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Abstract
Tyrosine Kinase 2 (TYK2) inhibition is of potential therapeutic value for treating autoimmune diseases. An elaborate ligand-
based computational workflow was employed to explore structural requirements for TYK2 inhibition. Genetic function
algorithm (GFA) was coupled to k-nearest neighbor (kNN) and multiple linear regression (MLR) analyses to search for
predictive QSAR models based on optimal pharmacophore(s)/physicochemical descriptors combinations. QSAR-selected
pharmacophores were validated by receiver operating characteristic (ROC) curve analysis and by comparison with
crystallographic structures of known inhibitors complexed within the TYK2 binding pocket. Optimal QSAR models and
their associated pharmacophore hypotheses were used to identify new TYK2 inhibitory leads retrieved from the National
Cancer Institute (NCI) structural database. The most potent hit exhibited experimental anti-TYK2 IC50 of 7.1 µM.
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Introduction

Autoimmune diseases (AIDs) have high incidence and
prevalence rates worldwide (Lerner et al. 2015). Traditional
treatments of AIDs can expose patients to life-threatening
opportunistic infections and long-term risk of malignancy
(Gillett and Chan, 2000). Therefore, the development of
more specific treatments that lower the risk of systemic
immune suppression and improve tolerability is a
desirable goal.

One of the newer approaches in managing AIDs is the
inhibition of protein kinases by small molecules (Hernán-
dez-Flórez and Valor, 2016). One of the most relevant
intracellular signaling pathways involved in autoimmune
disorders is the janus kinase pathway (JAK-STAT) (Her-
nández-Flórez and Valor, 2016).

Janus kinases (JAKs) are non-receptor protein tyrosine
kinase family comprised of four members: Tyrosine Kinase
2 (TYK2), Janus Kinase 1 (JAK1), Janus Kinase 2 (JAK2)
and Janus Kinase 3 (JAK3). JAKs are associated with the
intracellular domains of a wide range of cytokines and
growth factor receptors involved in inflammation and
hematopoiesis (Liang et al. 2013; Patterson et al. 2014).
TYK2 was the first member of the JAK family to be
identified (Stark et al. 1998). It is involved in interleukin
(ILs) and interferon signaling (Roskoski 2016), in parti-
cular, IL-12 and IL-23. IL-12 is related to T-helper cells
type 1 (Th1) differentiation whilst IL-23 has a key role in T-
helper cells type 17 (Th17) differentiation. Th1 and Th17
are responsible for inflammatory reactions. Overexpression
of these cells is associated with certain autoimmune dis-
eases such as the irritable bowel disease (Duerr et al. 2006;
Norman 2012; Bernstein et al. 2005; De Mesquita et al.
2009; Ellinghaus et al. 2012; Lees et al. 2011), multiple
sclerosis disease (Matusevicius et al. 1999) and psoriasis
(Ma et al. 2008). The association between TYK2 and
rheumatic diseases has also been reported (Sigurdsson et al.
2005; Sigurdsson et al. 2007).

These findings prompted the exploration of TYK2 inhi-
bition as a potential therapeutic rationale for treating auto-
immune diseases (Norman 2012). However, the
development of TYK2 inhibitors is still in early stages
(Liang et al. 2013; Kettle et al. (2017)). However, several
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TYK2 inhibitors have been recently patented (Norman
2012; Kettle et al. (2017); Blench et al, 2012; Blench et al.
2012).

Discovery efforts of new TYK2 inhibitors focused on
structure-based ligand design (Liang et al. 2013a; Liang
et al. 2013b; Tsui et al. 2011; Fensome et al. 2018;
Hamaguchi et al. 2018; Liang et al. 2017; Moslin et al.
2017; Yogo et al. 2016; Tokarski et al. 2015; Galatsis et al.
2014; Lupardus et al. 2014; Chrencik et al. 2010; Frush
et al. 2017). To date, several crystallographic structural
studies on TYK2-inhibitor complexes have been reported
(Liang et al. 2013; Tsui et al. 2011; Fensome et al. 2018;
Hamaguchi et al. 2018; Liang et al. 2017; Moslin et al.
2017; Yogo et al. 2016; Tokarski et al. 2015; Galatsis et al.

2014; Lupardus et al. 2014; Chrencik et al. 2010). However,
reliance solely on crystallographic structures for ligand
design has limitations related to inadequate resolution
(Beeley and Sage 2003) and crystallization-related artifacts
of the ligand–protein complex (Homans 2007; Klebe 2006;
Steuber et al. 2006; Stubbs et al. 2002). Moreover, crys-
tallographic structures ignore protein discrete conforma-
tional states and anisotropic motion (Depristo 2004;
Srivastava et al. 2018).

The continued interest in designing new TYK2 inhibitors
prompted us to implement our ligand-based QSAR-guided
pharmacophore selection methodology (Taha 2012; Abu-
hammad and Taha 2016; Taha et al. 2008a; Taha et al. 2008b;
Taha et al. 2008c; Al-Nadaf et al. 2010; Taha et al. 2011;

Fig. 1 Summary of the
computational workflow of the
project
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Aboalhaija et al. 2016; Alabed et al. 2016; Khanfar and Taha,
2013) to explore the possibility of developing ligand-based
pharmacophore(s) integrated within self-consistent QSAR
model(s). Ligand-based methods have the advantage of being
able to bypass pitfalls of structure-based drug design (Taha
et al. 2008b; Al-Nadaf et al. 2010; Taha et al. 2011; Shahin
et al. 2012; Aboalhaija et al. 2016; Alabed et al. 2016). The
resulting pharmacophores and QSAR models were used to
virtually screen the National Cancer Institute (NCI) Structural
Database for new TYK2 inhibitors.

Material and methods

Figure 1 summarizes the overall computational workflow.

Software

Discovery Studio (Version 2.5.5), BIOVIA Inc. (http://www.
3dsbiovia.com/), USA.

Data preparation and pharmacophore exploration

Training compounds were collected from the European
Bioinformatics Institute database ChEMBL (March/2016).
Only compounds of explicit stereochemistry, published in
peer reviewed journal articles and have their inhibitory
bioactivities reported as Ki values were included in this
study to ensure data consistency (Taha 2012). Therefore,
only 68 inhibitors (1-68, Table S1 under Supporting
Materials) were recruited in modeling (Liang et al. 2013a;
Liang et al. 2013b, Kulagowski et al. 2012).

