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CHAPTER 1 – PREFACE 
 

Combating disease and prolonging our lifetime has been one of the 

most important and permanent goals of humanity since the very 

beginning of its history. Through tremendous effort and numerous 

success stories, the average lifetime has been doubled in a century and 

previously lethal diseases have been either completely vanished or have 

become efficiently curable. Chemistry, general medicine and their 

interface, medicinal chemistry have contributed a great deal to this 

process, expanding the collection of applicable drugs at a more or less 

constant pace. In the meantime, the biological and medical sciences are 

providing ever more sophisticated pictures about the structure and 

physiology of the human body, as well as the pathophysiology of 

diseases, strongly supporting the efforts of medicinal chemists. 

With the introduction and rapid development of computers, 

theoretical chemistry has also entered the stage of drug development in 

the second half of the previous century. Cheminformatics, as well as 

molecular modeling have various points of input to the drug discovery 

process, and help to restrict the immense costs of introducing a new drug 

(estimated to be more than 2.5 billion USD in the most recent study of 

DiMasi et al. [1], see Figure 1). Particularly, the costs of expensive 

experimental screening techniques in early drug discovery can be greatly 

limited with the tools of computer-aided drug discovery. 

Cancer is a group of diseases that usually involve abnormal cell 

growth and potentially, metastasis (spreading of the tumors to other parts 

of the body). There are over 100 types of cancer that affect humans, with 

over 10 million new cases per year occurring globally, many of which 

affect children. The various types of cancer constitute a leading cause of 

death in developed countries; combating these diseases is one of the most 

important current challenges of drug developers, modern medicine and 

the pharma industry. 

Inflammatory diseases are a large, diverse group of conditions that 

often involve some malfunction of the immune system. They range from 

mild conditions such as acne, to serious diseases that reduce life quality 

and duration (being lethal in some cases), such as rheumatoid arthritis. 
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Figure 1. Capitalized costs of pharmaceutical R&D per approved drug in the 

previous decades, broken down to pre-human and clinical phases, expressed in 

USD on its 2013 value. Adapted from [1], Copyright 2016, with permission 

from Elsevier. 

 

In both of the mentioned groups of diseases, abnormalities in inter- 

and intracellular signaling are of great importance. Small-molecule 

modulation of certain signaling pathways (for example with the inhibition 

of some enzymes in the pathway) has been proposed and proven as an 

opportunity for pharmaceutical intervention for several diseases. Finding 

the right inhibitor requires joint research efforts from diverse subfields, 

and it is a primary point of input for computer-aided drug design. 

In my thesis, I have applied computational drug discovery methods to 

identify novel inhibitors of Janus kinases, an enzyme family playing a key 

role in intracellular signaling, with involvement in the emergence of 

oncological and inflammatory disease conditions such as myelofibrosis, 

polycythemia vera or rheumatoid arthritis. Besides applying many 

computational methods, I have also developed specialized solutions to 

some of the subtasks I have encountered along the way. 
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CHAPTER 2 – INTRODUCTION 
 

I dedicate this chapter to provide a concise introduction on kinases, 

their inhibitors and their involvement in human disease conditions. A 

more detailed review of these topics (along with structure-based virtual 

screening approaches for kinase inhibitors) is presented in one of our 

recent works [2]. 

 

2.1 Kinases and their involvement in human diseases 

 

Protein kinases constitute a family with more than 600 enzymes: they 

are one of the two large protein families that are most targeted in drug 

discovery (the other being the family of GPCRs) [3]. Their function is 

fairly uniform on one hand, as they catalyze the same reaction: the 

transfer of a phosphoryl group from ATP to a protein (Figure 2). On the 

other hand, this reaction is a quite universal process for the regulation of 

enzyme activity and signal transduction, giving protein kinases key roles 

in very diverse processes in the living organism. Hence, protein kinases 

participate in a great number of signaling pathways (i.e. cascades of 

proteins that transfer a signal via phosphorylation or other means). 

 

 
Figure 2. A protein kinase catalyzes the transfer of a phosphoryl group from 

ATP to a serine (S), threonine (T) or tyrosine (Y) residue of a protein. 

Phosphorylation acts as a regulatory mechanism of the activity of the given 

protein. 

 

Through identifying their diverse functions, the role of protein 

kinases has been (and continues to be) established in a vast number of 

diseases, from oncological [4,5] to autoimmune and inflammatory 

diseases [6,7], as well as CNS disorders [8]. Consequently, they are 

frequent targets in drug design and development: current kinase inhibitor 

drugs and their respective disease associations have recently been 
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reviewed by Roskoski [9], and a more extensive, annotated list of kinases 

and their involvement in disease conditions is maintained on the website 

of Cell Signaling Technology [10]. While there have been landmark 

successes in kinase-oriented drug discovery, there are still a variety of 

ongoing challenges and unaddressed questions in this field. 

Computational approaches have a lot to offer for both the elucidation 

of the mechanisms underlying kinase action (or the inhibition thereof), as 

well as for the identification of novel compounds to perturb kinase 

function (for basic research purposes), and – ultimately – novel drugs for 

the therapeutic intervention of kinase-related diseases [11]. For the latter 

goals, virtual screening is an established and validated technique, with a 

large set of available tools and frameworks [12–15]. 

 

2.1.1 Functions and classification of kinases 

 

Protein kinases constitute roughly 2% of the total human genome, 

and can be classified into various groups and subfamilies. In their 

landmark study, Manning et al. have identified at first 478 typical and 40 

atypical human protein kinase genes [16]. Since then, a regularly updated 

web resource (kinase.com) has been established for keeping the kinase-

related genomics knowledge base up-to-date [17]. Currently, the number 

of verified kinase genes is 637, with 594 typical and 43 atypical kinases. 

Among typical kinases, we can distinguish between Ser/Thr kinases and 

Tyr kinases (based on the substrate residues to which they transfer the 

phosphoryl group). There is also a small group of dual specificity kinases 

that can phosphorylate threonine, as well as tyrosine residues. Atypical 

protein kinases have little sequence similarity to the rest of the protein 

kinases. Notable examples are phosphatidylinositol-3 kinases (PI3Ks) and 

phosphatidylinositol-3 kinase-related kinases (PIKKs), which respond to 

various stresses, such as DNA damage or blocks in DNA replication [18]. 

In particular PI3Ks are involved in the PI3K-Akt-mTOR pathway, which 

is commonly deregulated in malignancies, including non-small cell lung 

cancer [19]. 

A well-established classification scheme of typical kinases is based 

on the sequence similarities of their catalytic sites, defining eight (plus 
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one) classes: 

 AGC (PKA, PKG and PKC containing families, 69) 

 CAMK (Ca
2+

/calmodulin-dependent protein kinases, 121) 

 CK1 (casein kinase 1, 17) 

 CMGC (CDK, MAPK, GSK3 and CLK containing familes, 73) 

 RGC (receptor guanylate cyclase, 8) 

 STE (yeast sterile 7-,11- and 20-homologue kinases, 54) 

 TK (tyrosine kinases, 99), includes Janus kinases 

 TKL (tyrosine kinase-like, 49) 

 other (any kinase that cannot be classified into the former groups, 

104). 

 

Interestingly, most of the already approved drugs target tyrosine 

kinases, despite their smaller number compared to serine/threonine 

kinases. (See Table 1 in ref. [9] for more detail.) The dual specificity 

kinases MEK1 and MEK2 are targeted by the small-molecule inhibitors 

trametinib [20,21] and cobimetinib [22]. 

 

2.1.2 Structural features of kinases 

 

There are several characteristic features of protein kinases that are 

required for their proper function and that can be utilized during the 

development of small molecule kinase inhibitors. These features are 

summarized in detail in a recent review by Roskoski [9] and also in the 

paper of van Linden et al. on the introduction of the KLIFS database [23]; 

here I will provide a concise summary based primarily on these two 

papers. 

The protein kinase domain consists of two lobes: a smaller N-

terminal lobe containing a β-stranded structure and the αC helix, and a 

larger C-terminal lobe made up mostly of α-helices (Figure 3) [24,25]. 

These two lobes are connected by a short loop called the hinge, which is 

essential for the binding of ATP and kinase inhibitors, as it anchors the 

adenine ring of ATP (and in most cases a heterocyclic ring of the kinase 

inhibitor) by the establishment of 1-3 hydrogen bonds. The residue prior 

to the hinge is called the gatekeeper residue as it marks the boundary 
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between the adenine pocket (also called ATP-pocket) and the back pocket 

that opens up in the inactive conformation of the kinase. Its size 

determines the ease of access to this back pocket [26]. Liao has divided 

the binding pocket of kinases into three areas: the front cleft (including 

the adenine pocket), the gate area (the transitional area around the 

gatekeeper residue and between the two pockets) and the back cleft (not 

accessible in the active form of the kinase) [27], see Figure 3. This system 

was complemented by van Linden et al. with the dissection of the front 

and back pockets to smaller, more specific sub-pockets [23]. 

Roskoski exemplifies the catalytic properties of kinases with the so-

called K/E/D/D motif [9]. Here, the K is a conserved lysine residue of the 

third β-sheet of the N-terminal lobe and E is a conserved glutamate of the 

αC-helix. A salt bridge between these two residues (αC-in conformation) 

is a prerequisite for kinase activity. The first D is the aspartate residue of 

the so-called activation segment (starting with a conserved DFG motif), 

and the second D is a conserved aspartate of the catalytic loop on the C-

terminal lobe, at the site of the actual phosphoryl transfer. The mentioned 

features are shown in Figure 3. Another important feature is the 

conserved glycine-rich loop that connects the β1- and β2-strands. Its 

function is the positioning of the β- and γ-phosphates of ATP for 

catalysis. While the mechanism of the phosphoryl transfer is difficult to 

study, the involvement of the residues of the K/E/D/D motif is well-

supported by computational studies, as well as site-directed mutagenesis 

and substrate analog experiments. For the transition state of the 

phosphoryl transfer, two mechanistic schemes are established, but as 

pointed out by Wang and Cole, most of the computational studies are 

consistent with the so-called dissociative transition state mechanism [28]. 

Kornev and coworkers have identified – with the use of a local 

spatial pattern alignment algorithm – two “spines” of eight and four 

hydrophobic residues respectively (the catalytic or C-spine and the 

regulatory or R-spine), which are functionally important for kinase 

activity [29,30]. Moreover, they can be used to identify the active and 

inactive states, as their conformations in the two states differ 

substantially. 

The high sequence homology of the ATP binding sites of kinases 
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(that are easiest to target with small molecules) poses a great challenge 

for medicinal chemists, as it makes the development of selective kinase 

inhibitors rather difficult. The need for selective inhibition is manifested 

by the desire to avoid adverse drug effects that would result from off-

target kinase inhibition. Subtle, but unique structural features that were 

successfully utilized for selective kinase inhibition include an unusual 

peptide flip in the hinge region of p38 MAP kinases [31] and a small 

lipophilic subpocket of Janus kinases [32]. Notably, one of the methyl 

groups of tofacitinib complements this subpocket to achieve good 

selectivity across the kinome (see section 2.4). 

The activation segment conformation (usually labeled “DFG-in” or 

“DFG-out” based on the orientation of the DFG motif) is of key 

importance in the structural studies of kinases. In the DFG-in 

conformation, the first aspartate of the activation segment points toward 

the ATP pocket, while the neighboring residue (most frequently 

phenylalanine, occasionally leucine or tyrosine) is located in the 

inaccessible back pocket. In contrast, the DFG-out conformation is 

flipped by 180° with respect to the active conformation, exposing the 

phenylalanine sidechain to the front pocket, and the aspartate to the now 

accessible back pocket. Meanwhile, the whole activation segment is fully 

reoriented to form a more closed structure, disabling substrate binding. 

The DFG-out conformation usually characterizes the inactive state of 

the kinase. The transition between the DFG-in and DFG-out states has 

been the subject of several computational studies, e.g. ref. [33]. A general 

notion in kinase-directed drug discovery is that kinase inhibitors that bind 

to the DFG-out conformation (type II inhibitors, see next section) are 

more likely to be selective than type I inhibitors (ATP-competitive 

ligands binding to the active state kinase), since the back pocket residues 

are in general less conserved. Nonetheless, this view has been challenged 

recently [34]. 
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Figure 3. (A) Kinase binding site features in the structure of Janus kinase 2 

(DFG-in, αC-in, ligand not shown). Enclosed is the area that is shown on the rest 

of the images. PDB: 3E62 [35] (B) Alectinib, a recently approved type I 

inhibitor in the ATP-site (silver surface) of the ALK kinase, DFG-in, αC-in. 

PDB: 3AOX [36] (C) A small-molecule inhibitor bound to mouse BCR-Abl, 

DFG-out, αC-in. PDB: 1FPU [37] The inhibitor extends through the gate area 

(yellow surface) to the back cleft (red surface). (D) ATP and an allosteric (type 

III) inhibitor in the ATP-site (silver surface) and allosteric site (red surface) of 

MEK1 kinase, DFG-in, αC-out. PDB: 1S9J [38] (The ligands are shown as green 

sticks, the hinge residues in light blue, the β3-lysine and the αC-glutamate in 

magenta, the Asp and Phe of the DFG motif in cyan and the gatekeeper residue 

in orange. Heteroatoms and hydrogens are colored according to element type. 

The images were produced with Pymol [39].) 
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2.2 Janus kinases 

 

Janus kinases (JAKs) are a family of non-receptor tyrosine kinases 

associated with cytokine receptors [40,41]. The family consists of four 

enzymes: JAK1, JAK2, JAK3 and TYK2 [42]. Their main function is the 

regulation of the JAK/STAT intracellular signaling pathways, which 

affect gene transcription [43,44]. A quick summary of the main steps of 

JAK/STAT signaling is presented in Figure 4. The JAK/STAT pathways 

are involved in a number of physiological processes, primarily 

inflammation and immune responses [32], see Figure 5. 

 
Figure 4. Summary of the main steps of JAK/STAT signaling: the binding of 

the extracellular signaling molecule (cytokine) to the respective receptor is 

followed by JAK activation, which facilitates the dimerization of the STAT 

(Signal Transducer and Activator of Transcription) proteins. This dimer then 

enters the nucleus and activates DNA transcription. (Source: 

https://courses.washington.edu/conj/bess/jakstat/jakstat.htm) 
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Malfunctions of these pathways are linked to the development of a 

number of chronic diseases such as primary myelofibrosis (PMF) [45], 

essential thrombocytemia (ET) and polycythemia vera (PV) [46]. 

Constitutive JAK pathway activation can also result in impaired immune 

modulation and inflammation, which can contribute to the development 

of inflammatory diseases such as rheumatoid arthritis (RA) [47], psoriasis 

[48], lupus and inflammatory bowel disease (IBD) [49,50]. Recently, 

Sanz-Moreno and colleagues have identified JAK1 to contribute to the 

generation of actomyosin contractility, which is required to provide 

contractile force for tumor cell movement [51]. Thus, they have 

established the role of JAK1 in cancer metastasis and have concluded 

their work with proposing small-molecule JAK1 inhibitors as metastasis-

blocking agents. Small-molecule inhibition of Janus kinases therefore 

represents novel treatment options for indications with high unmet 

medical need. 

 
Figure 5. Cytokine families involved in JAK/STAT signaling pathways and the 

main biological functions of these receptor/kinase combinations [32]. The 

receptors are responsible for binding a number of small proteins involved in cell 

signaling (collectively: cytokines). Such proteins include interferons (IFN), 

interleukins (IL), granulocyte macrophage colony-stimulating factor (GM-CSF), 

erythropoietin (EPO), and thrombopoietin (TPO). Reprinted with permission 

from [32]. Copyright 2016 American Chemical Society. 
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The JAK subtypes all follow the same general catalytic mechanism 

as most protein kinases (see subsection 2.1.2). Additionally, their 

sequence identities and similarities are remarkably high, especially in the 

ATP-site. For JAK1 and JAK2, these values are 56.6% and 74.3% for the 

full protein, and 69.4% and 90.6% for the ATP-site. There are very few 

amino acid differences between JAK1 and JAK2 that can be directly 

exploited for the design of ATP-competitive inhibitors (an Arg/Gln and a 

Glu/Asp residue pair facing the ATP pocket). Alternatively, we have 

shown that if sufficient bioactivity data is available, subtle differences of 

the binding sites can be accounted for with a suitable, custom scoring 

method (see subsection 4.3.2). 

Currently, there are two marketed JAK inhibitors: the first is the 

JAK1/JAK2 inhibitor ruxolitinib, approved in late 2011 for the treatment 

of myelofibrosis [53]. A year later, a pan-JAK inhibitor, tofacitinib was 

approved for the treatment of rheumatoid arthritis [54,55]: in fact, it was 

the first kinase inhibitor in clinical use for a non-oncological indication. 

Opportunities for their application in cancer are also being explored, with 

a recent success in the treatment of pancreatic cancer with a combination 

therapy involving ruxolitinib and capecitabine [56]. (See subsection 2.4 

for more details.) 

