CHINESE JOURNAL OF CHEMICAL PHYSICS

VOLUME 29, NUMBER 3

JUNE 27, 2016

ARTICLE

Virtual Screening of Human O-GlcNAc Transferase Inhibitors
Qing-tong Zhoua,b , Hao-jun Lianga ∗ , Eugene Shakhnovichb∗
a. Department of Polymer Science and Engineering, CAS Key Laboratory of Soft Matter Chemistry,
University of Science and Technology of China, Hefei 230026, China
b. Department of Chemistry and Chemical Biology, Harvard University, Cambridge MA 02138, USA
(Dated: Received on October 14, 2015; Accepted on December 10, 2015)

O-GlcNAc transferase (OGT) is one of essential mammalian enzymes, which catalyze the
transfer of N -acetylglucosamine from UDP-N -acetylglucosamine (UDP-GlcNAc) to hydroxyl
groups of serines and threonines (Ser/Thr) in proteins. Dysregulations of cellular O-GlcNAc
have been implicated in diabetes, neurodegenerative disease, and cancer, which brings great
interest in developing potent and specific small-molecular OGT inhibitors. In this work, we
performed virtual screening on OGT catalytic site to identify potential inhibitors. 7134792
drug-like compounds from ZINC (a free database of commercially available compounds for
virtual screening) and 4287550 compounds generated by FOG (fragment optimized growth
program) were screened and the top 116 compounds ranked by docking score were analyzed.
By comparing the screening results, we found FOG program can generate more compounds
with better docking scores than ZINC. The top ZINC compounds ranked by docking score
were grouped into two classes, which held the binding positions of UDP and GlcNAc of UDPGlcNAc. Combined with individual fragments in binding pocket, de novo compounds were
designed and proved to have better docking score. The screened and designed compounds
may become a starting point for developing new drugs.
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O-GlcNAc modifications in signaling pathways, several
potent and selective human O-GlcNAc transferase
(hOGT) inhibitors were designed. Alloxan is the first
reported hOGT inhibitor [2], which is thought to
inhibit hOGT by binding to the uracil binding pocket
or alternatively has been proposed to act through a
covalent modification of cysteine residues. Besides,
benzyl
2-acetamido-2-deoxy-α-D-galactopyranoside
(BAGDP) is reported to perturb O-GlcNAc in cells,
while it is not clear whether it could selectively inhibit
OGT in cells.
Several crystal structure of OGT
bound with UDP-GlcNAc analogs [3–6] including
UDP-5SGlcNAc, UDP-S-GlcNAc, UDP-GlcNAcF3 ,
SP -αS-UDP-GlcNAc, RP -αS-UDP-GlcNAc were determined to reveal the mechanisms of GlcNAc transfer and
substrate recognition. Experimental high-throughput
screening (HTS) [7–9] has been greatly involved in
hOGT inhibitors discovery and identified several novel
hOGT inhibitors, while the challenge of building robust
nonradiometric assay strategies to detect glycosylation
limits its application.
With the development of computational chemistry
and biology [10–13], virtual screening [14–19] is becoming increasing important in identifying novel compounds in many drug discovery projects. Recently, several computational techniques like molecular dynamics
simulation [20, 21], molecular docking [22–24], QSAR
[25], pharmacophore designing [25–27] have been developed to speed up the drug discovery process. As

I. INTRODUCTION

O-linked
N -acetylglucosamine
cylation
(OGlcNAcylation) [1] is one kind of protein posttranslational modification.
Due to its important
effect on protein stability, subcellular localization,
phosphorylation and ubiquitination, the dysregulation
of cellular O-GlcNAc has been implicated in diabetes,
neurodegenerative disease and cancer. There are two
enzymes responsible for the regulation of O-GlcNAc:
one is O-GlcNAc transferase (OGT), the other is OGlcNAc hydrolase (OGA) which cleaves the glycosidic
bond that reverses the modification. OGT is comprised
by a multidomain catalytic region, an N -terminal
region with different numbers of tetratricopeptide
repeats (TPRs) and a linker region. TPRs are far from
the catalytic site and not essential for glycosyl transfer
onto acceptor peptides, while it is thought to be
closely related to OGT subcellular localizations. There
are at least three different isoforms of human OGT:
nucleocytoplasmic OGT (ncOGT) contains 12.5 TPRs,
mitochondrial OGT (mOGT) contains 9.5 TPRs and
short OGT (sOGT) 2.5 TPRs. Given the importance of

