 0,001 ***

Prime_vs_ETKDG < 0,001 ***

Prime_vs_MD 0,0091 **

Prime_vs_MMFF94s < 0,001 ***

Prime_vs_MOE 0,738 ns

Prime_vs_Macromodel 0,2048 ns

Prime_vs_Moloc < 0,001 ***

Prime_vs_UFF < 0,001 ***

UFF_vs_CCDC 0,0474 *
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RMSD backbone  

Table S2 Summary of the pairwise Krustal-Wallis H-test calculated for the median of RMSD 
backbone 

computational sampling methods reported. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, ns: not significant.

Comparison p-value Statistical Significance

Conformator_vs_CCDC < 0.001 ***

Conformator_vs_ETKDG 0.6258 ns

Conformator_vs_MMFF94s 0.0102 *

Conformator_vs_UFF 0.6885 ns

ETKDG_vs_CCDC < 0.001 ***

ETKDG_vs_MMFF94s 0.0269 *

ETKDG_vs_UFF 0.8099 ns

MD_vs_CCDC 0.0287 *

MD_vs_Conformator < 0.001 ***

MD_vs_ETKDG < 0.001 ***

MD_vs_MMFF94s 0.0103 *

MD_vs_Moloc 0.0615 ns

MD_vs_UFF < 0.001 ***

MMFF94s_vs_CCDC 0.0023 **

MMFF94s_vs_UFF 0.0136 *

MOE_vs_CCDC 0.3210 ns

MOE_vs_Conformator < 0.001 ***

MOE_vs_ETKDG < 0.001 ***

MOE_vs_MD < 0.001 ***

MOE_vs_MMFF94s < 0.001 ***

MOE_vs_Moloc < 0.001 ***

MOE_vs_UFF < 0.001 ***

Macromodel_vs_CCDC 0.7173 ns

Macromodel_vs_Conformator < 0.001 ***

Macromodel_vs_ETKDG < 0.001 ***

Macromodel_vs_MD < 0.001 ***

Macromodel_vs_MMFF94s < 0.001 ***

Macromodel_vs_MOE 0.7203 ns

Macromodel_vs_Moloc < 0.001 ***

Macromodel_vs_UFF < 0.001 ***

Moloc_vs_CCDC 0.0034 **
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Comparison p-value Statistical Significance

Moloc_vs_Conformator 0.0018 **

Moloc_vs_ETKDG 0.0036 **

Moloc_vs_MMFF94s 0.4101 ns

Moloc_vs_UFF 0.0016 **

Prime_vs_CCDC 0.5943 ns

Prime_vs_Conformator < 0.001 ***

Prime_vs_ETKDG < 0.001 ***

Prime_vs_MD < 0.001 ***

Prime_vs_MMFF94s < 0.001 ***

Prime_vs_MOE 0.9361 ns
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Torsional fingerprints

Table S3 Summary of the pairwise Krustal-Wallis H-test calculated for the torsional fingerprint median. 
* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, ns: not significant.

Comparison p-value Statistical Significance

Prime_vs_Macromodel < 0.001 ***

Prime_vs_Moe < 0.001 ***

Prime_vs_MD < 0.001 ***

Prime_vs_Moloc < 0.001 ***

Prime_vs_Conformator < 0.001 ***

Prime_vs_ETKDG < 0.001 ***

Prime_vs_MMFF94s < 0.001 ***

Prime_vs_UFF 0.4048 ns

Prime_vs_CCDC < 0.001 ***

Macromodel_vs_Moe < 0.001 ***

Macromodel_vs_MD < 0.001 ***

Macromodel_vs_Moloc < 0.001 ***

Macromodel_vs_Conformator < 0.001 ***

Macromodel_vs_ETKDG < 0.001 ***

Macromodel_vs_MMFF94s < 0.001 ***

Macromodel_vs_UFF < 0.001 ***

Macromodel_vs_CCDC < 0.001 ***

Moe_vs_MD 0.6715 ns

Moe_vs_Moloc 0.1801 ns

Moe_vs_Conformator < 0.001 ***

Moe_vs_ETKDG < 0.001 ***

Moe_vs_MMFF94s < 0.001 ***

Moe_vs_UFF < 0.001 ***

Moe_vs_CCDC < 0.001 ***

MD_vs_Moloc 0.5448 ns

MD_vs_Conformator < 0.001 ***

MD_vs_ETKDG < 0.001 ***

MD_vs_MMFF94s < 0.001 ***

MD_vs_UFF < 0.001 ***

MD_vs_CCDC < 0.001 ***

Moloc_vs_Conformator < 0.001 ***

Moloc_vs_ETKDG < 0.001 ***

Moloc_vs_MMFF94s < 0.001 ***
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Comparison p-value Statistical Significance

Moloc_vs_UFF <0.001 ***

Moloc_vs_CCDC <0.001 ***

Conformator_vs_ETKDG <0.001 ***

Conformator_vs_MMFF94s <0.001 ***

Conformator_vs_UFF 0.0029 **

Conformator_vs_CCDC <0.001 ***

ETKDG_vs_MMFF94s <0.001 ***

ETKDG_vs_UFF <0.001 ***

ETKDG_vs_CCDC <0.001 ***

MMFF94s_vs_UFF <0.001 ***

MMFF94s_vs_CCDC <0.001 ***

UFF_vs_CCDC <0.001 ***
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Radius of gyration

Table S4 Summary of the pairwise Krustal-Wallis H-test calculated for the medians’ span radius of 
gyration. * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, ns: not significant.

Comparison p-value Statistical Significance

Prime_vs_Macromodel 0.0334 *

Prime_vs_Moe < 0.001 ***

Prime_vs_MD 0.0014 **

Prime_vs_Moloc 0.0040 **

Prime_vs_Conformator 0.0056 **

Prime_vs_ETKDG 0.0016 **

Prime_vs_MMFF94s 0.5699 ns

Prime_vs_UFF 0.7871 ns

Prime_vs_CCDC < 0.001 ***

Macromodel_vs_Moe 0.0050 **

Macromodel_vs_MD 0.2322 ns

Macromodel_vs_Moloc 0.3995 ns

Macromodel_vs_Conformator 0.4621 ns

Macromodel_vs_ETKDG 0.3470 ns

Macromodel_vs_MMFF94s 0.0071 **

Macromodel_vs_UFF 0.0201 *

Macromodel_vs_CCDC < 0.001 ***

Moe_vs_MD 0.0837 ns

Moe_vs_Moloc 0.0805 ns

Moe_vs_Conformator 0.0258 *

Moe_vs_ETKDG 0.0171 *

Moe_vs_MMFF94s < 0.001 ***

Moe_vs_UFF < 0.001 ***

Moe_vs_CCDC < 0.001 ***

MD_vs_Moloc 0.8531 ns

MD_vs_Conformator 0.5334 ns

MD_vs_ETKDG 0.5983 ns

MD_vs_MMFF94s < 0.001 ***

MD_vs_UFF 0.0013 **

MD_vs_CCDC < 0.001 ***

Moloc_vs_Conformator 0.8084 ns



95

Benchmark of Generic Shapes for Macrocycles

3

Comparison p-value Statistical Significance

Moloc_vs_ETKDG 0.9065 ns

Moloc_vs_MMFF94s 0.0011 **

Moloc_vs_UFF 0.0036 **

Moloc_vs_CCDC < 0.001 ***

Conformator_vs_ETKDG 0.8560 ns

Conformator_vs_MMFF94s < 0.001 ***

Conformator_vs_UFF 0.0027 **

Conformator_vs_CCDC < 0.001 ***

ETKDG_vs_MMFF94s < 0.001 ***

ETKDG_vs_UFF < 0.001 ***

ETKDG_vs_CCDC < 0.001 ***

MMFF94s_vs_UFF 0.7612 ns

MMFF94s_vs_CCDC < 0.001 ***

UFF_vs_CCDC < 0.001 ***
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Speed

Table S5 Summary of the pairwise Krustal-Wallis H-test calculated for the medians. * p ≤ 0.05,  
** p ≤ 0.01, *** p ≤ 0.001, ns: not significant.

Comparison p-value Statistical Significance

Prime_vs_Macromodel ≤ 0.001 ***

Prime_vs_Moe ≤ 0.001 ***

Prime_vs_MD ≤ 0.001 ***

Prime_vs_Moloc ≤ 0.001 ***

Prime_vs_Conformator ≤ 0.001 ***

Prime_vs_ETKDG ≤ 0.001 ***

Prime_vs_MMFF94s ≤ 0.001 ***

Prime_vs_UFF ≤ 0.001 ***

Prime_vs_CCDC ≤ 0.001 ***

Macromodel_vs_Moe ≤ 0.001 ***

Macromodel_vs_MD ≤ 0.001 ***

Macromodel_vs_Moloc ≤ 0.001 ***

Macromodel_vs_Conformator ≤ 0.001 ***

Macromodel_vs_ETKDG ≤ 0.001 ***

Macromodel_vs_MMFF94s ≤ 0.001 ***

Macromodel_vs_UFF ≤ 0.001 ***

Macromodel_vs_CCDC ≤ 0.001 ***

Moe_vs_MD ≤ 0.001 ***

Moe_vs_Moloc 0.5522 ns

Moe_vs_Conformator ≤ 0.001 ***

Moe_vs_ETKDG ≤ 0.001 ***

Moe_vs_MMFF94s ≤ 0.001 ***

Moe_vs_UFF ≤ 0.001 ***

Moe_vs_CCDC ≤ 0.001 ***

MD_vs_Moloc ≤ 0.001 ***

MD_vs_Conformator ≤ 0.001 ***

MD_vs_ETKDG ≤ 0.001 ***

MD_vs_MMFF94s ≤ 0.001 ***

MD_vs_UFF ≤ 0.001 ***

MD_vs_CCDC ≤ 0.001 ***

Moloc_vs_Conformator ≤ 0.001 ***
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Comparison p-value Statistical Significance

Moloc_vs_ETKDG ≤ 0.001 ***

Moloc_vs_MMFF94s ≤ 0.001 ***

Moloc_vs_UFF ≤ 0.001 ***

Moloc_vs_CCDC ≤ 0.001 ***

Conformator_vs_ETKDG ≤ 0.001 ***

Conformator_vs_MMFF94s ≤ 0.001 ***

Conformator_vs_UFF ≤ 0.001 ***

Conformator_vs_CCDC ≤ 0.001 ***

ETKDG_vs_MMFF94s ≤ 0.001 ***

ETKDG_vs_UFF ≤ 0.001 ***

ETKDG_vs_CCDC ≤ 0.001 ***

MMFF94s_vs_UFF ≤ 0.001 ***

MMFF94s_vs_CCDC ≤ 0.001 ***

UFF_vs_CCDC ≤ 0.001 ***
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Figure S1 Crystal structure of rhizopodin (magenta sticks) bound to two protein units of actin (green 
and cyan surface representation). Water and polyethylene glycol molecules were removed for clarity of 
visualization. Chloride atoms area represented as green spheres.
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User-defined energy threshold for improved accuracy and diversity