 

2.3 Kinase inhibitors 

 

Probably the first – and still popular – classification of kinase 

inhibitors is the distinction of type I and type II inhibitors, binding 

preferentially to the active and the inactive conformation of kinases, 

respectively. Since the collective knowledge base on the possible binding 

modes of kinase inhibitors has greatly improved, we can currently 

differentiate between various types and subtypes of ATP-competitive, as 

well as allosteric inhibitors. In particular, this classification system was 

gradually extended and refined to include type III and IV [57], type V 

[58,59], and type I½ inhibitors [60]. The latest additions to this system 

were introduced by Roskoski, who have labeled covalent inhibitors as 

type VI and distinguished A/B subtypes for type I½ and II compounds 
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[9]. (See full definitions in Table 1.) Also, a 2011 article reviews a 

surprising subset of ATP-competitive ligands: kinase agonists [61]. 

 

Table 1. Current classification of small-molecule kinase inhibitor binding modes 

[9]. 

Type Description Approved 
a 

I ATP-competitive binders of the ATP-site of the active 

protein kinase conformation (DFG in, αC-helix in) 

15 (45%) 

I½A ATP-competitive binders of an inactive protein kinase 

conformation (DFG in, αC-helix out) that extend to the 

back cleft 

4 (12%) 

I½B ATP-competitive binders of an inactive protein kinase 

conformation (DFG in, αC-helix out) that do not 

extend to the back cleft 

3 (9%) 

IIA ATP-competitive binders of an inactive protein kinase 

conformation (DFG out, αC-helix out) that extend to 

the back cleft 

5 (15%) 

IIB ATP-competitive binders of an inactive protein kinase 

conformation (DFG out, αC-helix out) that do not 

extend to the back cleft 

3 (9%) 

III Allosteric inhibitors that bind within the cleft adjacent 

to the ATP-site 

2 (6%) 

IV Allosteric inhibitors that bind outside of the cleft and 

the phosphoacceptor region 

3 (9%) 

V Bisubstrate analog or bivalent molecules, spanning two 

regions of the kinase domain 

0 

VI Covalent protein kinase inhibitors 3 (9%) 

a 
Count and percentage of FDA-approved kinase inhibitors (total: 33) that 

exhibit the given binding modes. Please note that some compounds are reported 

to exhibit more than one binding mode, thus the percentages do not equal 100%. 

In addition to the binding modes reported in Table 3 of ref. [9], we have 

categorized alectinib as a type I [36], cobimetinib as a type III [22] and 

osimertinib as a type VI inhibitor [62–65]. 
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While the majority of approved kinase drugs act as type I inhibitors, 

the rest of the binding modes also seem to be decently populated at first 

glance (except for the very special type V binding mode). However, the 

eight allosteric and covalent (type III - type VI) inhibitors target a total of 

four kinases. In particular, the two type III inhibitors target the dual 

specificity MEK1/2 kinases (trametinib [20,21], cobimetinib [22]) and the 

type IV inhibitors target the FKBP12-mTOR complex (rapamycin [66], 

temsirolimus [67], everolimus [68]). It is important to add that while the 

presented categorization offers many advantages, a deeper understanding 

of the binding and action of the individual inhibitors is only possible with 

a more detailed analysis (e.g. with the consideration of the more specific 

subpockets defined by Liao [27] and adapted by van Linden et al. [23]). 

 

2.3.1 Type I inhibitors 

 

Type I inhibitors are characterized by binding to the ATP-site of the 

active conformation kinases in an ATP-competitive manner (see Figure 

3B). As all kinases share their native ligand – ATP –, it is not surprising 

that many ATP-competitive inhibitors share a great extent of similarity 

with ATP itself (or at least its adenine core), and with each other in terms 

of basic physicochemical properties and substructures. Thus, the kinase-

related literature has seen several rules, methods or schemes – be it 

property-based, structure-based or empirical – to identify or characterize 

the chemical subspace of „kinase-like” compounds. Motivations for such 

approaches range from the desire to enrich screening datasets with 

potential inhibitors, to the (in some sense, opposite) aim of screening out 

promiscuous kinase inhibitors. 

Early examples of such efforts include a five-point pharmacophore 

model to distinguish promiscuous kinase inhibitors (or “frequent hitters”) 

from selective compounds [69], or the very simple, substructure-based “2-

0” kinase-likeness rule from the same authors [70]. Simple 

physicochemical properties were also utilized to characterize the chemical 

space of kinase inhibitors, notably in the works of Singh et al. [71], and 

later by us, with the introduction of the Kinase Desirability Score (see 

section 4.1) [72]. 
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2.3.2 Type II inhibitors 

 

Type II inhibitors bind to the DFG-out conformation of kinases, 

extending (in most cases) into the back pocket that opens up in the 

inactive state of the kinase (see Figure 3C). In 2000, the first protein 

kinase inhibitor bound to an inactive state kinase was cocrystallized and 

resolved with X-ray crystallography [37]. The structure of a small 

molecule bound to BCR-Abl was a true landmark in kinase drug 

discovery that was followed by intensive research on type II inhibitors 

and the DFG-out conformation of kinases, as well as the successful 

resolution of more kinase structures in an inactive conformation. 

DFG-out structures are of great significance, particularly as the back 

pocket is often less conserved than the ATP-pocket, which is proposed to 

enable the design of more selective compounds [73,74]. (However, this 

view was recently challenged by Zhao et al. in a review on type II 

inhibitors, based on a profiling of 36 type II inhibitors against more than 

400 kinases, using DiscoverX’s KinomeScan technology [34].) 

While currently there is a severely limited number of kinases with 

DFG-out X-ray structures, there are means of extending the number of 

kinases available for the structure-based discovery of type II inhibitors. In 

particular, the DOLPHIN methodology of Kufareva and Abagyan [75], or 

the modeling technique developed recently by Ung and Schlessinger 

(DFGmodel) [76] enable the construction of DFG-out models from 

previously known DFG-in structures (and/or DFG-out structures of 

closely related kinases). 

 

2.3.3 Allosteric inhibitors 

 

There are various modes for the allosteric inhibition of protein 

kinases, as detailed in Table 1. While currently there are only a few 

examples of such inhibitors, these modes of action represent promising 

opportunities for future drug discovery campaigns as they target less 

conserved sites than the ATP pocket [58,77]. 

Type III inhibitors bind to an allosteric site adjacent to the ATP 

pocket. This binding mode was first identified by Pargellis et al. in the X-
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ray structure of the p38 MAP kinase complexed with a small molecule 

inhibitor [78]. The same work has resulted in the identification of the 

picomolar p38 MAPK inhibitor – and later clinical candidate – BIRB-796 

[79]. CI-1040, another prototype of this inhibitor class was reported in 

2004 with published X-ray structures with MEK1 and MEK2 (Figure 3C) 

[38]. A characteristic mode of action of this class is the disruption of the 

β3-lysine – αC-glutamate salt bridge, which abolishes kinase activity. 

Meanwhile, the conformation of the DFG motif can remain mostly 

unaffected, as seen in Figure 3C. 

Contrary to type III inhibitors, type IV inhibitors bind to a site distal 

to the ATP pocket. (Hence, “type IV” is a generally broader category than 

“type III”.) Possibly the best-characterized kinase target with type IV 

inhibitors is mTOR (mammalian target of rapamycin) [80]. FDA 

approved inhibitors of mTOR (rapamycin [66], temsirolimus [67] and 

everolimus [68]) form binary complexes with FKBP12 (an FK506-

binding protein [81]), which then bind to, and inhibit the function of 

mTOR. Thus, the mentioned drugs can be thought of as indirect inhibitors 

of mTOR.  

Type V inhibitors are bisubstrate analog or bivalent inhibitors of 

protein kinases that bind to two distinct regions of the protein kinase 

simultaneously. In fact, bisubstrate analog inhibitors target the ATP and 

the protein substrate binding sites, while bivalent inhibitors target the 

ATP site and any other site, except for the substrate binding site [59]. For 

both classes, a valid design strategy is to connect an ATP-site-binding 

moiety to an allosteric effector (e.g. a substrate-analog short peptide) with 

an appropriate linker [82]. Both classes are appropriate for providing 

high-affinity and selective inhibitors, but present a remarkable challenge 

as they usually possess less advantageous physico-chemical properties 

(molecular weight, solubility, membrane permeability, etc.), resulting in 

unfavorable ADME(T) properties. 

 

2.3.4 Covalent inhibitors 

 

For a long time, covalent inhibitors were strictly avoided in drug 

discovery projects, as they were associated with high reactivity (and low 
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selectivity), and thus with a greater tendency to cause unwanted side 

effects. However, it was shown that a great portion (more than 40% in the 

year of the cited reference) of the approved enzyme inhibitor drugs 

deliver their effects through mechanisms that involve covalent bond 

formation [83]. (Classic examples include aspirin and penicillin [84].) 

Additionally, an attractive feature of covalent inhibitors is the longer half-

life of the drug-target complex (practically infinite for irreversible 

inhibitors), leading generally to longer drug action. This realization 

started a trend of research effort dedicated to examining, and ultimately 

exploiting the opportunities in the covalent inhibition of drug targets 

[84,85]. In recent years, covalent modification of cysteine (and in some 

cases, serine or threonine) residues with electrophilic moieties (or 

“warheads”) attached to highly specific, non-covalently binding 

molecules has become the leading strategy for covalent drug design [86] 

and the groundwork for designing novel warheads was also laid [87].  

Covalent complex formation can be summarized with the two-step 

process shown in Figure 6, where the rate constant for the reverse reaction 

of the second step (k–2) is zero for irreversible covalent inhibitors and 

greater than zero for reversible covalent inhibitors [84]. The most 

important practical consideration behind the design of reversible covalent 

inhibitors is to reduce side effects from the irreversible modification of 

off-targets and to avoid the accumulation of permanently modified 

proteins. 

 
Figure 6. General reaction scheme for covalent protein-ligand complex 

formation. First, an initial non-covalent complex is formed in a reversible step. 

Then, the covalent complex is formed in the second step, which can be 

reversible (k–2 >> 0) or irreversible (k–2 = 0). (Reprinted by permission from 

Macmillan Publishers Ltd: Nature Reviews Drug Discovery [84], copyright 

2011.) 
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2.4 Janus kinase inhibitors 

 

For the past two decades, significant research efforts have been 

dedicated to the discovery of small molecule JAK inhibitors. [88] So far, 

two drugs have been approved by the US FDA that act via the inhibition 

of Janus kinases: the JAK1/JAK2 inhibitor ruxolitinib [53] and the 

JAK1/JAK3 inhibitor tofacitinib [54,89] (see Figure 7). While ruxolitinib 

and tofacitinib have met the strict safety and effectivity criteria that are 

required for the FDA approval of novel therapeutic agents, they exhibit 

only limited subtype selectivities within the JAK family (ruxolitinib is a 

JAK1/JAK2 inhibitor, while tofacitinib preferentially inhibits the JAK1 

and JAK3 subtypes), which ultimately contributes to their reported side 

effects. In fact, despite being approved by the FDA, tofacitinib is not 

approved by European drug regulation agencies [90]. Furthermore, 

present inhibitors are not specific to somatic JAK mutant proteins, such as 

JAK1
V658F

 and JAK2
V617F

 that are connected to acute lymphoblastic 

leukemia
 
and polycythemia vera, respectively. Consequently, selective 

JAK inhibitors (with diverse selectivity profiles) are still very much 

sought after, not only to provide drug candidates with abolished side 

effects, but also to (i) enable a better elucidation of the specific functions 

of the different JAK subtypes especially with somatic mutations, and to 

(ii) develop novel therapeutics for other inflammatory and autoimmune 

diseases [42,88,91]. 

 

 

Figure 7. Structures of the two FDA-approved JAK inhibitors, ruxolitinib 

(myelofibrosis, polycythemia vera) and tofacitinib (rheumatoid arthritis). 
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However, designing subtype selective compounds proves to be a 

tough challenge due to the high sequential homology and structural 

similarity of the ATP binding sites of the JAK isoforms (and likewise, of 

all kinases) [92]. Nevertheless, some progress has been made in the recent 

years [42,88]. Intra-family selectivities on the scale of 10-100-fold have 

been reached for several compounds. One of the most challenging tasks, 

however,  is the accomplishment of JAK2 vs. JAK1 selectivity, with so 

far only few moderately selective chemotypes and only three published 

compounds exceeding 100-fold selectivity [93–95]. This likely stems 

from the high similarity of the ATP sites differing in only a few residues: 

of those, only Gln853 in JAK2 (with Arg879 being its counterpart in 

JAK1) and Asp939 (with Glu966 as its counterpart) have the right 

orientations toward the binding site to enable direct targeting with a small 

molecule [42,88]. Alternative strategies might target other binding sites 

(such as the back pocket or the substrate binding site) [9], however, the 

design of ATP-competitive agents is definitely the most accessible 

strategy, particularly for structure-based approaches (as the majority of 

available structural and biochemical data refer to type I inhibitors). 
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CHAPTER 3 – METHODS 
 

Virtual screening has been a well-established collection of methods 

for providing hit compounds for drug discovery for almost twenty years 

now [13,96]. The concept encompasses many different methodologies, 

some of which are based on structural information about the target protein 

or its protein-ligand complexes (structure-based methods), while others 

account only for the chemical structures and properties of the already 

known and prospective ligands and their similarities (ligand-based 

methods). 

While generally fast and reliable, 2D similarity-based methods have 

the caveat that they are less likely to find novel scaffolds that are 

structurally distinct from the reference compound(s). (Although 

significant progress is achieved in developing novel algorithms that 

overcome this limitation while maintaining speed [97].) 3D similarity-

based methods such as ROCS [98,99] or Screen3D [100] are inherently 

less limited in this aspect, but they cannot match the speed of 2D 

methods. Pharmacophore screening also involves the generation of 3D 

conformers and searches for molecules that satisfy a pre-defined spatial 

arrangement of key interacting features (pharmacophore model). These 

approaches can be applied on their own in ligand-based screening setups, 

but they can also provide a pre-screening tool for docking or a 

combination of similarity/docking of the same compound set can be 

applied as well. 

Ligand docking is the most popular structure-based virtual screening 

method, which involves the generation of ligand conformers inside a 

binding pocket and scoring the resulting binding conformations (binding 

poses) with a suitable scoring function to give a (rough) estimate of their 

binding affinity. Depending on the software, scoring functions can be 

based on a molecular mechanics force field, empirical terms or machine 

learning algorithms. In addition, there are knowledge-based scoring 

functions that utilize existing data for scoring. 

In this section, I will briefly summarize the various computational 

and experimental methods used throughout this work, including a short 
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theoretical background and a detailed description of the procedure, where 

applicable. 

 

3.1 Ligand-based methods 

 

In this subsection, I will summarize the theoretical backgrounds and 

practical implementation of those computational methods that involve the 

retrieval, preparation and property calculation for small-molecule ligands, 

as well as their filtering and selection based on various considerations 

involving their basic properties. 

 

3.1.1 Preparatory steps 

 

Structures of a large set of small molecules are necessary for 

any kind of virtual screening, to maximize the probability to identify 

hit compounds. Also, structures as well as experimentally 

determined bioactivities are needed for validating such an approach. 

Fortunately, there are various online resources for retrieving such 

data. 

Probably the largest, free database of commercially available 

screening compounds is ZINC (ZINC Is Not Commercial), provided 

by the Irwin and Shoichet laboratories at the University of 

California, San Francisco (UCSF) at http://zinc.docking.org/ 

[101,102]. The database currently holds 35 million purchasable 

compounds, however it is rarely updated. Other, regularly updated 

databases of purchasable compounds include those of Mcule 

(https://mcule.com/) [103] and eMolecules 

(https://www.emolecules.com/), both of which operate as 

aggregators and distributors of a large number of synthetic 

chemistry-oriented enterprises. Throughout the works presented 

here, we have mostly utilized the Mcule database to screen 

purchasable compounds and subsequently, to order the virtual hits 

for experimental testing. 

In terms of bioactivity data, currently the largest publicly 

available database is ChEMBL, operated by the European 
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Bioinformatics Institute at https://www.ebi.ac.uk/chembl/ [104,105]. 

The database is regularly updated to contain the newest bioactivity 

data from primary scientific literature, screening datasets provided 

by pharma companies, or to integrate other existing bioactivity 

databases like PubChem Bioassays [106,107]. Throughout the 

works presented here, we have always utilized the currently 

available, most up-to-date version of the ChEMBL database. 

Another bioactivity database to mention is operated by the National 

Cancer Institute of the National Institutes of Health at 

https://cactus.nci.nih.gov/ncidb2.2/. Unlike ChEMBL, this database 

mostly contains bioactivity data determined by NCI itself for 

molecules submitted by laboratories from all around the world, 

including the results on a screening panel of sixty human tumor cell 

lines. Samples of the molecules included in the database can be 

requested free of charge for research purposes, upon availability. It 

is also worth to make a short note of the DUD (Directory of Useful 

Decoys) database that offers precompiled decoy sets for testing and 

evaluating docking algorithms/workflows [108]. 