The collected set of TYK2 inhibitors were categorized
into 10 training subsets (shown in Table S2 in Supporting
Material) and used to explore the pharmacophoric space of
TYK2 binding through 80 pharmacophore-generating
automatic runs using Discovery Studio. Training com-
pounds in each subset were selected in such a way that they
conform to certain envisaged common binding mode and
that their differences in anti-TYK2 bioactivities are pri-
marily attributable to presence or absence of pharmaco-
phoric features, i.e., not due to steric shielding or bioactivity
reducing or enhancing auxiliary groups (e.g., electron
withdrawing or donating groups) (Taha 2012; Abuhammad
and Taha, 2016; Taha et al. 2008a; Taha et al. 2008b; Taha
et al. 2008c; Al-Nadaf et al. 2010; Taha et al. 2011; Shahin
et al. 2012; Aboalhaija et al. 2016; Alabed et al. 2016).
Only pharmacophore models of 4 and 5 binding features
were explored, while models of less than 4 features were
ignored (as shown in Supporting Table S3). This restriction
is aimed at narrowing the evaluated pharmacophoric space.
Nevertheless, to have more pharmacophore hypotheses
delivered to the subsequent QSAR competition step, it was
decided to implement not-too-strict filters on the resulting
binding hypotheses: Pharmacophore models of ≥ 90%
Fisher’s randomization confidence (Fisher 1971) were
retained for subsequent processing (i.e., clustering and
QSAR analyses). Our experience suggests that tighter
confidence restrictions (i.e., randomization confidence
≥ 95% or 98%) might overstep significant pharmacophores
(Taha 2012; Abuhammad and Taha, 2016; Taha et al.
2008a; Taha et al. 2008b; Taha et al. 2008c; Al-Nadaf et al.
2010; Taha et al. 2011; Aboalhaija et al. 2016; Alabed et al.
2016; Khanfar and Taha, 2013; Abutayeh and Taha, 2019).

Fig. 2 Two views of 3D plot showing three main principal compo-
nents calculated for the modeled training TYK2 inhibitors (1–68,
Table S1) compared to 892 TYK2 inhibitors reported in ChEMBL

(based on 12 physicochemical descriptors, see text). Red cubes ( )
represent modeled training TYK2 inhibitors while blue spheres ( )
represent TYK2 inhibitors reported in ChEMBL
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Supplementary sections S1 to S4 and supplementary Fig. S1
describe the computational workflow in details (Taha 2012;
Abuhammad and Taha, 2016; Taha et al. 2008a; Taha et al.
2008b; Taha et al. 2008c; Al-Nadaf et al. 2010; Taha et al.
2011; Shahin et al. 2012; Aboalhaija et al. 2016; Alabed
et al. 2016). Supplementary Table S4 shows the statistical
criteria of pharmacophores generated during
pharmacophore-exploration phase.

QSAR modeling

Genetic function algorithm (GFA) was employed to select
different combinations of pharmacophores and molecular
descriptors and submit them to either multiple linear
regression (MLR) analysis or k-nearest neighbor (kNN)
regression to evaluate abilities to explain bioactivity varia-
tions within modeled TYK2 inhibitors (1-68, Table S1).
Supporting section S5 details GFA computational work-
flow, while Fig. S2 summarizes the main GFA steps. MLR
is intended to evaluate linear correlations tying structural
descriptors with ligands' bioactivities, whilst kNN modeling
is non-linear nonparametric correlation method that
assumes the bioactivity of certain ligand to be the distance
weighted-average of bioactivities of its nearest neighbors.
The neighborhood is defined based on the considered
combination of descriptor(s) through certain distance metric
to measure nearness (Alabed et al. 2016; Zheng and Trop-
sha, 2000; Khanfar and Taha, 2013; Abutayeh and Taha,
2019)

QSAR modeling was performed using a training set of
55 compounds from the collected list of TYK2 inhibitors
and validated using leave-one-out r2 (r2LOO) and predictive
r2 (r2PRESS) against a randomly selected testing set of 13
inhibitors. The testing set was selected by ranking the col-
lected inhibitors according to their Ki values, then picking
every fifth compound starting from the high-potency end.
Supporting sections S6 and S7 detail the computational
procedure of MLR and kNN QSAR modeling.

ROC validation, steric refinement of pharmacophore
models

QSAR-selected pharmacophores were evaluated using
receiver operating characteristic (ROC) curve analysis to
assess their abilities to capture diverse TYK2 inhibitors
from a large list of actives and decoys (Taha et al. 2008b;
Al-Nadaf et al. 2010; Taha et al. 2011; Aboalhaija et al.
2016; Alabed et al. 2016; Triballeau et al. 2005). Two
testing sets were implemented: Testing Set 1 is composed of
active TYK2 inhibitors (experimentally validated) and vir-
tual decoys (see supporting section S8 for more details),
while Testing Set 2 is composed entirely of experimentally
validated active and inactive TYK2 inhibitors extracted

from the European Bioinformatics Institute database
(ChEMBL) (see supporting section S8 and Fig. S3 for more
details).

The HIPHOP-REFINE module of Discovery Studio was
used to complement the resulting pharmacophores with
exclusion spheres to improve their classification properties.
HIPHOP-REFINE identifies spaces occupied by inactive
compounds and free from active ones and fills them with
exclusion volumes to resemble steric constrains of the
binding pocket (see supporting section S10, supporting
Table S5 and supporting Fig. S4 for more details)
(Taha et al. 2008a; Taha et al. 2008b; Taha et al. 2008c; Al-
Nadaf et al. 2010; Taha et al. 2011; Shahin et al. 2012;
Aboalhaija et al. 2016; Khanfar and Taha, 2013).