Table S6 Summary table of the parameters of Moloc at 100 kcal/mol energy threshold in comparison 
with commercial software. Nconf = number of conformations

Entry Method N conf TF 
backbone

TF RoG  
(Å)

RMSD heavy atoms 
(Å)

RMSD backbone  
(Å)

Global_dMin_
Energy

4MNW_conf1 Moloc 846 53 192 1.70 5.541 2.561 28.50

Prime 7 7 7 1.50 5.107 2.045 74.64

MM 207 98 98 1.05 5.118 2.475 0.00

MOE 11 11 11 0.93 5.245 2.547 124.78

MD 1000 528 528 1.64 4,646 2.263 17.35

4KEL_conf1 Moloc 802 52 200 1.66 3.740 2.037 45.36

Prime 290 290 290 1.44 3.170 1.861 34.25

MM 361 140 140 0.88 4.241 2.394 25.88

MOE 4 3 3 0.25 4.649 2.685 39.29

MD 1000 476 476 1.07 4.114 2.065 0.00
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Figure S2 Box plots showing the effects of different energy thresholds (10, 20 and 100 kcal/mol) over 
the (A) accuracy, (B) number of conformations and (C) local energy minimum. (D) Structural alignment 
between the lowest RMSD 

heavy atom
 conformer produced by Moloc (green stick) and the observed crystal 

structure (grey sticks) alongside with their PDB ID.
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ABSTRACT

Acrylamides are an important electrophilic scaffold class for the discovery of covalent 

inhibitors. However, their synthesis is lengthy and missing broad variability. Easy access to 

diverse and large acrylamide libraries is key to explore the cysteome. Here, we introduce a 

practical multicomponent reaction approach to high diversity acrylamides from (substituted) 

acrylic acid, ammonia, oxo component, and isocyanide. Surprisingly, in the majority of cases, 

the resulting acrylamides precipitated during the reaction, making library synthesis on a 

mmol scale and a 96-well format particularly comfortable. We also performed the acrylamide 

high throughput synthesis on the nanoscale in an automated fashion. Finally, we exemplified 

the synthesis on a multigram scale featuring good yield and simple work-up. To underline 

the practical usefulness of our synthetic technology and the corresponding library, we 

screened for and discovered covalent PTP1B inhibitors.
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While the number of marketed drugs relying on a covalent interaction is minor, traditionally, 

many important classes work by this mechanism (e.g. β-lactam antibiotics). Nevertheless, 

significant concerns were raised for the potential of off-target involvements and related 

idiosyncratic toxicities of covalent inhibitors. The recent success story to drug the previously 

undruggable RAS (AMG510 and MRTX849 (Figure 1)) has led to a revival of the field [1-4]. 

Additionally, several covalent modifiers recently received market approval, including the 

EGFR inhibitors Afatinib and Osimertinib or the BTK inhibitor Brukinsa (Figure 1) [5]. Covalent 

libraries of small molecules are valuable tools to study protein function on a whole-cell level 

to investigate target engagement [6].

Figure 1 Acrylamide strategies in chemistry. Above: 2D structures of two clinically relevant covalent 
drugs and the binding of AMG510 (cyan sticks) to G12C RAS (PDB ID 6OIM) featuring the covalent 
drug (cyan sticks) and the Cys12 (yellow sticks). Middle: Traditionally, covalent libraries were produced 
by lengthy multi-step syntheses followed by a late-stage-functionalization. Below: The new approach 
towards covalent acrylamide libraries involves a one-pot easy-to-perform and diverse U-4CR.

The mechanism of covalent drugs involves the modification of a nucleophilic side chain of 

a protein target with an electrophilic organic molecule through the formation of a covalent 

bond [7]. By far, the most targeted amino acid is cysteine, with its strongly nucleophilic sulfur 
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-SH. Amongst the commonly used electrophilic warheads are nitriles, aldehydes, ketones, 

lactams, lactones, epoxides [8], aziridines [9], α,β-unsaturated ketones, sulfonyl fluorides [10], 

fluorosulfates [11], boronic acids [12], and vinyl sulfones/sulfonates [13]. However, the most 

popular electrophile in both recently approved and ongoing clinical trials is the acrylamide 

moiety. The traditional synthesis of complex acrylamides is lengthy and mostly based on 

sequential syntheses and late-stage functionalization strategies (Figure 1). 

For example, the sequential synthesis of the RAS phase-1/2 candidate AMG510 involves > 10 

steps [3]. Unfortunately, the readily available simple acrylamides show very much reduced 

diversity, are not available in high numbers, and can be seen instead as fragments which 

need expansion upon demonstration of binding [14]. Therefore, there is a high demand 

for novel simple but powerful synthetic approaches for this important class of bioactive 

compounds. Due to our longstanding experience in multicomponent reaction chemistry, 

we designed a one-pot pathway to diversified libraries of highly substituted acrylamides [15-

17]. We hypothesized that acrylic acid or substituted derivatives might react with ammonia, 

a diversity of isocyanides, and oxo components in an Ugi style reaction (Figure 1). However, 

acrylic acid is a very reactive molecule readily undergoing polymerization reaction, as are 

acrylamides. Moreover, ammonia was often described in the literature as an inferior or non-

functional substrate in the Ugi reaction [18-20]. Thus, it was a priori, not clear if our reaction 

design will lead to a successful outcome. 

We initiated our work with the 0.5 mmol reaction of isobutyric aldehyde A and equivalent 

amount of acrylic acid B, tert-butyl isocyanide C, and aqueous ammonia D in 0.5 mL 

trifluoroethanol (Scheme 1). We chose trifluoroethanol as a non-nucleophilic solvent, which 

seems to have beneficial properties in the suppression of side reactions [21]. Surprisingly, 

the expected product E1 precipitated and could be isolated by simple filtration at an 

acceptable 72% yield. Thus, we did not feel the need to optimize the reaction further. 

Instead, we immediately aimed to create a library of acrylamides using parallel synthesis 

techniques (Figure 2A, SI). We performed the reactions using 96-well glass plates (1.5 mL 

per well) equipped with small stirring bars. We used 16 different isocyanides and 24 different 

aldehydes (Figure 2B, SI). The stock solutions of the building blocks (0.1 mL of each, 5 M 

in trifluoroethanol) were added by using single, 8-, and 12-channel pipettes. The order of 

addition was ammonia in water, followed by the aldehyde component, followed by acrylic 

acid and isocyanide. The 96-well plate was sealed and stirred overnight at room temperature 

(Figure 2C). Then, 0.5 mL diethyl ether was added to all wells and stirred for another 15 min. 
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A total of 45 wells (47%) showed considerable precipitate (Figure 2D). The non-precipitated 

wells were stored in a -20 °C refrigerator, and four additional products precipitated after 4 h 

(4%). Forty-seven wells resulted in no precipitation (49%). The precipitates were transferred 

into a 96-well filter plate using a multichannel pipette. Using an in-house constructed 

vacuum manifold, the filtrate was removed, and the precipitate was washed further with two 

times 0.5 mL diethyl ether (Figure 2E). The filter plate with the precipitates was dried under 

vacuum in a desiccator. To our surprise, the quality of the compounds, as measured by NMR, 

was very good. The yields varied from 22% to quantitative, with an average of 62%. Ten of the 

remaining forty-seven unprecipitated reactions were purified by flash chromatography, and 

these products could be obtained in yields from 35% to 80% (average 58%).

Scheme 1 Conditions and yield of the Ugi product (E1).

The diversity of the building blocks working in this reaction is noteworthy. Aliphatic, bulky 

(C16), linear (C1, C2) and cyclic (C10), aromatic and aliphatic heterocyclic isocyanides 

included thiophene (C7), tetrahydrofuran (C6), and benzodioxolane (C14) worked well. 

Tested compatible functional groups in the isocyanide included alkene (C8), ether (C2, 

C12), nitrile (C9) and halo substituted benzenes (C3, C5, C13). The diversity of the aldehyde 

component is also remarkable, ranging from simple aliphatic (A13, A14, A22, A24), to 

cyclic (A15), to aromatic (A1-3, A5-8, A10-A12, A19) and heteroaromatic (A9, A23). Tested 

compatible functional groups in the aldehyde building blocks included alkene (A4), halo 

(A5, A7, A11), nitrile (A6), and ether (A3, A10). Other compounds noteworthy from further 

plates are E2-6. E2 Is a phenylalanine derivative, E3 and E4 are phthalimide derivatives, and 

E5 has a flexible indoyl ethyl amide moiety. 
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Figure 2 96-Well parallel set-up of acrylamide syntheses on a 0.5 mmol scale. (A) General reaction 
scheme. (B) 2D-Structures of building blocks, and yields of isolated products. Wells with precipitated 
products during the reaction, precipitation after refrigeration, and wells without precipitations are 
shown in green, blue and white, respectively. (C) Efficient, parallel reagent transfer using multi pipettes. 
(D) Picture of the 96-well reaction with partially precipitated products. (E) Easy isolation of precipitated 
products by simple vacuum filtration in a 96-well format manifold.

An advantage of our method is that a majority of the products precipitate from the crude 

reaction mixtures, thus providing high-quality acrylamides using a straightforward filtration 

procedure. Lipophilicity is the single most crucial descriptor affecting potency, distribution, 

and elimination of a compound in the body. Highly lipophilic compounds tend to be 

insoluble in water, have high plasma protein binding, and are unable to reach the target at 

a high enough concentration to effect a biological response [22]. With an average cLogP of 

2.56 varying from -1.2 to 5.8 our 96-well library represents a good range of lipophilicity. Also, 



113

Discovery of Covalent Phosphatase Inhibitors Across Six Synthetic Mass Scales

4

the average molecular weight of 335 Dalton is not too high to create unnecessary problems 

in a future modification of any hits to increase potency. Even more hydrophilic compounds 

also incorporating heterocyclic and natural product moieties are shown in Scheme 3. 

Scheme 2 Exemplary synthesized acrylamides with amino acid or heterocyclic motif.

Compound E7 is an excellent example of the superior functional group compatibility of the 

reaction. Unprotected sugars and amino sugar, α,β,γ,δ-unsaturated ketone double bond and 

a lactone structure present in the starting material tylosin are not affecting the selectivity of 

the reaction and the product is formed in 62% yield. 
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Scheme 3 Examples of hydrophilic heterocyclic and natural product acrylamides.

Another critical descriptor of an acrylamide inhibitor is the substitution pattern around 

the double bond, which can be used to fine-tune the reactivity towards nucleophiles. For 

example, different substituted acrylamides have been used to optimize the reactivity of 

the clinical RAS covalent inhibitor MRTX849 [4]. Thus, we set out to synthesize exemplary 

substituted acrylamides to show the versatility of our method (Scheme 4). Once more, 

the reactions were performed on 0.5 mmol scales and gave the products in satisfactory to 

excellent yields. Noteworthy, the acrylamide moiety in E12 was also used in the covalent 

kinase inhibitors afatinib, neratinib, and dacomitinib. 
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Scheme 4 Examples of substituted acrylamides.

Finally, we investigated the scalability of an acrylamide beyond the 0.5 mmol scale. Thus, 

compound I-H8 was prepared on a multigram scale according to the above procedure 

precipitated to yield 9g as a pure product in 56% yield (Figure 3).