For the virtual screening study against JAK1
V658F

 (reported in 

subsection 4.2.1), a dataset of 18 known JAK1 inhibitors and 1782 

decoy molecules was compiled. The 18 inhibitors were assembled 

with the Diversity selection workflow step of Mcule [103] from a set 

of 86 JAK1 ligands with IC50 or Kd values below 10μM from the 

12th release of the ChEMBL database. Decoys were selected from a 

diverse subset of the NCI database with the decoy optimizer of 

Mcule. 

For the virtual screening study against wild-type JAK1 (reported in 

subsection 4.2.2), we have utilized three sources to collect ligand 

structures and activity data for retrospective purposes: the ChEMBL 

Kinase SARfari [109], the Thomson Reuters Integrity database [110] and 

primary literature [94,111–120]. From the collected compounds, we have 

assembled two ligand sets: a training and a test set, containing 62 and 59 

known JAK1 inhibitors, respectively. In the training set, we have included 

ligands with good reported inhibitory activities towards JAK1 (IC50 ≤ 1 

μM) and a preference towards JAK1 instead of JAK2 (lower IC50 for 
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JAK1 than JAK2). (While we have not considered subtype selectivity 

explicitly at this stage, our long-term aim is the design of JAK1-selective 

inhibitors.) These 53 compounds were supplemented with those ligands 

that have been cocrystallized with JAK1 (with a reported IC50 ≤ 1 μM), 

providing a total of 62 compounds for the training set. Due to the lack of 

further compounds conforming to the above mentioned criteria, the test 

set contains 59 ligands with excellent inhibitory activities reported for 

JAK1 (IC50 ≤ 70 nM), but with a slight preference towards JAK2. 

Both sets were mixed into a CDK2 decoyset (2074 compounds) 

downloaded from the Directory of Useful Decoys (DUD) [108]. (At the 

time of our research, CDK2 was the closest kinase to JAK1 – in terms of 

sequence homology – with a published decoyset in DUD.) The resulting 

two datasets with active:decoy ratios around 1:30 were used for training 

and testing the virtual screening protocol presented in subsection 4.2.2. 

For the virtual screening against JAK2 (reported in subsection 

4.3), a total of 1601 molecules were collected from the ChEMBL 

Kinase Sarfari database (version 17) [109], the Thomson Reuters 

Integrity database [110] and a vast amount of primary literature 

[35,94,111–115,117,118,121–151] with bioactivity data on at least 

one JAK isozyme (including JAK3 and TYK2), out of which 342 

compounds had been tested against both JAK1 and JAK2. Several 

datasets were compiled from these molecules to train our docking 

methods to distinguish either active or selective compounds. From 

JAK2 actives (defined as compounds having IC50 values below 1 μM 

against JAK2), a training and two test sets (with 69, 66 and 67 

compounds respectively) have been assembled. Two further datasets 

were compiled based on JAK2 vs. JAK1 selectivity: JAK2-

selectives (31) and reference (94) compounds. Selective compounds 

were defined as having at least 10-fold selectivity for JAK2 over 

JAK1, while references were defined as having at most 5-fold 

JAK2/JAK1 selectivity (including JAK1 selectives, where this ratio 

is below 1). These datasets have used for the retrospective 

evaluation of the assembled virtual screening protocol, as reported 

in subsection 4.3.1. 
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While the mentioned databases contain 2D representations of the 

included molecules for the sake of compactness, structure-based 

screening and modeling approaches require a 3D representation. There 

are a number of diverse solutions and applications for the generation of 

3D conformers for small molecules, which usually involve standard steps, 

such as: 

 perception of aromaticity, 

 addition of hydrogen atoms and generation of possible protonation 

states at a target pH value, 

 generation of possible tautomers, 

 generation of reasonable 3D structures, including stereoisomers 

and low-energy ring conformations, 

 rapid energy minimization of the resulting conformations with a  

molecular mechanics force field. 

Throughout the presented works, we have carried out these preparatory 

steps with LigPrep, the ligand preparation program of the Schrödinger 

software suite [152]. The applied version of LigPrep involves version 

3.8015 of Epik [153,154] and version 3.8015 of ConfGen [155] for 

protonation and conformer generation, respectively. We have set a pH 

value of 7.4 for the generation of protonation states and used the 

OPLS2005 force field for 3D structure preparation [156]. 

 

3.1.2 Properties and multi-parameter optimization (MPO) 

 

Various approaches have been applied previously to assemble 

kinase-focused compound libraries (virtual and physical as well), 

including substructure-based methods [70,157–161] and similarity-

based methods [162–164]. Most recently, Singh and coworkers 

explored the possibility of characterizing kinase-like ligands based 

on physicochemical descriptors [71]. With the increasing amount of 

publicly available inhibitor activity data [165], this approach 

becomes an attractive opportunity, since substructure- and 

similarity-based methods inherently retrieve molecules that are 

structurally similar to the reference compound(s), limiting the ability 

to identify inhibitors with novel scaffolds. In contrast, property-
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based methods do not have this limitation. The Kinase-Like Score 

(KLS) introduced by Singh and coworkers characterizes kinase-like 

ligand space on a statistical basis: it considers nine descriptors and 

scores them according to a formula that assumes normal 

distribution. 

A suitable multi-parameter optimization (MPO)
 

method for 

compound profile optimization is the desirability function [166,167]. 

The essence of the underlying concept is that for each descriptor, a 

tailor-made scoring function is introduced, which reflects the 

“desirability” of the various possible values of that descriptor (e.g. 

how prevalent that descriptor value is among reference compounds). 

Desirability functions usually take values between 0 and 1, and 

generally either a sum or a product of the individual scores is 

calculated at the end of the process to produce the overall 

desirability score. A notable example for such a scoring function is 

the CNS MPO approach developed at Pfizer to estimate central 

nervous system druglikeness [168]. Further, recent examples of 

studies that involve desirability function-based optimizations 

include papers on global QSAR studies [169], characterization of 

pesticide-like compounds [170], and a GPCR-focused library design 

implementation by our group [171]. (For comparison, AUC values 

of 0.643-0.721 [170] and enrichment factors between 1.54 and 22.86 

[171] are reported in these studies – see subsection 3.4 for the 

definitions.) 

In this work, a desirability-based scoring scheme was developed 

and introduced as a quick pre-screening method for “kinase-like” 

compounds prior to structure-based virtual screening. Structures and 

activity data of known kinase inhibitors (used as actives) were 

retrieved from the ChEMBL Kinase SARfari database (version 17) 

[109]. Duplicate entries were removed and the largest fragment was 

kept for each entry. Only those molecules with a corresponding 

activity measurement of type B (“Binding”, such as IC50 or Ki in an 

enzyme-based assay) were kept. For molecules with multiple 

activities, the lowes value was kept. Actives were defined as 

molecules that exhibit an IC50 or Ki or Kd value below 10 µM on at 
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least one kinase. (These values were not interconverted because they 

are generally in the same order of magnitude, thus their differences 

are not greater than the deviations of the same end-point values 

acquired from different assay setups, laboratories, etc.) The Mcule 

Purchasable Compounds Database was utilized as the source of 

random molecules (used as non-actives) [103], which were filtered 

to exclude any known kinase inhibitors present in the ChEMBL 

Kinase SARfari or the Pubchem test set (see subsection 4.1.1). To 

reduce the effect of molecular size, the input databases were focused 

to leadlike compounds, as defined by Teague and colleagues (250 ≤ 

MW ≤ 350, logP ≤ 3.5, rotB ≤ 7)  [172]. 

Scoring (classifier) variables were selected from a pool of 

commonly used molecular descriptors: molecular weight, logP, 

TPSA, pKa of the most acidic and basic centers and the numbers of 

hydrogen bond acceptors and donors, heavy atoms, rings, rotatable 

bonds, nitrogen and oxygen atoms, aromatic, aliphatic and fused 

rings. (For the actual descriptors that finally constituted the Kinase 

Desirability Score, see subsection 4.1.2.) The choice of descriptors 

was motivated by the fact that they provide direct, easily 

interpretable information on the general properties of kinase-like 

ligands, as well as their differences from commercially available 

compounds. (Such observations are drawn in this thesis, as well as 

the corresponding publication [72].) The descriptors were calculated 

with the Chemaxon Calculator Plugins [173]. As a first measure of 

inspection, Mann-Whitney U tests were carried out to establish 

whether the differences in the medians of the descriptors are 

statistically significant. The descriptors were tested for 2500 active 

and 2500 non-active molecules from the Training set and the results 

were significant at the p = 0.05 level (in fact, p values approximated 

0). Since there is a known trend for statistical tests to be more 

sensitive to differences between the examined distributions as the 

size of the sample increases, we have inspected the distributions 

visually as well (on categorized histograms) and preferred those 

descriptors for which substantial differences were detected. For 
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statistical testing and histogram plotting, STATISTICA 12 was 

applied [174]. 

Desirability functions as introduced by Harrington [166] and 

Derringer and Suich [167] were defined for a number of molecular 

descriptors as custom-made functions that assign a value between 0 

and 1 (desirability score) to each possible descriptor value. 

Generally, the assigned desirability scores were higher as the 

prevalence of the given descriptor value was higher among actives 

and lower among non-actives. The additive approach was taken to 

summarize the separate desirabilities based on the descriptors, i.e. 

the overall Kinase Desirability Score (KiDS) was defined as the sum 

of the desirability scores obtained for the descriptors independently. 

For a more detailed description of KiDS, see subsection 4.1.2. 

 

3.1.3 Molecular fingerprints 

 

Fingerprints are an important and ubiquitous concept in the domain 

of cheminformatics. Their primary purpose is to provide numerical 

descriptions of the structure or certain features of molecules, thus 

enabling the quantification of the similarity of two molecules. While 

fingerprints are often represented as bit strings (streams of zeros and 

ones), in a general sense, any vector of continuous, discrete or categorical 

values can be considered a fingerprint. Depending on the fingerprint, 

various similarity metrics can be used for similarity calculations between 

molecules. 

While mostly structure-based screening approaches were applied 

throughout the works presented in my thesis, I have also made use of 2D 

molecular fingerprints for providing a reference that I could compare my 

results to. In particular, extended connectivity fingerprints (ECFP) are 

popular choices nowadays, as they account for individual and unique 

atom environments, generated on-the-fly [175,176] (Figure 8). In my 

work, I have applied ECFP4 fingerprints with the Tanimoto coefficient to 

quantify the similarities between the reported hit compounds and the 

already known JAK inhibitors. (ECFP fingerprints were generated with 

the GenerateMD module of JChem [177].) The choice for the Tanimoto 
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coefficient is supported by our recent comparative study of similarity 

metrics for molecular fingerprints [178]. 

 
Figure 8. Extended connectivity fingerprints encode full atom environments up 

to a predefined diameter (here, 4 bonds) by assigning a bit position to each 

fragment with the help of a hashing function. (The total number of bits is usually 

1024 or its multiples.) For the terminal atoms, any other existing bonds are also 

accounted for (here, the letter “A” denotes “any atom”). In this example, the 

central atom is the α-carbon of the L-phenylalanine molecule, but in practice, the 

procedure is repeated for each heavy atom. 

 

3.2 Structure-based methods 

 

In this subsection, I will summarize the theoretical backgrounds and 

practical implementation of those computational methods that involve the 

retrieval and preparation of protein structures, as well as the methods used 

for structure-based virtual screening, including ligand docking and 

interaction fingerprints. 
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3.2.1 Protein structure preparation 

 

Similarly to ligands, the retrieval and preparation of protein 

structures is a universally necessary step before any kind of structure-

based virtual screening. The largest publicly accessible, online source of 

experimental protein structures is the Protein Data Bank (PDB) [179], 

which we have also used throughout this work to retrieve protein 

structures for JAK1 and JAK2. 

We have prepared the protein structures with the Protein Preparation 

Wizard of Schrödinger, which partly involves similar steps as LigPrep, as 

detailed in subsection 3.1.1 [180]. In particular, bond orders are detected, 

disulfide bridges are connected (where applicable), hydrogens are 

assigned, protonation states for ligands are generated with Epik at a pH of 

7.0 [153,154], H-bonds are optimized with PROPKA at a pH of 7.0, and a 

restrained minimization of the structure is carried out. 

 

3.2.2 Ligand docking 

 

Ligand docking is the most popular structure-based approach for the 

virtual screening of large molecular databases. It is based on 

conformational searching, with the essential difference that small-

molecule conformations are generated and evaluated in the binding 

pocket of a protein target (instead of in vacuum). A visual illustration for 

a docking procedure is provided in Figure 9. While there are many 

different approaches and implementations among docking algorithms, 

they usually apply a scoring function to assess and compare the binding 

affinities of different ligands (screening), compare the possible binding 

conformations (or binding poses) of a single ligand, and select those 

poses that are most probable to occur naturally. Scoring functions can be 

based on a number of concepts, such as empirical terms, molecular 

mechanics, machine learning algorithms, or existing data (knowledge-

based methods). 
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Figure 9. The purpose of ligand docking is to identify the most probable 

conformations (binding poses) of a small molecule inside the binding site of a 

protein target. The best binding pose is shown in orange. (Part of the ligand is 

fixed for clarity. Produced with PyMOL [39].) 

 

The first docking program – titled DOCK – originated from the 

research group of Irwin Kuntz in the early 1980’s and has been updated 

many times in the past three decades [181–183]. Autodock, an early 

docking program that applies simulated annealing was first released in 

1990 [184]. Its current release, Autodock 4.2 employs a genetic algorithm 

instead of simulated annealing [185]. A somewhat independent alternative 

developed by the same team is Autodock Vina [186]. Another early 

example is GOLD that utilizes the concept of genetic algorithms (GA) for 

docking [187,188]. Further popular docking programs include Openeye’s 

OEDocking (often termed FRED after its virtual screening tool) [189–

192], BioSolveIT’s FlexX [193,194] and Surflex from Tripos [195,196]. 

One of the most popular docking programs – and the one that was 

mostly applied in the studies presented here – is Glide (Grid-based 

LIgand Docking with Energetics) from Schrödinger [197,198]. As the 

name suggests, Glide employs a grid-based approach for ligand docking: 

the shape and properties of the receptor are mapped to a 3D grid, which is 

later used for evaluating various interactions between the ligand and the 

grid points. The binding conformations (poses) of each ligand are 

generated, filtered and refined in a hierarchical workflow and scored with 
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the GlideScore empirical scoring function (a modified version of 

ChemScore [199]), which includes van der Waals, Coulomb, lipophilic, 

H-bonding and metal-binding terms, as well as rewards and penalties for 

certain features. A modified version of GlideScore is the Docking score, 

which includes protonation state penalties as well. Throughout the works 

presented here, the Docking score was applied. 

One of the most general and most discussed difficulties with docking 

calculations is accounting for the flexibility of the protein. While the 

theoretical framework is available for conducting docking with a fully 

flexible protein [200], such endeavors are rarely taken (particularly in 

virtual screening) due to the obvious issues with calculation speed. While 

most programs have a way to explicitly account for the flexibility of at 

least a few residues surrounding the binding site, the most typical setup is 

still the rigid treatment of the protein. Another method to alleviate the 

errors that arise from this rigid treatment is the downscaling the size of 

the receptor and/or ligand atoms, as implemented in e.g. Glide [197,198]. 

Another commonly applied practice is to consider a set of structures for 

the same protein (i.e. an ensemble), with slightly different conformations. 

In the absence of multiple available X-ray structures, computational 

methods can be used to generate further protein structures. It has been 

shown that molecular dynamics simulations [201] and normal mode 

analysis [202] are both feasible methods for the generation of protein 

ensembles for docking. The effects of ensemble size, selection algorithm 

and other factors on the performance of ensemble docking were studied in 

detail by Korb et al. [203]. 

We have applied ensemble docking in two of the virtual screening 

campaigns presented in this work, to account for the flexibility of the JAK 

kinases. 

 

3.2.3 Molecular dynamics simulations 

 

While a detailed introduction to molecular dynamics would be 

outside the scope of this thesis, I will summarize the most important parts 

of its theoretical background. Molecular dynamics (MD) is a simulation 

method for studying the dynamic behavior of molecular systems. During 
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an MD simulation, potential energies of the atoms, as well as the forces 

between them, are evaluated in small time intervals (time steps). The 

underlying physical framework can be based on quantum mechanics (for 

smaller systems), but most typically, a classical mechanical framework is 

applied with a molecular mechanics force field (collection of parameters 

for energy terms like bond stretching, angle bending, torsions and other 

bonded and non-bonded interactions). While the latter approach 

introduces certain simplifications, it is more versatile due to its 

significantly lower computational cost, and is thus also applicable for the 

simulation of macromolecular systems, such as proteins. The output of an 

MD simulation is the so-called trajectory of the system, containing the 

motions of the atoms over time. 

In an MD simulation, various aspects have to be accounted for, in 

order to accurately represent real processes. For example, biochemical 

systems such as protein-ligand complexes should be implemented as they 

appear naturally, i.e. in an aqueous solution (or embedded into a lipid 

membrane). Thus, a suitable number of water molecules (and ions) should 

be explicitly present in the system. Also, the system should be placed in a 

periodically repeating box, to avoid evaporation (vacuum) or an 

unrealistically frequent occurrence of particle-to-wall collisions (box with 

solid walls). A limited number of geometric bodies is available for this 

purpose, including the cube and the hexagonal prism (among a few 

others). Macroscopic properties of the system (temperature, pressure, etc.) 

should be kept more or less constant during the simulation. The set of 

properties that is kept constant defines the applied thermodynamical 

ensemble, for example in the canonical or NVT ensemble, the number of 

atoms (N), the volume (V) and the temperature (T) are kept constant. 