In silico screening for TYK2 inhibitors

Successful pharmacophores were used as 3D search queries
to screen the National Cancer Institute (NCI) database
(253,368 compounds) employing the "best flexible database
search" protocol implemented within Discovery Studio.
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Fig. 3 Experimental versus (a) fitted, 55 compounds, r2LOO= 0.76,
and (b) predicted, 13 compounds, r2PRESS= 0.87, bioactivities calcu-
lated from the best MLR-QSAR model Eq. (S1). The solid lines are the
regression lines for the fitted and predicted bioactivities of training and
test compounds, respectively, whereas the dotted lines indicate the 1.0
log point error margins
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Hits were subsequently filtered based on Lipinski’s rule to
retain drug like molecules (Lipinski et al. 2012), and
SMARTS (SMILES Arbitrary Target Specification pattern)
filter to exclude hits exhibiting reactive groups (e.g., alkyl-
halides, see Table S6 under supplementary material). Sur-
viving hits were fitted against corresponding pharmaco-
phores, and their fit values (determined as in supplementary
equation S4) were substituted, together with other 2D and
3D molecular descriptors, in the corresponding QSAR
models (MLR or kNN-based) to calculate predicted anti-
TYK2 bioactivities. Highest ranking available hits (i.e.,
from the NCI) based on QSAR predictions were ordered
from the NCI and tested in vitro. Fig. S7 and Table S7
under Supplementary Materials show the chemical struc-
tures of acquired hits from the NCI, their predicted bioac-
tivities by MLR-QSAR and kNN-QSAR models and
experimental bioactivities.

TYK2 enzyme inhibition assay

Bioassay was performed using Invitrogen Z'-LYTE® Kinase
Assay (Ma et al. 2008). Each hit compound was dissolved
in DMSO to form 10 mM stock solution (ca. 200 μL). Hits
were initially tested at 10 μM. The bioassay was performed
in black 384-well plates. For each assay a 100-nL of tested
compound stock solution (10 mM) was mixed with 2.4 μL
kinase buffer, 5 μL peptide substrate/TYK2 mixture and
2.5 μL ATP solution. The final 10 μL kinase reaction
included ≥ 1% DMSO, .ca. 70 ng TYK2 kinase, 2 μM Tyr03
(kinase peptide substrate from Z'-LYTE®) and 25 μM ATP
in 50 mM HEPES pH 6.5, 0.01% BRIJ-35, 10 mM MgCl2,
1 mM EGTA and 0.02% NaN3. The mixture was shaken for
30 s then incubated at room temperature for 1 h to complete

the kinase reaction. Subsequently, 5 μL development
reagent A (from Z'-LYTE®, 1:4096 dilution) was added to
each reaction mixture and shaken over 30 s. The mixture
was incubated at room temperature for another 60 min
before measuring the fluorescence at λEx of 445 and λEm of
520 nm.

Initially, hits were screened at 10 µM. A hit showed
TYK2 inhibition percentage >50% (73%) at 10 μM (i.e., 72,
see Table 6). It was further tested at 1 μM, 10 μM, 50 μM,
500 μM and 1000 μM to determine its IC50 value. The tests
were conducted in duplicates. Staurosporine was used as
positive control (IC50 of 1.03 nM) (Thermo Fisher Scien-
tific, 2016). IC50 values were calculated using GraphPad
Prism 5.1.

Results and discussion

QSAR-guided phramacophore selection

A diverse list of 68 TYK2 inhibitors (1–68, Table S1 under
Supporting Materials) were collected from ChEMBL for
modeling. Comparison with other drug-like TYK2 inhibitors
from ChEMBL (892 compounds) with respect to top three
principal components based on 12 physicochemical descrip-
tors (i.e., LogP, molecular weight, hydrogen bond donors and
acceptors, rotable bonds, rings, aromatic rings, fractional
polar surface area surface area, polar surface area and number
of fragments) showed the modeled list to represent significant
portion of the chemical space of reported TYK2 inhibitors.
Figure 2 shows three-dimensional plot of the principal
components representing the modeled list compared to
reported TYK2 inhibitors.

Table 1 Pharmacophoric
features and corresponding
weights, tolerances and 3D
coordinates of Hypo(I-T7-5),
and Hypo(F-T5-8) selected by
MLR-QSAR method

Modela Definition Chemical features

HBD HBA RingArom Hbic

Hypo(I-T7-5)a Weight 1.84 1.84 1.84 1.84

Tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60

Coordinates X 0.22 −1.74 2.66 2.22 2.87 2.81 3.52

Y −0.19 −1.13 −3.85 −1.94 −0.10 0.11 −4.68

Z −0.08 −2.16 1.03 3.30 −0.01 2.99 −1.00

Hypo(F-T5-8)b HBD Hbic RingArom HBA

Weight 1.56 1.56 1.56 1.56

Tolerances 1.60 2.20 1.60 1.60 1.60 1.60 2.20

Coordinates X −0.13 −1.52 −2.04 5.91 3.67 4.18 7.18

Y 0.37 −1.65 3.34 −2.93 −4.25 −0.002 0.00

Z 0.22 1.95 −0.78 −2.07 −3.57 0.00 0.00

aHypo(I-T7-5) corresponds to the 5th pharmacophore model generated by subset I (Supporting Table S2),
run number 7 (Supporting Tables S3 and S4). Model shown in Fig. 3a
bHypo(F-T5-8) corresponds to 8th pharmacophore model generated by subset F (Supporting Table S2), run
number 5 (Supporting Tables S3 and S4). Model shown in Fig. 4a
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The collected list was then used to explore the pharma-
cophoric space of TYK2 inhibitors using Discovery Studio
through series of well-established steps. Representative
pharmacophores (Supplementary Table S4) were allowed to
compete within QSAR context to select optimal combina-
tion of pharmacophores and other molecular descriptors
capable of explaining bioactivity variations across collected
inhibitors (Taha 2012; Abuhammad and Taha, 2016; Taha
et al. 2008a; Taha et al. 2008b; Taha et al. 2008c, Al-Nadaf

et al. 2010; Taha et al. 2011; Aboalhaija et al. 2016; Alabed
et al. 2016; Abutayeh and Taha, 2019).

