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Abstract

Insulin like growth factor-1 receptor (IGF-1R) along with highly homologous insulin
receptor IR is integral component of cell proliferation, growth and survival and apoptosis
protection. However, overexpression of IGF-1R and IR-A, and increased bioavailability of
insulin-like growth factors (IGF-1 and IGF-2) in various cancers is a well-known phenomenon of
tumorogenesis. Various strategies have been proposed in the past to evade cell proliferation
during cancer. It includes targeting IGF-IR with selective antibodies and inhibition of its tyrosine
kinase domain with small molecules. However, the results of these investigations remained
gloomy and only few compounds reached in the clinical trials that ultimately failed to inhibit
growth of human cancers. It is might be due to the fact that compensatory cross talk between
IGF-1R and IR compromise drug efficacy during selective inhibition of IGF-1R. Recent
molecular dynamics simulations of various co-crystalized ligand revealed that majority of the
inhibitors bind to the basal state of the kinase hinge region thus, preventing the kinase activation.
Therefore, development of small molecular antagonists impeding the tyrosine kinase domains of
IGF-IR and IR-A has been advocated as a promising concept to evade cell proliferation and drug
resistance in cancer chemotherapy. Therefore, present thesis, various in silico tools has been
utilized to explore the binding hypothesis and molecular basis of interaction of tyrosine kinase
domain of IR and IGF-1R with small molecular inhibitors. Briefly, combined ligand (3D QSAR,
GRIND) as well as structure based techniques (Molecular Docking) have been utilized to

identify dual 3D structural features of tyrosine kinase domain inhibitors.

Our results demonstrated the importance of two hydrogen bond acceptors, two hydrogen bond

donors at a certain distance from each other as well as from molecular boundaries plays



significant role in dual inhibition of IR and IGF-IR. Our Pharmacophore models were used for
the virtual screening of ChemBridge and WDI databases that resulted in eight potential hits as
dual inhibitors of IR and IGF-1R. The current study will pave the way toward designing potential
drug candidates with better Administration, Distribution, Metabolism and Elimination (ADME)

properties and reduced toxicity against cancer.
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Introduction

The insulin like growth factor system comprises the IGF-I, IGF-II, their respective
receptors and six IGF binding proteins (IGFBP) that regulate the availability of IGF-1 and IGF-
Il. The IGFBP play important role in the regulation of IGFs once released in the bloodstream,
this in turn is controlled by the concentration of insulin [22]. The IGFBP binds to the IGFs in
order to increase their availability, by means of elevating the half-life of these molecules so that
there is a regulated amount of IGFs available for binding to their respective receptors. Studies

have shown that the administration of insulin results in a decrease in the serum levels of IGFBPs.

Insulin-like Growth Factors (IGF) belong to the family of mitogens that have a crucial
role in terms of various cell signaling pathway including the regulation of cellular growth,
proliferation, differentiation, transformation and apoptosis [23]. The IGF is secreted by the liver
and is triggered by the action of growth hormone. As the name implies, the Insulin-like growth
factor is roughly 48% similar to pro-insulin in terms of sequence. In the early developmental
stages, both insulin and insulin like growth factors act as mitogens and promote cellular growth
and proliferation. However, in the postnatal stages of life, insulin acts as a hormone involved in

glucose metabolism while the IGFs retain their function as mitogens [24].

The IGF-1R is a transmembrane receptor comprising of two a subunits that are associated
with ligand binding and two B subunits that mediate the intracellular signaling pathway. The
IGF-1R is similar to insulin receptor in terms of structure and holds a significant sequence
homology. The extent of similarity is quite high and has been reported to be around 45-65% in
the ligand binding domains and approximately 60-85% homology exists in the tyrosine kinase

domains [25, 26]. Studies have shown that IGF-1R and the IR have evolved from common
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ancestral genes, although their functions vary but through the timeline of evolution, the structure
has remained highly conserved in both receptors [27].The a subunit of the tetrameric receptors is
extracellular and is rich in cysteine residues and has potential N-glycosylation sites (Asn-X-Ser).
The cysteine residues of the IGF-IR are specific for the binding of IGF, whereas the N and C
terminals of the IR are more dedicated towards the binding of insulin [28]. The IGF-1R as well
as IR comprise of several structural domains. Towards the N terminus lies the L1 domain, which
is the leucine rich repeat domain comprising the residue numbers 1-157, the second domain is
the cysteine rich domain comprising the region of residues 158-310 and having seven disulphide
molecules. The third domain is the L2 region, made up of residues 311-470. These domains
constitute the ectodomain regions of the receptors and are followed by juxtamembrane domains
and the intracellular C terminal ends that are associated with the internal signaling cascade [29].
Similar to the IGF-1R, the IR has a tyrosine kinase domain towards the intracellular side which
is flanked by two regulatory regions. The kinases have a binding cleft where ATP can bind. This
cleft comprises the activation loop (A loop) of the receptor. The said loop has crucial
phosphorylation sites; Tyr 1158, 1162 and 1163. The phosphorylation of these sites is central in
activation as it gives rise to the subsequent cascade and signaling pathways [30]. One of the
flanking regions plays a role in binding the IR substrates (IRS), this region is also known to be
involved in the process of receptor internalization [31]. The binding of respective ligands to the
extracellular domain of IGF-1R and the IR results in the autophosphorylation of the tyrosine
residue receptors, particularly, Tyr 1158, 1162,1163 are important in this regard [32]. The
phosphorylation of these tyrosine residues results in stabilizing the activation loop [33]. When
activation has not occurred, the Asparagine of the conserved Asp-Phe-Gly (DFG) motif points

away from the ATP binding loop; this is termed as the DFG-out conformation. When activated,



the Asp of DFG motif points towards the ATP binding cleft and the conformation is termed as
DFG-in[18]. The phosphotyrosines are competitive binding site analogues for the insulin
receptor (IR), insulin receptor substrate (IRS) and in some cases IGF1R. Upon binding, these
substrates are phosphorylated and lead to the activation of the PI3K and Ras-MAPK pathways. A
significant similarity exists in the pathways activated by IGF-IR and the IR, since they share a
number of components pertaining to the said pathways [34]. Binding of insulin to the IR receptor
mediates a complex signaling pathway that in turn is responsible for controlling various cellular
processes. Two main signaling pathways induced by the action of insulin are the
phosphatidylinositol 3-kinase (PIK3) / protein kinase B (PKB) pathway responsible for the
metabolic actions of insulin and the second pathway is the Ras- activated protein kinase (MAPK)

pathway which is responsible for control of cell growth and differentiation [35].

L1

Figure 1: Structural organization of IGF1R and IR structures adopted from [36-38]



Figure 2: A: Attachment of insulin results in structural change which brings f domain closer and
Phosphorylation takes place, B: The Apo state (or basal) where the is no phosphorylation is done prior to
attachment of insulin[36], C: A zoomed in Tyrosine kinase domain illustration, Purple: Nucleotide

binding loop, Orange: catalytic loop, Green: Activation loop [1, 39, 40]



The IR has two isoforms, IR-A and IR-B. The existence of two isoforms is due to the
alternate splicing of exon 11 in the IR, which results in a shorter form, the IR-A form, which
lacks a stretch of 12 amino acids and the IR-B form. The reason behind the presence of two
isoforms of the insulin receptor is speculated to be the different affinities of insulin binding as
per requirement at the organ/system level [41]. The two isoforms are differentially expressed on
plasma membrane and regulate the insulin signaling pathway by activating varying classes of
phosphatidylinositol 3-kinase (PIK3). The abundance of these two receptor variants is controlled
in a tissue specific manner. The IR-A is associated with fetal tissues and has also been observed
in cancer cells. Whereas the IR-B is predominantly associated with the tissues specific for insulin

metabolism [26].

Since the IGF-1R does not possess the exon 11, its structure is similar to the IR-A. The
similarity between IR-A and IGF-1R has been studied in detail and a number of facts have been
elucidated [42]. The IGF-1R is activated after binding to IGF-I whereas the IR is specific for
binding of insulin. Although the ligands for each receptor are different and are involved in
different signaling pathways however, there is well established data about binding of IGF-II to
the IR-A leading to its activation. IGF-II, which is normally required for the proper development
of embryo has an unclear role in the post-natal period [43], it has been positively associated with
the hyper proliferation of cells and establishment of malignancies. Furthermore, there is evidence
of a high number of IGF-IR present in transformed cells [44]. Physiologically, the IR is
responsible for binding of insulin and should ideally be present in the hepatocytes and the
skeletal muscles but it has been observed that IR is present in other tissues including the brain,

heart, monocytes, granulocytes, pancreatic acini, vascular endothelium, kidney and fibroblasts.