∗ Authors

to whom correspondence should be addressed. E-mail:
hjliang@ustc.edu.cn, shakhnovich@chemistry.harvard.edu, Tel./
FAX: +86-551-63607824

DOI:10.1063/1674-0068/29/cjcp1510211

374

c
⃝2016
Chinese Physical Society

Chin. J. Chem. Phys., Vol. 29, No. 3

Virtual Screening of Human O-GlcNAc Transferase Inhibitors

the chemical space of all possible chemical structures is
extraordinarily large, it is reasonable to screen a drug
target against a selection of chemicals which cover as
much of the appropriate chemical space as possible. To
address that, chemical libraries can be classified as diverse oriented, drug-like, natural product-like, and targeted against a specific family of biological targets such
Kinases, GPCRs, PPI etc. ZINC [28] (drugs now) is
one widely-used database containing only compounds
with drug-like properties (“Lipinski’s rule of five”) [29].
FOG library is prepared by fragment optimized growth
(FOG) program [30] in Shakhnovich group, which statistically biases the growth of molecules with desired
features, such as stability in water, synthetic accessibility, or druglikeness [31]. Here FOG (FDA approved
drugs) was prepared by generating new compounds in
a chemical space that is similar to the compounds that
were trained on 2713 drugs from Hutter database, which
has better druglikeness than with a random growth.
The present study was to search for potential inhibitors for OGT started from FOG and ZINC compound database. We chose one of the best molecular
docking programs available currently GLIDE [32] and
performed virtual screening to identify the potential inhibitors. We investigated the practical application of
FOG and found FOG library contains more compounds
with better docking scores than ZINC. By the combination of individual fragments in binding pocket, we designed new compounds with better docking score, which
could be a start-point for lead optimizations.
II. COMPUTATIONAL DETAILS
A. Protein and grid preparation

The crystal structure of hOGT with UDP-GlcNAc
(PDB ID: 4GZ5) [3, 33] determined a resolution of
3.08 Å was retrieved from the Protein Data Bank. We
adopted the hOGT with UDP (PDB ID: 3PE3) and
UDP-5SGlcNAc (PDB ID: 4GZ6) complexes as references. The structures were prepared using the protein preparation wizard of Schrödinger module. OPLS2005 force field was used for energy minimization to acquire an energetically stable geometry. Hydrogen atoms
were added to the protein to correct ionization and tautomeric states of amino acid residues. The shape and
properties of the receptors were represented on a grid
by several different sets of fields that provide progressively accurate scoring of the ligand poses using Receptor Grid Generation Panel. We have generated the grid
that covers all the catalytic residues with peptide in the
cavity.
B. Ligand library preparation

The ligand library including 7134792 drug-like
compounds was extracted from the ZINC database
(http://zinc.docking.org/subsets/drugs-now). FOG liDOI:10.1063/1674-0068/29/cjcp1510211
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brary is composed by 4287550 compounds generated by
FOG program. These compounds were prepared in LigPrep Wizard where hydrogens were added and followed
by minimization and optimization in OPLS− 2005 force
field, while the original chirality were retained.
C. Virtual screening study