In the course of this work, I have conducted two, 20 ns MD 

simulations to provide an ensemble of protein structures for the docking 

studies on JAK1 (initial structure: 4IVC) and JAK2 (3TJD). MD 

simulations were carried out with Desmond [204–206]. The original 

ligand and water molecules from the X-ray structures were kept and the 

systems were solvated in TIP3P water [207] in an orthorhombic box and 

neutralized by adding four and six sodium ions for 4IVC and 3TJD, 

respectively. The initial dimensions of the box were 79.8 × 66.4 × 60.9 Å, 
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and 81.7 × 69.4 × 62.3 Å, and the system consisted of a total of 36511 

and 36022 atoms for 4IVC and 3TJD, respectively. A total of 29 sodium 

and 29 chloride ions were added to each system to adjust the salt 

concentration to 0.15 M. Equilibration was carried out with the default 

protocol of Desmond, which comprises the following steps: 

1. Minimization with the solute restrained 

2. Minimization without restraints 

3. 12 ps of simulation in the NVT ensemble on 10 K using a 

Berendsen thermostat [208] with non-hydrogen atoms of the solute 

restrained 

4. 12 ps of simulation in the NPT ensemble on 10 K and 1 atm using a 

Berendsen thermostat and a Berendsen barostat [208] with non-

hydrogen atoms of the solute restrained 

5. 24 ps of simulation in the NPT ensemble on 300 K and 1 atm using 

a Berendsen thermostat and a Berendsen barostat with non-

hydrogen atoms of the solute restrained 

6. 24 ps of simulation in the NPT ensemble on 300 K and 1 atm using 

a Berendsen thermostat and a Berendsen barostat without restraints 

Equilibration was followed by a 20-ns-long production run in the 

NPT ensemble on 300 K using a Nosé-Hoover thermostat [209,210] and a 

Martyna-Tobias-Klein barostat [211]. (The choice for the 300 K 

temperature is justified by the fact that the enzyme-based inhibition 

measurements are carried out at room temperature, see subsection 3.5.1.) 

The applied force field was OPLS2005 [156] and snapshots were 

recorded for every 40 ps. The cutoff for short-range electrostatic 

interactions was 9.0 Å and a Smooth PME method [212] was applied for 

the treatment of long-range interactions. A 2/2/6 fs multistepping scheme 

was applied with the RESPA integrator for time stepping. 

Two phosphotyrosine residues are present in both of the simulated 

PDB entries (4IVC and 3TJD), these were kept as they appear in the 

structures. Additionally, both structures contain a small segment of 

missing amino acids (the loop connecting the β4- and β5 strands, residues 

946-949 in 4IVC and 920-923 in 3TJD): we have capped the neighboring, 

terminal residues with hydrogens, following the default setting of 

Desmond. The absence of these residues is acceptable due to the short 
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simulation time and the fact that this segment is located on the protein 

surface, far from the binding pocket (thus it is not important for ligand 

binding). Nonetheless, we have ascertained that the distance between the 

terminal residues of the β4- and β5 strands (as well as the general 

structure and shape of the protein) was kept during the simulations. 

 

3.2.4 Interaction fingerprints 

 

As the name suggests, instead of chemical features, interaction 

fingerprints (IFP) encode information about the interactions between the 

molecule and its environment, usually a protein target. In this manner, 

structures of protein-ligand complexes resolved with X-ray 

crystallography (or other experimental methods) or predicted with 

docking (or other computational methods) can be processed and 

compared. Consequently, interaction fingerprints can mostly be utilized in 

docking-based virtual screens or database analysis studies. 

Interaction fingerprints consist of a fixed number of bits per residue, 

corresponding to a predefined set of general or specific interactions 

between the ligand and the residue. These interactions are checked based 

on standard cutoffs (in terms of e.g. H-bond distance or angle) and the 

corresponding bits are set to either 1 (there is an interaction) or 0 (no 

interaction). The process is repeated for every residue of the protein and 

the resulting substrings are concatenated in the sequential order of the 

residues to produce the final interaction fingerprint. 

There are multiple reported methods for generating interaction 

fingerprints, the earliest of which to our knowledge is SIFt (Structural 

Interaction Fingerprints) [213,214], which implements seven different 

interaction types (including “any contact”, “any backbone contact” and 

“any sidechain contact”). A somewhat modified version of SIFt is 

implemented in the Schrödinger Small-Molecule Drug Discovery Suite 

[215]. Several similar (and similarly named) methodologies were 

introduced in the following years [216–219]. 

Trivially, interaction fingerprints can only be compared between the 

complexes of the same protein structure (as the length of the fingerprint 

varies according to the total number of residues). Alternatively, with a 
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prior residue selection, such comparisons can be extended to multiple 

structures, or even multiple, similar proteins (in this case, a prior 3D 

alignment is needed to match the residues in the different proteins). These 

methodologies are utilized in recent works of de Graaf et al. at the VU 

University Amsterdam, where interaction fingerprints are employed to 

power class-specific protein-ligand structural databases such as KLIFS 

(for kinases) [23,220,221] or PDEstrian (for phosphodiesterases) 

[222,223]. 

In this work, an IFP-based scoring method was developed to 

differentiate ligands with JAK2 vs. JAK1 selectivity from reference 

compounds. The development of this scoring scheme is presented in 

detail in subsection 4.3.2. 

 

3.3 Performance evaluation of screening methods 

 

To assess the performance of the screening methods presented 

throughout this thesis, enrichment studies were carried out on the 

respective training sets. Enrichment factors (EF) at 0.5%, 1%, 2% 

and 5%, receiver operating characteristic curves (ROC) and area 

under the ROC curve (AUC) values were calculated to evaluate the 

results. Enrichment factors were defined as suggested by Jain and 

Nicholls [224] to provide a size-independent measure of early 

enrichment: 

 EFx% = (TPRx%) / x, (1) 

i.e. the enrichment factor is equal to the ratio of the true positive rate 

(TPR) and the corresponding, pre-set false positive rate (FPR) 

denoted with x (in other words, Y / X for a specific point on the 

ROC curve). Enrichment factors following this definition will be 

referred to as ROC enrichments throughout this thesis. Conventional 

enrichment factors, defined as: 

 EFx% = (Nact, x% / Nx%) / (Nact / N) (2) 
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were also calculated during some of the studies. Here, Nact, x% and 

Nx% are the number of actives and the total number of compounds in 

the top x% of the ranked list of molecules (respectively), while Nact 

and N are the number of actives and the total number of compounds 

in the whole dataset, respectively. Note that x% denotes a different 

quantify in definitions (1) and (2). While the term “early 

enrichment” is generally somewhat subjective, I will use this term 

throughout this thesis to refer to enrichment factors calculated at not 

more than 2% false positive rate (or 2% of the total dataset). 

The ROC curve is the plot of %(true positives) vs. %(false 

positives) for the ranked list of objects (here, molecules). The 

straight diagonal line is a reference that corresponds to random 

classification. AUC is the area under the ROC curve which is 

calculated numerically and represents the probability of correctly 

ranking a randomly selected pair of an active and an inactive 

molecule. 95% confidence intervals are reported for both the AUC 

values and the enrichment factors as elaborated by Nicholls [225]. 

 

3.4 Evaluation of the hit compounds with ligand efficiency 

metrics 

 

Since our plans involve the optimization of the reported hit 

compounds, we have assessed their ligand efficiencies with frequently 

applied ligand efficiency metrics [226]. LLE (lipophilic ligand efficiency) 

is calculated as: 

 LLE = pIC50 – logP (3) 

and it characterizes ligand affinity (as expressed by the negative 10-base 

logarithm of the half-maximal inhibitory concentration, pIC50) relative to 

its lipophilicity (as expressed by the 10-base logarithm of the n-octanol to 

water partition coefficient, logP) [227]. Generally, the higher LLE is, the 

better. LELP (lipophilicity-corrected ligand efficiency) is defined as: 

 LELP = logP / LE (4) 
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where LE is simply “Ligand efficiency”, the earliest ligand efficiency 

metric defined in ref. [228] (the higher the better): 

 LE = (1.37 / Nheavy atoms) × pIC50 (5) 

LELP indicates the “price of LE paid in lipophilicity” [229]. It was 

introduced mainly for hit-to-lead optimizations, to provide a way to 

distinguish whether an improvement in potency is related to increased 

lipophilicity (for which there is a known trend). Thus, a higher LELP in 

absolute value represents a less drug-like compound, while a positive 

LELP value closer to 0 is generally advantageous. In general, the 

acceptable range of LELP is between -10 and 10. 

To put the ligand efficiencies of our hit compounds into context, we 

have plotted them against each other, along with literature data sets 

assembled by Tarcsay et al. [230], and reported it in our articles, as well 

as in this thesis. 

 

3.5 Experimental methods 

 

3.5.1 Enzyme-based JAK inhibition assay 

 

Most of the reported hit compounds were tested for JAK inhibition in 

a Z’-LYTE kinase inhibition assay by Life Technologies, a commercial 

kinase profiling service provider [231]. The Z´-LYTE biochemical assay 

employs a fluorescence-based, coupled-enzyme format and is based on 

the differential sensitivity of phosphorylated and non-phosphorylated 

peptides to proteolytic cleavage. The peptide substrate (Z'-LYTE Kinase 

Assay Kit - Tyrosine 06 Peptide for JAK1 and JAK2) is labeled with two 

fluorophores – coumarin and fluorescein, one at each end – that make up 

a FRET pair. After incubating the kinase + peptide + test compound 

mixture for an hour, a development reaction is carried out, during which 

any peptide that was not phosphorylated by the kinase is cleaved, 

disrupting the resonance energy transfer between the FRET pair. Based 

on the ratio of the detected emission at 445 nm (coumarin) and 520 nm 



47 

 

(fluorescein), the ratio of cleaved vs. intact peptide (and thus, the reaction 

progress) can be quantified. 

The compounds were screened at 20 µM concentration in 1% DMSO 

(final). Each data point was acquired twice and the results were averaged. 

For the IC50 measurements, 10-point curves were obtained with 3-fold 

serial dilutions of the compounds, starting from 100 µM in 1% DMSO. 

(Duplicate data points were acquired for each concentration.) For 

compounds B03, B04 and B06 the top concentration in IC50 

determinations was 20 µM due to solubility issues. 

The following assay protocols were applied:  

JAK1: 5 μL of JAK1 / Substrate mixture is prepared and added to 2.5 

μL of Test Compound solution, to which 2.5 μL of ATP solution is added. 

The final 10 μL Kinase Reaction consists of 21.2 - 91.5 ng JAK1 and 2 

μM Substrate in 50 mM HEPES pH 7.0, 0.01% BRIJ-35, 10 mM MgCl2, 

1 mM EGTA, 0.01% NaN3. After the 1 hour Kinase Reaction incubation, 

5 μL of a 1:128 dilution of Development Reagent A is added. After 

another hour of incubation, the fluorescence is read out and the data is 

analyzed. 

JAK2: 5 μL of JAK2 / Substrate mixture is prepared and added to 2.5 

μL of Test Compound solution, to which 2.5 μL of ATP solution is added. 

The final 10 μL Kinase Reaction consists of 0.05 - 0.42 ng JAK2 and 2 

μM Substrate in 50 mM HEPES pH 7.5, 0.01% BRIJ-35, 10 mM MgCl2, 

1 mM EGTA. After the 1 hour Kinase Reaction incubation, 5 μL of a 

1:128 dilution of Development Reagent A is added. After another hour of 

incubation, the fluorescence is read out and the data is analyzed. 

 

3.5.2 Cell-based JAK inhibition assay 

 

The JAK1 inhibitors that resulted from the screening of the NCI (and 

subsequently, the Mcule) database, were tested in a JAK1-dependent cell 

growth inhibition assay at the University of Florida by our collaborators, 

Rebekah Baskin and Prof. Peter P. Sayeski. BaF3/JAK1
V658F

 cells [232] 

were a kind gift from Dr. Gary Reuther; their creation and 

characterization has been previously described [233]. The cells were 

cultured in RPMI-1640 medium containing 10% fetal bovine serum at 
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37°C in a 5% CO2 humidified atmosphere and passaged at least twice per 

week.  

To measure cell viability, log phase cells were seeded in 96-well 

plates at 30,000 – 40,000 cells per well in 100 μL of media containing 

either 0.25% DMSO or varying concentrations of the studied test 

compound. Cell viability was determined 68-72 hours later via the 

CellTiter 96 Aqueous One Solution Reagent from Promega (Madison, 

WI) according to the manufacturer's protocol. Specifically, 20 μL of 

reagent was added to each well and plates were incubated for 2-3 hours at 

37 °C and absorbance was then read at 490 nm using a 96-well plate 

reader. Data are expressed as a percentage of the viability of vehicle-

treated cells (0.25% DMSO), which was arbitrarily defined as 100% 

viable. 

 

3.5.3 Cytotoxicity assessment on rat liver cells 

 

The same set of JAK1 inhibitors (see previous subsection) were 

tested in a cytotoxicity assay of rat liver cells, to exclude the possibility of 

false positives due to non-specific cytotoxicity. These measurements were 

carried out by the Metabolic Drug Interactions Research Group of the 

Research Centre for Natural Sciences. Primary hepatocytes were isolated 

from a male Wistar rat (~200 g) (TOXICOOP Safety Toxicological Study 

Center, Budapest, Hungary) [234]. The portal vein of the liver was 

cannulated and perfused with Ca
2+

-free Earl’s balanced salt solution 

(EBSS) containing EGTA (0.5 mM) and then with Ca
2+

-free EBSS, 

finally with the perfusate containing collagenase (Type IV, 25 mg/100 

mL) and Ca
2+

 in physiological concentration (2 mM). Softened liver was 

gently minced and suspended in ice-cold hepatocyte dispersal buffer. 

Hepatocytes were filtered and isolated by low-speed centrifugation 

(50xg), and washed three times. The yield and percentage of cell viability 

according to the trypan blue exclusion test were determined. The 

hepatocytes were suspended at 2x10
6
 cells/mL concentration in culture 

medium [235]. Cells were maintained at 37°C in a humid atmosphere 

containing 5% CO2. 
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The hepatocytes were treated with the compounds added to the 

medium as follows: 

   control: 0.1% DMSO 

   positive control: 1 µM oligomycin 

   test compounds: 1 µM, 10 µM and 100 µM 

The concentrations of stock solutions of the compounds were 

different (dissolved in DMSO), but the amounts of DMSO administered 

to the cell populations were identical (0.1%). The liver cells were exposed 

for 3 hours. After exposure, cell viabilities were determined with the 

Trypan blue exclusion cytotoxicity assay and the results were compared 

to that of control cells. 

Trypan blue is a high molecular weight chemical (MW: 961 Da) 

which is relatively impermeable to viable cells. Cells with even slightly 

damaged plasma membrane allow quick permeation of the dye into the 

cytoplasm and to stain the cell nuclei blue. Trypan blue exclusion was 

measured at 0 - 3 hour periods after the preparation. The viability values 

are expressed as the percentage of cells excluding trypan blue in the total 

cell population [236]. 

  



50 

 

CHAPTER 4 – RESULTS AND DISCUSSION 
 

4.1 Property-based scoring scheme for kinase-like ligands 

 

We have developed and tested a desirability function-based scoring 

scheme (KiDS) for the quick and computationally efficient filtering of 

large compound collections [72]. The study involved enrichment tests on 

datasets, where known kinase inhibitors were mixed into a larger set of 

random molecules from a commercial compound database. Thorough 

external validation was also carried out on publicly available (Pubchem 

Bioassay) and proprietary (Gedeon Richter Plc.) HTS datasets. The 

following sections cover the results in more detail, while the applied 

computational methods are introduced in section 3.1. We have applied the 

resulting scoring scheme in two of the presented virtual screening studies 

(see subsections 4.2.2 and 4.3) as a pre-screening step before ligand 

docking. 

 

4.1.1 Dataset assembly 

 

 For the development and evaluation of the scoring scheme, 

several datasets were compiled (based on the methods described in 

subsection 3.1.2), containing actives and non-actives in an 

approximately 1:9 ratio. The Training set contained 2500 actives 

from ChEMBL and 22803 non-actives from Mcule, while Test set 1 

counted 1923 actives (ChEMBL) and 18000 non-actives (Mcule), 

and Test set 2 counted 730 actives (PubChem [237]) and 6300 non-

actives (Mcule). It was made sure that there was no overlap between 

the compounds in the Training and Test sets. Both test sets were 

used for external validation. An additional effort for external 

validation involved the exchange of the set of non-active molecules 

to a different one: in Test sets Z, 1Z and 2Z, the non-actives from 

Mcule were exchanged to 20000 randomly selected leadlike 

compounds from ZINC [101,102] (while the kinase actives were the 

same as in the Training set and Test sets 1 and 2, respectively). The 

open source cheminformatics platform KNIME (version 2.9.1) was 
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used for all dataset operations [238]. Removal of counter ions and 

the  calculation of molecular descriptors were carried out with the 

KNIME implementation of JChem software (version 6.3.0), using 

Standardizer and Calculator Plugins [239]. The KNIME workflow 

for the calculation of KiDS is available on our website: 

http://medchem.ttk.mta.hu. 