This observation suggests that IR plays a role not only in the insulin related metabolism but also

has functional roles in other systems[45].

High levels of insulin induce a higher level of serum IGF-1 which in turn have properties
of mitogen and promote anti-apoptotic behavior in cells. Hence chronic hyperinsulinemia has
been associated with carcinogenesis. The IGF-IR is not only involved in the process of
transformation but has also been found to play an important role in the maintenance of the
transformed state [46]. Therefore these receptors are associated with aggressive tumors. Over the
last two decades, studies have provided in depth evidence that the IGF-1R is present in various
types of cancers and that the blockage of this receptor provides a means of blocking the signaling
pathways that follow, particularly the Ras-Raf pathway which is important in providing
resistance to the tumors [47]. An increase in the components of the Ras-Raf pathway leads to
phosphorylation of the components involved in the Programmed cell death (PCD). Moreover, the
p53 cascade is affected negatively. The p53 down regulation is linked directly to the prevention

of PCD [48].

IGF-1R is involved in the proliferation of transformed cells, it is also involved in
transformation by oncogenic viruses [46]. As of recent studies, IR-A has also been seen in the
course of tumor genesis [42]. In cells where the IGF-1R and the IR are co-expressed, they form a
hybrid (IR-A/IGF-1R). The function of these hybrids is not exactly clear but their expression has
been observed in cancer cells. Studies on different myosarcoma cell lines revealed that IR-A was
predominantly expressed in sarcoma cells [49]. Most of the cancers express genes for the insulin
receptor (IR) as well as the genes encoding Insulin like growth factor 1 receptor (IGF-1R). The
IGF-1R has been indicated as important in cancers and its expression is positively associated

with the progression of tumor [50]. One of the key features noted in the expression of IR-A in



cancers is associated with its high affinity for IGF-I1, which leads to signaling pathways that are
involved in transformation and in evading apoptosis [51]. Targeting of IR-A alone would result

in hyperglycemia, leading to metabolic complications [52].

Since both, the IR-A and IGF-IR have been observed in various cancers, there is a need
to develop potential inhibitors that could block these receptors and in turn control the
transformation of cells. Previously, monoclonal antibodies have been targeted to block the IGR-
IR receptor. Additionally, small molecule inhibitors are being explored for their ability to bind to
the receptor and in turn block the binding of the original substrates in order to stop the rigorous
signaling followed by the receptor binding [3]. Small molecule inhibitors that can bind to the
tyrosine kinase domain have been reported to bind to the catalytic domain responsible for kinase
activity. One key point is the targeting of these receptors in their inactive state because the
inactivated ATP binding pocket is less conserved and hence a more reliable target. The activated
state is conserved among the kinase family and hence proves a promiscuous target. Therefore, a
better approach is to target these receptors by small molecule inhibitors when they are in the

inactivated or the DGF-out conformation [53].

The IGF-IR and IR both belong to receptor tyrosine kinases (RTKSs) and targeting any
one of them has shown to result in tumor resistance. The protein kinase domain of these
receptors provides a docking site for the protein kinase C (PKC) and protein kinase C related
proteins (PRP). The catalytic domain of kinases has two lobed; the N and C lobes. The catalytic
cleft is present in between these two lobes. Glycine is predominantly present in the N lobe. This
provides a potential for exploiting the binding pocket and directing small molecule inhibitors

against the RTKs [54].



Initial studies revolved around screening and development of small molecule inhibitors
against the IGF-IR only but there exist evidences for the role of IR-A in transformation and
maintenance of tumors. Targeting IGF-1R alone can have undesirable consequences and may
lead to implications that may strengthen malignancies [55]. There is increasing evidence that
repressing any one of the RTKSs is not enough, the other receptor, still functional, will do enough
to compensate and would lead to maintenance of the tumor. Elevated levels of insulin result in
higher signaling by IR-A. Also, there is evidence of IGF-II binding to IR-A resulting in an
increased in the mitogenic signaling in the transformed cells [56]. Therefore, a better approach
would be co-targeting both the receptors in order to make sure that the mitogenic signaling
cascade activated by both these receptors is down-regulated so that proliferative pathways that

lead to tumor formation can be stopped [57].

The prime reason for targeting the mentioned receptors is their established role in
cancers. Since cancer is among the leading cause of death globally, finding possible therapeutic
agents is of great importance. Studies have shown that targeting either IGF-1R or IR alone is not

enough, as there exists the liability of the counter-part being activated [55].

» Targeting the tyrosine kinase domain of IR-A and IGF-1R with small molecules.

» Screen dual/selective inhibitor of tyrosine kinase domain of IR-A and IGF-1R.

* ldentify novel, potent and more promising inhibitors of IR-A and IGF-1R by the

development of in silico approaches.

« Determine the 3D structural features of inhibitors of IR-A and IGF-1R.

» To understand molecular basis of interaction of small molecules with IR-A and IGF-1R



Finding novel small molecule inhibitors that can bind to the tyrosine kinase domain
common of both the receptors is a direction that can help bring down the ill effects that are
associated with the mitogenic pathways activated as a consequence of ligand binding to the
respective receptor. Therefore our approach is to search for the dual inhibitors that can
simultaneously target both, IGF-1R and IR in order to increase the efficacy of chemotherapeutic

agents being designed to curb the casualties of a fatal disease.



Literature Review

Both, the IGF-1R and the IR have an extracellular domain having an o subunit and a 8
subunit that is the transmembrane domain and has a tyrosine kinase activity. The insulin-like
growth factor receptor (IGF-1R) and the Insulin Receptor (IR) have a phylogenetic relation that
traces back to a common ancestral receptor. Although the structural similarities are striking but
the ligands for both the receptors are different. Insulin is the ligand specific for binding and

activation of IR while the IGF-1R is activated by the binding of IGF-I and IGF-11 [58].

Extensive research has been done on searching probable inhibitors of IGF-1R due to its
role in various cancers. But more recently, the role of IR has also been observed in certain
cancers. In fact, many tumors show an elevation of both these receptors [42]. Since the
establishment of the fact that both receptors are responsible for cancer progression and can be
targeted simultaneously [59, 60], a deluged amount of studies have been performed as SAR, X-

ray crystallographic as well as docking and pharmacophoric studies.

Drug binding site:

It has been assented that the affinity of binding pocket of IGF1R and IR vary [61].Pocket
has been identified by Ward et al. They declared that CT peptide residues are critical in ligand
binding, particularly F714 in case of IR and F701 in IGF-1R. It has also been established that
any change in this particular peptide region is known to nullify the ligand binding property of the
respective receptor [62]. Another key point has been noted that the tyrosine kinase residues 1158,
1162 and 1163 are important in the activation loop and they serve as potential docking sites.

Later, The catalytic loop region from 1103 — 1112, activation loop region ranging from 1122 —
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1144and also the phosphate binding loop between 1 and B2 (Fig: 2 (C)) have been proposed by
Munshi et al. to play an important role in the activation of the domain and ATP binding.
Furthermore, it has also been elucidated that this pocket arranges itself into two forms as “DFG
out” in the in-activated and “DFG in” in the activated states because of the motif’s direction
towards or away from the ATP pocket [40]. Interestingly, it has been reported that the ATP
binding site of both IR and IGF-1R have a high degree of sequence similarity and this pocket has

been targeted in a number of studies[59].

Structure Activity Relation (SAR) studies:

Structure Activity Relation (SAR) studies are based on the principle that similarity of
compounds will lead to similar binding properties to the respective receptor. Keeping this in
view, compounds against IGF-1R have been identified by SAR studies. Taha et al. have
considered QSAR modeling for Human protein tyrosine phosphatase inhibitors from a diverse
subset of 154 training compounds and concluded that pharmacophore modeling is a better
strategy to mine against virtual libraries and have identified few inhibitors which match the
pharmacophore query. On the other hand, the QSAR modeling multilinear regression equation
demonstrated the positive contribution of logp suggesting that hydrophobic ligand have superior
inhibitory properties. Similarly, overall topology, sum of all energy states and inhibitor’s length
plays a vital role in its inhibitory property [63].The Receptor guided 3D QSAR studies have been
delineated to have potential of obtaining more potent ligands against the IGF-1R receptor. For
this, Muddassar et al concluded by comparing receptor guided and structure guided CoMFA and
CoMSIA studies on a series of 54 1, 3-disubstituted imidazole [1,5-a] pyrazine derivatives that

steric and electrostatic field play important role in receptor ligand affinity. They further
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concluded that receptor guided QSAR is more accurate in predicting the binding residues

interactions[64] while IR has not yet been modeled as 2D/3D.