Figure 3 Structure of I-H8 synthesized on a 9 g scale.

Despite being a convenient one-pot procedure, the above described 96-well or multigram 

scales are not useful to create large acrylamide libraries (> 1000) with limited resources and 

in a given time. Therefore, we investigated our synthetic scheme under nanoscale synthesis 

conditions (Figure 4). For this, we used a positive-pressure-based low-volume and contactless 

dispensing system (I-DOT), as recently described by us [23-24]. Briefly, we used 384-well 

polypropylene destination plates for our syntheses. Each destination plate was charged 

with 10 µL (excess amount) of acrylic acid/ammonium hydroxide mixture (0.5 M) using a 

multichannel pipette. Subsequently, oxo components (0.5 M, 125 nL) and then isocyanides 

(0.5 M, 125 nL) were transferred into the corresponding well using an I-DOT nano dispenser, 
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at a final concentration for the stochiometric components of 6 mM. The 384-well plates 

were filled using an algorithm developed in-house that allows for random combinations 

of building blocks to avoid any synthesis bias [24]. The total length of the autonomous 

dispensing procedure was ~12 min per 384 well-plate. We produced a total of four 384 well-

plates. The quality of the reactions on the nanomole scale was evaluated by direct injection 

into the mass spectrometer as recently described by us (Figure 4, SI). Accordingly, in 79% of  

Figure 4 Nanoscale, automated acrylamide synthesis. A 384-well heat map indicating MS-based 
analytics is shown. Shown below are the resynthesized compounds on a 0.5 mmol scale with isolated 
yields. C6, J24 and N17 are shown in blue because of I-DOT reagent transfer failure. However, their re-
synthesis showed medium product formation, indeed.
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the reactions, product formation was observed, while for 21% no product could be observed. 

To support our fast-qualitative analysis of the nano synthesis, we reproduced 28 compounds 

on a 0.5 mmol scale, including full NMR and HRMS characterization (Figure 4, SI). Satisfyingly, 

all 28 compounds precipitated during the upscaling reaction (SI).

Finally, to underscore the usefulness and applicability of our libraries, we screened for covalent 

inhibitors against the enzyme protein tyrosine phosphatase 1B (PTP1B). PTP1B negatively 

regulates the insulin signaling pathway and is considered a promising therapeutic target for 

the treatment of diabetes type 2 and cancer [25].

However, due to the highly polar phosphatase active site and the shallow nature of the 

surrounding protein surface, inhibitor progression to clinical trials has proved very difficult, 

and so far no drug is on the market [26]. Most of the current PTP1B inhibitors mimic the 

phosphate moiety, thus they are highly negatively charged, and therefore typically poorly 

membrane permeable. PTP1B is a cysteine protease and has four solvent-exposed cysteines 

on the surface (Figure 5A). Apart from C215, other chemical strategies aiming to inhibit 

PTP1B consists in forming irreversible conjugates with allosteric C121, and recently an 

α-bromoacetamide derivative was found to cause a loss of the enzymatic activity [27-28]. 

We monitored inhibition of PTP1B by our acrylamides using an enzymatic assay (Figure 5B) 

of p-nitrophenyl phosphate as a method of choice for rapid screening [29-30]. As a result, 

seven compounds inhibited PTP1B with more than 40% inhibition. Interestingly, II-H20 

showed the highest inhibition (99%) followed by II-D11 (88%), II-P5 (66%), II-M2 (58%), 

and II-K6 (49%) (Figure 5B). We tested II-P5 and II-K6 with MS analysis in order to identify 

which cysteines show the covalent modification (Figure 5C). After overnight incubation 

of the recombinant PTP1B with acrylamides, we performed tryptic digestion followed by 

nanoflow liquid chromatography (nano-LC) and mass spectroscopy to identify covalent 

adducts (SI). A list of peptides with covalently bound cysteines is presented in Table S1. 

Compound II-P5 binds to C32 and C121, whereas II-K6 binds to C32, C92, C121, and C215 

with no detectable selectivity among them (Figure 5D, Figure S1). Additionally, we docked 

II-K6 and II-P5 to elucidate the binding modes of the compounds resulting in no significant 

difference among those bound to allosteric C121 (Figure S2) and C32 (Table S2). However, 

II-K6 obtained scores marginally higher than II-P5. In its bound form to C215 (Figure 5E), 

II-K6 forms hydrogen bonds involving the S216 NH backbone and the CO moiety of the 

acrylamide, between the K116 side chain nitrogen and the benzodioxol oxygen atom and 

between the NH of the acrylamide moiety and the Q162 CO side chain group. The latter 
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residue also interacts with the disubstituted benzene π-stacking interactions. Finally, several 

van der Walls contacts were observed, between the benzodioxol ring and the side chains 

of F182 and K116, between the disubstituted benzene and V49, Y46, Q262 side chains and 

between the acrylamide CH2 moiety and the R221 side chain.

Figure 5 Discovery of covalent acrylamide inhibitors of PTB1B. (A) Surface representation of human 
phosphatase PTP1B (PDB: 5K9V) with the four solvent-exposed cysteines are colored in red. (B) High 
throughput enzyme screening of acrylamides against PTP1B. (C) Time-dependent inhibition for II-P5 
and II-K6 (PI = percentage of inhibition; Data were presented as mean ± SEM in triplicate with 95% 
confidence bands (p-values < 0.001). Because of turbidity at 1 mM, time-dependent inhibition for II-P5 
has been reported only for 500 µM. (D) MS/MS spectra of tryptic peptides from PTP1B treated with II-P5 
and II-K6. Annotated fragmentation spectra are shown with the b- and y-ions denoted by red and blue, 
respectively. The precursor ions are labeled in green. The peptide sequence is shown at the top with 
the collision-induced fragmentation pattern. * II-P5 modification, # II-K6 modification. (E) Docking 
pose of II-K6 (green sticks) bound to s215 of PTP1B (cyan ribbons). Molecular contacts as detected 
by Scorpion analysis. Van der Waals, hydrogen bonding, π-stacking interactions and hydrogen bond 
-π-stacking are shown in brown, red, orange and yellow dotted lines, respectively. Residues involved in 
the catalysis and stabilization of the substrate in the pocket are indicated respectively with a red and 
blue asterisks [31].
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In summary, we developed a general, highly diverse multicomponent method for the one-pot 

synthesis of acyl amides, based on the building blocks acrylic acid, ammonia, aldehydes, and 

isocyanides. Noteworthy many substrates with different functional groups are compatible 

with the reaction and show product formation. The reactions were performed on a 0.5 mmol 

scale in 96-well plates, on a nanoscale in an automated fashion in 384-well plates yielding 

1.536 reactions, and also one example was synthesized on a multigram scale. Thus, scalability 

has been established over 6 orders of magnitude. In the majority of 0.5 mmol and higher 

scale reactions, the products precipitated, making this a valuable method for accessing 

high-quality acrylamide compound libraries. The 96-well protocol is fast, and several plates 

can be produced per week, including NMR and SFC-MS based quality control. Additionally, 

the reaction was also performed on a nanoscale, with the opportunity to synthesize tens of 

thousands of compounds in a highly automated fashion. As an example, here we attempted 

the parallel synthesis of 1.536 compounds and showed a high reaction success rate using 

MS analysis and resynthesis of multiple compounds on a preparative scale. Acrylamides 

are useful compounds not only in medicinal chemistry but will add to a growing body in 

the development of material and organic synthesis. We predict that our synthetic design 

performed in three different modalities (handcrafted, automated & nano, medium and large 

scale) with a simple experimental set- and work-up will become a useful addition to the 

relatively few described options of synthesizing acrylamide libraries for the discovery of 

potent covalent protein modifiers or smart, functional materials. 
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Supporting Information

Protein expression and purification
Human PTP1B plasmid for recombinant use was purchased from Addgene (plasmid # 

102719; http://n2t.net/addgene:102719; RRID: Addgene_102719). The expression and 

purification have been performed as previously described with minor modifications [1] with 

50 mM Hepes being replaced with 25 mM Tris-buffer at the same pH 7.5. The eluted fractions 

in size exclusion chromatography buffer (SEC buffer, 25 mM Tris-buffer pH 7.5, 150 mM NaCl 

and 0.5 mM Tris(2-carboxyethyl) phosphine (TCEP) were immediately used either for mass 

spectrometry or activity assays. 

Activity assay
A 50 mM stock solution of each compound of the library was prepared in 100% DMSO 

and subsequentially assayed in a flat-bottomed Corning 96-well microplates using a 

Tecan Spark microplate reader. Initial screening of enzymatic activity consisted of 100 μL 

mastermix containing 1000x fold compound excess, 1 μM of PTP1B in SEC buffer, resulting 

in 2.0% (v/v) of DMSO in all reactions for the sample wells. Positive (protein, buffer and 

DMSO) and negative controls (buffer and DMSO) were set up in the same microplate. After 

incubation at 30 °C for 30 mins, the reaction was started by addition of 2.5 μM of para-

nitrophenylphosphate (pNPP) at 25 mM stock solution for a final concentration of 625 μM 

and its hydrolysis was spectrophotometrically measured every minute at λ = 405 nm. The 

resulting hits with more than 40% inhibition were selected from the initial screening. Next, 

the reproducibility was assessed and the DMSO concentration was increased to 8% (v/v) to 

improve the solubility. Finally, the analysis of the results was done with Prism 8.0 (GraphPad 

software) and the percentage of inhibition (PI) was calculated as follows:

PI = [1– (OD
405 nm, sample well

 – OD
405 nm, blank of sample well

/ OD405 nm, positive control – OD
405 nm, blank of 

positive control)
] *100
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Mass spectrometry analysis 
PTP1B (50 uM) was mixed with compound II-P5 or II-K6 in molar ratio of 1:50 in 25 mM Tris 

buffer (pH 7.5) containing 150 mM NaCl, 0.5 mM TCEP. After overnight incubation at 4 °C, 

sample was diluted up to 450 µl with the Tris buffer and centrifuged (20 000 g, 10 min, 4 °C). 