 

4.1.2 Scoring scheme development 

 

The development of the KiDS scoring scheme has involved the 

calculation and examination of common, quickly calculable 

physico-chemical properties and selecting a subset with the greatest 

discriminative power between known kinase inhibitors and random 

subsets of commercially available molecules, among the compounds 

of the Training set. 

 

Table 2. Decision matrix for the assignment of desirability scores 

 median (act.) IQR (act.) outside IQR (act.) 

median (rand.) –
a 

0.5 0 

IQR (rand.) 1 0.5 0 

outside IQR (rand.) 1 1 0, 0.2
b
 

a 
No descriptors were selected where the medians of the kinase actives and 

random molecules would coincide. 
b 

In cases where a value is outside the interquartile range (IQR) for both 

sets, a score of 0.2 is assigned when the given value is visibly more 

common among kinase actives than random molecules (see Appendix B as 

an example). 

 

Finally, six descriptors were chosen to be included in the Kinase 

Desirability Score (see subsection 3.1.2): topological polar surface 

area (TPSA), the number of rotatable bonds (rotB), nitrogen atoms 

(NN), oxygen atoms (NO), aromatic rings (Arom) and hydrogen bond 

donors (HBD). For discrete descriptors (all of the above except for 

TPSA), desirability scores are assigned based on a simple decision 

matrix presented in Table 2. The score for a given property value is 

assigned based on robust statistical parameters (the median and the 
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interquartile range, IQR) of that property among kinase actives and 

random molecules. (For example, if a property value for a 

compound is inside the IQR of that property for kinase actives, but 

outside of the IQR for random molecules, the desirability score 

assigned to that property is 1.) For TPSA, the score continuously 

increases from 0 to 1 between the median TPSA’s of random 

molecules and kinase actives, and decreases to 0 as it approaches the 

top of the upper quartile for kinase actives. (See Appendix A). The 

decision matrix for discrete descriptors is presented in Table 2, 

while the exact definitions of the functions are reported in Table 3. 

 

Table 3. Exact definitions of the desirability functions of KiDS  

TPSA d(TPSA) rotB d(rotB) NN d(NN) 

64.63-

75.85 

𝑇𝑃𝑆𝐴 − 64.63

11.23
 0 0.2 0 0 

75.86-

92.40 
1 1 0.2 1 0 

92.41-

138.3 

−(𝑇𝑃𝑆𝐴 − 138.8)

45.89
 2 1 2 0 

  3 1 3 0.5 

  4 0.5 4 1 

  5 0 5 1 

  6 0 6 0.2 

  7 0 7 0.2 

    8 0.2 

NO d(NO) HBD d(HBD) Arom d(Arom) 

0 0.2 0 0 0 0 

1 1 1 0.5 1 0 

2 0.5 2 1 2 0.5 

3 0 3 1 3 1 

4 0 4 0.2 4 0.2 

5 0 5 0.2 5 0 

  6 0.2 6 0 

  7 0 7 0 

Definitions are given in pairs of columns, where the first column (TPSA, 

rotB, etc.) contains the possible values of the descriptors, while the second 

column (d(TPSA), d(rotB), etc.) contains the score values that are assigned 

to the given property value. A score of 0 is assigned to any property value 
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that is not present in the table. The overall desirability score (KiDS) is the 

sum of d(TPSA), d(rotB) … d(Arom). 

 

From the distributions of the selected six descriptors among 

kinase-like and random molecules, the following general 

observations can be drawn: among kinase-like compounds, less 

oxygen atoms and rotatable bonds, higher polar surface area, and 

more aromatic rings, nitrogen atoms and hydrogen bond donors are 

preferred than what can be observed for random compounds. These 

differences are reflected in the definitions of the desirability 

functions of KiDS. 

 

4.1.3 Evaluation 

 

The resulting scoring scheme was evaluated on a number of datasets. 

The Training set and the Test sets (including Test sets Z, 1Z, 2Z) were 

already described in the previous subsection. Additionally, we have 

utilized four HTS datasets for external validation: three sets from the 

PubChem Bioassay  database [107] and one proprietary HTS dataset from 

Gedeon Richter plc., Hungary. Additionally, we have compared our KiDS 

approach to the “kinase-likeness” scoring method (KLS) that was recently 

published by Singh et al. [71]. 

 

Performance on the Training and Test sets 

 

As a first measure of evaluation, we have assessed the 

performance of KiDS on the Training and Test sets with receiver 

operating characteristic (ROC) curves and early enrichment factors. 

The ROC curves presented in Figure 10 display high AUC values, 

together with a steep initial curve that corresponds to good early 

enrichments (see Table 4). Early enrichments are especially important 

when a small portion of the top scoring functions are sought while the 

general character of the ROC curve and the good AUC value are 

substantial when a larger part of the screened dataset is selected for 

subsequent studies. The results suggest the applicability of KiDS for 
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both scenarios (although we only applied it for the latter during the 

work presented in this thesis). 

External validation has been carried out on Test sets 1 and 2, 

and clearly the deterioration of the results (with respect to the 

Training set) is negligible, confirming the robustness of the scoring 

method. An additional external validation was carried out to verify 

the robustness of the Kinase Desirability Score on test sets Z, 1Z 

and 2Z, where the source of the random compounds was exchanged 

from Mcule to ZINC (see previous subsection and Figure 10B). The 

deterioration of the performance parameters was negligible, 

suggesting that the performance of KiDS does not depend 

significantly on the source of the examined database. (The 

active:non-active ratio on the other hand influences the performance, 

as shown in the next section.) 

 

Table 4. Performance evaluation of the Kinase Desirability Score: early ROC 

enrichment factors and AUC values 

Dataset 
EF0.5% EF1% AUC 

KiDS KLS
a
 KiDS KLS KiDS KLS 

Training 
23.2 

(0.019)
b
 

1.90 

(5.1E-3) 

14.2 

(9.9E-3) 

1.79 

(3.5E-3) 

0.786 

(9.6E-3) 

0.544 

(0.012) 

Test 1 
22.6 

(0.024) 

1.87 

(6.5E-3) 

14.0 

(0.013) 

1.40 

(3.9E-3) 

0.778 

(0.011) 

0.537 

(0.014) 

Test 2 
18.9 

(0.061) 

3.78 

(0.026) 

14.8 

(0.036) 

3.15 

(0.017) 

0.757 

(0.019) 

0.532 

(0.023) 
a
 Performance parameters obtained for the same datasets with the KLS score of 

Singh et al. are provided for comparison [71]. 
b
 1.96σ values (corresponding to 95% confidence intervals) are given in 

parentheses [225]. 
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Figure 10. Performance evaluation of KiDS with ROC curves on the 

Training and Test sets (A), and Test sets Z, 1Z and 2Z. The ROC curves 

for the KLS method of Singh et al. are provided as a reference. The 

performance of KiDS does not deteriorate significantly in external 

validation. The somewhat worse performance on Test sets 2 and 2Z is 

attributed to the fact that there are a smaller number of actives at some 

areas (first at 2-3% FPR), resulting in smaller TPR values (otherwise, the 

shape of the curves is very similar, with a slight vertical offset). 
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KiDS clearly outperforms the Kinase-Like Score (KLS) of 

Singh et al. [71] (presented on Figure 10 as a reference), justifying 

its use for the above mentioned purposes. An explanation for the 

improved performance of KiDS relative to the Kinase-Like Score 

(KLS) [71] is that while KLS accounts only for the property 

distributions of kinase actives, KiDS considers the differences 

between kinase actives and random, commercially available 

compounds. The same is proposed to be the reason for KLS being 

sensitive to the source of random compounds, while KiDS is not, as 

seen in Figure 10B. (Although in this context, it is worth noting that 

the ability to distinguish and characterize different compound 

databases was a key requirement during the development of KLS. 

While the primary purpose of KLS was to examine compound 

databases, KiDS was developed with the intention to provide a 

general tool for property-based pre-screening for structure-based 

virtual screens and as such, it provides a better alternative for this 

task than KLS.) 

 

Performance on high-throughput screening (HTS) datasets 

 

As an additional measure to validate the Kinase Desirability 

Score, one proprietary (Gedeon Richter) and three publicly available 

(PubChem Bioassay [107]) HTS datasets were subjected to scoring 

and evaluation with KiDS (and also with KLS as a reference). With 

this calculation, we assess whether the application of KiDS as a pre-

filtering step increases the chance of finding active molecules in a 

smaller portion of the entire HTS set (thus reducing the effective 

cost of finding an active molecule). Since KiDS was developed for 

the pre-screening of leadlike molecules, the HTS sets were first 

focused to this size range [172]. Table 5 summarizes the 

composition of these (pre-filtered) HTS sets, as well as the AUC 

values of their evaluation with KiDS and KLS [71]. ROC curves of 

the evaluations are presented in Figure 11. (Due to the very small 

number of confirmed actives, enrichment factors are not reported for 

these datasets.) 
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Table 5. Summary of the HTS sets applied for external validation 

AID
a
 Target 

Activity 

threshold 

(µM)
b
 

Active / 

Inactive 

AUC 

(KiDS) 

AUC 

(KLS)
c
 

GR 
Undisclosed 

kinase target 
70%

d
 28 / 7480 

0.574 

(0.110)
e
 

0.397 

(0.116) 

524 (screening) 

548 

(confirmatory) 

Protein kinase A 

(PKA) 
60 40 / 22447 

0.700 

(0.075) 

0.557 

(0.086) 

604 (screening) 

644 

(confirmatory) 

Rho-associated 

protein kinase 2 

(ROCK2) 

10 35/ 20895 
0.682 

(0.080) 

0.603 

(0.083) 

619 (screening) 

785 

(confirmatory) 

Polo-like kinase 

1 (PLK1) 
50 14 / 30336 

0.791 

(0.102) 

0.523 

(0.131) 

a
 Pubchem Bioassay IDs (where applicable). GR: Gedeon Richter Plc. 

proprietary HTS dataset. 
b 
IC50 value, below which a molecule is considered a confirmed active. 

c
 AUC values obtained for the same datasets with the KLS score of Singh et al. 

are provided for comparison [71]. 
d
 70% inhibition at the HTS screening concentration of 10 µM. (As 

confirmation, single-point inhibition measurements were carried out at 10 µM in 

duplicate.) 
e
 1.96σ values (corresponding to 95% confidence intervals) are reported in 

parentheses [225]. 

 

It is apparent from the results that the scoring of the screening 

datasets with KiDS is effective in selecting a subset enriched in 

kinase ligands. For example, the experimental testing of the top half 

of the HTS set published as AID 604 in Pubchem Bioassay (Figure 

11C) would result in identifying 80% of the actives that are found 

when testing the whole dataset. Similar result is obtained for AID 

524 while KiDS gave somewhat inferior results for the Gedeon 

Richter HTS set (60% confirmed actives in the top scored 50%) and 

performed better for AID 619 where over 90% of actives are 

identified in the top scored 50% set. Moreover, KiDS has proven to 

be superior to KLS in each case. These results support that the 

application of KiDS as a pre-filtering step can reduce the effective 

cost of finding active molecules in a kinase-directed high-

throughput screening. 
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Clearly, the performance is worse than for the training and test 

sets presented earlier, but that can be attributed to the much lower 

active-to-inactive ratios of the HTS sets. While it would have been 

possible to omit a large number of inactives from the HTS sets (to 

reach a higher active-to-inactive ratio), this would have invalidated 

the concept of this examination, as normally we cannot know a 

priori, which of the molecules in an HTS set will be active (or 

inactive). 

 

 
Figure 11. Performance evaluation of KiDS with ROC curves on the four 

external HTS datasets. 

 

The good and consistent performance parameters suggest that 

KiDS is useful as a pre-screening step in virtual screening 

workflows and for kinase-focused library design, as well. It also 

presents a more efficient alternative for these tasks than the 

previously suggested Kinase-Like Score (KLS). In HTS campaigns, 

a KiDS-based pre-screening can reduce the effective cost of finding 
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hit compounds. In the course of some of the works presented in my 

thesis, we have used KiDS as a pre-screening step in the virtual 

screenings against the Mcule database, see subsections 4.2.2 and 

4.3. 

 

4.2 Virtual screening against JAK1 

 

Our recent research efforts have included the identification of novel 

JAK1 inhibitors to propose new compounds for further optimization 

against JAK1-related indications, such as acute lymphoblastic leukemia 

[240]. To that end, we have conducted two structure-based virtual 

screening campaigns, and proposed two general compound classes as 

novel JAK1 inhibitors. 

 

4.2.1 Screening the NCI database 

 

As part of a collaboration with the research group of Prof. Peter P. 

Sayeski at the University of Florida, we have carried out a virtual 

screening against the NCI (National Cancer Institute) database to identify 

novel JAK1 inhibitors [241]. Of the resulting eleven experimentally 

confirmed hit compounds, two contain an 8-hydroxyquinoline scaffold, 

which is a novel hinge-binding motif among JAK inhibitors. This 

prompted us to retrieve structural analogs from the Mcule database for 

further testing. The development of the screening protocol and the final 

results are presented in detail in this subsection. 

 

Retrospective virtual screening 

 

At the time of this study, there were two X-ray structures available 

for the human JAK1 enzyme, co-crystallized with two, type I ligands: 

tofacitinib, a pan-JAK inhibitor with JAK1/JAK3 preference (PDB: 

3EYG), and CMP6, another pan-JAK inhibitor possessing highest activity 

on JAK2 (PDB ID: 3EYH) [116]. (See Figure 12.) The characteristic H-

bonding patterns between the ligand and the hinge region of JAK1 

(Glu957 and Leu959) are easily observable in both X-ray structures. 
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Figure 12. Crystal structures of the human JAK1 enzyme co-crystallized with 

tofacitinib (A, 3EYG) and CMP6 (B, 3EYH). The N-terminal domains are on 

the top of the images, while anchor residues of the hinge region are shown on 

the left as sticks. The same coloring scheme is applied as in Figure 3. (Images 

were produced with PyMOL [39].) 

 

To develop an efficient virtual screening protocol, we have conducted 

a retrospective screening on both X-ray structures using the assembled 

dataset (see subsection 3.1.1). During this retrospective screen, we have 

identified the optimal settings (in terms of the applied X-ray structure and 

combination of pharmacophore constraints) for the prospective screening 

with the pharmacophore constraint optimizer of Mcule, as reported in 

Figure 13. In our retrospective study we investigated the effect of five 

different constraint scenarios: no constraints (#1), ligands had to form one 

H-bond with any protein atom (#2), ligands had to form one H-bond with 

the backbone oxygen of Glu957 (#3), ligands had to form one H-bond 

with the backbone nitrogen of Leu959 (#4), ligands had to form one H-

bond with the backbone oxygen of Glu957 and another H-bond with the 

backbone nitrogen of Leu959 (#5). 

For all of the above cases, the distance for the H-bond constraint was 

optimized between 2.5-4.5 Å. The highest enrichments were found with 

pharmacophore constraint (#5) and the optimal heavy atom distance for 

both H-bond criteria was found to be 3.4 Å (see Figure 13). This value is 

noticeably higher than the typical H-bond heavy atom distances in X-ray 

structure (~ 2.8 Å): this can be attributed to the fact that docking does not 
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account for protein flexibility by default, thus the true binding modes 

(which would include slight adjustments of the side chains of the binding 

site) cannot be perfectly reproduced. With regard to the crystal structures, 

3EYG yielded superior results compared to 3EYH. With these settings, 

significant enrichments were found when the top 0.5-2% of the screened 

database was analyzed. 

 

 

Figure 13. (A-C) Optimization of the pharmacophore constraints. Conventional 

enrichment factors (see subsection 3.3) are shown for 2.5-4.5Å heavy atom 

distance criteria between the backbone nitrogen of Leu959 (x axis), and the 

backbone oxygen of Glu957 (y axis). Enrichment factors at 0.5% (A), 1% (B) 

and 2% (C) of the retrospectively screened dataset are shown. (D) Enrichment 

factors (red) and the fraction of retrieved actives (blue) as a function of the 

retrospectively screened dataset are shown for the optimal settings: X-ray 

structure 3EYG and 3.4-3.4 Å distances between ligand’s complementary heavy 

atoms and the backbone oxygen of Glu957 as well as the backbone nitrogen of 

Leu959. 
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Prospective virtual screening 

 

The NCI database (https://cactus.nci.nih.gov/ncidb2.2/) containing 

266.151 compounds was filtered by the following physicochemical 

property criteria: 

 200 < mol. weight < 500, 

 0 < logP < 5, 

 0 < no. of H-bond donors ≤ 5, 

 0 < no. of H-bond acceptors ≤ 10. 

(The KiDS pre-screening method was developed later than the 

computational part of this study, thus it was not yet applicable here.) 

Duplicates were filtered out by generating standard InChIs with version 

1.04 of the InChI software [242]. Molecules where InChI generation 

failed or gave “unusual valence” warning messages were also excluded. 