As many as 50 or more compounds from different classes of inhibitors have been
reported to bind to the said receptors [3]. All these compounds have a common core structure but
their pattern of binding is different. In such cases, 2D and 3D SAR studies are required in order
to determine the different peripheral groups that are involved in protein binding [65, 66].
Keeping this in view, Sperandio et al. performed SAR studies on a class of 4,6-bis-anilino-1H-
pyrrolo[2,3-d]pyrimidine for IGF1R. This was executed on a query compound without the
protein structure to see which peripheral groups are rather available for protein binding to show
steric hindrance of the compounds [65]. The principle of aligning common parts has been
exercised for QSAR studies which revealed the positive charge and electron density played
important role in depicting activity of the compounds. Likewise, comparative QSAR studies for
different RTKs on experimental data have also been done to elucidate the important factors for
the binding pocket and the conclusion revealed diverse results for hydrophobicity, electronic and

steric effects [67, 68].

A study was performed by Liu X. et al. for SAR studies on thiazolidinediones (TZD) as
inhibitors of IGF1R. They showed that their optimization of the series led to discovery of two
potent analogues from Novel 5-benzylidenethiazolidine-2,4-dione (compound 5) and
5- (furan-2-ylmethylene) thiazolidine-2,4-dione (compound 6) with IC50 of 57 and 61 nM. The
purpose of their study was to exemplify the improved efficacy of novel compounds on IGF1R
than IR, which was believed that this potency was due to the H-bonds present on TZD moiety as
it played a pivotal role in anchoring the pose into the receptor. They further validated their

results via hierarchical virtual screening and pharmacophore modeling [2].
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In silico drug design and SAR studies for the binding of small molecule inhibitors related
to bis-azaindoles were performed and a 3D homology model was constructed using the 3-
phophorylated IGF-1R structures that were ATP-bound. A number of modifications and ligand
screenings led to a series of potent azaindolesanalogues that showed binding modes for IGF-1R.
The overall tenfold selectivity was observed by N-4 at indole moiety [52]. COMFA and CoMSIA

require structural 3D alignment according to a template to work.

In addition to the bis-azaindoles, a class of compoundsbelonging to the group of 4-amino-
1H-pyrazolo[3,4-d] pyrimidineinhibitors were studied and they showed that steric bulk is
unfavorable for its low activity which was in agreement with their docking studies stated
elsewhere. The cross validation of the 3D- QSAR model gave a high cross correlation of qured,:

0.590 [69].

A 3D-QSAR study on traditional Chinese medicines (TCM) has been performed by
Chang et al. which revealed 3- (2-carboxyphenyl) -4 (3H) -quinazolinone from lIsatisindigotica,
(+) -1 (R) -Coclaurine from NelumbonuciferaGaertn and (+) -N-methyllaurotetanine from
Lindera aggregate potent inhibitors of IGF1R. The purpose of their study was to develop
memory enhancing candidates but because of COMFA and CoMSIA, Multiple linear regressions,
Bayesian networks, support vector machine and MD results of these candidates gave evidence
for stable complexes with IGF1R for its inhibition. The predicted Bioactivity also suggested that

these candidates had drug like properties [70].

In line with different classes of compounds being explored as potential inhibitors, a novel
class of azapeptide’s sub monomers was explored by Kurian et al. The preliminary results of the
SAR from the series of azapeptides adopted folded structures in solution; the Ac-DlazaYET-

NH2 displayed a stable B-turn geometry that was found to translate to 5-fold increase in IRTK
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inhibitory activity relative to the parent pentapeptide at 400 pM. It was confirmed via assays that

it was able to inhibit<70% of the activity of RTK [71].

Molecular Modeling:

The molecular modeling started when 21 homology models of IGF1R were built in order
to assess the ability to differentiate between active and inactive via high throughput docking. All
the models built yielded different enrichment factor from few folds to 12 folds. The performance

could also be observed from good to worse, compared with crystal structures [72].

Later, IGF-1R along with Focal Adhesion Kinase (FAK) was modeled, which showed an
important role of IGF-1R in the progression of cancer. The kinase domain of both these receptors

were shown to interact and hold a potential site for the binding of small molecule inhibitors [73].

It was also reported that studies on minima-mining based on simulated annealing
approach for 3 unbound Insulin receptor structures wereprepared by applying weak RMSD
constraints. In spite of conventional protocol, this study ran many successive short cycles lasting
certain picoseconds. After having many minima, clustering and connecting centroid structures

based on similarity produced structures [74].

An attempt was made by Hung et al. from TCM for inhibition of RTK of IGF1R. For
this, they executed molecular dynamics (MD) for stable bound complex and found that Leu975
and Gly1055 or Asp1056 were key ligand binding residues[70]. In addition to MD Group based
quantitative structure activity relationship (GQSAR) was performed and the models generated

showed site-specific clues for the design of potential IGF-1R inhibitors [75].
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The literature is silent about the modeling and SAR studies of Insulin receptor for the
purpose of inhibiting the tyrosine kinase domain. Fewer studies have been found regarding the

IR in silico approaches.

Molecular Docking:

Tahaet al.demonstrated docking upon the models they build via QSAR modeling. Their
docking results suggested that pyrimidinedione head of 157 was hydrogen bonded to the
Arginine221 which truly maps with the selected pharmacophore model’s HBA feature. Besides
HBA the pentylene chain was fitted against the hydrophobic feature and acid moiety was
consistent with negative ionizeable feature of the pharmacophore[63]. Furthermore, a high
throughput docking (HTS) on 21; template built homology models of IGF1R was carried with
GLIDE of GOLD by Ferrara et al. They deduced that size of the pocket matters and few regions
in the pocket are more conserved than any other. This study was performed on three crystal
structures; two having ATP (1JQH) and NVP-AEW541, while the third structure was in inactive
state (IP40). Moreover, the rigidity of the receptor was found to be the key element in HTS.
Further, Docking performed on smaller size of the pocket gave worse results than bigger pocket

[72].

Another study took IGF-1R coordinates from protein databank (1JQH) for molecular
docking. The ATP binding site/active site was used for docking with a radius of 6.5". With the
generation of 100 poses for ligand (structure A) they understood the receptor-ligand interactions
and also showed key interactions where the ligand could bind for its inhibition which revealed

several key residues i.e.M-1082, K-1033, D-1086, G-1006, and L-1005. It was evident from their
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study that hydrophobic region of ligand binds with the hydrophobic pocket of receptor.

Moreover, two HBA with K1033 and M1082 and one HBD with E1080 were proposed [64].

The first known inhibitor of IGF1IR by NCI was developed by docking 1-aza-9-
oxafluorene ring derivative with 4-benzylamino substituent via GOLD. The docking model
showed H-bonding with Met1082 (IGF-1R) found in the hinge region of the ATP pocket

[76].This also correlated with the residues found by Muddassar et al.

In wake of the above study, aryl-heteroaryl urea (AHU) scaffold was used by Engen et al.
for identification of small molecular inhibitors of IGF-1R. They chose the hetero-aryl ring
system which contained the 4-aminoquinoline framework that holds the potential of enhanced
binding with the ATP binding cleft of the receptor kinase domain. They practiced modifications
of the basic ring system framework and docked ligands into the active site of IGF-1R. Their

results include a series of ligands that consistently bind to the active site of IGF-1R [77].

Li et al. have performed docking using genetic algorithm of GOLD V3.0.1lof 25
compounds of class 4-amino-1H-pyrazolo[3,4-d] pyrimidines inhibitors to generate binding
affinities and positions of the said class in the active site of IGF1IR (3LWO). It has been
concluded that, although the class has larger molecules than the already present inhibitor found
in the structure they have used. Still the conformations, binding free energies and predictive
activity had a good correlation with already docked inhibitor CCX [69]. Subsequently,
DiallyDisulphide (DADS), a compound of garlic was docked against the IGF-1R and showed 7
possible interactions [78]. Meanwhile, Huang et al. executed docking protocol on insulin
receptor with hexapeptideGDYMNM and deduced that there are two docking pathways for this
receptor’s tyrosine kinase domain. From these two pathways one was able to bring hexapeptide

closer to ATP and produced a conformation able to phosphorylate, while, the other couldn’t.
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Their structural analysis showed that activation loop having hydrophilic residues along with few

others might play a crucial role in peptide binding kinetics [74].