The supernatant was transferred to Amicon Ultra 0.5 ml with a 3-kDa membrane cut-off 

(Millipore) and centrifuged at 14 000 g for 40 min at 20 °C. The protein was washed twice 

with the 400 µl of the Tris buffer to get rid of the unbound compounds. Afterwards, protein 

was denaturated by adding urea to the final concentration of 6 M and reduced with TCEP (5 

mM, 37 °C, 30 min). Samples were diluted up to 1 M urea with 50 mM NH4HCO3 and digested 

overnight at 37 °C with sequencing grade trypsin (Promega, enzyme to protein ratio of 

1:100). Resulted peptides were cleaned using C18 StageTips [2]. Samples were analyzed with 

a Q-Exactive mass spectrometer (Thermo Fisher Scientific) coupled to a nano-LC (UltiMate 

3000 RSLCnano System, Thermo Fisher Scientific). Peptides were loaded onto a trap column 

(Acclaim PepMap 100 C18, 75 μm x 20 mm, 3 μm particle, 100 Å pore size, Thermo Fisher 

Scientific) in 2% acetonitrile with 0.05% trifluoroacetic acid at a flow rate of 5 μl/min and 

further separated on analytical column (Acclaim PepMap RSLC C18, 75 µm x 500 mm, 2 µm 

particle, 100 Å pore size, Thermo Fisher Scientific) at 50 °C with a 60 minutes gradient from 2% 

to 40% acetonitrile in 0.05% formic acid at a flow rate of 250 nl/min. The eluted peptides were 

ionized using a Digital PicoView 550 nanospray source (New Objective) with a spray voltage 

of 2.2 kV. The Q-Exactive was operated in a data dependent mode. Full scan MS spectra were 

acquired over a mass range of m/z 300 – 1950 with a resolution of 70,000 at m/z 200 and 

an automatic gain control (AGC) target of 1e6. The 8 most intense ions per MS scan were 

selected for fragmentation and were measured at a resolution of 35,000 at m/z 200 with an 

AGC target of 3e6. Dynamic exclusion was set to 35 s. The maximum ion accumulation times 

for the full MS and the MS/MS scans were 120 ms and 110 ms, respectively. The lock mass 

option was enabled for survey scans to improve mass accuracy. Instrument performance 

was controlled with QCloud. [3] MS data were analysed using the Proteome Discoverer (v.1.4; 

Thermo Scientific). Obtained peak lists were searched using an in-house MASCOT server 

(v.2.5.1; Matrix Science, London, UK) against the cRAP database (https://www.thegpm.org/

crap/, released August 2019) with manually added sequence of human PTP1B catalytic 

domain including His-tag (117 entries). Database search was performed with the following 

parameters: trypsin with up to one missed cleavage allowed; variable modifications of Met 

residues (Ox +15.995) and Cys (II-P5 + 330.158 or II-K6 + 398.148). Precursor mass tolerance 

was set to 10 ppm and fragment mass tolerance was set to 20 mmu. MS/MS spectra of 

peptides containing modified cysteine were manually inspected.
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Covalent docking
The crystal structures of PTP1B in complex with aryl Seleninic acid (PDB ID 3D9C, [3]) and 

PTP1B apo form (PDB ID 5K9W, [1]) were prepared by assigning bond orders, hydrogens 

and protonation state at pH 7.5 with Epik and missing side chains/loops were filled with 

Primewith an emphasis on multiscale and hierarchical techniques. As a first step in evaluating 

the performance of our loop prediction algorithm, we have applied it to the problem of 

reconstructing loops in native structures; we also explicitly include crystal packing to provide 

a fair comparison with crystal structures. In brief, large numbers of loops are generated by 

using a dihedral angle-based buildup procedure followed by iterative cycles of clustering, 

side-chain optimization, and complete energy minimization of selected loop structures. We 

evaluate this method by using the largest test set yet used for validation of a loop prediction 

method, with a total of 833 loops ranging from 4 to 12 residues in length. Average/median 

backbone root-mean-square deviations (RMSDs [5-6]. DMSO and water molecules beyond 

5.0 Å were manually removed. Finally, the structures were further refined by assigning the 

optimal H-bonds orientations with PROPKA3 at pH 7.5 and a restrained minimization was 

then applied with OPLS_2005 until 0.30 Å RMSD convergence [7-9]. The 3D-structures and the 

relative tautomers of the gliptins at pH 7.5 from isomeric smiles were respectively generated 

with LigPrep (Schrödinger Release 2019-4: LigPrep, Schrödinger, LLC, New York, NY, 2020) 

and Epik, including the stereo-flags at the chiral centers [8-10]. The docking grid was defined 

by picking the ligand’s atomic coordinates and 20.0 Å of spacing in all directions. Michael 

addition to acrylamide was set for the covalent reaction to nucleophilic sulfur of cysteines 

and docking was run considering ligand conformational sampling, rotamer sampling of the 

protein side chains, and minimization of the pose [11]. A total number of 200 poses were 

requested employing a cutoff of 2.5 kcal/mol as a restrain. Subsequently, the best poses 

were selected based on GlideScore values (kcal/mol unit) [12-13]. Minimization with MAB 

force field and superpose were used to individuate to quantify the SS changesets mostly 

involved in ligand binding [14]. All the figures were rendered with Pymol (The PyMOL 

Molecular Graphics System, Version 2.3, Schrödinger, LLC.)
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Table S1 Results of mass spectrometry analysis of PTP1B catalytic domain modified by II-P5 and II-K6 
compounds. Table shows parameters of LC-MS/MS identification of PTP1B and the list of peptides with 
covalently modified cysteines (marked in bold). #PSMs – number of peptide-to-spectrum matches; 
m/z – mass to charge ratio of precursor ion.

Protein identification results Modification 
site

Peptide  
sequence

Mascot 
Score

# PSMs Charge m/z [Da]

Compound: II-P5
Score: 22666
Sequence Coverage: 81.6%
# Peptides: 45
# PSMs: 873 

Cys32 HEASDFPcR 62 1 2 696.306

Cys121 cAQYWPQKEEK 20 1 3 580.608

Compound: II-K6
Score: 33765
Sequence Coverage: 87.7%
# Peptides: 50
# PSMs: 1299

Cys32 HEASDFPcR 26 1 2 730.299

Cys92 SYILTQGPLPNTcGHF
WEMVWEQK

23 1 3 1088.169

Cys121 cAQYWPQKEEK 19 1 2 904.401

Cys215 ESGSLSPEHGPVVV
HcSAGIGR

43 2 3 858.406
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4Figure S1 MS/MS spectra of tryptic peptides from PTP1B treated with II-P5 and II-K6 bound to (A) 
Cys32 and (B) Cys92. Annotated fragmentation spectra are shown with the b- and y- ions denoted by 
red and blue, respectively. The precursor ions are labeled in green. The peptide sequence is shown at 
the top with the collision-induced fragmentation pattern. * II-P5 modification, # II-K6 modification.

Docking scores and binding poses to Cys121
Cys215 and Cys121 were elucidated as being relevant nucleophiles for the regulation of the 

PTP1B activity since the former belongs to a highly conserved catalytic region among the 

phosphates [15] and the latter to an allosteric pocket [16-17]. Hence, we docked II-K6 and II-P5 

with Glide to rationalize the protein/ligand interactions and selected the enantiomer on the 

basis of the score and we used the crystal structure of PTP1B in complex with aryl Seleninic 

acid for covalent docking to Cys215 and the apo protein crystalized by Choy and coworker 

[1] for the other cysteines since the same protein was used the activity assays reported in 

this paper. The summary of the Glide scores alongside with the Scorpion results before 

and after the minimization are shown in Table S1. Several improvements of cooperativity 

binding network scores were observed by subsequent post-docking minimization with 
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MAB force field, suggesting that small structural changes in the protein could be responsible 

for strengthening the bond with PTP1B. In fact, a more closed inspection of the pose after 

minimization revealed that II-K6 induces a conformational change, especially on the WPD-

loop, a highly conserved loop amongst phosphatase [18], and on the P-loop which is 

involved in transition state stabilization [19]. Particularly, relatively large flexibilities involve 

the catalytic D181 (2.4 Å) from the WPD-loop, the nearby F282 (2.3 Å) while K116 (2.0 Å), 

G117 (2.5 Å) from the P-loop fold down to accommodate the ligand in the binding pocket 

(Figure S2C).

Table S2 Docking scores as quantified by Covdock and Scorpion before and after MAB minimization. 

Compound Modification site CovDock (kcal/mol) Scorpion Minimization

II-P5
Cys32 -2.55 -0.8 6.4

Cys121 -3.42 1.4 8.2

II-K6

Cys32 -2.71 4.3 10,4

Cys92 -4.36 1.3 4.8

Cys121 -3.55 3.1 7.4

Cys215 -5.25 3.6 7.3

The best poses of II-P5 and II-K6 bound to Cys121 and the interactions with the the residues 

surrounding C121 are respectively shown in Figure S2A and S2B. Both molecules share a 

common interaction represented either by a bifurcate hydrogen bond/cation dipole or 

hydrogen bond/cation-π stacking contact between R45 guanidine group and the CO moiety 

of the acrylamide with the acceptor oxygen atom accounting for the highest cooperativity 

binding network score. Also, a further hydrogen bond between the OH group of S118 and 

the oxygen is shared. However, II-K6 clearly show different orientation than II-P5 since the 

poses of the former are symmetric by an axial plane of about 180° whereas for the latter 

nearly superpose each other. Nevertheless, both molecules interact with L119, P89 and C121 

through Van Der Waals contacts while only II-K6 interacts with L88 and II-P5 with Y46 and 

R45.
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4
Figure S2 (A) Docking poses of II-K6 and (B) II-P5 (green sticks) bound to Cys121 of PTP1B (cyan 
ribbon representation). Van Der Walls, hydrogen bonds, cation-π and hydrogen bond-π stacking 
interactions shown respectively as brown, red, blue and orange dotted lines. (C) Close up view of the 
residues with RMSD difference > 2.0 Å upon binding of II-K6 to Cys215. Colors range from blue to red 
indicating the most relevant Cα deviations."
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ABSTRACT

De novo discovery of any therapeutic (e.g. antibodies, vaccines or small molecules) takes years 

to move from idea/preclinic to market release and is not a short-term solution for the current 

SARS-CoV-2 pandemic. Therefore, drug repurposing – the discovery of novel indication areas 

for already approved drugs is perhaps the only approach able to yield a short-term solution. In 

order to repurpose drugs as potential inhibitors of SARS-CoV-2 proteases 3CLpro and PLpro, 

we performed a computational screening using the oral bioavailable antidiabetic drug class 

of gliptins as candidates. The orally bioavailable antidiabetic drug class of gliptins is safe 

and has been clinically available (and used by millions of patients) since 2006. Based on our 

repurposing hypothesis and our computational docking we predict the nitrile containing 

gliptins to inhibit the SARS-CoV-2 proteases 3CLpro and PLpro. As a result, nitrile containing 

gliptins deserve further investigation as potential anti-COVID19 drugs.
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INTRODUCTION

In December 2019, a novel coronavirus (SARS-CoV-2 the cause of the disease named 

COVID-19) was found in Wuhan, China [1]. Human-to-human transmission has occurred 

among close contacts [2]. As of 30 March 2020, there have been over 700.000 reported 

cases with over 30.000 deaths for the SARS-CoV-2 pandemic worldwide. However, there are 

currently no effective medications against SARS-CoV-2. 

De novo drug discovery historically takes years from idea/preclinic to the market, 

independently of the nature of the drug (e.g. small molecule, antibody, vaccine). Thus, this 

strategy is not a short-term solution for the current pandemic. Drug repurposing aims to 

discover novel indications for already approved drugs [3]. The overwhelming advantage of 

drug repurposing is the much faster clinical approval, due to already extensive knowledge 

of the physicochemical properties and behavior of the drug in humans. Therefore, many 

groups have pursued a drug repurposing approach. This has led to several promising drugs 

which are currently tested for COVID-19 in humans, including Favipiravir, Remdesivir, HIV 

protease inhibitors, chloroquine or Tozilizumab [4,5]. So far, however, none showed more than 

promising activity based on low numbers of patients per trial. Additionally, a combination of 

Lopinavir and Ritonavir (Kaletra®) – effective for HIV infection – failed in ~200 severe COVID-19 

cases in China [5]. Lopinavir and Ritonavir did not show any benefit over the current standard 

therapy. Clearly, additional drug repurposing hypotheses need to be tested.