Finally, 152.639 molecules remained in the screening library, from which 

150.663 were successfully docked into the binding site of JAK1 (3EYG) 

with the Docking workflow step of Mcule, that utilizes Autodock Vina 

1.1.2 [186]. Of these molecules, 8136 were found with at least one 

binding pose satisfying the pharmacophore constraints. The highest 

ranked 500 compounds from these were subjected to diversity selection, 

and the 250 most diverse molecules were selected as virtual hits. Of the 

requested compounds, 80 have arrived to our laboratories from NCI and 

were investigated experimentally. These hits were first investigated in a 

DMSO solubility test, removing compounds that were insoluble at 10 

mM. The remaining DMSO-soluble 71 compounds were tested for cell 

growth inhibition against JAK1 dependent cells (BaF3/JAK1
V658F

 cell 

line) carrying the V658F somatic mutation found in both acute 

lymphoblastic leukemia and acute myeloid leukemia patients [240]. 

Assessing the cell viability after 72h of treatment at 10 and 30 μM 

concentrations allowed us to identify 15 compounds that showed at least 

75% effect at 10 μM as compared to vehicle control. These confirmed hits 

were further tested at lower concentrations (5 and 2.5 μM), and finally 

yielded 11 validated hits (15.5% hit rate calculated for the 71 virtual hits 

evaluated) that inhibit JAK1 dependent cell growth by at least 75% at 

5μM concentration or lower (see Appendix C). In addition, the 
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citotoxicities of the validated hits were determined, expressed as the 

residual viability of rat hepatocytes after exposure to the compounds. 

The most represented chemotype of this set of JAK1 inhibitors is 8-

hydroxy-quinoline (see R1 and R51 in Appendix C) that nominated the 

scaffold for an ‘SAR by catalogue’ hit expansion. In this step, we first 

filtered the Mcule database [103] by the following criteria: no rule-of-five 

violations, mol. weight ≥ 200, no. of rotatable bonds ≤ 8. The REOS filter 

of Mcule [103] was then applied to exclude molecules with reactive/toxic 

functional groups. As a next step, we defined a substructure criterion of 

the aromatic hydroxyl group that seemed to form critical interactions with 

JAK1 (see Figure 14). Next this set was subjected to a similarity search 

using R1 and R51 as queries. The resulting 206 most similar compounds 

were finally docked to the JAK1 crystal structure (3EYG) and the best 

scored ten compounds were ordered for biological testing. 

 

 

Figure 14. Docking pose of the primary hit compound R51 in the binding 

pocket of JAK1 (PDB: 3EYG). The hydroxyl group establishes two hydrogen 

bonds with Leu959 of the hinge region. The same coloring scheme is applied as 

in Figure 3. (The image was produced with PyMOL [39].) 
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These ten 8-hydroxy-quinolines were first tested in the JAK1
V658F

-

dependent BaF3 cell-based assay, confirming the inhibitory properties of 

five of the ten hit compounds experimentally. The subsequent 

cytotoxicity evaluation has revealed the confirmed hit compounds to be 

non-cytotoxic at 100 M concentration. The IC50 values for the hit 

compounds are reported in Table 6. 

 

Table 6. Biological activity of 8-hydroxy-quinoline analogues obtained with the 

JAK1
V658F

 -dependent cell viability assay 

# Structure 
IC50 

(μM) 

Viab. 

(%)
a
 

Closest analog
b
 

R81 

 

2.3 100.00 

 

(0.286) 

R82 

 

2.3 100.00 

 

(0.276) 

R83 

 

0.78 92.21 

 

(0.299) 
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R84 

 

5.0 93.42 

 

(0.275) 

R85 

 

4.0 89.47 

 

(0.260) 

a
 Viability of rat liver cells, expressed as a percentage of cell viability after three 

hours of exposure to compound (100 μM), relative to vehicle-treated cells (0.1% 

DMSO), which were arbitrarily defined as 100% viable. For reference, the 

average value for the positive control (1 μM oligomycin) was 16.76%. 
b
 ECFP4/Tanimoto similarities of the hit compounds and the closest known 

analogs (with reported bioactivities against either of the JAK subtypes) are 

shown in parentheses. 

 

Our results demonstrate that 5-substituted 8-hydroxy-quinolines 

potently inhibited JAK1
V658F

 dependent cells with IC50 values in the low 

micromolar or even submicromolar range. (While it is possible that the 

displayed effect is selective to the V658F mutant of the JAK1 enzyme, we 

currently do not have any evidence to support this.) Furthermore, these 

compounds have displayed favorably small deteriorations in liver cell 

viabilities. Interestingly, besides the common 8-hydroxy-quinoline 

scaffold, all of the compounds contain phenylpiperazine or 

benzylpiperidine moieties that suggests considering this core to be 

optimized in a subsequent medicinal chemistry program. In addition – 

based on a lookup in the current version of the BIOSTER database, 

courtesy of István Ujváry [243] – the replacement of the known hinge 
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binder pyrrolopyrimidine (see next subsection) to 8-hydroxyquinoline can 

be considered a new bioisosteric transform. 

 

4.2.2 Screening the Mcule database 

 

In our other effort to identify novel JAK1 inhibitors, we have 

virtually screened the Mcule Purchasable Compounds Database with a 

custom-made stepwise screening protocol that also involved the 

application of the Kinase Desirability Score (KiDS – see subsection 4.1) 

as a pre-screening step [244]. The implementation and results are 

presented in this subsection. 

 

Retrospective virtual screening 

 

We have utilized the two assembled datasets of JAK1 inhibitors and 

decoy molecules (presented in subsection 3.1.1) for training and 

retrospectively testing the virtual screening protocol presented in this 

work. To account for the flexibility of the protein, we have applied an 

ensemble docking protocol during this study. Fourteen JAK1 X-ray 

structures that were available at the time of the study in the Protein Data 

Bank were downloaded. After superposition and visual inspection of the 

binding sites, two representative structures (3EYG [116] and 4IVC [120]) 

were selected. One of them (4IVC, the one that contained the ligand with 

the better inhibitory activity) was additionally submitted to a 20ns-long 

all-atom MD simulation to provide further protein conformations for 

docking (see subsection 3.2.3). Twenty-one frames were extracted from 

the simulation in a systematic manner (one for each nanosecond, 

including the starting conformation). The choice for systematic sampling 

(instead of clustering the trajectory) is supported by the results of Tarcsay 

et al. in their study on protein conformer sampling from MD simulations 

[201]. First the X-ray structures and MD frames were assessed 

individually according to their retrospective screening performance, as 

captured by the percentage of successfully recovered actives from the 

training set (see above), and enrichment factors (at the top 1, 2, 5 and 

10% of the complete ranking list, see section 3.3 and Figure 15). During 



67 

 

the docking calculations, we have utilized the Virtual Screening 

Workflow of Glide to conduct a stepwise screening protocol [197,198]: 

specifically, the compounds were first docked with the faster HTVS 

protocol of Glide and the top 20% of the resulting virtual hit list was 

submitted to the slower, but more precise SP docking step. (In this step, 

the establishment of a hydrogen bond with at least one of the anchor 

groups of the hinge region of the kinase is required.) This approach 

enabled the more efficient utilization of computation time during the 

prospective screening, where the pool of the docked ligands was much 

larger (~ 100k ligands). 

 

Table 7. ROC enrichments and AUC values resulting from the ensemble 

docking runs with the applied docking protocol 

Dataset
a
 

No. of 

structures 

% of 

recovered 

actives 

EF 

(1%) 

EF 

(2%) 

EF 

(5%) 

EF 

(10%) 
AUC 

Training 16 86.2 
48.5 

(0.38)
b
 

28.6 

(0.18) 

13.0 

(0.071) 

7.46 

(0.033) 

0.923 

(0.038) 

Training 5 83.1 
44.5 

(0.44) 

27.2 

(0.23) 

13.6 

(0.084) 

7.34 

(0.039) 

0.900 

(0.054) 

Test 5 72.9 
39.5 

(0.58) 

25.5 

(0.29) 

12.5 

(0.11) 

7.90 

(0.045) 

0.897 

(0.059) 
a
Two datasets of similar composition were compiled: the docking protocol was 

developed using the training set and validated using the test set. 
b
1.96σ values (95% confidence intervals) are reported in parentheses. 

 

The protein ensemble for the ligand docking step was assembled in a 

stepwise reductive manner (Figure 15). Briefly, the training set was 

docked into the two representative X-ray structures and fourteen MD 

frames selected according to their individual screening performances. 

Then, the docking results were merged (the best docking scores for each 

compound were kept) to provide a final ranked list and performance 

parameters were calculated. This process was repeated sixteen times, 

leaving out always one structure. The structure that least affected the final 

outcome (in terms of recovered actives and enrichment factors) was 

omitted. This was repeated until the ensemble was still able to recover 
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85% of the actives, while providing excellent enrichments: this way, the 

final ensemble has contained the two X-ray structures (3EYG and 4IVC) 

and three frames from the MD simulation (5th, 9th and 13th 

nanoseconds). It was validated on the independent (external) test set and 

has shown consistently good performance (Table 6 and Figure 16). 

Additionally, we have checked that the MD frames are substantially 

different from the starting structure, based on RMSD values calculated for 

atomic positions (of the full protein, as well as the sidechains of the 

binding site) and sidechain torsion angles (data not shown). 

 
Figure 15. Flowchart of the stepwise reductive approach for the optimization of 

the final docking ensemble. During the “Select frames” and “Select best 

ensemble” steps, the frames/ensembles were evaluated based on the percentage 

of successfully recovered actives and enrichment factors. Similarly, the 

iterations were stopped when the resulting ensemble could not retrieve 85% of 

the active molecules and the enrichment factors have deteriorated in comparison 

to the previous iteration (stopping criteria). Once the stopping criteria have been 

reached, the ensemble from the previous iteration was selected as the final 

ensemble (containing two X-ray structures and three MD frames). 
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After we have ascertained the consistently good screening 

performance of the docking protocol, we have applied it prospectively to 

retrieve novel JAK1 ligands from the Mcule Purchasable Compounds 

Database [103]. 

 
Figure 16. Retrospective validation of the ensemble docking protocol on known 

JAK1 inhibitors and DUD decoys with receiver operating characteristic curves. 

The curves show the results of the final, Single Precision (SP) docking step on 

the 5-membered protein ensemble. The number of actives/decoys is indicated in 

the legend. (Note that some actives and many decoys are “lost” during the 

stepwise docking protocol, as only the top 20% of ligands from the HTVS 

docking step are submitted to the more precise SP docking, see main text.) Area 

under the curve (AUC) values, along with enrichment factors, are reported in 

Table 7. 

 

Prospective virtual screening 

 

To discover novel JAK1 inhibitors, a prospective virtual screening 

was conducted – with the optimized ensemble docking protocol detailed 

above – on the Mcule Purchasable Compounds Database [103], counting 

approx. 5.1 million compounds at the time. To restrict the computation 
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time of the docking, we have reduced this set in two steps: first, a leadlike 

subset was extracted, containing 1.2 million compounds (defined by 

Teague et al. as 250 ≤ mol. weight ≤ 350, logP ≤ 3.5, rotB ≤ 7) [172]. 

Then, this set was further reduced to only include “kinase-like” 

compounds as defined by the Kinase Desirability Score (see subsection 

4.1). A set of 105.078 compounds (KiDS ≥ 4) was submitted to the 

stepwise ensemble docking protocol detailed above. From the merged, 

ranked list of docked poses, we have selected the top ten compounds that 

were available for purchase at the time, and whose predicted binding 

modes could be verified by visual inspection (strong hinge-binding core, 

reasonable fitting into the ATP-pocket). We have purchased these ten 

compounds from Mcule, and investigated them in vitro against JAK1 in a 

Life Technologies Z’-LYTE enzyme-based kinase inhibition assay [231]. 

(See section 3.5.1.) Five out of the ten compounds have been identified as 

confirmed primary hits (JAK1 inhibition ≥ 80% @ 20 μM) and subjected 

to a 10-point titration to determine their IC50 against JAK1. Additionally, 

IC50 values against JAK2 have also been determined, as a long-term goal 

of our research is to develop JAK inhibitors with JAK1 vs. JAK2 

selectivity. Experimental results (along with structures and Glide Docking 

Scores) are summarized in Table 8. It is worth to note that the 

configurations of the stereogenic centers of B59, B61, B62 and B64 were 

not specified by the compound providers (except for the relative, 

opposite-side orientation of the –OH and –NH2 substituents of B62), thus 

we can associate the detected inhibitory activities to the racemic mixtures 

of these compounds. We have also included the currently known closest 

analogs (with reported JAK1 inhibitory activities) of the reported hit 

compounds, as expressed by Tanimoto similarities between their 

respective ECFP4 fingerprints [175]. With the use of a published KNIME 

workflow [245], we have verified that none of the reported ligands are 

Pan Assay Interference Compounds (PAINS) [246]. 
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Table 8. Structures, docking scores, JAK1 inhibition data and closest known 

analogs of the resulting hit compounds with ECFP4-Tanimoto similarities 

# Structure 

Glide 

Docking 

Score 

JAK1 

IC50 

(μM)
a
 

JAK2 

IC50 

(μM)
a
 

Closest known 

analog
b
 

B59 

 

-10.61 0.558 1.710 

 
(0.441) 

B60 

 

-10.31 1.680 0.648 

 
(0.333) 

B61 

 

-10.65 0.433 0.514 

 
(0.397) 

B62 

 

-10.97 0.575 1.500 

 
(0.367) 
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B64 

 

-10.30 2.650 1.190 

 
(0.333) 

a
Results of 10-point titrations, where every data point was acquired twice. 

(Standard deviations were typically less than 10% of the mean.) 
b
ECFP4-Tanimoto similarities of the hit compounds and the closest analogs are 

shown in parentheses. 

 

Upon reviewing the results in Table 8, several conclusions can be 

drawn. First, the pyrrolopyrimidine (and pyrrolopyridine) scaffold stands 

out as an excellent hinge-binder (as reported in earlier works, see refs. 

[89,151,139]), providing three compounds with submicromolar inhibitory 

activities. Second, despite the well-established heterocyclic core, the 

reported hit compounds are structurally novel (as reflected by their 

Tanimoto similarities to their respective closest JAK1 inhibitor analogs, 

which do not exceed 0.441). Third, one is quick to notice that all of the 

three best (submicromolar) compounds contain spirocyclic substituents in 

the 4 position of the pyrrolopyrimidine core. Finally, it seems that JAK1 

vs. JAK2 selectivity is less determined by the hinge binder moiety. (While 

drawing the line between subtype selectivity and subtype preference is 

somewhat subjective, we generally consider compounds with an at least 

10-fold IC50-difference selective – thus we use the word “preference” to 

describe the inhibitory profiles of these compounds.) The pyrrolopyridine 

B60 shows JAK2 preference as well as the pyrrolopyrimidine B64. On 

the other hand, pyrrolopyrimidines B59, B61 and B62 all showed 

preference for the JAK1 subtype. Focusing to the substituents of the hinge 

binders one can observe that the two JAK2 preferring compounds (B60 

and B64) both carry aromatic rings at position 4. In contrast, the three 

JAK1 preferring hits (B59, B61, B62) all have spirocyclic substituents at 

the same position. Having a closer look at the spirocyclic rings, we 

conclude that substituents around this moiety influence the JAK1 
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selectivity significantly from being almost equipotent (B61) to clear 

preference (B59, B62). Consequently, spirocyclic 4-substituted 

pyrrolopyrimidines (and potentially, pyrrolopyridines) might represent a 

promising scaffold for JAK1 selective inhibitors. In addition, these 

ligands represent a novel compound class among Janus kinase inhibitors, 

as to our knowledge, there are no other reported instances of this class in 

the literature (with the exception of a homopiperazine series with attached 

cyclopropyl rings, as exemplified by the shown closest analog of B59 in 

Table 8 [247]). 

It can be quickly noticed that there are remarkable structural 

differences between the hit compounds presented in the previous 

subsection and those presented here. The reasons for this observation 

include the differences between the applied virtual screening protocols, as 

well as the differences between the screened databases: while Mcule is a 

database collecting the supplies of commercial distributors, the NCI 

database contains compounds submitted for testing from diverse 

laboratories over the world. 

To understand the subtype preferences of the hit compounds, we have 

also docked them to a JAK2 structure that was co-crystallized with a 

pyrrolopyrimidine compound (PDB: 3FUP) [116]. Predicted binding 

modes of the three spirocyclic compounds to JAK1 and JAK2 are shown 

in Figure 17 (the hit compounds containing aromatic substituents – B60 

and B64 – are shown in Appendix D). The pyrrolopyrimidine scaffold 

establishes two hydrogen bonds with the anchor groups of the hinge 

region, while the spirocyclic and aromatic substituents are positioned in 

the rest of the ATP binding pocket, between the β-sheets of the N-

terminal lobe and the catalytic loop. While the aliphatic rings of the 

spirocyclic substituents are flexible to some extent, the spiro carbon atom 

constrains this flexibility, facilitating quick ligand recognition. 