Mahajanakatti et al. performed multiple receptor docking to elucidate the binding ability
and inhibitory potential of curcumin against the kinase receptors known to be up regulated in
cancers [79]. This study showed binding potential of selected natural compounds to a number of

kinase receptors associated with cancers, including the IGF-1R receptor.

Other than that, high throughput virtual screening and extra precision docking were
performed by Abdullahi et al. on 164 inhibitors extracted from Binding-DB of BMS-754607, 2,
44-disubstituted pyrrolo [1, 2-f][1, 2, 3] triazine dual inhibitor and a non ATP-competitive
inhibitor with bioactive values in order to identify ligands that had the best binding ability

towards the IGF-1R [75].

Supplementary to above, docking of a dataset of 68 compounds from IBS natural library
(In-terBio Screen Ltd) and anticancer nature compound on IGF1R and IR was done with the help
of GLIDE from Schrodinger. From this study a compound named EGCG
(epigallocatechingallate) was found to be active and reliable against IGF1R but not with IR.
Further investigation revealed that it reduced the cell proliferation, and mRNA expression,
oxidative stress of IGF1R. It also showed interaction pattern with Val983, Leu975, Alal001,
V1033, M1049, L1051, M1052, M1112 and F1124. Moreover, interactions like lipophilicity,

hydrogen bonding and =-x stacking played a pivotal role in receptor- ligand active site[80].

Furthermore, recent studies demonstrated that V1010,A1028, V1060, M1076, L1078,
M1079, A1080 and F1151 are involved in the hydrophobic interactions of IGF1R and IR with

Benzo a pyroneflavonoid [81].
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Pharmacophore Modeling:

Taha et al. elucidated that two HBAs and hydrophobic areas with one negative ionize
able feature are important for inhibitors to occupy the selective features using HipHop-REFINE

software [63].

Liu et al. developed a pharmacophore model of IGF-1R that characterized three hydrogen
bonds of the hinge region backbone with the inhibitors. Among these, two are hydrogen bond
donors target the backbone E1050 and M1052 along with one hydrogen bond acceptor that target
M1052 amide group. They used this model to find pharmacophore contrived by TZD, based
potential hits in order to minimize the chances of any errors or mishit being included in targeting
ligand against the IGF-1R [2]. Ramdhave et al. built 7 different pharmacophore models against 7
different inactive co-crystal structures of IGF1IR (PDB IDs; 2ZM3, 3F5P, 20J9, 3D94, 3181,
3023 and 3LVP) and did virtual screening against SWEETLEAD database. All the
pharmacophores built had positive ionizable group on the hinge Nitrogen atom except 3D94.
They identified 9 hits after visualizing S-score and docking into inactive IGF1R co-crystal
structure which also satisfied key residue interaction patterns. Their work needed experimental

validations based on their study [82].

Dual inhibitors of IGF-1R and IR:

Benzimidazole based dual inhibitors of IGF-1R and IR have been studied and have
shown favorable results in inhibition of the mitogenic cascade. Pyrazolopyramindines have also
been tested and have shown good inhibition of both receptors, their binding mode involves a
hydrogen bond interaction with the residues Glu1050 and Met1052 of the hinge loop [59]. This

interaction has been pointed as a key feature in disrupting the P loop and the Active loop of the
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receptors which results in an overall inhibition of the target receptor. The pyrrolopyrimidine
ligands interact with the hydrophobic back pocket and their binding induces significant reduction

in the level of phosphorylation and hence the subsequent signaling pathways.

The dual inhibitor strategy is relatively new and has paved a wide area of studies as there
exist a number of binding conformations for different compounds. Understanding the binding
modes of different compounds shall require a context dependent approach in order to gain an

insight into the varying drug selectivity profiles.

Co-targeting of IGF-1R and IR:

Although, the insulin receptor (IR) is involved in the metabolic pathways in routine but
there exist evidences that point towards its high expression in cancer. Particularly, when small
molecule inhibitors are targeted against IGF-1R, it has been observed that the tumors switch
towards IR as an alternative to keep up with the proliferative pathways and the mitogenic
cascades. Co-targeting was started as early as in 2006, when Haluska et al. gave in vivo and in
vitro proves of dual inhibition of both receptors with BMS-554417 [83]. Recently, it has been
suggested that dual targeting of receptors could be helpful to evade from compensatory crosstalk
as a survival mechanism generated in the presence of solo target i.e. IGF1R, thence, giving
bigger therapeutic window and beneficial response. This being blocked, the unwanted

proliferation and subsequent tumor survival will subside [59].
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Table 1 : Insulin Receptor (IR) Tyrosine Kinase Domain; Data for Structural Comparison of the Binding

Pocket
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http://www.rcsb.org/pdb/explore/explore.do?structureId=1P14

Table 2: IGF-1R Tyrosine Kinase Domain; Data for Structural Comparison of the Binding Pocket
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Methodology

Since it has been established that co-targeting both receptors would be the best policy, the
dataset of total 33 dual inhibitors of IGF1R and IR was extracted from the literature. This dataset
was diverse and belonged to different classes of compounds i.e. imidazopyrazine,
imidazopyridine, pyrrolopyramidine, quinolines, cyanoquinolines, isoquinolinedione series and
several others[1, 3, 6, 9, 11-15, 17-19, 21, 106-109]. This record proved to be insufficient for
building any reliable hypothesis because of its diversity. A total of 14 more modulators were
extracted from literature [2, 4, 5, 10] which were more selective towards IGF1R than IR. This
divided the data into two halves; ‘selective’ and the ‘dual’. The Combined sum of 47 modulators
was then used in different methodologies in search of results on said hypothesis. All the 1Cs
values from the database were converted into plCs, for data simplification by taking the negative
natural log of molar units of the potency. The following structures show the comprehensive

database made for evaluation.

-~

=g
Ay

“(O‘\ \

PIC_ ("M) = IGF1R/ IR=8.6/ 8.7 [16] PIC_ ("M) = IGF1R/ IR=8.6/ 8.7 [16] PIC_ (M) = IGF1R/ IR= 9.5/ 9.3 [20]




PIC_ (nM) = IGFIR/IR=8.0/73 [6] PIC_ ("M) = IGF1R/ IR=7.8/ 7.1 [6] PIC_ ("M) = IGFIR/ IR=8.3/ 8.3 [13]



4
4
P
N

G F
F
PIC50 (nM) = IGF1R/ IR=8.1/8.1 [13]

\
S:
V4 ci 7/\},
PIC_ (M) = IGFIR/ IR=7.1/722 [3] PIC_ ("M) = IGFIR/IR=7.0/7.1 [17] PIC_ (nM) = IGF1R/IR=8.0/8.1 [21]



@L?
é

F
PICSO (nM) = IGF1R/ IR=8.7/8.7 [21] PIC (nM) IGF1R/IR=7.4/7.1 [3] PIC (nM) IGF1R/ IR=7.7/5.5 [3]

o«
o

=

O—u

(—N
* ~ @
PIC50 (nM) = IGF1R/ IR=7.0/5.6 [7] PIC (nM) IGF1R/ IR=8.0/ 8.6 [15] PIC (nM) IGF1R/IR=6.3/6.4 [19]




PIC_ ("M) = IGF1R/ IR= 6.9/ 5.5 [10] PIC_ ("M) = IGF1R/ IR= 6.6/ 5.4 [10] PIC_ ("M) = IGF1R/ IR= 7.4/ 5.5 [10]

26



Br
Br

PIC50 (nM) = IGF1R/IR=7.3/5.5 [10] PIC50 (nM) = IGF1R/IR=5.7/ 4.4 [2] PIC50 (nM) = IGF1R/IR=5.1/4.1 [2]
0 ’<‘

) A
y :
N 7
7 o)
0 od
o —
cl —_
Br
o

PIC_ ("M) = IGFIR/ IR=5.0/ 4.0 [2] PIC_ (M) = IGFIR/ IR=7.2/55 [2] PIC_ ("M) = IGFIR/ IR=7.2/ 4.7 [2]

o 0O
5/4 ’(
N N
Z 7
(o]
o}
0”7\ QI
P— — (o)
I
Cl c 'H/
cl Cl

PIC_(nM) = IGF1R/ IR= 5.7/ 45[2] PIC_(nM) = IGF1R/ IR= 55/ 4.2 [2] PIC_(nM) = IGF1R/ IR= 5.1/ 4.6 [5]

27



4 9
(o)
(o)
o Br

PIC50 (nM) = IGF1R/ IR=5.1/ 4.2 [4] PICSO(nM) = IGF1R/ IR= 4.8/ 4.3 [4]

Figure 3: Complete 2D structural Database of dual and selective inhibitors with their —ve natural log of
Molar concentrations extracted from literature.