QSAR modeling complements pharmacophore modeling
and should correct inherent flaws in pharmacophores related
to explaining bioactivity effects associated with electron-
donating and/or electron-withdrawing functionalities (Taha
2012; Abuhammad and Taha, 2016; Taha et al. 2008a; Taha
et al. 2008b; Taha et al. 2008c, Al-Nadaf et al. 2010; Taha
et al. 2011; Aboalhaija et al. 2016; Alabed et al. 2016;
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Fig. 4 a Pharmacophoric features of Hypo(I-T7-5). HBA shown as
green vectored spheres, Hbic shown as blue sphere, RingArom as
orange vectored spheres, and HBD as pink vectored sphere. b Hypo(I-
T7-5) fitted against the co-crystallized pose of inhibitor 11 (Supporting
Information Table S1, Ki= 4.8 nM) bound within TYK2 (PDB code:

4GIH, resolution 2.0Å). c The co-crystallized ligand 11 within the
binding pocket of TYK2. The figures shows corresponding ligand-
TYK2 interactions. Hydrogen bonds are shown as green lines. d The
chemical structure of the co-crystallized ligand 11 (Supporting Infor-
mation Table S1)
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Abutayeh and Taha, 2019) and ligand-hydration issues
(Homans 2007).

QSAR modeling was performed by fitting the training
compounds against 72 representative pharmacophores.
The resulting fit values were enrolled together with a
selection of 2D descriptors as independent variables in
iterative cycles of genetic function algorithm (GFA)
(Whitley 1994) coupled with multiple linear regression
(GFA/MLR) or k-nearest neighbor (GFA/kNN) QSAR
analysis.

Multiple linear regression-based QSAR modeling

Equation (1) represents the optimal GFA/MLR-based
QSAR model, while Fig. 3 shows the corresponding scatter
plots of experimental versus estimated bioactivities for both
training and testing inhibitors.

Log 1=Kið Þ¼ þ0:47� 0:79 NumAromaticBondsð Þ
þ4:25 NumAromaticRingsð Þþ1:73 NumRings3ð Þ
�8:00� 10�3 JursTASAð Þ
þ0:29Hypo F� T5� 8ð Þþ0:25Hypo I� T7� 5ð Þ
n ¼ 55; r2¼ 0:82; F� statistic ¼ 36:2; r2LOO¼ 0:76; r2PRESS¼ 0:87

ð1Þ
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Fig. 5 a The pharmacophoric features of Hypo(F-T5-8). HBA as
green vectored spheres, Hbic as blue sphere, RingArom as orange
vectored spheres, and HBD as pink vectored spheres. b Hypo(F-T5-8)
fitted against the co-crystallized pose of a TYK2 inhibitor (Ki=

32 nM) as it binds within TYK2 (PDB code: 3NYX, resolution 2.5 Å).
c The co-crystallized ligand within the binding pocket of
TYK2 showing corresponding ligand-TYK2 interactions. d The che-
mical structure of bound ligand
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where, n is the number of training compounds, F-statistic is
Fischer statistic, r2LOO is the leave-one-out cross validation
correlation coefficient, and r2PRESS is the predictive r2

determined for 13 randomly selected test compounds (see
Supporting Table S1). NumAromaticBond and NumAro-
maticRings are the number of aromatic bonds and aromatic
rings, respectively, in a particular training molecule,
NumRings3 is the number of 3-membered rings (i.e.,
cyclopropyls), JursTASA is a Jurs-fractional charged partial
surface area computed as the sum of the solvent-accessible
surface area of atoms with absolute partial charge less than
0.2 (Dassault Systèmes BIOVIA 2009). Hypo(F-T5-8) and
Hypo(I-T7-5) represent the fit values of training com-
pounds against these two pharmacophores (see supporting
Table S4). Fit values calculated as described in supportting
section S3 (Eq. S4). The three-dimensional coordinates of
Hypo(F-T5-8) and Hypo(I-T7-5) are shown in Table 1,
while Figs. 4 and 5 show the two models and how they fit
potent inhibitors co-crystallized within TYK2.

Appearance of NumAromaticBonds and NumAromati-
cRings in Eq. (1) combined with negative and positive
slopes, respectively, suggests that anti-TYK2 bioactivity is
related to the number of aromatic rings within ligand
molecules. However, the apparent contradictory contribu-
tion of these two rather related descriptors in bioactivity is
indicative of certain complex influence imparted by ligand
aromaticity on ligand affinity to TYK2. Still, the sig-
nificantly larger positive contribution (slope) of

NumAromaticRings indicates that ligand aromaticity has
positive overall effect on anti-TYK2 bioactivity. This trend
is probably because TYK2 binding pocket includes several
amino-acid residues capable of stacking against ligands'
aromatic rings, e.g., the phenol of Tyr980, guanidine groups
of Arg901, Arg1027 and carboxylate of Asp1041. More-
over, the binding pocket includes several peptidic amide
groups that can also engage in stacking against ligand's
aromatic rings.

Interestingly, QSAR Eq. (1) shows NumRings3 to be one
of the significant positive contributors to anti-TYK2
bioactivity. The fact that this descriptor points to the num-
ber of 3-membered rings in ligand molecules indicate that
cyclopropyl fragments are significantly involved in ligand
binding within TYK2 binding pocket. Cyclopropyl groups
are known to be involved in hydrogen bonding interactions
with hydrogen bond donors (e.g., hydroxyls) (Joris et al.
1968). Accordingly, it can be concluded that cyclopropyl
groups aid ligand-TYK2 binding via hydrogen bonding.
However, since pharmacophore models generally fail to

Table 2 Optimal kNN-QSAR model including its corresponding
descriptors, number of nearest neighbors and statistical criteria

Selected descriptors Number of
nearest
neighbors

Statistical criteriaa,b,c,d

r2 r2LOO r2L20%Out r2PRESS

Hypo(D-T5-10)
Hypo(D-T7-8)
ESCount_tNe

SC3CHf

JursDPSA3g

ShadowYZfrach

4 0.84 0.77 0.90 0.61

ar2 is the correlation coefficient between the predicted and experi-
mental log(1/Ki) values
br2LOO is the leave one out cross correlation coefficient
cr2L20%Out is the leave-20%-out cross-correlation coefficient
dr2PRESS is the predictive r2 determined for 13 randomly selected test
compounds (Supporting Table S1)
eESCount_tN count of cyano groups
fSC3CH count of third order ring and chain subgraph Count Index
gJurs descriptor corresponds to difference between charge weighted
partial positive surface area and charge weighted partial negative
surface area
hShadowYZfrac is the area of the molecular shadow in the YZ plane
(Dassault Systèmes BIOVIA, 2009)
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Fig. 6 Experimental versus (a) fitted 55 training compounds (r2LOO=
0.77) and (b) predicted 13 testing compounds (r2PRESS= 0.61),
bioactivities calculated from the best kNN-QSAR model as in Table 2.
The solid lines are the regression lines for the fitted and predicted
bioactivities of training and test compounds, respectively, whereas the
dotted lines indicate the 1.0 log point error margins
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represent the hydrogen-bonding capacities of cyclopropyls,
this forced GFA/MLR analysis to select the corresponding
descriptor (i.e., NumRings3) in QSAR model (1) to explain
the enhanced activities of molecules exhibiting this group
compared to their counterparts lacking this feature.