In our search for drugs potentially inhibiting the replication of the SARS-CoV-2 we 

concentrated on compounds inhibiting the proteases. Both the virus encoded proteases, 

including the 3C-like proteinase (3CLpro) and Papain-like proteinase (PLpro), are highly 

conserved among CoVs and are involved in the essential processing of the viral polyprotein 

in a coordinated manner. Therefore, they represent important drug targets. 3CLpro cleaves 

the C-terminus of replicase polyprotein at 11 sites [6]. Recently, the Å resolution 3D X-ray 

structure was reported of the 3CLpro covalently bound to a peptidomimetic acrylester (PDB 

ID 6LU7) [7]. PLpro is responsible for the cleavages located at the N-terminus of the replicase 

polyprotein and has other important functions during the viral replication cycle [8]. Thus, we 

concentrated our investigations on drug classes with a reactive warhead potentially reacting 

with the 3CLpro active site Cys145 and/or PLpro active site Cys112, respectively.
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Gliptins are a class of oral hypoglycemics that inhibit the enzyme dipeptidyl peptidase-4 

(DPP-4), a serine protease that rapidly inactivates incretin hormones in plasma. They are 

widely used as drugs to treat diabetes mellitus type 2. The first compound – sitagliptin – 

received market approval in 2006. Since then many new gliptins were introduced (Figure 

1A, B). Mechanistically, gliptins can be divided in two classes, covalent and non-covalent 

inhibitors [9]. The nitrile containing gliptins make a covalent bond with the active site Ser630 

of DPP-4 (Figure 1C). Nitrile containing gliptins include Saxapliptin, Vildagliptin, Bisegliptin, 

Trelagliptin, Anagliptin, Melogliptin, and Denagliptin (Figure 1B). We hypothesized that 

nitrile containing gliptins might be potential repurposing candidates given that cysteines 

are well known to react with nitriles to form covalent adducts in a similar way as serines 

(Figure 1D). For example arylnitriles have been described as cysteine protease inhibitors [10]. 

Figure 1 Antidiabetic gliptins as potential COVID-19 repurposing drugs. (A) Marketed or late stage 
non-covalent DPP-4 inhibitors. (B) Marketed or late stage covalent DPP-4 inhibitors with electrophile 
nitrile circled in red. (C) Example (PDB ID 6B1E) of Vildagliptin (cyan sticks) covalently bound to 3CLpro 
Ser630 (grey sticks) and the imine group stabilized by a hydrogen bond to Tyr547 (grey sticks) and a 
water molecule (red ball) [11]. (D) Mechanistic similarity of nucleophilic serine and cysteine addition to 
an electrophilic nitrile.
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To form stable adducts the covalent imidate is often stabilized by a hydrogen bonding 

network to the receptor. In the case of Vildagliptin, the imidate NH forms hydrogen bondings 

to the Tyr547 OH and an adjacent water molecule (Figure 1C). 

MATERIALS AND METHODS 

In order to evaluate the potential of the nitrile containing gliptins as 3CLpro and PLpro 

inhibitors, we performed covalent docking using GOLD and CovDock software. The 

potential implication of gliptins binding to the were analyzed by minimizing the complexes 

comprising best docking poses using the MAB force field (detailed methods in SI) [12-14]. 

For SARS-CoV-2 3CLpro (PDB ID 6LU7), the catalytic Cys145 was used as docking site. For 

SARS-CoV-2 PLpro there is no crystal structure yet available. However, the PLpro from SARS-

CoV-2 shows an high sequence identity (83%) with PLpro from SARS-CoV (Figure S1) [15].

Specifically, in the near vicinity of the active site and binding site of inhibitors they are 

identical. Thus, we decided to use SARS-CoV PLpro (PDB ID 2FE8) Cys112 as binding site for 

our docking experiments. Additionally, the cooperative interaction networks were evaluated 

for the best poses from GOLD and CovDock docking using Scorpion software [16]. 

RESULTS AND DISCUSSION 

Docking scores and cooperative binding network analysis showed higher values for all 

gliptins against 3CLpro (Tables S2 and Figure S2B), suggesting a higher affinity for the gliptins 

rather than PLpro (Table S1 and Figure S2A). Vildagliptin was identified as the best dual 

action candidate for both 3CLpro and PLpro (Figure 2A, B). On the other hand, Denagliptin 

and Anaglitin were identified as the best candidates for 3CLpro and PLpro, respectively. 

Saxagliptin and secondly Trelagliptin, showed a consensus score value higher against 3CLpro 

rather than PLpro, indicating a possible higher selectivity for 3CLpro. However, Melogliptin 

and Bisegliptin displayed higher consensus score values for PLpro suggesting a possible 

selectivity for this target. Finally, as stated previously, scoring values for 3CLpro were higher, 

indicating that selectivity of gliptins against 3CLpro and more importantly against PLpro 

must be considered carefully. 
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Docking results showed that by forming the covalent complex with 3CLpro the best 

compounds (Vildagliptin, Anagliptin, and Denagliptin) were able to form an extended 

hydrogen bonding network and/or hydrophobic interaction with the His41 (Figure 2A). 

Both, Cys145 and His41 are part of the catalytic dyad of different CoV’s main proteases [6]. 

Additionally, the scores of Vildagliptin, Anagliptin and Denagliptin and His41 were preserved 

and in some cases enhanced, suggesting that binding of these gliptins could induce and 

adjust the fit which potentiates the binding and stabilization of these compound into the 

catalytic site of 3CLpro (Table S4). Therefore, these gliptins could have a direct impact on 

the protease 3CLpro function, and consequently impact the replication cycle of SARS-CoV-2.

The protease activity of PLpro has been reported to be catalyzed by the dyad Cys112 and 

His273 or the triad additionally involving Asp287 [8,15]. Experimental non-covalent inhibitors 

of SARS-CoV also have been reported [17,18]. Interestingly, such inhibitors bind in a cavity 

next to the catalytic triad but none of them interacts directly with the residues of the catalytic 

triad, despite proving high potency and selectivity in vitro [17]. All gliptins are predicted to 

potentially form covalent adducts to SARS-CoV and SARS-CoV-2 proteases through direct 

interaction with the Cys112 in the catalytic triad where also other reported inhibitors bind 

(Figure S5). Amongst the best candidates for PLpro (Anagliptin, Vildaglipti and Melogliptin) 

(Figure 2B, Table S3) only Anagliptin is able to form a hydrogen bonding interaction with 

the His273. However, the three proposed gliptins were able to form an extended network 

of ligand – receptor interactions, mainly hydrogen bonds and hydrophobic interactions, 

with the same residues as the reported inhibitors: Gly164, Asp165, and Tyr269. Therefore, our 

results suggest the formation a stable binding of the nitrile containing gliptins (Figure S3, 

S4) and a possible inhibition of PLpro activity.
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Figure 2 Covalent docking of the nitrile-gliptins into the SARS-CoV-2 protease 3CLpro (PDB ID 6LU7) 
and SARS-CoV-1 protease PLpro (PDB ID 2FE8). (A-B) Consensus docking scores for the nitrile-gliptins 
for the two proteases. (B-C) Highest scoring poses of the best dual action Vildagliptin in 3CLpro and 
PLpro with some indicated molecular interactions. The active site cysteines forming the covalent 
bond are shown in yellow. Insert in (D) shows the stabilization of the thioimidate structure through an 
intramolecular hydrogen bond to the pyrrolidine acyl carbonyl and a H-bond donor pi interaction to 
the backbone NH of Tyr113.

Gliptin drug safety has been monitored over more than a decade and good tolerance/

safety profile of DPP-4 inhibitors has been largely confirmed, importantly including elderly 

populations [19]. Gliptins are orally bioavailable, easy to formulate, and can be and are already 

delivered to millions of people in the form of a pill. They are already manufactured on scale, 

which is critical in the current pandemic. They are stable at ambient temperature and have a 

long shelf life. Furthermore, PK/PD is also well established. For example, the plasma half-life 

of Saxagliptin (~27 h) is much longer than that of Vildagliptin (~2 h) and thus Saxagliptin 

requires lower therapeutic dosage than Vildagliptin: Saxagliptin is administrated 5 mg once 

a day, while Vildagliptin is 50 mg twice a day [20-22]. However nothing is known about PK/PD 

profile of the different gliptins in the lungs. Based on the hypothetical inhibition mechanism 

of the viral replication through inhibition of the two essential SARS-CoV-2 proteases and 

the well-established safety profile a preventative and/or curative application of the selected 

gliptins is thinkable.
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Unfortunately, due to the general shutdown of research and academic laboratories 

worldwide further studies including protease assays and cell-based virus proliferation assays 

cannot be performed at this time. The severity of the SARS-CoV-2 pandemic prompted us 

to publish our preliminary results. We hope that our drug repurposing hypothesis could 

become the starting point to perform further studies in severely ill COVID-19 patients.



141

Gliptin Repurposing for COVID-19

5

REFERENCES

1. Chen, N., Zhou, M., Dong, X., Qu, J., Gong, F., 
Han, Y., Qiu, Y., Wang, J., Liu, Y., Wei, Y., Xia, J., 
Yu, T., Zhang, X., Zhang, L.: Epidemiological 
and clinical characteristics of 99 cases of 2019 
novel coronavirus pneumonia in Wuhan, China: 
a descriptive study. Lancet Lond. Engl. 395, 
507–513 (2020). https://doi.org/10.1016/S0140-
6736(20)30211-7

2. Li, Q., Guan, X., Wu, P., Wang, X., Zhou, L., Tong, Y., 
Ren, R., Leung, K.S.M., Lau, E.H.Y., Wong, J.Y., Xing, 
X., Xiang, N., Wu, Y., Li, C., Chen, Q., Li, D., Liu, T., 
Zhao, J., Liu, M., Tu, W., Chen, C., Jin, L., Yang, R., 
Wang, Q., Zhou, S., Wang, R., Liu, H., Luo, Y., Liu, 
Y., Shao, G., Li, H., Tao, Z., Yang, Y., Deng, Z., Liu, B., 
Ma, Z., Zhang, Y., Shi, G., Lam, T.T.Y., Wu, J.T., Gao, 
G.F., Cowling, B.J., Yang, B., Leung, G.M., Feng, Z.: 
Early Transmission Dynamics in Wuhan, China, 
of Novel Coronavirus–Infected Pneumonia. N. 
Engl. J. Med. 382, 1199–1207 (2020). https://doi.
org/10.1056/NEJMoa2001316