2D QSAR

A traditional multivariate analysis known as Hansch analysis [110] was performed using
Molecular Operating Environment (MOE 2007 v10). Physiochemical molecular descriptors were
computed after building 3D structures and energy minimization of the inhibitors of interest in
MOE and the descriptors were short listed based on QSAR-contingency table analysis [111]. The
QSAR equation was derived from Multi linear regression (MLR) or Partial Least Square analysis
(PLS) to establish the relationship between the descriptors and the biological activities.
Biological activities of the test set that was excluded from the model development can be
predicted by cross validation of model. This was done by taking g* by classical “leave one out”
(LOO) method based on. The g° derived was built with n-1 compounds and the nth compound

was predicted. The g° must be greater than 0.5 to be considered as significant.

Another application of the 2D-QSAR was the prediction of important descriptors that

contributed in the biological activity of the compounds. “The rule of thumb” was used to
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calculate or discretize the descriptors up to 5 per molecule. This was done by removing each
parameter according to their relative importance and by visualizing autocorrelation matrix i.e.

high interrelationship between parameters produced by MOE as its built-in function.

GRIND Models (3D-QSAR)

The sketched inhibitors in MOE had 3D conformations. From these conformations
certain types of 3 dimensional conformations were generated and along with their biological
activities they were imported into Pentacle v 1.06 [112]. Then, Molecular Interaction Fields
(MIFs) were computed using probes i.e. hydrophobic interactions (DRY'), Hydrogen bond donor
(O), Hydrogen bond acceptor (N1) as H-bond acceptor and Topology representing the molecular
edges (TIP). The maps of 3D interaction energies were made automatically via software between
molecule and chemical probes. The MIFs were calculated by replacing each probe iteratively

through the GRID and total energy at each node was computed. Total energy at each node is the
sum of Lennard-Jones energy (Ej;), electrostatic energy (Ee), and hydrogen bond energies (Enp)

at that point.
Exyz = EEU + XE, + XEqp

Most relevant regions from the calculations of energy nodes were extracted by a built-in
algorithm called AMANDA [113]. Default cutoff values for probes were used to discretize the
MIFs. Nodes with energy below the cutoff values were discarded. Consistently large auto and
cross correlation (CLACC) [113] algorithm was used for encoding the pre-filtered nodes into
GRIND thus producing consistent sets of variables. The calculated values were represented via

correlograms plots. This correlogram was made by plotting the products of node-node energies
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vs. the distances separating the nodes. The auto and cross correlogram had following pairs of
nodes: DRY-DRY, O-O, N1-N1 and TIP-TIP as auto-correlograms and DRY-O, DRY-N1,
DRY-TIP, O-N1, O-TIP, and N1-TIP as cross-correlograms. A 3D-QSAR model is built
against Partial Least Square (PLS) and the assessment of the quality is cross validated by g2 and

Standard error of prediction (SDEP).

Structural comparison

Besides searching for small molecular inhibitors, a 3D receptor structural search was also
performed which gave different structures that could be used in the analysis. Specifically human
origin structures were chosen in activated (2P, 3P) and inactivated (OP) forms. Following two
tables (Table 5 & 6) are the complete list of IGF1R and IR co-crystal structures found. From this
crystallographic database of receptors, the structural comparison of the tyrosine kinase domain of
IR (Table 1) and IGF1R (Table 2) was done. After matching the pocket residues and loop
comparison, it was critical to choose IGF1R and IR structures for analysis based on their
geometry and 3D coordinates. For this, these structures were aligned and on the basis of RMSD,
that used blossom62 [114] matrix calculation methodology. Moreover, it was also seen whether
the Co-crystal structures are recently published and they have higher resolution. On account of

above comparison, PDB ID 5HZN of IGF1R [96] and PDB ID 5ES1 of IR [115] were selected.

3D conformational analysis

All the molecules from the database had no energy minimized conformations for the reason
that they were either downloaded from the web portals or built using MOE software. Number of
techniques was used to produce native conformations against database entries. The intent was to

find out the best fit, optimal, stable and reliable conformation for hypothesis. It was understood
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that these conformations could interact with macromolecules under observation with optimal

binding affinity. Different algorithms for the production of native poses were used which could

be found as following:

Stochastic search - The conformational import was done via MOE’s inherent
application. Molecular force field function deployed in MOE as MMFF94 was used for
energy minimization. Fragment based methodology was also used where molecules were
divided into overlapping fragments whose conformations were considered independent
before the complete assembly of the molecule. This process included the initialization of
bond rotations and random inversion of all the chiral centers following bond rotations to
randomized dihedral angles (possibly multiples of 30°or 60). Later, perturbation of all the
atomic positions was done. The Cartesian coordinates were energy minimized at the end

[116].

Extended conformations -Concerning the degree of molecular freedom or extension was
optional to achieve geometrically or extended conformation which had been observed to
impact on biological activity[117]. An online web based portal “CORINA” [118] was
used for the generation of extended conformations. The database was processed to
produce such poses rather than compact frames. Input was given in the form of smiles.
By default it was robust and handled the stereo chemical information of the molecules to
generate low energy conformations via neutralization of formal charges, orientation of
the 3D structures with reference to their moment of inertia and removal of counter ions in
salts if any.

Docked poses - Docking runs were performed against IGF1R protein for the generation
of poses that could be considered as bioactive conformations. First, the co-crystal ligand
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was re-docked into the receptor with different combinations of placement and scoring
functions. Later, finalized pair of scoring function and placement method was used to
dock the complete database. This resulted in formation of large databases of poses for

each ligand.

Energy Minimization- An MOE based application for energy minimization of database
was performed which used molecular mechanics and force field based algorithms. This
application calculated atomic coordinates that are local minima of the energy function.
These dynamic simulations and vibrational analysis were done using the supported
energy function in the package i.e. AMBER, CHARMM, MMFF94, etc. [119].

Complex minimized poses- Each finalized conformation from the docked poses was
then energy minimized taking receptor surroundings into account using the same force

field function as it was used in “Energy Minimization” methodology.

Pharmacophore Modeling

The Database of dual as well as selective inhibitors was imported into MOE and a stochastic

conformational search was executed to obtain energy minimized conformations which could be

said to be stable for molecular interactions. It was considered that these conformations were

bioactive conformations. These conformations were packed and merged with the original

database. Finally, the comprehensive database was used to build Pharmacophore [120, 121]. The

features were built against abstract conformations. Typical pharmacophoric features that were

used to build the model were:

Hydrophobic centroids
Aromatic rings
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e H-bond acceptor
e H-bond Donor
e Cations &

e Anions

Two types of pharmacophores were built; structure based and ligand based. For ligand
based pharmacophore, a ligand with highest potency was chosen. Later, pharmacophore mapping
was done by identifying and placing the common binding features deemed to be important for
the biological activity. After the identification it was then screened against the packed abstract
representation of the conformations to generate “hits” which could be considered as active
entities from the distinct bioactive conformations. It was assumed that the pharmacophore
holding the most potent ligand’s features was able to identify novel compounds that bind to the
same site in a similar fashion as the known compounds do. For the sake of model hypothesis
validation, the Matthew’s correlation coefficient was derived from the True positives (TP), True
negative (TN), False positives (FP) and False negatives (FN) hit rates. The threshold set for the

quality assessment was 0.5 or greater.