Finally, emergence of JursTASA (indicates atomic neu-
trality) in Eq. (1) combined with negative slope is sugges-
tive that anti-TYK2 bioactivity is generally more
pronounced with ligands having molecular fragments of
significant electronic imbalances (i.e., containing more

dipolar groups) compared to their electronically-
homogenous counterparts. This is not surprising as dipolar
fragments can better interact with complementary binding
site groups.

Although two pharmacophores emerged in Eq. (1), the
two models are rather related as they were successfully
merged in a single binding model (see section 4 and Fig. 9).
Figures 4 and 5 show how the two models fit bound poses
of two inhibitors co-crystallized within TYK2. Figure 4
shows how Hypo(I-T7-5) fits the co-crystallized pose of
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Fig. 7 a Pharmacophoric features of Hypo(D-T5-10). HBA shown as
green vectored spheres, Hbic shown as blue sphere, RingArom as
orange vectored spheres, and HBD as pink vectored sphere. b Hypo
(D-T5-10) fitted against the co-crystallized pose of inhibitor 5 (sup-
porting Table S1, Ki= 1.8 nM) bound within TYK2 (PDB code: 4GII,

resolution 2.31 Å). c The co-crystallized ligand 5 within the binding
pocket of TYK2. The figure shows corresponding ligand-TYK2
interactions. Hydrogen bonds are shown as green lines. d The che-
mical structure of the co-crystallized ligand 5
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inhibitor 11 (Supplementary Table S1) (Liang et al. 2013a),
bound within the binding pocket of TYK2 (PDB code:
4GIH, resolution 2.0Å). Mapping the pyridine ring of the
ligand against aromatic ring (RingArom) feature in Hypo(I-
T7-5) (Fig. 4b) corresponds to stacking this group against
the aromatic ring of Tyr980 in the binding pocket (Fig. 4c).
Similarly, mapping the central amidic NH of the ligand
against hydrogen bond donor (HBD) in Hypo(I-T7-5) (Fig.
4b) correlates with hydrogen bonding tying this fragment
with carbonyl residue of Arg1027 via two bridging water
molecules (Fig. 4c). Likewise, mapping the central amidic
carbonyl of co-crystallized ligand against hydrogen bond
acceptor (HBA) feature in Hypo(I-T7-5) agrees with
hydrogen bonding connecting this group with the ammo-
nium side chain of Lys930 (Fig. 4c). Finally, fitting one of
the ligand's chloro substituents within a hydrophobic pouch
composed of the side chain of Leu1030 and the α-carbon of

Gly1040 (Fig. 4c) agrees with mapping the ligand's chlorine
atom against hydrophobic (Hbic) feature in of Hypo(I-T7-
5) (Fig. 4b).

Comparably, Hypo(F-T5-8) fitted the bound pose of
another co-crystallized ligand within TYK2, as shown in
Fig. 5. Mapping the thiophene ring of the ligand against
RingArom feature in Hypo(F-T5-8) (Fig. 5b) agrees with π-
stacking against the phenol side chain of Tyr962 (Fig. 5c).
Similairly, the hydrogen bonding interactions connecting
the ligand's carbonyl and thiadiazole fragments (in one
tautomeric form) with the side chains of Lys930 and
Try962, respectively (Fig. 5c), correlate with mapping these
ligand fragments against HBA and HBD features, respec-
tively (Fig. 5b). Likewise, the close proximity between the
methylsulfide of Met978 and the quinoline fragment of the
co-crystallized ligand (Fig. 5c) is indicative of mutual
hydrophobic attraction, which was nicely represented
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Fig. 8 a Pharmacophoric features of Hypo(D-T7-8). HBA shown as
green vectored spheres, Hbic shown as blue sphere, RingArom as
orange vectored spheres, and HBD as pink vectored sphere. b Hypo
(D-T7-8) fitted against the co-crystallized pose of inhibitor 5 (Table
S1, Ki= 1.8 nM) bound within TYK2 (PDB code: 4GII, resolution

2.31Å). c The co-crystallized ligand 5 within the binding pocket of
TYK2. The figure shows corresponding ligand-TYK2 interactions.
Hydrogen bonds are shown as green lines. d The chemical structure of
the co-crystallized ligand
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through mapping part of the the quinoline ring against Hbic
feature in Hypo(F-T5-8), as in Fig. 5b.

kNN-based QSAR modeling

Since MLR-based QSAR analysis assumes the presence of
linear correlation between generated molecular descriptors
and corresponding bioactivities, we decided to evaluate the
structure-bioactivity profile of the collected list using a
nonlinear QSAR modeling methodology by coupling
genetic function algorithm with k-nearest neighbor (kNN).
Table 2 shows the selected descriptors, number nearest
neighbors, and statistical criteria of highest-ranking kNN-

based QSAR model and Fig. 6 shows the corresponding
scatter plots of experimental versus estimated bioactivities
for both training and testing inhibitors.