Differences between JAK1 and JAK2 binding – consistent with the 

indicative subtype preferences – can be spotted for B59 and B62, and to a 

smaller extent also for B60 and B64. 
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Figure 17. Predicted binding modes of B59 (A), B61 (B) and B62 (C) in JAK1 

(1) and JAK2 (2). The N-terminal lobe is in the upper half of the images, while 

the anchor residues of the hinge region are shown on the left side. It is 

noteworthy that besides the hinge region, all three compounds interact with a 

conserved asparagine or arginine residue of the catalytic loop, while B62 also 

interacts with the aspartate of the DFG activation segment [23]. The differences 
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between the binding modes in JAK1 and JAK2 (such as the additional hydrogen 

bond between B62 and the DFG-aspartate or the more favorable orientation of 

the carboxylate group of B59) can be associated with the observed subtype 

preferences. In addition, the carboxylate group of B59 can establish a salt bridge 

with the β3-lysine or the arginine of the catalytic loop, in different, but similarly 

favorable binding poses. The aliphatic rings of the spirocyclic substituents adopt 

substantially different binding conformations in JAK1 and JAK2. The same 

coloring scheme is applied as in Figure 3. (Images were produced with Pymol 

[39]) 

 

A careful examination of the binding poses confirms our previous 

notion (see above) that the hinge-binding N-heterocycles do not have a 

major influence on subtype preference: the binding conformations of 

these moieties are practically the same in the two enzyme subtypes. In 

addition, apart from small differences in the H-bonding pattern, the 

overall binding conformations of the aromatic substituents of B60 and 

B64 do not differ substantially either. In contrast, the spirocyclic 

substituents of B59, B61 and B62 can exhibit various binding 

conformations, which can ultimately contribute to their preference for the 

JAK1 subtype. 

We have evaluated our hit compounds in terms of LLE and LELP, 

two ligand efficiency metrics (see subsection 3.4) and plotted them 

against each other, along with literature data sets assembled by Tarcsay et 

al. [230] in Figure 18. It is clearly seen that all of the hit compounds fall 

into the acceptable ranges, making them good candidates for 

optimization. In fact, most of the compounds are comparable to approved 

drugs and “successful leads” (lead compounds of approved drugs) in this 

respect. 

The reported ligand efficiencies – together with the novelty of the 

compound class, the favorable affinities against JAK1 and the displayed 

subtype preferences – convincingly support our conclusion that 

pyrrolopyrimidines (and pyrrolopyridines) with spirocyclic substituents in 

the 4-position are a promising chemotype for JAK inhibition and are 

suitable for medicinal chemistry optimization. Their evaluation in a cell-

based assay (and subsequent cytotoxicity measurement) is also planned. 
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Figure 18. Ligand efficiency of the reported hit compounds in the context of 

literature data [230]. Most dataset names are self-explanatory; “Successful 

leads” stands for lead compounds of approved drugs. B59 is located at the point 

( 7.819 ; -4.021 ). The reported hit compounds are clearly well-positioned on the 

presented plane of ligand efficiency metrics: B60 and B64 are close to the 

“Successful leads” set, while B61 and B62 are close to the set of drugs and B59 

is unusually polar (probably due to the presence of the carboxylate group).  

 

4.3 Virtual screening against JAK2 

 

Out of the many possible subtype selectivity profiles among JAK 

inhibitors, JAK2 vs. JAK1 selectivity seems to be the hardest to achieve: 

so far only a few moderately selective chemotypes have been published 

and only three published compounds have exceeded 100-fold selectivity 

[93–95]. In the following study, we have addressed this issue and 

developed a customized virtual screening protocol for the identification of 

novel compounds with JAK2 vs. JAK1 subtype selectivity [248]. To 

accomplish this, we have utilized interaction fingerprints (IFP) with a set 

of literature compounds with known subtype selectivity profiles. 
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4.3.1 Stepwise screening protocol 

 

To identify the most suitable screening protocol for our hit discovery 

effort, we have carried out a large-scale retrospective screening on known 

JAK inhibitors and decoy molecules, using the datasets presented in 

subsection 3.1.1. 

In terms of protein structures, 38 JAK2 crystal structures (containing 

type I ligands) were downloaded from the PDB database, superimposed 

with a built-in Schrödinger [249] script and the binding sites were 

visually inspected in order to avoid using redundant structures for ligand 

docking. Three clusters were identified upon visual inspection and one 

representative structure with the most active co-crystallized ligand was 

selected from each cluster (PDB accession codes: 3TJD [94], 4GMY 

[250] and 3E62 [35]) for further examination. While all of these 

structures are in the DFG-in conformation, small but noticeable 

differences can be observed for the side chain conformations in the 

binding pocket. 

As a training step for the docking procedure, the JAK2 actives of the 

training sets were mixed to the CDK2 decoy set mentioned in the 

previous subsection, and enrichment tests were run. Iterating over a 

number of settings (HTVS/SP/XP precision, percentage of top-scored 

compounds to keep, considering H-bond constraints, etc.), the procedure 

which provided the highest enrichment factors was selected for further 

retrospective and prospective docking studies: this is identical to the one 

in the previous subsection. (Briefly, the ligands are docked with a Glide 

HTVS step first, then the top 20% of the resulting list is docked with a 

Glide SP step, where a H-bond to the hinge region is required.) While 

initially we have investigated the possible benefits of a Glide XP docking 

step, we have omitted it later, as it has not improved the results 

significantly, but has noticeably increased the computational time. 

In single-structure docking, the developed docking protocol exhibited 

moderate to good early enrichments on the training set (see 

Supplementary tables S1 and S2 in [248]). However, its robustness was 

unsatisfactory, since these results could not be reproduced for the test sets 

in most cases. Moreover, in all but two cases, less than half of the actives 
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were successfully recovered. (As only the top 20% of the molecules in the 

HTVS docking were submitted to SP docking, many actives were “lost”.) 

To enhance the efficiency of our docking protocol, two options were 

investigated. First, the presence and possible importance of structurally 

conserved waters were investigated. We have found that for the X-ray 

structure 3E62, when keeping one structurally conserved water molecule 

(located between the ligand, the DFG activation segment and the N-

terminal lobe) as a part of the binding pocket, a noticeable improvement 

was observed in terms of early enrichments. The water molecule was 

therefore kept in our further studies as a part of this protein structure. For 

the other two structures, results have deteriorated when we kept one or 

more conserved water molecules. 

 

Table 9. Results of the retrospective ensemble docking runs with the developed 

docking protocol on the compiled protein ensemble – ROC enrichments [224] 

and AUC values 

Dataset
a
 

No. of 

structures 

% of 

recovered 

actives 

EF 

(1%) 

EF 

(2%) 

EF 

(5%) 

EF 

(10%) 
AUC 

Training 16 82.6 
18.6 

(0.29)
b
 

18.4 

(0.18) 

9.75 

(0.073) 

5.96 

(0.036) 

0.835 

(0.057) 

Training 5 71.0 
29.9 

(0.44) 

18.8 

(0.24) 

10.0 

(0.096) 

6.48 

(0.046) 

0.894 

(0.044) 

Test 1 5 78.8 
34.4 

(0.44) 

19.1 

(0.23) 

10.9 

(0.093) 

6.69 

(0.044) 

0.885 

(0.045) 

Test 2 5 85.1 
24.4 

(0.42) 

13.9 

(0.21) 

8.36 

(0.091) 

6.27 

(0.044) 

0.846 

(0.061) 
a
Several datasets of similar composition were compiled: the docking protocol 

was developed using the training set and evaluated using the test sets. 
b
1.96σ values (corresponding to 95% confidence intervals) are given in 

parentheses [225]. 

 

The second option was changing our protocol from single-structure to 

ensemble docking that provides a way to account for the flexibility of the 

protein. We have applied the same protocol to assemble the structural 

ensemble as reported in subsection 4.2.2 for the screening of JAK1 

inhibitors. The three representative crystal structures were complemented 
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with 21 frames from a 20 ns MD simulation of the 3TJD [94] crystal 

structure. After individual evaluation on the training set and a stepwise 

reductive selection process, one X-ray structure (3E62 with the conserved 

water molecule) and four frames (4th, 9th, 18th and 20th nanosecond) 

from the MD simulation were kept as the final protein ensemble. The 

final docking procedure was validated on the test sets, performance 

parameters are reported in Table 9 and ROC curves in Figure 19. 

 
Figure 19. ROC curves of the retrospective screening with the developed 

ensemble docking protocol. The steep initial slope of the curves is indicative of 

high early enrichments and the similarity of the curves (and their area under the 

curve values) indicates the robustness of the docking protocol. 

 

4.3.2 Selectivity assessment 

 

Since an important goal of our work is to achieve acceptable levels of 

intra-family selectivity, we have devised a scoring system based on 

interaction fingerprints [213] to estimate the selectivity of our docking 

hits. Interaction fingerprints are typically used to enhance affinity 

predictions by direct comparison to known high affinity ligands [251]. In 
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our case however, such a comparison would be insufficient, since 

selectivity can be achieved by a number of protein-ligand interactions, not 

all of which are necessarily established by a single ligand. To get around 

this problem, we identified those interactions which could drive JAK2 vs. 

JAK1 selectivity and established a scoring scheme for the evaluation of 

interaction patterns found in docking calculations. This solution (as well 

as the use of interaction fingerprints instead of e.g. substructure-based 

fingerprints) was motivated by the intention to not restrict the 

identification of structurally novel ligands. 

Selection of these key interactions was carried out by docking JAK2 

selective and reference ligands into the protein structures used for 

ensemble docking, and comparing their interaction fingerprints with their 

docked poses in JAK1. To that end, the JAK1 structural ensemble 

consisting of X-ray structures 4IVC [120] and 3EYG [116] and three MD 

frames were used in an ensemble docking approach similar to the one 

described above (see the subsection 4.2.2).  

To identify and assemble those interactions which could be important 

for JAK2 vs. JAK1 selectivity, we applied the procedure detailed below. 

Two sets of compounds were compiled based on inhibitory activity: 

JAK2-selectives with at least 10-fold selectivity for JAK2 over JAK1 (31) 

and reference (94) compounds (see previous subsection). Both sets were 

docked into all five protein structures for each isozyme (Glide SP 

docking), then interaction fingerprints (IFPs) were generated for each 

docked complex. To compare the interaction fingerprints, some 

preparatory steps were necessary: 

1. A common subset of residues was compiled. (Since not 

necessarily the same set of residues is present in each X-ray structure, 

insertions/deletions were omitted. No binding site residues were affected 

by this.) 

2. In addition, each residue in JAK1 had to be assigned to a 

corresponding residue in JAK2 in a mutually unique manner. To that end, 

the two isozymes were sequence aligned. 

3. To simplify the comparison of the IFPs of the same compound on 

the different isozymes, residues in the JAK2 IFP-s were renumbered to 

reflect the residue numbering of JAK1 (based on the sequence alignment). 
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After identifying a common subset of residues, the following steps 

were taken to identify the key interactions: 

1. For each compound, and for each interaction, a δ value was 

calculated: 

 𝛿 = 𝑁(𝐽𝐴𝐾2) − 𝑁(𝐽𝐴𝐾1) (6) 

where N(JAK1) and N(JAK2) are the number of JAK1 and JAK2 

complexes of the ligand (respectively) in which the interaction is present. 

Hence, N(JAK1) and N(JAK2) can take values between 0 and 5, while δ 

can take values between -5 and 5. It is easily seen that the greater δ is, the 

more specific that given interaction is towards JAK2 (for the given 

compound). 

2. For each interaction, the δ values were averaged for the two 

datasets separately (JAK2-selective and reference compounds). 

For an interaction to be classified as important for JAK2 selectivity 

we used a dual criteria. The interaction needs to be specific for JAK2 

among JAK2-selective compounds: 

 δavg.(JAK2-selectives) > 0, (7) 

and it needs to be more prevalent in complexes of JAK2-selective ligands 

than in complexes of reference ligands: 

 δavg.(JAK2-selectives) > δavg.(references). (8) 

Based on these criteria, 26 interactions were selected and included in the 

IFP scoring process. The IFP score was defined as the fraction of these 

interactions that are established in the protein-ligand complex, averaged 

over the number of structures the ligand was successfully docked in 

(maximum five). Thus, the IFP score also accounts for protein flexibility, 

as it is calculated for the MD snapshots as well (and on demand, it could 

be extended to account for a greater number of frames as well). 

The 26 interactions that were selected include – among others – 

charged, polar and hydrophobic interactions with the gatekeeper residue, 

the β3 lysine, the middle residue (tyrosine) of the hinge region, as well as 

two residues (an asparagine and an aspartate) of the catalytic loop. 
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Among the included amino acids, three are different in JAK1 and JAK2: 

the middle hinge residue (phenylalanine in JAK1) and two residues of the 

β2 sheet (a serine and a methionine, with a lysine and a leucine as their 

counterparts in JAK1, respectively). 

To validate the scoring scheme, we calculated IFP selectivity scores 

for the mentioned training set (JAK2 selectives and reference compounds) 

and plotted them against Glide Docking Scores that estimate the binding 

affinity (Figure 20). Cutoff values were determined for both the affinity 

and selectivity scores to define the region with the best enrichment of 

JAK2 selective compounds (Docking Score ≤ -8.0, IFP score ≥ 0.33). The 

cutoffs were used later for the identification of potentially selective 

compounds in our prospective screening campaign. 

 

Figure 20. Retrospective docking of JAK2 selective and reference compounds. 

In the plane spanned by IFP scores and Glide Docking Scores, an area can be 

separated that is populated exclusively by JAK2 selective compounds (bottom 

right part of the plot). In the prospective screening, this area was utilized to 

select virtual hit compounds. 
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4.3.3 Screening the Mcule database 

 

For prospective screening purposes, we used the Mcule Purchasable 

Compounds Database (MPCD) that contained ~5.1M compounds in total 

at the time of this study, out of which there were ~1.2M leadlike 

molecules. The leadlike subset was focused to kinase-like molecules 

based on the property-based pre-screening step (KiDS) [72] detailed in 

subsection 4.1. The resulting kinase-like compounds (105.078) were 

submitted to the ensemble docking-based screening protocol. Based on 

the activity and selectivity criteria set for selective ligands (Docking 

Score ≤ -8 and IFP score ≥ 0.33), 429 virtual hits were retrieved, from 

which a diverse selection of 130 compounds was extracted (<0.6 

Tanimoto similarity of ECFP4 fingerprints). This set was reduced to 118 

compounds upon visual inspection of the docking poses. 54 compounds 

from this set were purchased from Mcule and submitted to a primary in 

vitro biochemical screen on JAK1 and JAK2 (see subsection 3.5.1). 

Based on the results of the primary screen, six compounds were identified 

as primary hits (≥ 80% inhibition on JAK2, or ≥ 60% inhibition on JAK2 

and < 30% inhibition on JAK1) and submitted to IC50 determination on 

JAK1 and JAK2 (Figure 21). 

To ensure the quality of the reported hit compounds, they were 

filtered for Pan Assay Interference Compounds (PAINS) [246] with the 

KNIME workflow published by Saubern et al. [245]. No PAINS 

compounds were identified among the validated hits. 

The structure and IC50 values of the six hit compounds are reported in 

Table 10. While B01 shows moderate activity on JAK1 and JAK2, the 

other compounds exhibit single-digit micromolar activities on JAK2, with 

B39 having 14-fold selectivity towards the JAK2 subtype. We suspect 

that B03, B04 and B06 are also likely to possess significant subtype 

selectivities towards JAK2, based on their low percent inhibition of JAK1 

in the primary screen. (However, quantification of their selectivities was 

not possible, because their IC50 values on JAK1 could not be determined 

due to solubility issues – no datapoints with a concentration greater than 

20 µM could be acquired.) The results correspond to an 11% hit rate, with 

a 1.85% hit rate for (confirmed) subtype selective compounds (7.4% if we 
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include compounds B03, B04 and B06). While this is definitely better 

than typical HTS hit rates (~ 1%), it is much less straightforward to 

compare it to other virtual screenings, where very diverse hit rates are 

observed, depending on the applied protocol. (Our review on kinase-

directed virtual screenings presents the results of 42 screening campaigns 

in tabular format: here, hit rates range from 0.5% to 66% [2].) 

 

Figure 21. Summary of the prospective screening of the Mcule Purchasable 

Compounds Database. The early, property-based filters have considerably 

decreased the number of screened compounds, and thus the necessary 

computation time for the docking step. 