For a 3D structure based, the strategy was to obtain a pharmacophore based on the
binding site of the receptor [122]. It was hypothesized that the inhibitors from the database binds
in a similar fashion with receptor, then common group (features) could interact with the same
protein residue. This information was extracted from the region defined by the automated
program. A similar fashion of search for hits and model assessment was performed as it was

done on ligand based pharmacophore.
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Docking and Pose analysis

Dock application from MOE was used to produce optimal fit configurations of the
inhibitors and macromolecular target (IGF-1R & IR). For each inhibitor from the database, a set
of conformations were generated and scored in an effort to determine favorable binding mode.
Prior to docking the database, a site was required to be found for ligands to bind. For this, A grid
representation of the molecular volume by Hendlich et al. [123] to locate the binding site for
ligand was performed. A built-in application of the MOE known as “Site Finder” based on Alpha

Shapes was used to determine the binding pocket automatically[124].

The first choice for docking was to perform runs consecutively with each member of
ensemble by using rigid-receptor docking [125-128]. The docking protocol was optimized in
such a way that it could be used for different stages which could be integrated into the
framework. The dock algorithm [129]automatically generated 3D conformations which seemed
to be optimal fit into the pocket with the help of ‘Placement method’ for ligand placement.
Following placement methods were used in the optimization of protocol

e Alpha Triangle
e Triangle Matcher
e Alpha PMI

After the placement of the ligand into the pocket it was then scored having stress on
favorable ionic, hydrophobic and H-bond contacts. The variability of the scoring functions as
determined by Corbeil et al.[130] was considered. The lower the score, the better the pose was
considered. Following scoring functions were used

e London dG Scoring
e Affinity dG Scoring
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e Alpha HB Scoring

Upon several combinations of placement methods and scoring functions for docking; Alpha
PMI and Alpha HB was considered final for further dockings and analyzation. Once Docking
runs were performed the generated databases of optimal conformations for bioactive interactions
between molecules and receptors were further analyzed via consensus scoring. It was then used

for GRIND, QSAR, Pharmacophore and virtual Screening.

Consensus scoring

After the dock application run for database (Table 1) a large conformational space was
produced via particular scoring function and placement method. The whole of the information
was transferred into excel spread for analysis. It has been reported by Charifson et al.[131] that
3-4 scoring functions are sufficient for deducing good results. The poses generated were sorted
according to their relative scores (rank-by-number). Different scoring functions were used again
for ranking the same conformational space. After all the scoring functions were utilized for the
same space they were ranked according to their scores assigned later (rank-by-rank). Finally, the
average was taken for each entry and then the ranking was performed again on the basis of
average voting for top 10% to produce final rank upon which decision could be made (rank-by-

vote).
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Figure 4: Relationship between scoring functions used in consensus scoring (X-axis) and the total

solution (Y-axis) [132]. Solid bars were for rank-by-number and hollow bars were for rank-by-rank

strategy.

Following assumptions were taken into account before the rank analysis;

e All the compounds were docked perfectly

e For convenience, it was ruled that the each scoring function had accuracy at the same
level for the database.

e Each scoring function was independent to each other.

Virtual screening

A reliable, cost-effective and time saving technique for the discovery of leads and hits
generation virtual screening technique was used. It was used more likely in a sense to produce

successful clinical candidates.
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The Pharmacophore generated was screened against “World Drug Index” [133] and
“ChemBridge” [134] databases. This performance was done on the basis of structural based
virtual screening. The GUI used was of MOE where software first checked whether the
compounds from the databases to be screened had functional groups required by the
pharmacophore or not. Following this, the algorithm checked for the 3D spatial arrangements of

these compound that matches the query [124].
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Results and Discussions

2D-QSAR

In line with previous QSAR studies performed our 2D-QSAR models on smaller data of
dual inhibitors showed topological surface area (TPSA) as important descriptor. Nonethless, the
statistics was not promising upon which any conclusions could be made. Further analysis of the
subject series of dual inhibitors revealed three outliers for each receptor (IGF1R and IR). The
Isoquinilinedione compound 33, BMS-754807 and Cyanoquinoline compound 29having tertiary
groups, 6-floro-3-pyridilsubstituent and piprazine moiety were responsible for their behaviour as

outlier.

A totall of 47 inhibitors were incorporated into MOE v2007.09 as binary input. The dual
inhibitors for IGF1R and IR were considered “1” and selective inhibitors for IGFIR were
considered “0”. Physico-chemical descriptors were calculated against the database. After
removing the unneccessary descriptors the overall statistics delineated a_don and vdw_vol
asimportant descriptors. The statisctics testified a promising trend towards the acceptance of the
model.While the decision based on p- value was also acceptable because with various other
descriptors i.e. TPSA, logp, mr, SMR, Energy, etc. the p-value was higher.To further verify the
model it was tested via classical Leave one out (LOO) method, which demonstrated a drastic
increase in the p-value. This study was in line with pharmacophoric model [2] which stated two

H-bond donor play vital role in the interactions.
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Table 3: Binary model of IGF1R and IR obtained from Hansch analysis

Descriptors Total Accuracy Validated P-value Validated P-

Accuracy value

Structural comparison

The co-crystal structure of human origin Insulin like growth factor receptor-1 (IGF1R)
and Insulin receptors (IR) were compared for structural comparison. Several structures (table 1 &
2) were aligned togeather to gain insight about the sequence similarities and structural

deviations.

Table 4: Comparison of co-crystal structures of IGF1R and IR

IR IGF1R RMSD Chain similarity [%]

41BM [18] 3181 [101] 2,575 77.4/77.9

41BM [18] 4D2R [97] 2.539 78.3/79.9

5ES1 [85] 3WLO [99] 2.036 75.7/77.8

SHHW [96] 3WLO [99] 2.065 80.5/76.8

On the basis of above mentioned comparison of IGF1R and IR chains, 4IBM (IR) and
3WLO (IGF1R) were chosen finally. This selection was made to opt the docking protocol that

best suits the co-crystal structures of both receptors. Further, refinement was obtained via
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comparison of similar co-crystal structures of IGF1R. This comparison prioritized the utilization

of 5SHZN for the docking protocol when compared with 3WLO0 which was previously selected.

Table 5: Comparison of co-crystal structures of IGF1R

IGF1R IGF1R RMSD Chain similarity [%6]

4D2R [97] 5HZN [96] 4.075 95.9/94.7

Docking/ pose selection

Initially docking was performed on a smaller dataset of 33 dual inhibitors. The 3D
conformations of inhibitors were intially minimized by calculating atomic coordinates that are
local minima of the energy function using molecular mechnics and forcefield based algorithms

[119].The pdb structure 5SHZN (IGF1R) used as atarget was also minimized in a similar fashion.

Table 6: Placement methods and Scoring functions combinations used in docking

S.No Placement Scoring Fn. E_Score RMSD (A) Rank Residues involved
Method

2. a PMI a HB -116.528  2.3095 6 Lys 1030, Phe

1151, Glu 1077
(Chosen)

4. a Triangle Affinity dG -3.7146 2.4203 1 Lys 1030

6. a Triangle London dG -16.1993 2.0046 56 Lys 1030, Phe
1151, Gly 1152



Triangular -113.7775 2.6610 5 Lys 1030, Glu
matcher 1077

Dock application[129] from MOE was used to produce optimal fit configurations of co-
crystallized inhibitor (NVP-AEW541) and macromolecular target (5HZN). A set of
conformations were generated and scored in an effort to determine favorable binding mode.
Three different placement methods and scoring functions were utilized in an effort to produce
optimal fit that best matches with the co-crystallized conformation and also the
interactions. The co-crystal information (Fig 4) was matched against the final pose obtained via
docking (fig 5) of the similar compound. In addition to Lys 1030, new interactions i.e. Phe 1151,
Glu 1077forming hydrophobic interactions were found. Almost 900 conformations with different
placement methods i.e. Alpha Triangle, Triangle Matcher, Alpha PMI, were generated which
were found to be optimally fit into the pocket of the receptor. Later, these conformations were
scored via scoring function algorithm based on favorable ionic, hydrophobic and H-bond
contacts and the variability was considered [130]. Poses having lower scores were considered for

further analysis.
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Figure 5: Co-crystal (Blue) and docked (Purple) conformation interaction pattern

Upon several combinations of placement methods and scoring functions for docking;
Alpha PMI and Alpha HB was considered final for further dockings and analyzation.

This combination was used to perform docking runs for the database of dual inhibitors.
The pose generation threshold for each inhibitor was set to be 100. The generated databases of
optimal conformations for bioactive interactions between molecules and receptors were further
analyzed via consensus scoring. The product of docking runs was rescored in order to extract the
information of the best bioactive conformation. It was then used for GRIND, QSAR,

Pharmacophore and virtual Screening.