This example shows pharmacophore/QSAR modeling to
yield reasonable models via linear and nonlinear approaches
(Khanfar and Taha, 2013). Although kNN models fail to
explicitly characterize the correlation nature between a
particular molecular descriptor(s) in the model and ligands'
bioactivities, the presence of certain molecular descriptor in
the successful kNN-QSAR model is indicative of significant
role played by that descriptor in ligands' bioactivity.
Accordingly, emergence of descriptors related to cyano
groups count (ESCount_tN), charged molecular surface

Table 3 Pharmacophoric
features and corresponding
weights, tolerances and 3D
coordinates of Hypo(D-T5-10)
and Hypo(D-T7-8) selected by
kNN-QSAR method

Modela Definition Chemical features

HBD Hbic RingArom HBA

Hypo(D-T5-10)a Weight 1.81 1.81 1.81 1.81

Tolerances 1.60 2.20 1.60 1.60 1.60 1.60 2.20

Coordinates X 4.47 3.94 −1.85 −1.40 0.88 −2.97 −3.95

Y −3.05 −1.96 0.022 2.15 3.40 5.42 7.20

Z 2.04 4.80 −2.59 −0.40 −1.90 −1.22 −3.44

HBD HBA RingArom Hbic

Hypo(D-T7-8)b Weight 2.02 2.02 2.02 2.02

Tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60

Coordinates X 1.37 2.88 5.50 7.05 2.75 1.45 7.60

Y 0.00 2.60 −4.66 −7.24 −2.42 −3.16 −3.98

Z 0.00 0.00 0.55 0.47 0.001 2.60 2.80

aHypo(D-T5-10) corresponds to the 10th pharmacophore model generated by subset D (Supporting Table
S2), run number 5 (Supporting Tables S3 and S4). Model shown in Fig. 7a
bHypo(D-T7-8) corresponds to the 8th pharmacophore model generated by subset D (Supporting Table S2),
run number 7 (Supporting Tables S3 and S4). Model shown in Fig. 8a

Table 4 ROC performances of QSAR pharmacophores and their merged and satirically refined versions as 3D search queries using Testing Set 1
and Testing Set 2 lists

Testing set 1 Testing set 2

QSAR model Pharmacophore model ROCa-AUCb ACCc SPCd TPRe ROCa-AUCb ACCc SPCd TPRe

MLR Hypo(I-T7-5) 0.782 0.242 0.215 1.000 0.686 0.265 0.249 0.857

Hypo(F-T5-8) 0.658 0.301 0.279 0.917 0.625 0.414 0.409 0.619

kNN Hypo(D-T5-10) 0.779 0.584 0.584 0.583 0.589 0.449 0.447 0.524

Hypo(D-T7-8) 0.951 0.264 0.238 1.000 0.710 0.257 0.237 1.000

Merged models Hypo(I-T7-5/F-T5-8) 0.967 0.933 0.951 0.417 0.934 0.906 0.926 0.190

Hypo(D-T5-10/D-T7-8) 0.955 0.919 0.939 0.333 0.911 0.873 0.889 0.286

Refined Hypo(D-T5-10/D-T7-8) 0.984 0.955 0.977 0.333 0.949 0.923 0.947 0.048

aROC: receiver operating characteristic
bAUC: area under the curve
cACC: overall accuracy
dSPC: overall specificity
eTPR: overall true positive rate
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area (JursDPSA3), ring and chain subgraph index (SC3CH),
and molecular shadow (ShadowYZfrac) is suggestive of
certain relationship connecting molecular shape and charge
properties with anti-TYK2 bioactivity albeit of complex
nature.

Two pharmacophore models emerged in the optimal
kNN QSAR model (Table 2). The three-dimensional coor-
dinates of these pharmacophores are shown in Table 3,
while Figs 7 and 8 show how the two models map bound
pose of inhibitor 5 (see supporting Table S1) within the

binding pocket of TYK2 (PDB code: 4GII, resolution
2.31Å).

Figure 7 shows how Hypo(D-T5-10) fits the co-
crystallized ligand 5. Clearly from the Figure, mapping
the dichlorobenzene ring of 5 against RingArom feature in
Hypo(D-T5-10) (Fig. 7b) corresponds to π-stacking against
the peptidic amidic bond connecting Asn1028 and Arg1027
in the binding pocket (Fig. 7c). In addition, mapping the
chlorine atom against Hbic feature in Hypo(D-T5-10) (Fig.
7b) agrees with apparent hydrophobic attraction connecting

O
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O F
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N
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(e) (f) 

(d) (g) 

(a) (b) Fig. 9 Pharmacophoric features
of (a) Hypo(I-T7-5), (c) Hypo
(F-T5-8), and (e) Merged model
Hypo(I-T7-5/F-T5-8). Arrows
point to closely positioned
common features in Hypo(I-T7-
5) and Hypo(F-T5-8) allowing
merging into merged
pharmacophore model Hypo(I-
T7-5/F-T5-8). (b), (d) and (f)
represent the three
pharmacophores fitted against 4
(Supporting Table S1, Ki=
1.6 nM), (g) Chemical structure
of 4. HBA as green vectored
spheres, Hbic as blue spheres,
and RingArom as orange
vectored spheres, HBD as pink
vectored spheres

Medicinal Chemistry Research (2019) 28:1368–1387 1379



the same chlorine atom with the hydrophobic side chain of
Leu1030 (Fig. 7c). Similarly, mapping the terminal amidic
NH of 5 against HBD in Hypo(D-T5-10) (Fig. 7b)

correlates with hydrogen bonding tying this fragment with
carbonyl of Val981 (Fig. 6c). Finally, mapping the cyano
group of co-crystallized 5 against HBA feature in Hypo(D-

N
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O N

N N

O

Cl

HH

H

H
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(c) (d) (g)
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Fig. 10 Pharmacophoric features of (a) Hypo(D-T5-10), (c) Hypo(D-T7-8), and (e) Merged model Hypo(D-T5-10/D-T7-8). Arrows point to
closely positioned common features in Hypo(D-T5-10) and Hypo(D-T7-8) allowing merging into merged pharmacophore model Hypo(D-T5-10/
D-T7-8). (b), (d) and (f) represent the three pharmacophores fitted against 1 (Table 2, Ki= 1 nM), (g) Chemical structure of 1. HBA as green
vectored spheres, Hbic as blue spheres, and RingArom as orange vectored spheres, HBD as pink vectored spheres
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T5-10) (Fig. 7b) agrees with hydrogen bonding interaction
anchoring this group with the guanidine side chain of
Arg1027 (Fig. 7c).

Comparably, Hypo(D-T7-8) fitted the bound pose of the
same co-crystallized ligand (i.e, 5) within TYK2 albeit
representing different set of attractive interactions, as shown
in Fig. 8. Mapping the pyridine ring of the ligand against
RingArom feature in Hypo(D-T7-8) (Fig. 8b) agrees with
π-stacking against the peptidic bond tying Tyr980 and
Val981 (Fig. 8c). Similarly, hydrogen bonding interactions
connecting the ligand's amides with the side chains of
Lys930 and Val981 (Fig. 8c) correlate with mapping the
same moieties against HBA and HBD features, respectively
(Fig. 8b). Finally, fitting the ligand's dichlorobenzene
against Hbic feature in Hypo(D-T7-8) (Fig. 8b) agrees with
hydrophobic interaction with the nearby isopropyl side
chain of Val911 (Fig. 8c).