3. Pushpakom, S., Iorio, F., Eyers, P.A., Escott, K.J., 
Hopper, S., Wells, A., Doig, A., Guilliams, T., 
Latimer, J., McNamee, C., Norris, A., Sanseau, P., 
Cavalla, D., Pirmohamed, M.: Drug repurposing: 
progress, challenges and recommendations. 
Nat. Rev. Drug Discov. 18, 41–58 (2019). https://
doi.org/10.1038/nrd.2018.168

4. Harrison, C.: Coronavirus puts drug repurposing 
on the fast track. Nat. Biotechnol. (2020). https://
doi.org/10.1038/d41587-020-00003-1

5. Cao, B., Wang, Y., Wen, D., Liu, W., Wang, J., Fan, 
G., Ruan, L., Song, B., Cai, Y., Wei, M., Li, X., Xia, J., 
Chen, N., Xiang, J., Yu, T., Bai, T., Xie, X., Zhang, 
L., Li, C., Yuan, Y., Chen, H., Li, H., Huang, H., Tu, 
S., Gong, F., Liu, Y., Wei, Y., Dong, C., Zhou, F., 
Gu, X., Xu, J., Liu, Z., Zhang, Y., Li, H., Shang, L., 
Wang, K., Li, K., Zhou, X., Dong, X., Qu, Z., Lu, S., 
Hu, X., Ruan, S., Luo, S., Wu, J., Peng, L., Cheng, 
F., Pan, L., Zou, J., Jia, C., Wang, J., Liu, X., Wang, 
S., Wu, X., Ge, Q., He, J., Zhan, H., Qiu, F., Guo, 
L., Huang, C., Jaki, T., Hayden, F.G., Horby, P.W., 
Zhang, D., Wang, C.: A Trial of Lopinavir-Ritonavir 
in Adults Hospitalized with Severe Covid-19. N. 
Engl. J. Med. (2020). https://doi.org/10.1056/
NEJMoa2001282

6. Pillaiyar, T., Manickam, M., Namasivayam, V., 
Hayashi, Y., Jung, S.-H.: An Overview of Severe 
Acute Respiratory Syndrome-Coronavirus (SARS-
CoV) 3CL Protease Inhibitors: Peptidomimetics 
and Small Molecule Chemotherapy. J. Med. 
Chem. 59, 6595–6628 (2016). https://doi.
org/10.1021/acs.jmedchem.5b01461

7. Jin, Z., Du, X., Xu, Y., Deng, Y., Liu, M., Zhao, Y., 
Zhang, B., Li, X., Zhang, L., Peng, C., Duan, Y., Yu, 
J., Wang, L., Yang, K., Liu, F., Jiang, R., Yang, X., You, 
T., Liu, X., Yang, X., Bai, F., Liu, H., Liu, X., Guddat, 
L.W., Xu, W., Xiao, G., Qin, C., Shi, Z., Jiang, 
H., Rao, Z., Yang, H.: Structure of Mpro from 
COVID-19 virus and discovery of its inhibitors. 
bioRxiv. 2020.02.26.964882 (2020). https://doi.
org/10.1101/2020.02.26.964882

8. Báez-Santos, Y.M., St John, S.E., Mesecar, A.D.: 
The SARS-coronavirus papain-like protease: 
structure, function and inhibition by designed 
antiviral compounds. Antiviral Res. 115, 
21–38 (2015). https://doi.org/10.1016/j.
antiviral.2014.12.015

9. Nabeno, M., Akahoshi, F., Kishida, H., Miyaguchi, 
I., Tanaka, Y., Ishii, S., Kadowaki, T.: A comparative 
study of the binding modes of recently 
launched dipeptidyl peptidase IV inhibitors in 
the active site. Biochem. Biophys. Res. Commun. 
434, 191–196 (2013). https://doi.org/10.1016/j.
bbrc.2013.03.010

10. Ehmke, V., Quinsaat, J.E.Q., Rivera-Fuentes, P., 
Heindl, C., Freymond, C., Rottmann, M., Brun, 
R., Schirmeister, T., Diederich, F.: Tuning and 
predicting biological affinity: aryl nitriles as 
cysteine protease inhibitors. Org. Biomol. Chem. 
10, 5764–5768 (2012). https://doi.org/10.1039/
C2OB00034B

11. Berger, J.P., SinhaRoy, R., Pocai, A., Kelly, T.M., 
Scapin, G., Gao, Y.-D., Pryor, K.A.D., Wu, J.K., 
Eiermann, G.J., Xu, S.S., Zhang, X., Tatosian, 
D.A., Weber, A.E., Thornberry, N.A., Carr, R.D.: A 
comparative study of the binding properties, 
dipeptidyl peptidase-4 (DPP-4) inhibitory 
activity and glucose-lowering efficacy of 
the DPP-4 inhibitors alogliptin, linagliptin, 
saxagliptin, sitagliptin and vildagliptin in mice. 
Endocrinol. Diabetes Metab. 1, e00002 (2018). 
https://doi.org/10.1002/edm2.2



142

Gliptin Repurposing for COVID-19

12. Jones, G., Willett, P., Glen, R.C., Leach, A.R., Taylor, 
R.: Development and validation of a genetic 
algorithm for flexible docking. J. Mol. Biol. 
267, 727–748 (1997). https://doi.org/10.1006/
jmbi.1996.0897

13. Zhu, K., Borrelli, K.W., Greenwood, J.R., Day, T., 
Abel, R., Farid, R.S., Harder, E.: Docking covalent 
inhibitors: a parameter free approach to pose 
prediction and scoring. J. Chem. Inf. Model. 
54, 1932–1940 (2014). https://doi.org/10.1021/
ci500118s

14. Gerber, P.R., Müller, K.: MAB, a generally 
applicable molecular force field for structure 
modelling in medicinal chemistry. J. Comput. 
Aided Mol. Des. 9, 251–268 (1995). https://doi.
org/10.1007/bf00124456

15. Ratia, K., Saikatendu, K.S., Santarsiero, B.D., 
Barretto, N., Baker, S.C., Stevens, R.C., Mesecar, 
A.D.: Severe acute respiratory syndrome 
coronavirus papain-like protease: Structure 
of a viral deubiquitinating enzyme. Proc. Natl. 
Acad. Sci. 103, 5717–5722 (2006). https://doi.
org/10.1073/pnas.0510851103

16. Kuhn, B., Fuchs, J.E., Reutlinger, M., Stahl, M., 
Taylor, N.R.: Rationalizing Tight Ligand Binding 
through Cooperative Interaction Networks. J. 
Chem. Inf. Model. 51, 3180–3198 (2011). https://
doi.org/10.1021/ci200319e

17. Báez-Santos, Y.M., Barraza, S.J., Wilson, M.W., 
Agius, M.P., Mielech, A.M., Davis, N.M., Baker, 
S.C., Larsen, S.D., Mesecar, A.D.: X-ray Structural 
and Biological Evaluation of a Series of Potent 
and Highly Selective Inhibitors of Human 
Coronavirus Papain-like Proteases. J. Med. Chem. 
57, 2393–2412 (2014). https://doi.org/10.1021/
jm401712t

18. Ratia, K., Pegan, S., Takayama, J., Sleeman, K., 
Coughlin, M., Baliji, S., Chaudhuri, R., Fu, W., 
Prabhakar, B.S., Johnson, M.E., Baker, S.C., Ghosh, 
A.K., Mesecar, A.D.: A noncovalent class of 
papain-like protease/deubiquitinase inhibitors 
blocks SARS virus replication. Proc. Natl. Acad. 
Sci. 105, 16119–16124 (2008). https://doi.
org/10.1073/pnas.0805240105

19. Scheen, A.J.: The safety of gliptins : updated 
data in 2018. Expert Opin. Drug Saf. 17, 387–405 
(2018). https://doi.org/10.1080/14740338.2018
.1444027

20. He, H., Tran, P., Yin, H., Smith, H., Batard, Y., Wang, 
L., Einolf, H., Gu, H., Mangold, J.B., Fischer, V., 
Howard, D.: Absorption, metabolism, and 
excretion of [14C]vildagliptin, a novel dipeptidyl 
peptidase 4 inhibitor, in humans. Drug Metab. 
Dispos. Biol. Fate Chem. 37, 536–544 (2009). 
https://doi.org/10.1124/dmd.108.023010

21. Tahrani, A.A., Piya, M.K., Barnett, A.H.: Saxagliptin: 
a new DPP-4 inhibitor for the treatment of type 
2 diabetes mellitus. Adv. Ther. 26, 249–262 
(2009). https://doi.org/10.1007/s12325-009-
0014-9

22. Dhillon, S.: Saxagliptin: A Review in Type 2 
Diabetes. Drugs. 75, 1783–1796 (2015). https://
doi.org/10.1007/s40265-015-0473-z



143

Gliptin Repurposing for COVID-19

5

Supporting Information

Figure S1 Pairwise alignment of SARS-CoV (blue colored, PDB ID: 2FE8) and SARS-CoV-2 (NCBI 
Reference Sequence: YP_009725299) papain-like proteases (PLpro) [1,2]. The catalytic triad (Cys112, 
His273 and Asp287) is indicated by a brown stars [3]. Identical residues are framed in blue, non-identical 
ones are highlighted in yellow while similar resides colored in red. The residues flagging the binding 
site are purple boxed. Alignment was done with ClustalW and secondary structures elements were 
created with EsPript 3.0 [4,5].



144

Gliptin Repurposing for COVID-19

VIRTUAL SCREENING METHODOLOGIES

GOLD 
The crystal structures of SARS-CoV-2 3CLpro (PDB ID 6LU7) and SARS-CoV PLpro (PDB 

ID 2EF8) were used as a receptor and Alogliptin, Anagliptin, Bisegliptin, Denagliptin, 

Melogliptin, Saxaglipin, Trelagliptin, and Vildagliptin as ligands. Protein were prepared by 

removing co-crystallized ligand if present, water, and solvent molecules; and adding charges 

and hydrogens using Chimera 1.14 [6]. Isomeric SMILE codes for ligands were retrieved from 

PubChem and prepared for docking by setting the absolute stereo flags, adding explicit 

hydrogens and tautomeric states at pH 7.4. 3D coordinates were generated with Standardized 

19.20.0 (http://www.chemaxon.com). For the covalent docking, the sulfur atom of the 

reactive cysteines of the receptors were used as linker to perform the covalent bonding 

(Cys145 for 3CLpro and Cys112 for PLpro). For each ligand, 50 runs of genetic algorithm for 

the conformational search were performed and each pose was evaluated employing the PLP 

Chemscore scoring function. 

CovDock
The crystal structures of SARS-CoV-2 3CLpro (PDB ID 6LU7) and SARS-CoV PLpro (PDB ID 2EF8) 

were prepared by assigning bond orders, hydrogens and protonation state at pH 7.4 with 

Epik and missing side chains/loops were filled with Prime [7-10]. Water molecules beyond 

5.0 Å and DMSO were removed. Finally, the structures were further refined by assigning 

the optimal H-bonds orientations with PROPKA3 at pH 7.4 and a restrained minimization 

was then applied with OPLS_2005 until 0.30 Å RMSD convergence [11-13]. The 3D-structures 

and the relative tautomers of the gliptins at pH 7.4 from isomeric smiles were respectively 

generated with Ligprep (Schrödinger Release 2019-4: LigPrep, Schrödinger, LLC, New York, 

NY, 2020) and Epik, including the stereoflags at the chiral centers [7,8]. The docking grid was 

defined in center of coordinates -14.54 x 46.05 x -38.91 and 20.0 Å of spacing in all directions. 