Consensus Scoring

An excel spread analysis was performed on the solutions produced by the docking
optimization. It was already published approach to use 3-4 scoring functions. Ranking was
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performed according to the relative scores via rank-by- number approach. Later, rank-by-rank
approach is used for the second rescoring function [131]. Finally, the ranking on top 10% was
performed via rank-by-vote for each entry based on the consensus produced by the average taken

against each entry.

Ranking of S1 Topl0ofS1

Rankingof 52 Topl0ofS2
Affi |nrty dG/

Score 3 Rankingof S3 Top100ofS3

SUM of Each Score

Top10_Abs. of S1

Average Topl0Abs. of S2

Top10Abs. of S3

Figure 6: Consensus scheme used to produce best solutions.

S1*= scoring scheme named a-HB used previously while redocking the co-crystal ligand.
S2*= London dG.

S3*= Affinity dG.

A total of 1187 poses were generated for the curated database by assigning threshold of
100 poses per ligand. They were then ranked according to their least energy. Top 10 poses were
given “1” and “0” was assigned to rest of solutions. A total sum of top 10 solutions was taken
and poses having rank by vote as 3/3 were considered most suitable. A consensus was built upon
average of the poses having maximum votes and least rank. These solutions obtained from the

consensus scoring were then used for further analysis i.e. Pharmacophore and GRIND.
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3D-QSAR

The predictive discernment of 3D-QSAR was further utilized to gain a better
understanding of the database behaviour. Classical GRIND models were build for this purpose
which initially used extended 3D conformations generated by CORINA CLASSIC [118]. The
conformations were exported in package Pentacle VV1.05 along with their biological activities
against IGF1R and IR. Two separate models were executed after the calcualtion of descriptors,
descretization and encoding for analysis. The statistical model built against IGF1R delineated
non-consistency in correlogram peaks. However, after running one cycle of fractional factorial
design (FFD), the model statistics improved. The correllogram encoded demonstrated the
possitive contribution of two variables of N1-N1 (H-bond acceptor) at a distance of 13.6 — 14.0
A and another set of the same variable with relatively lower importance showed the distance of
the same variables at 10.8 — 11.2 A which is a closer distance as compared to the first peak. This
shows that the two H-bond acceptor should be present at the said distance for the inhbitory
effects of IGF1R inhibitors. On the other hand, H-bond acceptor descriptor as reported eearlier
have shown biased involvement in the activity. It was acceptable to state that these variables
present at smaller distance i.e 6.00- 6.40 have the strongest peak and demonstrated its negative
effect towards activity. Contrary to it, if similar variables found at larger distance i.e 13.60-
14.00, their role could be taken as postive towards their inhibitory effect towards IGF1R.While,
hydrophobic and H-bond acceptor variables such as; DRY- N1 at a distance of 2.00— 2.40 A
have also indisputeably downright contribution towards the inhibitory effects of the database
used. Other variables i.e. TIP- TIP, DRY- O, O- N1, O- TIP, N1- TIP, the correlogram plots
have shown the inconsistency of the models built against these variables. For this reason these

variables are not used in building any definite conclusions. In conjunction with IR model build
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with similar descriptors has shown improved statistics without FFD. The draw back of the model

was its inconsistency of correlograms.

Energy minimized conformations produced via MOE V2007.09 were used. Two separate
models were executed in the similar fashion. Initital statistics for IGF1R were bad enough to
decide upon any descriptor. For this reason two cycles of FFD were ran and correlogram
correlation was observed. N1- N1 and DRY- N1 variables have shown positive contributions
towards the inhibitory effects at the distances of 11.20- 11.60 A and 2.00- 2.40 A respectively.
On the other hand, IR model has demonstrated promising statistics. The correlogram peaks only
made an impression of N1- N1 variablesthat were able enough to differentiate the data of actives

and inactives. While rest of the variables have shown inconsistant contribution in the results.

While, the model executed on docking solutions of 33 inihibitors showed the worst
correllograms and statistcis. No two variables at a certain distance could be found to be
important for the inhibitory effect or contributed negavtively towards their activity. Although,
after one FFD, the statistics improved but the overall fashion of the correlogram conistency
remained worse. Except the O-O peak which was able to differentiate the data at a distance of
13.20- 13.60 A. In conjunction with IGF1R, the IR model showed similar statistics and
correlogram peaks with no impact on the activity. When complex minimized inhibitors were

placed in the model, no significant results could be demonstrated for both receptors.

Lastly, the inhibitors having binary assignation were imported into Pentacle VV1.05. The
proportioned correlograms built against the data were true enough to not only differentiate
between actives and inactive but also between the negative and positive contribution in the data
by different variables. After running two cycles of FFD the statisctics were improved and the

correolgram having inconsistant variables were removed. The results produced were
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interestingly consistant as well as inconsistant with previous models executed along with
biological 1Cs, values. A set of four new variables H-bond donors O- O (Fig 8 (1)) and N1-N1
(Fig 8 (2)), at a distance of 16.80- 17.20 A and 12.8- 13.20 A respectively, have completely
differentiated the inhibitors as selective (0) and dual (1). The consistency with previous models
was taken into account by variable sets of DRY- N1 which happened to be present at the distance
of 18.00- 19.20 A. While O-N1 (Fig 8 (3)) and O- Tip (Fig 8 (4)) at distacne of 18.4- 18.8 were

found concurrently, have also contributed positively towards the inhibitory trends.

0.0625 —

oo:lzs— 1] l i ‘{l R |

S r [
-0.125— | —l'
-0.025—
-0.0375—
-0.05—] DRY-DRY 0o-0 N1i-N1 TIP-TIP DRY-0O DRY-N1| DRY-TIP O-N1 o-TIP N1-TIP

Figure 7: Binary_extended Correlogram delineating important descriptors

Anyhow, The overall trend seen for H-bonding relied on the electronegativoity of the atoms.
Atoms i.e. Sulpher, Chlorine, Boron, Flourine have shown least inclination towards H- bonding
except the fact that flourine is most electronegative. In copmarative analysis with previouse
published reports [64][65] [67, 68][69] our preliminary models remained consistent with
electrostatic potential and hydrophobicity except steric bulk. More over the final model has
revealed steric bulk along with H-bond acceptor; N1- Tip to play a pivotal role (distance). Along
with steric and eletrostatatic descriptor, two sets of O-N1 and N1- N1 variables imparted their

presence as obligatory descriptors at the distance of 14.80- 15.20 A and 12.40- 14.00 A.
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Figure 8: 1a) Distance between H-bond donors (red contours) 1b) lesser distance of 10 found between
inactive compounds 2a) Distance between two H-bond acceptors (blue contours) 2b) no distance found in
inactive compounds 3) Distance between H- bond donor (red) and acceptor (blue) 4) Optimal distance
between H-bond donor (red) and steric bulk (green).
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Table 7: GRIND Models against IGF1R and IR

Conformations

Extended

IGF1R

0.74 0.60

1/2

IR

0.98 0.73 0/5

Docked Solutions

(33)

0.86 0.62

1/3

0.93 0.62 1/3

Extended-Binary

Pharmacophore Modeling

R2=0.760, Q2= 0.60, FFD/LV=2/ 2

The database devised of initial 33 dual inhibitors of IGF1R and IR were exhaustively

searched for their native conformation via FF function of MOE V2007.09. These conformations

were packed and merged with their respective original database. A small molecular inhibitor

(NVP-AEW541) was used as a reference inhibitor to build a pharmacophore. The reason for

chosing NVP-AEW541 was its co-crystal structural importance that demonstrated several key

interactions. Typical pharmacophoric features were built against abstract conformations i.e.

hydrophobic centroids, Aromatic rings, H-bond acceptor, H-bond Donor, Cations & Anions.
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Figure 9: Pharmacophore model built against 33 dual inhibitors

Below are the mean distances of each descriptor from its center to other descriptors

Table 8: Pharmacophore built against stochastic searched conformations

The model contained two H-bond acceptors with the radius of 0.9 A and 1.6 A and two

HYD|ARO and H-bond donor with a radius of 1.4 A and 1.3 A respectively. Whenthis

pharmacophore model was screened against the abstract information obtained from the stochastic
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search with the threshold of 150 nM inhibitory concenteration, it efficiently marked the most
potent inhibitors. The hits were then used to build a GRIND model which was explained in the
GRIND section (table 5). Despite of having a good Mathew’s correlation factor of 0.68, it was
clear from the analysis that this model was failed to produce any reliable denouement. Once it
was confirmed that the pharmcophore model is reliably efficient to differentiate between actives
and inactives, the extended database (fig. 3), defined else where in the text was then treated to
build pharmacophore. Alike prameters and protocol was exercised for the extended database to
obtain the abstract information. Several models were built against the treated information. The
best representative among several was chosen on the basis of Mathew’s correlation factor 0.872,
procuring 21 true postives (TP) and only 2 false positives (FP). When the data was assigned
binary numbers: “1” for dual and “0” for selective, the denouement obtained was in similar
fashion as it was with data having bioactivities against each entry. The abstract conformation
was unpacked later to procure energy minimized conformation to utilize them for GRIND
models (table 7). Previous published reports [2, 63, 82] have completely matched with the
present pharmacophore model irrespective of the numbers of the pharmacophoric features.