Receiver operating characteristic curve analysis and
merging of complementary pharmacophores

Receiver operating characteristic (ROC) analysis was used
to assess the abilities of resulting pharmacophores to
selectively capture diverse TYK2 inhibitors from a large
pool of actives and decoys (Taha et al. 2008a; Taha et al.
2008b; Taha et al. 2008c, Al-Nadaf et al. 2010; Taha et al.
2011; Aboalhaija et al. 2016; Alabed et al. 2016; Abutayeh
and Taha, 2019; Khanfar and Taha, 2013; Triballeau et al.
2005). Two testing sets were used in the evaluation: Testing
Set 1 composed of experimentally validated active TYK2
inhibitors and virtual decoys, while Testing Set 2 is entirely
composed of experimentally validated active and inactive
TYK2 inhibitors extracted from ChEMBL database. Table 4
summerizes the resulting ROC performances. Apparently,

the pharmacophores showed mediocre classification powers
particularly with Testing Set 2.

The mediocre performances of the resulting pharmaco-
phores combined with apparent similarities among their
binding features, prompted us to attempt merging analogous
models, as in Figs 9 and 10. Needless to say that pharma-
cophores of more binding features should be more selective.

Careful assessment of Hypo(I-T7-5) and Hypo(F-T5-8)
(Fig. 9) shows the two pharmacophores to share two fea-
tures: hydrophobic and hydrogen bond donor (Fig. 9a, c). In
fact, the close resemblance between the two models com-
bined with their equivalent contributions to bioactivity
(their slopes in QSAR Eq. (1)) suggested they represent the
same ligand binding mode within TYK2. The two models
were successfully merged in a single pharmacophore,
namely, Hypo(I-T7-5/F-T5-8) (Fig. 9e). Similarly, the
close similarity between kNN-QSAR selected pharmaco-
phores, i.e., Hypo(D-T5-10) and Hypo(D-T7-8) (shared
HBA and RingArom features) suggested they encode for
the same binding mode and justified their merge in a single
binding model, i.e., Hypo(D-T5-10/D-T7-8), as in Fig. 10.
Table 5 shows the X, Y, and Z coordinates of the merged
models. As expected, both hybrid pharmacophores
demonstrated superior ROC performances compared to
their individual component pharmacophores, as in Table 4.
This is rather anticipated since merged pharmacophores
included more features and therefore are more selective (See
Supporting Figs. S5 and S6).

Hypo(I-T7-5/F-T5-8) and Hypo(D-T5-10/D-T7-8)
probably represent two distinct binding modes accessible to
TYK2 ligands.

To further improve the ROC performances of merged
models, we attempted to compliment them with exclusion
spheres using the HIPHOP-REFINE module of Discovery

Table 5 Features and corresponding tolerances and 3D coordinates of merged pharmacophore models

Model Definition Chemical features

HBD Hbic RingArom HBA HBA RingArom

Hypo(I-T7-5/ F-T5-8)a Tolerances 2.20 1.60 1.60 1.60 1.60 1.60 2.20 1.60 2.20 1.60 1.60

Coordinates X −1.80 0.47 3.27 2.87 2.81 2.67 2.23 1.69 2.60 −0.50 −2.38

Y −1.08 −0.64 −4.29 −0.10 0.11 −3.85 −1.94 2.57 5.11 3.81 1.55

Z −2.16 −0.23 −0.93 −0.02 2.97 1.01 3.28 1.76 3.09 4.85 5.43

Refined Hypo(D-T5-10/ D-T7-8)b,c HBD HBD RingArom Hbic Hbic HBA

Tolerances 1.60 2.20 1.60 2.20 1.60 1.60 1.60 1.60 2.20 1.60

Coordinates X 1.62 3.08 −2.36 −0.09 2.29 3.27 8.09 1.21 7.54 6.14

Y −0.10 2.53 2.82 4.79 −3.61 −2.50 −4.06 −3.82 −7.40 −4.74

Z −0.13 −0.12 1.43 1.45 2.09 −0.52 2.09 −2.32 −0.16 −0.16

aModel Shown in Fig. 9
bModel Shown in Fig. 10
cSteric refinement added 4 exclusion spheres (of 1.20 Ǻ radii) to this model at the following X, Y, and Z coordinates: (7.97, −4.36, −2.15), (10.00,
−2.30, 1.20), (5.90, −1.30, 1.90), and (7.97, −3.34, 4.99)
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Studio (Taha et al. 2008a; Taha et al. 2008b; Taha et al.
2008c; Al-Nadaf et al. 2010; Taha et al. 2011; Aboalhaija
et al. 2016; Khanfar and Taha, 2013). Exclusion spheres
simulate the steric constrains of the binding pocket. How-
ever, our attempts to sterically-refine Hypo(I-T7-5/F-T5-8)
were futile, probably because the poor affinities of inactive
compounds are totally explainable by missing pharmaco-
phoric features and not by steric clashes with the binding
pocket. Still, fortunately, it was possible to add 4 exclusion
spheres to Hypo(D-T5-10/D-T7-8), as in Fig. 11, leading to
significant ROC improvements, as in Table 4 and support-
ing Figs. S5 and S6.

In silico screening and subsequent in vitro
evaluation

Hypo(I-T7-5/F-T5-8) and sterically refined Hypo(D-T5-
10/D-T7-8) were employed as 3D search queries to screen
the National Cancer Institute (NCI) list of compounds for
new TYK2 inhibitors. Captured hits were filtered by
Lipinski's criteria (Lipinski et al. 2012), and fitted against
the corresponding component pharmacophores (i.e., Hypo
(I-T7-5), Hypo(F-T5-8), Hypo(D-T5-10), and Hypo(D-
T7-8)). The fit values were substituted in MLR-QSAR Eq.
(1) or kNN-based QSAR model (Table 2) for the determi-
nation of their predicted bioactivities.