 

Several compounds bearing an indazole moiety have been reported before 

as JAK inhibitors, most notably in a recent SAR study by Lynch and 

coworkers [115]. While a couple of nanomolar inhibitors have been 

characterized with this scaffold, compound B39 exhibits the highest 

JAK2 vs. JAK1 selectivity reported so far that we are aware of. It is worth 

to stress that this was achieved exclusively by the screening protocol 

without any sort of specific medicinal chemistry optimization. 
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Table 10. Structures, score values, JAK inhibition data and closest known 

analogs of the resulting hit compounds 

# Structure 

Docking 

Score / 

IFP 

score 

JAK1 

IC50 

(µM)
a
 

JAK2 

IC50 

(µM)
a
 

Closest known 

analog
b
 

B01 

 

-9.131 / 

0.436 
33.5 30.1 

 
(0.247) 

B02 

 

-10.163 / 

0.346 
2.28 3.63 

 
(0.394) 

B03 

 

-9.346 / 

0.346 

27% @ 

20µM
 c
 

5.14 

 
(0.234) 

B04 

 

-8.739 / 

0.384 

0% @ 

20µM
 c
 

7.23 

(0.267) 
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B06 

 

-8.393 / 

0.500 

1% @ 

20µM
 c
 

5.72 

 
(0.239) 

B39 

 

-8.486 / 

0.462 
33.0 2.38 

 
(0.247) 

a
10-point titrations were carried out, every data point was acquired twice. SD of 

the data points were typically less than 10% of the mean. 
b
Tanimoto similarities of the ECFP4 fingerprints of the hit compounds and the 

closest analogs are shown in parentheses 
c
JAK1 IC50 values could not be determined due to the low activity not coupled 

with high enough solubility of these compounds. Percent inhibitions at the 

highest available concentration are shown. 

 

In Table 10, we also report those molecules that are the closest 

analogs to our hit compounds among the molecules that have been 

examined in the literature for JAK1 and JAK2 inhibition. The analogs 

were retrieved with a Tanimoto similarity search of the ECFP4 

fingerprints of this compound set (using our hit compounds as query 

molecules). The highest similarity reported here is below 0.4, which 

supports the conclusion that we have expanded the publicly available 

chemical space of ligands that are tested for JAK1/JAK2 inhibition. 

Moreover, the majority of our hit compounds present an improvement 

over the reported closest analogs in terms of JAK2 vs. JAK1 selectivity: 

the thienopyridine retrieved as the closest analog of B39 exhibits a 5.6-

fold selectivity towards JAK2 (vs. the 14-fold selectivity of B39) [94]. 

The closest analog of B03 (and coincidentally, B01) exhibits an 8-fold 
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selectivity towards JAK1 [252], while for the analogs of B04 [253] and 

B06 [254], identical (categorized) activities have been reported on the two 

subtypes. By contrast, B03, B04 and B06 are likely JAK2-selective to 

some extent (although this could not have been quantified at this stage, 

see above). 

The structures and predicted binding modes of our hit compounds 

confirm the general notion that besides having a planar hinge-binding 

(usually N-) heterocycle, it is usually beneficial if an inhibitor also has a 

non-planar moiety. This can be achieved by e.g. an aliphatic or 

heteroaliphatic ring, as exemplified by the two marketed JAK inhibitors, 

ruxolitinib and tofacitinib, and also by the majority of the hit compounds 

reported here, and subsection 4.2.2. Intriguingly, the only hit compound 

without a heteroaliphatic ring is B39, which exhibits the highest subtype 

selectivity (in this case, non-planarity is ensured by the dihedral angles 

formed by the aromatic moieties of the ligand). 

 
Figure 22. The predicted binding poses of B39 in the binding pockets of JAK2 

(A) and JAK1 (B). The same coloring scheme is applied as in Figure 3. (The 

images were produced with Pymol [39].) 

 

Besides showing the characteristic hinge-binding patterns, the hit 

compounds explore other notable interactions as well. B01 and B04 form 

hydrogen-bonds with Asp994 of the DFG activation segment, while B02 

H-bonds to the backbone carbonyl group of Arg980. A hydrogen bond is 

also observed between Tyr931 and B03 in some JAK2-structures derived 
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from MD-frames, which highlights the importance of accounting for the 

dynamic nature of protein-ligand binding in structure-based virtual 

screening (see Appendix E). With the subtype selective compound B39, 

an important binding motif might be the orientation of the tetrazole ring 

which is buried deep in the binding pocket in JAK2, but exposed to the 

solvent in JAK1 (Figure 22). We assume that this difference contributes 

to the observed subtype selectivity of B39. However, we have to add that 

a binding mode similar to that obtained for B39-JAK2 (i.e. buried 

tetrazole ring) was also found for the B39-JAK1 complex, but with a 

worse docking score. The less favorable docking score for the similar 

binding mode in JAK1 is the consequence of the difference in atomic 

positions that is not restricted to the non-conserved residues. The virtue of 

the applied IFP scheme is that it was derived from numerous ligand-

protein complexes hence it includes information on the available 

conformational space, flexibility and interactions of the protein. This 

information is not readily available from the visual comparison of the 

structures but it is relevant for docking and IFP generation on one hand, 

and for subtype selectivity on the other hand. 

To assess the value of our hit compounds, we have compared their 

ligand efficiency metrics (in particular, LE [228,255], LLE [227] and 

LELP [226,229]) to those of already known JAK inhibitors and other 

published datasets. On Figure 23A, the hits are placed on the LE-LLE 

plot of published JAK2 selective inhibitors in a heatmap format (color-

coded based on selectivities). B39 and B02 have favorable LE and LLE 

values, with B39 improving upon a large portion of subtype selective 

compounds in terms of both LE and LLE. On Figure 23B, compounds 

B01-B39 are compared to drug development-related datasets compiled by 

Tarcsay et al. [230] in terms of LLE and LELP. Except for B03 and B04, 

our hit compounds possess promising LLE and highly favorable LELP 

values; they improve upon the “Successful leads” set, which is comprised 

of lead compounds of marketed drugs. Based on the analysis of their 

ligand efficiency values, we can conclude that most of the identified hit 

compounds represent promising starting points to further optimization. In 

fact, a structure-guided optimization study based on B39 is already in 

progress in our group. 
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Figure 23. (A) LE-LLE plot of B01-B39 (circles) in comparison to literature 

compounds with known JAK2 selectivity (squares). The plot is color-coded 

based on JAK2/JAK1 selectivity (increasing from green towards red). (B) LLE-

LELP plot of B01-B39 (circles) in comparison to literature datasets (squares 

with error bars) [230]. “Successful leads” stands for lead compounds of 

approved drugs.  
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CHAPTER 5 – CONCLUSION 
 

5.1 Conclusion and thesis points 

 

The present work aimed at identifying novel inhibitors of Janus 

kinase 1 and 2 by means of computational drug discovery techniques, in 

particular structure-based virtual screening. To that end, a number of 

computational methods have been applied (including molecular 

descriptor, fingerprint and similarity calculations, ligand docking and 

molecular dynamics), and I have developed several own, novel solutions 

for specific subtasks as well. 

When we were facing the challenge of optimizing the computational 

efficiency of our docking-based virtual screens, I have developed a 

molecular property-based scoring scheme that we have demonstrated to 

be applicable as a quick pre-filtering step to reduce the workload 

submitted to the more demanding structure-based calculations. We have 

termed this scoring scheme KiDS (Kinase Desirability Score) to reflect 

that it applies the concept of desirability functions. We have validated this 

scoring scheme on numerous independent datasets and have successfully 

applied it in two of the three virtual screens presented in this thesis. 

With the application of the novel pre-screening step, we have 

compiled two virtual screening protocols for the identification of novel 

JAK1 and JAK2 inhibitors, respectively. These protocols involved 

ensemble docking as the primary structure-based screening step, and in 

the case of JAK2 (due to the greater amount of available training data) we 

could also implement a custom-made scoring scheme based on interaction 

fingerprints, for the prediction of JAK2 vs. JAK1 subtype selectivity. 

These two screening campaigns have resulted in the identification of 

several novel JAK inhibitors, including spiro-substituted 

pyrrolopyrimidines with submicromolar activities against JAK1, and an 

indazole-based JAK2 inhibitor with a 14-fold subtype selectivity over 

JAK1. 

I have participated in conducting a virtual screening for novel 

inhibitors of the JAK1 enzyme carrying the V658F mutation. We have 

utilized the workflow tools of the Mcule website to run a docking-based 
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virtual screening of the NCI database, followed by a hit expansion from 

the Mcule database. The study has resulted in the identification of five 

novel JAK1 inhibitors with a novel hinge-binding scaffold and 

experimentally proven JAK1
V658F

 inhibitory activity in cells. 

The results of the research can be summarized in the following thesis 

points: 

 

1. I have developed a physicochemical property-based scoring 

scheme (KiDS – Kinase Desirability Score) for the rapid pre-screening of 

“kinase-like” compounds (ligands with a higher likeliness of kinase 

activity). I have demonstrated the applicability of this scoring scheme as a 

pre-filtering step in structure-based virtual screening campaigns against 

kinase targets [72]. 

 

2. I have set up a customized, step-wise virtual screening protocol for 

the identification of novel JAK1 inhibitors, involving a property-based 

pre-screening step with KiDS, and ensemble docking. A prospective 

screening of the Mcule database has yielded five novel JAK1 inhibitors – 

including three with a novel chemotype: spiro-substituted 

pyrrolopyridines and pyrrolopyrimidines –, displaying micromolar and 

submicromolar potencies [244]. 

 

3. I have developed a customized virtual screening protocol for the 

identification of novel JAK2 inhibitors with subtype selectivity over 

JAK1, involving ensemble docking and a custom-developed scoring 

scheme for the prediction of subtype selectivity, based on interaction 

fingerprints. A prospective screening of the Mcule database has yielded 

six novel JAK2 inhibitors with micromolar activities and favorable 

subtype selectivities [248]. 

 

4. I have identified five novel JAK1
V658F

 inhibitors as a result of a 

virtual screening conducted on the NCI and Mcule databases. The five 

compounds bear a novel hinge-binding scaffold (8-hydroxyquinoline), are 

potent inhibitors of JAK1
V658F

-driven cell growth, and have been 

demonstrated to be non-cytotoxic on rat liver cells [241].  
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5.2 Összefoglalás és tézispontok 

 

Jelen értekezés céljaként új, a Janus kinázok 1-es és 2-es altípusán 

aktív gátlószerek számítógépes módszerekkel (elsősorban szerkezetalapú 

virtuális szűréssel) történő azonosítását tűztem ki. Ehhez számos 

számítógépes módszert (pl. molekuláris deszkriptor, ujjlenyomat, 

hasonlóság számítások, dokkolás, molekuladinamika) használtam, illetve 

néhány speciális részfeladat megoldására saját módszereket dolgoztam ki. 

Munkám során viszonylag korán szembesültem azzal a kihívással, 

hogy a főleg dokkoláson alapuló virtuális szűrések időhatékonyságát 

javítsam. Ebből a célból egy olyan molekuláris tulajdonságokon alapuló 

pontozómódszert dolgoztam ki, amelyről megmutattuk, hogy kiválóan 

használható a számításigényesebb feladatok terhelésének a csökkentésére. 

A pontozómódszert KiDS-nek neveztük el (Kinase Desirability Score, 

azaz kináz kívánatossági pontszám), amely utal az inspirációt adó 

alapkoncepcióra, a kívánatossági függvényre. Ellenőrzésképpen számos 

független adatkészleten validáltuk a módszert, és a dolgozatban 

bemutatott két virtuális szűrésünk során is sikerrel alkalmaztuk. 

Az új előszűrő módszer alkalmazásával két virtuális szűrési 

protokollt is összeállítottunk JAK1, illetve JAK2 inhibitorok 

azonosítására. Mindkét protokollban a fehérjesokaságba történő dokkolást 

használtuk elsődleges, szerkezetalapú szűrési lépésként, azonban a JAK2 

esetén (a nagyobb mennyiségben elérhető tanító adatnak köszönhetően) 

egy kölcsönhatás ujjlenyomatokon alapuló pontozó módszert is ki tudtunk 

fejleszteni a JAK1-el szembeni altípus szelektivitás előrejelzésére. Az 

említett két virtuális szűrés során több új JAK inhibitort is azonosítottunk, 

többek között a JAK1-et hatékonyan (mikromól alatti aktivitással) gátló, 

spirociklusokkal szubsztituált pirrolopirimidineket, valamint egy JAK1-el 

szemben 14-szeres altípus szelektivitást mutató, indazol-alapú JAK2 

inhibitort. 

Részt vettem egy V658F mutációt hordozó JAK1 inhibitorokat célzó 

virtuális szűrés lebonyolításában is. Itt az Mcule internetes portálon 

található számításos modulokat használtuk az NCI adatbázis virtuális 

szűrésére, illetve a találatoknak az Mcule adatbázisból történő 

kiegészítésére. A munka öt, új hinge-kötő motívumot tartalmazó 
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JAK1
V658F

 inhibitor azonosításával zárult, amelyek mikromólos aktivitást 

mutattak a releváns sejtalapú esszében.  

A dolgozatban bemutatott kutatómunka eredményeit az alábbi 

tézispontokban foglalom össze: 

 

1. Létrehoztam egy fiziko-kémiai tulajdonságokon alapuló 

pontozómódszert „kináz-szerű” (várhatóan kináz aktivitást mutató) 

ligandumok gyors előszűrésére (KiDS – Kinase Desirability Score). 

Megmutattam a módszer alkalmazhatóságát kinázokat célzó virtuális 

szűrések előszűrő lépéseként [72]. 

 

2. Felépítettem egy lépcsőzetes virtuális szűrési protokollt új JAK1 

inhibitorok azonosítására a KiDS mint előszűrési lépés, valamint a 

fehérjesokaságba történő dokkolás módszerét felhasználva. Az Mcule 

adatbázis prospektív szűrése során öt új JAK1 inhibitort azonosítottam – 

ezek közül három egy új kemotípus, a spiro-szubsztituált pirrolopiridinek 

és pirrolopirimidinek képviselői –, amelyek mikromólos, illetve mikromól 

alatti JAK1-gátló aktivitást mutattak [244]. 

 

3. Kifejlesztettem egy egyedi virtuális szűrési protokollt új, a JAK1 

altípussal szemben szelektív JAK2 inhibitorok azonosítására a 

fehérjesokaságba történő dokkolás módszere, illetve egy általam 

fejlesztett, altípus szelektivitást előrejelző pontozó módszer 

felhasználásával. Az Mcule adatbázis prospektív szűrése során hat új 

JAK2 inhibitort azonosítottam, amelyek közül többen mikromólos 

aktivitást, illetve kedvező altípus szelektivitást mutattak [248]. 

 

4. Azonosítottam öt új JAK1
V658F

 inhibitort egy NCI és Mcule 

adatbázisokon lefuttatott virtuális szűrés eredményeként. Az öt vegyület 

egy új hinge-kötő alapvázat tartalmaz (8-hidroxikinolin), hatékonyan 

gátolja a JAK1
V658F

-vezérelt sejtnövekedést, illetve bizonyítottan nem 

toxikus patkány májsejteken [241]. 
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APPENDIX A 
 

Definition of the desirability function for the TPSA (topological polar 

surface area) property 
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APPENDIX B 
 
Definition of the desirability function for the rotB (number of rotatable bonds) 

property 
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APPENDIX C 
 

Primary screening hits of the NCI database screening: biological activity 

and cytotoxicity of validated hit compounds obtained from the JAK1-

dependent cell-based assay 

# NCI ID Structure 

Viability of 

JAK1 cells at 5 

μM (%)
a
 

Viability of 

liver cells 

(%)
b
 

R1 5896 

 

2.05 63.64 

R3 40343 

 

0.96 83.33 

R7 68153 

 

-1.16 87.88 

R9 72142 

 

8.74 89.49 

R51 86374 

 

5.16 82.39 



115 

 

R52 102224 

 

1.82 85.53 

R55 121288 

 

20.41 78.95 

R60 135414 

 

15.50 97.37 

R64 166381 

 

-2.39 95.17 

R69 338103 

 

-0.17 90.91 

R70 339579 

 

6.82 89.61 

a
 Expressed as a percentage relative to vehicle-treated cells (0.25% DMSO), 

which were arbitrarily defined as 100% viable. 
b
 Percentage of cell viability after 3h of exposure to compound (100 μM), 

relative to vehicle-treated cells (0.1% DMSO). For reference, the average value 

for the positive control (1 μM oligomycin) was 16.76%. 
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APPENDIX D 
 

Predicted binding modes of B60 (A) and B64 (B) in JAK1 (1) and JAK2 

(2). While the overall binding conformations do not differ substantially in 

JAK1 and JAK2, additional hydrogen bonds with a lysine amide group in 

the N-terminal lobe (B60) and the conserved arginine in the catalytic loop 

(B64) can be associated with the observed preference for JAK2. The same 

coloring scheme is applied as in Figure 3. (The images were produced 

with Pymol [39].) 
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APPENDIX E 
 

Predicted binding modes of the identified hit compounds in JAK2. B01 

(A) and B04 (C) establish H-bonds with the hinge region and Asp994 of 

the DFG segment, while B02 (B) contacts the backbone carbonyl group 

of Arg980. An interesting feature can be observed in the predicted 

binding mode of B03 (D): in two of the structures extracted from the MD 

simulation, B03 H-bonds to Tyr931 between the two hinge residues. In 

these structures, Tyr931 is rotated (with respect to its position in X-ray 

structures), providing the possibility to form a hydrogen bond with the 

ligand. This interaction could be important to achieve subtype selectivity, 

since JAK1 has a Phe residue as the counterpart of Tyr931, unable to 

form such an interaction. The same coloring scheme is applied as in 

Figure 3. (The images were produced with Pymol [39].) 
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