Covalent reaction was set as nucleophilic addition to triple bond and docking was run 

including ligand conformational sampling, rotamer sampling of the protein side chains, and 

minimization of the pose. A total number of 200 poses were requested employing a cutoff 

of 2.5 kcal/mol as a restrain. Subsequently, the best poses were selected based on GlideScore 

value (kcal/mol unit) [14,15].
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For GOLD and CovDock, the cooperativity interaction networks were assessed by Scorpion 

before and after MAB force field minimization with Moloc [16-18]. All the figures were 

rendered with Pymol (The PyMOL Molecular Graphics System, Version 2.3, Schrödinger, LLC).

Consensus score 
For comparison between scores of best poses from GOLD and CovDock for SARS-CoV-2 

3CLpro (Table S1, Figure S2A), SARS-CoV PLpro (Table S2, Figure S2B), and values from 

cooperative interaction networks and normalization was applied (Table S3 for 3CLpro 

and Table S4 for PLpro, Figure 1A and 1B main text). Negative values from CovDock were 

converted into positive values by multiplying by -1, then a 0 to 1 range normalization was 

done among each method using 1 as the higher value of each group and 0 the lowest. Finally, 

the consensus score was computed as the sum of each normalized score per compound.

Table S1 Final docking scores obtained by CovDock, GOLD, and Scorpion scores calculated from the 
best poses of gliptins against SARS-CoV PLpro.

Compound CovDock GOLD Scorpion_CovDock Scorpion_GOLD

Alogliptin -2,89 0 7,7 1,2

Denagliptin -3,63 15,48 10,2 6,8

Anagliptin -2,98 82,52 7,6 6,5

Bisegliptin -2,93 65,67 2,9 6,5

Melogliptin -2,54 73,65 10,4 5,1

Vildagliptin -2,26 72,93 7,2 7,9

Saxagliptin - 26,82 - 3

Trelagliptin - 0 - 4,6

Table S2 Final docking scores obtained by CovDock, GOLD, and Scorpion scores calculated from the 
best poses of gliptins against SARS-CoV-2 3CLpro.

Compound CovDock GOLD Scorpion_CovDock Scorpion_GOLD

Alogliptin -5,92 89,8825 3,4 5,0

Vildagliptin -6,48 85,007 6,7 10,1

Denagliptin -6,29 90,6431 6,9 11,6

Anagliptin -6,23 94,6538 5,7 6,3

Melogliptin -6,0 87,8583 5,0 3,3

Bisegliptin -5,74 80,1911 2,8 6,2

Trelagliptin -5,61 91,2258 5,8 3,1

Saxagliptin -5,45 92,5049 6,9 7,4
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Figure S2 Normalized docking scores for papain-like protease (A) and coronavirus main protease (B).

Table S3 Normalized and consensus score of gliptins against SARS-CoV PLpro.

Compound CovDock GOLD Scorpion_CovDock Scorpion_GOLD Consensus

Alogliptin 0,8 0 0,74 0 1,54

Denagliptin 1,00 0,19 0,98 0,84 3,00

Anagliptin 0,82 1 0,73 0,79 3,34

Bisegliptin 0,81 0,8 0,28 0,79 2,67

Melogliptin 0,7 0,89 1,00 0,58 3,17

Vildagliptin 0,62 0,88 0,69 1 3,20

Saxagliptin 0 0,33 0 0,27 0,59

Trelagliptin 0 0 0 0,51 0,51

Table S4 Normalized and consensus score of gliptins against SARS-CoV-2 3CLpro.

Compound CovDock GOLD Scorpion_CovDock Scorpion_GOLD Consensus

Alogliptin 0,46 0,67 0,15 0,22 1,5

Denagliptin 0,82 0,72 1,00 1,00 3,54

Anagliptin 0,76 1,00 0,71 0,38 2,84

Bisegliptin 0,28 0 0 0,36 0,65

Melogliptin 0,53 0,53 0,54 0,02 1,62

Vildagliptin 1,00 0,33 0,95 0,82 3,11

Saxagliptin 0 0,85 1,00 0,51 2,36

Trelagliptin 0,16 0,76 0,73 0 1,65
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VILDAGLIPTIN AS STUDY CASE

SARS-CoV-2 3CLpro
The best Vinagliptin poses of CovDock (Figure S3A) and GOLD (Figure S3B) in 3CLpro 

form a covalent bond with Cys145. The adamantyl group interacts with His41, Met49, 

Gly143, Cys145, His163, His164, Met165 side chains through a wide network of Van der 

Walls interactions (Figure S3). However, the CovDock pose has one extra hydrogen bond 

– π stacking interaction with the CO backbone moiety of Arg188 while in the GOLD pose 

was observed an extra Van der Walls interaction with Gln189 side chain and one hydrogen 

bond/π stacking with NH moiety of Cys112. Both poses show that the imidate group is 

stabilized by dipolar interaction with carbonyl moiety of Gly143. 

Figure S3 Molecular interactions of Vildagliptin with SARS-CoV-2 3CLpro and induced fit. The figure 
shows the molecular interactions of best pose of CovDock (A -green sticks-) and GOLD (B -cyan sticks-). 
Van der Walls interactions are shown as yellow lines, hydrogen bond/π stacking in magenta, and dipolar 
interactions in cyan. Larger displacements between the apo-3CLpro backbone (white) and Vildagliptin-
3CLpro complexes after MAB minimizations were observed in the protease domain of 3CLpro (orange 
sections).
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Additionally, many of these interactions were also observed in the recently published non-

covalent designed alpha-ketoamide inhibitor of 3CLpro [19]. On the other hand, considerable 

modification to the backbone of the protease domain of 3CLpro (residues 10 – 99) were 

observed because of the binding of Valdagliptin. These findings together could provide 

evidence suggesting Valdagliptin, and other reported gliptins as potential inhibitors of 

SARS-CoV-2 main protease.

SARS-CoV PLpro
Whereas CovDock (Figure S4A) and GOLD (Figure S4B), they predicted Van der Walls 

interactions between the adamantyl group of Vinagliptin and Tyr269, His273, and Tyr274 

side chains in addition to the covalent bond between the nitrile and the Cys112. However, in 

the case of CovDock, the imidate group is stabilized by a hydrogen bond with the indole NH 

moiety of Trp107 and further Van Der Walls interactions were observed with Leu163, Tyr113, 

Tyr265 and Asn268 side chains. In the docking pose of GOLD (Figure S4B), the same imidate 

stabilization is done by a hydrogen bond/ π stacking interaction with NH moiety of Cys112. 

Figure S4 Molecular interactions of Vildagliptin with SARS-CoV PLpro and induced fit. The figure 
shows the molecular interactions of best pose of CovDock (A -green sticks-) and GOLD (B -cyan stick-s). 
Van der Walls interactions are shown as yellow lines, hydrogen bonds in red, and π-stacking in magenta. 
Larger displacements (> 2.0 Å) between the apo-PLpro backbone (white) and Vildagliptin-PLpro 
complexes after MAB minimizations were observed in the protease domain of PLpro (orange sections).
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Further non-covalent contacts consist in a cation/ π stacking interaction between the NH 

moiety of the ligand and the backbone carbonyl group of Gly164 and the hydroxyl group of 

Vinagliptin with OH moiety of Tyr274 side chain. On the other hand, considerable modification 

to the backbone of the protease domain of PLpro were observed as a consequence of 

Valdagliptin binding. 

Comparison against the non-covalent inhibitor of PLpro of SARS-CoV
The studied gliptins share similar non-covalent interactions with the residues reported for 

a specific a potent SARS-CoV inhibitor (PDB ID 4OVZ) [20]. (Hydrogen bonds, π-π stacking, 

and Vander Walls interactions were found on Tyr269, the formation of a dipolar interaction 

occurring on CO moiety of Gly164, and one hydrogen bond between the reported inhibitor 

and Asp165. Several Van der Walls interactions were observed with residues Pro248, Pro249 

Thr302, Gln270, Asp165, Asp265, Tyr274, Thr302 where the most relevant non-covalent 

interactions occurred between the reported inhibitor and Tyr269. Interestingly, our results 

showed similar interactions between the studied gliptins and Tyr269 and other Plpro 

protease domain residues (Figure S5). Additionally, the structural alignment after MAB 

minimization demonstrated that a indicated an adjusted fit shift on similar regions of the 

Plpro protease domain in comparison which the modifications driven by the binding of 

Vildagliptin and other proposed gliptins, particularly in the loop comprised by the Asn268, 

Tyr269, and Gln270.

Figure S5 Molecular interactions of reported non covalent inhibitor with SARS-CoV PLpro and 
induced fit. The ligand is shown as magenta sticks. Van der Walls interactions are shown as yellow 
lines, hydrogen bonds in red, and π- π in orange, and dipolar interaction in cyan. Larger displacements 
(> 2.0 Å) between the apo-PLpro backbone (white cartoons) and inhibitor-PLpro complex after MAB 
force field minimizations were observed in the protease domain of PLpro (orange sections).
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The validation of a target represents the first step in the early-stage drug discovery pipeline. 

In the specific case of antimalarial research, the protein interference assay represents 

a solid approach to the validation of an entire metabolic pathway, as exemplified by the 

study cases of PƒAspAt/ PƒMDH [1] and PƒATC [2]. The primary results of this thesis provide 

further experimental evidence of an allosteric modulation of a class of enzymes at the 

oligomeric interface in a fragment-based fashion. This result represents a possible strategy 

for the development of initial molecular candidates against malaria. Accordingly, Chapter 2 

illustrates the crystallographic structure of PƒMDH bound to 4-(3,4-difluorophenyl) thiazol-

2-amine. Additionally, the low sequence identity of the aminoacids located at the oligomeric 

surfaces suggests that subunits of PƒMDH assembles themselves in a distinctive manner 

compared to other causative agents of diseases like Leishmania Major or Brucella Abortus. 

These data suggest that the same approach might be reproduced in these microorganisms. 

4-(3,4-difluorophenyl) thiazol-2-amine results from a high-throughput screening of 1500 

fragments by STD – NMR, followed by an orthogonal validation by microscale thermophoresis 

and differential scanning fluorimetry. With a measured KD
 of 99.0 ± 1.7 μM and a ΔT

m
 of -2 °C, 

the molecule binds and weakly destabilized PƒMDH. Nevertheless, a significant inhibition 

of the malate oxidation has been observed in the activity assay. The discovery of a distal 

bonding site from the orthostatic pocket represents a significant step forward towards 

the in vitro modulation of this class of enzymes and a unique opportunity to develop the 

compound into more potent leads.