Unlike published reports our model failed to correspond to negative ionizeable feature.

Figure 10 :Pharmacophore built against extended database
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Below are the mean distances of each descriptor from its center to other descriptors

Table 9: Distances of Descriptors (Binary_extended)

Descriptors Distances

Hyd|Aro- Acc
Aro- Acc 531 A
Don- Acc 277 A

Virtual screening

A reliable, cost-effective and time saving technique for the discovery of leads and hits,
virtual screening technique was used. It was used more likely in a sense to produce successful

clinical candidates.

The final Pharmacophore generated was screened against World Drug Index (WDI) and
ChemBridge databases [133, 134] having several hundreds of thousands entries each. This
performance was done on the basis of structural based virtual screening. MOE pharmacophoric
search query was devised in such a way that it screened against both libraries. Initially the both
libraries were exhaustively searched for the native conformations of each entry via
conformational import algorithm of the MOE package. Millions of conformations generated
were packed against both libraries. Similar to already explained pharmacophore query search, an
exhaustive search to map functional features and 3D spatial arrangements of the pharmacophore
against the libraries was performed. Interestingly, both libraries gave different number of hits i.e.

725 hits were extracted from World Drug Index and 19773 from ChemBridge data base.



The filtered hits were then subjected to online database of CYP filters which further
reduced the number of hits i.e. 143 for WDI and 1540 for ChemBridge. To further reduce the
number of hits, drug like descriptor comparison was executed on the filtered results. This further
narrowed down the list of hits. A consensus was built on excel spread sheet for final entities
which finally, revealed a handful of compounds. Eventually, these compounds were taken as
external set for GRIND model and validated across internal set upon which the first reliable
pharmacophore and GRIND models were built. This was the last nail in the coffin, producing the
final settlement of the compounds i.e. 18 for WDI (table 10) and 37 (table 11) for Chembridge.
The compounds predicted near “0” were taken as selective inhibitors for IGFIR while those
which were near “1” were taken as dual inhibitors (table 8) which could be further validated via
MD simulations and experimental validations. The column of LV 2 shows the predicted values
of the WDI drugs against their inhibitors. All the entities in this table are above 0.5 which are
considered to be active against dual receptors as they are predicted near one. For our comparison,
to tighten the criteria, we have increased the threshold to 0.60 and scrutinized the results which
revealed only 4 FDA approved drugs. Among them DB00775, DB01297 and DB09075 were
under predicted with 0.62300003, 0.63910002 and 0.76560003 respectively, while DB01051 was
slightly over-predicted with 1.2187999 (Table 12) at latent variable two upon which

binary_extended GRIND model relied.
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Table 10: Predicted biological activity values of World Drug Index using final GRIND model

WDI_ID Smiles Predicted FDA Generic_Name

pICs Comment

DB08108 S(=0)(=O)(N[C@@H](C experimental N-({6-(4-Cyanobenzyl)Oxy]Naphthalen-
CC(0)=0)C(0)=0)clcc2c 2-Y1}Sulfonyl)-D-Glutamic Acid
(cc(OCc3cce(cc3)C#N)cec2

)eel

DB09042 P(OC[C@@H]10C(=0O)N approved Tedizolid Phosphate
(C1)clec(F)c(cel)-
clcee(ncl)-

¢1nn(nn1)C)(0)(0)=0

DB09073 O=C1N(c2nc(ncc2C(C)=C approved Palbociclib

1C(=0)C)Nclncc(N2CCN



CC2)ccl)C1CCCCl

DB03782 O=C1IN=C2C(C=C(NC(= 0.57 experimental N-(1-Adamantyl)-N'-(4-Guanidinobenzyl)
O)N)C=C2)=Cl[C@@H]( Urea
C)cl[nH]cccl

DB04644 Clclce(Cl)ccclC(=O)NC( 0.63 experimental 4-{4-[3-(2,4-Dichloro-Benzoyl)-Ureido]-
=0)Nclcecc(OCCCC(0)= 2,3-Dimethyl-Phenoxy}-Butyric Acid
O)c(C)clC

DB01297 O(CC(O)CNC(C)C)clcee( 0.63 approved Practolol

NC(=0)C)ccl

DB09075 Clclcce(ncl)NC(=0)C(=  0.76 approved Edoxaban

O)N[C@H]1CC[C@@H](

C[C@H]INC(=0)clsc2c(
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The compounds having FDA approval were Chosen for further analysis and are

considered final hits. They satisfied atomic count, Molecular weight, and other properties for a

drug like entity.
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Table 11: Predicted biological activity values of ChemBridge database using final GRIND model

['S.No. [ Mol ID Smiles LV?2/ Predicted |

4| 3518425 | O(C)clec(coclOC)CCNC(=0)CC(=ONW=Clelecc(ee)C(0)=0 | 0721
5. | M10695%4 | O(CCEONNC(O)clec(O)eectictoce(OC)ect | o047’
(6. | M17122063 | O(C(=0)cLec(ec(NFO)O-DCEONCCENCCIC | 0503
(6. | M4936B874 | O1CON(CCLCLeo(NCCNJeeel[NEO)O] | o685

M85054213 | S1\C(\NC(=0)C1CC(0)=0)=N\N=C\clccc(OS(=0)(=0)c2ccc(NC(=0)C)cc2)c -
cl 0.540

|

M2857162 | S(=0)(=0)(N1CCOCC1)clcee(ccl)C(=0)NCCN(C)C 0.538
|

M8212322 | S1\C(=C\c2cc(OCC(=0)N)cee2)\C(=0)N=C1Nclce(ceel)C(0)=0 0.668
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Table 12: Finalized Compounds (Hits)for future investigations

Generic 2D- Structure Class Target Indication

Names

Practolol o\/?\/ Acetanilides, Beta-1 Cardiac
N/©/ N\|/ Benzenoids T Arrhythmia
/k Emergency
(o} receptor
treatment

Novobiocin Coumarin glycosides DNA Gyrase sub | Infections due to

~ .
Unit B & DNA Staphylococci

. and other
topoisomerase

susceptible

1
organisms
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http://www.drugbank.ca/biodb/polypeptides/P05106
http://www.drugbank.ca/biodb/polypeptides/P08514
http://www.drugbank.ca/biodb/polypeptides/P08588
http://www.drugbank.ca/biodb/polypeptides/P08588
http://www.drugbank.ca/biodb/polypeptides/P08588

Conclusions

The Pharmacophore and GRIND models concurrently delineated two H-bond donors,
two H-bond acceptor, overall Topology and vdw_vol as important descriptors for dual inhibition

of IGF-IR and IR.

Our GRIND model showed two H-bond donor at the distance of 168-17.2 A and two H-
bond acceptors at the distance of 12.8- 13.2 A respectively. It also predicted steric bulk along
with H- bond donor at 18-22 A. Furthermore, our pharmacophore model delineated the distances
between the descriptors like hydrophobic region, H- bond acceptors and donor region to be
important. Mathew’s correlation factor of our pharmacophore model was 0.87 based on TP hit
rate. Since the Mathew’s correlation factor is quite acceptable for the pharmacophore, its query
against WDI and ChemBridge resulted in potential hits against IGF-IR and IR which belonged to
diverse classes. Further experimental validation of identified hits could pave the way towards

successful development of chemotherapeutic agents against various cancers.
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