N

Cl

O N

N N

O

Cl

HH

H

H

(a)

(b) (c)

Fig. 11 a Sterically-refined
version of hybrid
pharmacophore Hypo(D-T5-10/
D-T7-8), (b) Sterically refined
Hypo(D-T5-10/D-T7-8) fitted
against 1 (Ki= 1, Table 2), (c)
Chemical structure of 1. HBA as
green vectored spheres, Hbic as
blue spheres, and RingArom as
orange vectored spheres, HBD
as pink vectored spheres
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Highest ranking 77 hits were ordered from the NCI and
their anti-TYK2 bioactivities evaluated in vitro at 10 μM.
Supporting Fig. S7 and Table S7 show the chemical
structures of tested hits, their fit values against corre-
sponding pharmacophores, and experimental TYK2 inhi-
bitory percentages at 10 μM. Table 6 shows the results of
the most potent hit 72, while Fig. 12 shows its dose-
response curve. Interestingly, this active hit was captured by
hybrid pharmacophore Hypo(I-T7-5/F-T5-8). Figure 13
shows how 72 fits Hypo(I-T7-5/F-T5-8).

Clearly from Fig. 13 72 tightly fits the merged phar-
macophore as will as component pharmacophores. Still,
QSAR predictions of captured high-ranking hits (includ-
ing 72) deviate significantly from the corresponding
experimentally-measured IC50 values (as in Table 6 and
Supporting Table S7). This discrepancy is probably due to
the significant structural difference between the training
list used in pharmacophore and QSAR modeling com-
pared to tested hits. Figure 14 shows the physicochemical
space of modeled TYK2 inhibitors (1–68, Supporting
Table S1) compared to that of the tested high-ranking hits
(77 compounds including hit 72) with respect to top three
principal components based on 12 descriptors (i.e., LogP,
molecular weight, hydrogen bond donors and acceptors,
rotatable bonds, rings, aromatic rings, fractional polar
surface area surface area, polar surface area and number of
fragments). Clearly from Fig. 14, the tested hits occupy
distinct physicochemical space from that of the training
compounds, which should undermine the extrapolatory

potential of the QSAR model and associated pharmaco-
phore models. However, we were forced to use this par-
ticular list of training compounds because they are the
largest set of TYK2 inhibitors that have their bioactivities
determined by consistent bioassay procedure (Needless to
say that proper QSAR and pharmacophore modeling
necessitate the use of training compounds of consistent
bioactivity measurements). Moreover, careful evaluation
of structure-activity data available at ChEMBL database
(Gaulton et al. 2017), including supporting table S1,
shows the existence of several activity cliffs within TYK2
inhibitors population (examples shown in Fig. 15).
Activity cliffs are closely similar structural analogs of
significantly dissimilar inhibitory profiles (Stumpfe and
Bajorath, 2012; Stumpfe et al. 2014; Guha and Medina-
Franco, 2014; Dimova et al. 2015). QSAR and pharma-
cophore models rely on the fundamental assumption that
bioactivity is a smooth function of structure (Husby et al.
2015; Furtmann et al. 2015). Accordingly, the exsitence
of activity cliffs in a particular SAR data is detrimental to
the predictive capacity of corresponding QSAR and
pharmacophore models, which should add further error to
the extrapolatory potential of our TYK2 QSAR models.
Another reason for the observed experimental/predicted
bioactivity difference is the variability in bioassay con-
ditions of modeled compounds compared to captured hits.
Nevertheless, success in capturing one micromolar
bioactive hit from a list of 77 hits is considered excellent
enrichment (Taha 2012; Abuhammad and Taha, 2016;

Table 6 Active hit captured by merged pharmacophore Hypo(I-T7-5/F-T5-8) and fit values against component pharmacophores, QSAR
predictions, and anti-TYK2 bioactivity

Fit values against 
pharmacophorese QSAR

Predictions
(nM)

Anti-TYK2 bioactivity

Hita NCI
code Structureb,c,d Hypo(F-T5-8) Hypo(I-T7-5) % Inhibition

at 10 µM
IC50

(µM)g

72 696894 SH

Cl

S
O

O

N
N

N

N

N
H

4.99 5.85 3.10 f 73 7.1

aAll captured hits are listed in Supplementary Table S7
bThe chemical structures of other captured hits are in Supplementary Fig. S7
cCaptured by hybrid pharmacophore model Hypo(I-T7-5/F-T5-8) shown in Fig. 9
dThe identity and purity of 72 were established by 1H, 13NMR and mass spectroscopy (see Supporting Figs. S8 to S10) (Brzozowski 1998)
eFit values as calculated by Supporting equation S4 under Supporting section S3
fPredicted by QSAR Eq. (1)
gIC50 values determined as average of duplicate measurements at 6 concentration points as in Fig. 12. Staurosporine was used as positive control
(IC50 of 1.03 nM) (Thermo Fisher Scientific 2016)
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Taha et al. 2008a; Taha et al. 2008b; Taha et al. 2008c;
Al-Nadaf et al. 2010; Taha et al. 2011; Aboalhaija et al.
2016; Alabed et al. 2016; Khanfar and Taha, 2013;
Abutayeh and Taha, 2019).

Conclusion

A ligand-based computational workflow was employed to
explore the structural requirements for potent TYK2 inhi-
bition using 68 known TYK2 inhibitors. Genetic function
algorithm (GFA) was coupled with k nearest neighbor
(kNN) or multiple linear regression (MLR) analyses to
generate predictive QSAR models based on optimal com-
binations of pharmacophores and physicochemical
descriptors. The optimal QSAR-selected pharmacophore
models were validated by receiver operating characteristic
(ROC) curve analysis and by comparison with crystal-
lographic structures of known inhibitors co-crystallized
within TYK2 binding pocket. Optimal QSAR models and
their associated pharmacophore hypotheses were employed
to identify new micromolar anti-TYK2 lead retrieved from
the NCI database.
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Fig. 12 Dose-response plot of Hit 72. Each point represent the average
of duplicate measurements
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(B)Fig. 13 Hit 72 (Table 5) fitted
against (a) Hypo(I-T7-5), (b)
Hypo(F-T5-8), and (c)
Capturing merged
pharmacophore Hypo(I-T7-5/F-
T5-8). HBA as green vectored
spheres, Hbic as blue sphere,
RingArom as orange vectored
spheres, HBD as a pink sphere.
d Chemical structure of 72
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