Alternatively, PƒAspAt and PƒMDH offer a valuable application for macrocycles that 

specifically bind their oligomeric interfaces as both proteins have large interface loop 

structures meditating protein-protein interactions [3]. With more than 100 macrocycles in 

clinical market or in drug discovery pipelines (Figure 2), these molecules describe a mature 

field of chemistry [4] with surprisingly underexplored applications only in oncology and 

antibiotics [4]. In Chapter 3 the software Moloc has been benchmarked. Without producing 

thousands of conformational ensembles or random ring splitting into two half-loops, this 

software has processed three-quarters of a database of 208 molecules with high accuracy 

of to the ring atoms. The time taken to complete a job in a laptop is acceptable (median: 39 

minutes). Moreover, the structural diversity of the conformational ensembles is statistically 

similar to three commercial software tested, namely Prime, MacroModel and Molecular 

Dynamics. Our contribution in improving the conformational analysis of macrocycles is 

exemplified by a script for the automatic calculation of accuracy of the macrocycle structural 

components (ring or whole molecule), diversity (torsional fingerprints and radius of gyration), 
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number of conformation and the relative energy after minimization. However, macrocycles 

with branched side chains still represent still a limitation for Moloc because the algorithm 

deprecates the atomic coordinates in beta position from the ring network. We are planning 

to implement a second module considering the flexibility of complex side chains in the 

current version of Moloc in order to improve the all-atom accuracy.

In Chapter 4 we shifted our focus on a solid methodology for the synthesis of highly 

substituted acrylamides as a covalent warhead. In this chapter, we designed an MCR route 

where reactions were performed on a 0.5 mmol scale in 96-well plates, on a nano scale 

in an automated fashion in 386-well plates yielding 1.536 reactions and also one example 

has been formed on a 10g scale. Thus, scalability has been established over 6 orders of 

magnitude. Finally, in order to underscore the usefulness and applicability of our libraries 

we have screened for covalent inhibitors against the enzyme protein tyrosine phosphatase 

1B. Several compounds have been found to inhibit the enzymatic activity of PTP1B, a major 

negative regulator of both insulin and leptin signaling and approved drug target in the 

treatment of obesity and type 2 diabetes [5,6]. The reproducibility of two of the most active 

compounds has been assessed by a colorimetric assay. Mass spectrometry experiments, 

followed by trypsin digestion, have confirmed the presence of a covalent bond with the 

solvent exposed cysteines, including the catalytic Cys215 and the allosteric Cys121 [7]. 

Conformational modifications of WPD-loop, a highly conserved loop among phosphatase 

and P-loop that stabilize the in-transition state of the substrate have been elucidate by post-

docking minimization. These results represent an interesting addition to the current state of 

the art since some of the most potent and selective inhibitors of PTP1B contain a negative 

charge on the phosphate, sulfate, carboxylate or selenate moieties [8-11], thus limiting the 

passive membrane permeability. 

The last part the thesis focuses on a study case of nitrile containing compounds. Chapter 5 

fits into the context of the recent COVID-19 outbreak, showing a virtual screening protocol 

for gliptins repurposing. Gliptins are a class of oral hypoglycemics that inhibit the enzyme 

dipeptidyl peptidase-4 (DPP-4), a serine protease that rapidly inactivates incretin hormones 

in plasma. They are widely used as drugs to treat diabetes mellitus type 2. The first compound 

– sitagliptin – received market approval in 2006. In this chapter the rational inhibition of 

3C-like proteinase (3CLpro) and Papain-like proteinase (PLpro) is presented using two 

software and the most relevant conformational changes are disclosed by post minimization. 

We have demonstrated that the docking scores of Vildagliptin, Anagliptin and Denagliptin 
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were preserved and in some cases even enhanced, suggesting that the binding of these 

gliptins could induce and adjust the fit which potentiates the binding and the stabilization 

of these compounds into the catalytic site of 3CLpro. Therefore, these gliptins might have 

a direct impact on the protease 3CLpro function, and they could consequently impact the 

replication cycle of SARS-CoV-2. 
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De validatie van een doelwit vormt de eerste stap in de vroege fase van de drugsontdekking. 

In het specifieke geval van antimalarieel onderzoek vertegenwoordigt de proteïne-

interferentietest een robuuste aanpak voor de validatie van een volledige metabolische route, 

zoals geïllustreerd door de studiegevallen van PƒAspAt/PƒMDH [1] en PƒATC [2]. De primaire 

resultaten van dit proefschrift leveren verder experimenteel bewijs dat het onderzoeken 

van de oligomere interfaces op een fragmentaire manier een mogelijke strategie is voor 

de ontwikkeling van initiële moleculaire kandidaten tegen malaria. Dienovereenkomstig 

illustreert hoofdstuk 2 de kristallografische structuur van PƒMDH gebonden aan 

4-(3,4-difluorofenyl) thiazol-2-amine. Bovendien suggereert de lage sequentie-identiteit aan 

de oligomere oppervlakken dat subeenheden van PƒMDH zich op een onderscheidende 

manier assembleren van andere veroorzakers van ziekten zoals Leishmania Major of Brucella 

Abortus. Deze gegevens suggereren dat dezelfde biofysische benadering van hit discovery 

zou kunnen worden gereproduceerd in deze micro-organismen. 4-(3,4-difluorofenyl) 

thiazol-2-amine resultaten van een high-throughput screening van 1500 fragmenten door 

middel van STD – NMR, gevolgd door orthogonale validatie door middel van microschaal 

thermoforese en differentiële scanning fluorimetrie. Met een gemeten KD
 van 99,0 ± 1,7 μM 

en een ΔT
m

 van -2 °C bindt en destabiliseert het molecuul zwak PƒMDH. Niettemin is de 

Significante remming van malaatoxidatie waargenomen in de activiteitstest. De ontdekking 

van een distale bindingsplaats vanuit de orthostatische pocket is een belangrijke stap 

voorwaarts voor de in-vitro modulatie van deze klasse van enzymen en een unieke kans om 

de verbinding te ontwikkelen tot krachtigere leads.

Als alternatief bieden PƒAspAt en PƒMDH een waardevolle toepassing voor macrocycli 

die hun oligomere interfaces specifiek binden, aangezien beide eiwitten een grote 

interfacelusstructuur hebben die de interactie tussen eiwitten en eiwitten mediteert [3]. 

Met meer dan 100 macrocycli op de klinische markt of in de pijplijnen voor de ontdekking 

van geneesmiddelen, beschrijven deze moleculen een volwassen gebied van de chemie 

[4] met verrassend ondergewaardeerde toepassingen alleen in de oncologie en antibiotica 

[4]. In hoofdstuk 3 is de software Moloc gebenchmarkt. Zonder duizenden conformatie 

ensembles te produceren of een willekeurige ring te splitsen in twee halve lussen, 

verwerkte deze software driekwart van een database van 208 moleculen met een hoge 

nauwkeurigheid van de ringatomen. De tijd die nodig is om een klus in een laptop te 

klaren is acceptabel (mediaan: 39 minuten). Bovendien is de structurele diversiteit van de 

conformationele ensembles statistisch gezien vergelijkbaar met drie commercieel geteste 

software, namelijk Prime, MacroModel en Molecular Dynamics. Onze bijdrage aan de 
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verbetering van de conformatie analyse van macrocycli wordt geïllustreerd door een script 

voor de automatische berekening van de nauwkeurigheid van de structurele componenten 

van de macrocyclus (ring of hele molecuul), de diversiteit (torsie vingerafdrukken en straal 

van de gyratie), het aantal conformatie en de relatieve energie na minimalisatie. Macrocycli 

met vertakte zijketens vormen echter nog steeds een beperking voor Moloc omdat het 

algoritme de atoomcoördinaten in bètapositie uit het ringnetwerk haalt. We zijn van plan 

een tweede module te implementeren die rekening houdt met de flexibiliteit van complexe 

zijketens in de huidige versie van Moloc om de all-atomaire nauwkeurigheid te verbeteren.

In hoofdstuk 4 verschuiven we onze focus naar een robuuste methodologie voor de 

synthese van sterk gesubstitueerde acrylamiden als covalente kernkop. In dit hoofdstuk 

ontwierpen we een MCR-route waarbij reacties werden uitgevoerd op een 0,5 mmol-schaal 

in 96-wellsplaten, op een nanoschaal op geautomatiseerde wijze in 386-wellsplaten die 

1536 reacties opleverden en ook een voorbeeld werd gevormd op een 10g-schaal. Zo werd 

de schaalbaarheid over 6 orden van grootte vastgesteld. Om het nut en de toepasbaarheid 

van onze bibliotheken te onderstrepen hebben we tenslotte gescreend op covalente 

remmers tegen het enzyme-eiwit tyrosine fosfatase 1B. Verschillende verbindingen bleken 

de enzymatische activiteit van PTP1B te remmen, een belangrijke negatieve regulator van 

zowel insuline als leptine signalering en goedgekeurd drug doelwit in de behandeling 

van obesitas en type 2 diabetes [5,6]. Massaspectrometrie-experimenten, gevolgd door 

trypsine-vertering, bevestigden de aanwezigheid van een covalente binding met de aan het 

oplosmiddel blootgestelde cysteïne, waaronder de katalytische Cys215 en de allosterische 

Cys121 [7]. Conformationele wijzigingen van WPD-loop, een sterk geconserveerde lus 

onder fosfatase en P-loop die de in-transitie toestand van het substraat stabiliseren werden 

opgehelderd door post-docking minimalisatie. Deze resultaten vormen een interessante 

aanvulling op de huidige stand van de techniek, aangezien enkele van de meest krachtige 

en selectieve remmers van PTP1B een negatieve lading bevatten op de fosfaat-, sulfaat-, 

carboxylaat- of selenaatdeeltjes [8-11], waardoor de passieve membraandoorlaatbaarheid 

wordt beperkt. 

Het laatste deel van het proefschrift richt zich op een studiegeval van nitrilhoudende 

verbindingen. Hoofdstuk 5 past in de context van de recente COVID-19-uitbraak, waarbij 

een virtueel screeningsprotocol voor herbestemming van gliptines wordt getoond. 

Gliptines zijn een klasse van orale hypoglycemieën die het enzym dipeptidyl peptidase-4 

(DPP-4) remmen, een serine protease die snel incretinehormonen in plasma inactiveert. Ze 
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worden op grote schaal gebruikt als geneesmiddelen voor de behandeling van diabetes 

mellitus type 2. De eerste verbinding – sitagliptine – werd in 2006 op de markt gebracht. In 

dit hoofdstuk wordt de rationele remming van 3C-achtige proteinase (3CLpro) en Papain-

like proteinase (PLpro) gepresenteerd met behulp van twee software en de meest relevante 

conformatieveranderingen worden onthuld door middel van post-minimalisatie. We hebben 

aangetoond dat de docking scores van Vildagliptine, Anagliptine en Denagliptine werden 

bewaard en in sommige gevallen verbeterd, wat suggereert dat binding van deze gliptines 

zou kunnen induceren en de pasvorm die de binding en stabilisatie van deze verbinding 

versterkt in de katalytische site van 3CLpro aan te passen. Daarom kunnen deze gliptinen 

een directe invloed hebben op de protease 3CLpro functie, en dus de replicatiecyclus van 

SARS-CoV-2 beïnvloeden. 
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