Virtual Screening Workflow in Maestro was used to
dock the lead-like compounds to identify potential ligands. The Glide (grid-based ligand docking with energetic) algorithm approximates a systematic search of
positions, orientations, and conformations of the ligand in the receptor binding site using a series of hierarchical filters. There are three different level of docking precision, namely high throughput virtual screening
(HTVS), standard precision (SP) and extra precision
(XP). The XP glide scoring function [32] is presented
in Eq.(1) while the favorable binding terms and unfavorable terms are presented in Eq.(2) and Eq.(3), respectively.
Glide XP docking score = Ecoul + EvdW +
(1)
Ebind + Epenalty
Ebind = Ehyd-enclosure +Enb-nn-motif +Ehb-cc-motif +
EPI + Ehb-pair + Ephobic-pair
(2)
Epenalty = Edesolv + Eligand-strain
(3)
The contributions from the Coulomb and van der Waals
protein-ligand interaction energies by Schrödinger’s
“active-site mapping” technology are Ecoul and EvdW .
Ehb-pair is standard ChemScore-like hydrogen bond
term while Ephobic-pair is lipophilic pair term. To improve the accuracy of favorable binding terms E bind , hydrophobic interactions enclosure Ehyd-enclosure , special
neutral-neutral hydrogen-bond motifs Enb-nn-motif , special charged-charged hydrogen-bond motifs Ehb-cc-motif ,
and π stacking and π-cation interactions rewarded
terms EPI were introduced to the score function. Strain
energy of the ligand and/or protein, loss of entropy of
ligand and protein, and desolvation of the ligand or
protein are adverse to the binding, thus Edesolv (rapid
docking of explicit waters) and Eligand− strain (contact
penalties) were developed to penalize XP binding score.
Compared with other docking programs [11], Glide has
the advantage on finding the correct binding modes
for a large set of test cases, especially the predicted
binding poses have lower RMS deviations from native co-crystallized structures. As a complete solution
for ligand-receptor docking, Glide is continuously optimized to improve speed and accuracy. Thus in the
current work, Glide was adopted to perform ligandreceptor docking.
All compounds was first screened on chain D of 4GZ5
through HTVS stage, then the top 8% from ZINC and
the top 15% from FOG were subjected to SP stage. After SP docking, the top 5% from ZINC and the top 6%
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FIG. 1 Docking score of UDP-GlcNAc analogs and experimental discovered inhibitors by Glide XP.

from FOG were subjected to XP docking (Table I). Finally, we selected the top 116 ranked by docking score
compounds and performed multiple receptor conformations docking to model protein flexibility [34], i.e., we
docked them to other 11 OGT receptors (chain A, B, C
of 4GZ5, chain A, B, C, D of 4GZ6 and 3PE3) to obtain
averaged docking score.
III. RESULTS AND DISCUSSION
A. Virtual screening

UDP-GlcNAc analogs and several experimental OGT
inhibitors [7, 8, 35] were docked to OGT to evaluate the
performance of docking program Glide. As presented in
Fig.1, there were obvious difference in docking score between UDP-GlcNAc analogs and experimental discovered inhibitors. We found the predicted binding conformations of UDP-GlcNAc analogs are in consistence with
experimental crystal structures, the averaged docking
score of UDP and UDP-GlcNAc on twelve receptors
(chain A, B, C, and D of 4GZ5, 4GZ6 and 3PE3) are
−12.40 ( the more negative, the better) and −15.91, respectively. The first reported hOGT inhibitor alloxan
(IC50 =18±1 µmol/L) has an averaged docking score
−7.56 (the lowest is −8.74, chain C of 4GZ5), which
supports the thought that alloxan is an efficient binder
in terms of ligand efficiency [35]. Three validated OGT
inhibitors discovered through HTS [8] were docked to
OGT with docking score ranging from −4.38 to −6.30,
which agrees with their IC50 values between 0.9 and
20 µmol/L. In current research, we chose UDP, the
docking score is −12.40, as one reference.
The top ten FOG and ZINC compounds are listed
in Table II. The averaged docking score of FOG have
DOI:10.1063/1674-0068/29/cjcp1510211

TABLE I Screened ligand library in virtual screening study.
Subset of FOG are named according to molecular weight
(MW ), like MW-250 is comprised by the compounds whose
molecular weight ranged from 250 g/mol to 300 g/mol.
Library
FOG-MW-250
FOG-MW-300
FOG-MW-350
FOG-MW-400
FOG-MW-450
FOG-MW-500
FOG-MW-600
FOG-MW-700
FOG
ZINC-P0
ZINC-P1
ZINC (drug now)

Compound number
For HTVS
For SP
For XP
695833
106600
8710
638157
103500
8425
566766
92200
7635
401864
60900
5020
435734
66700
5460
385327
58700
4220
405481
68200
5910
332941
59200
4270
4287550
684200
59100
6365790
509263
26787
769002
61520
4398
7134792
579793
31185

ranges of −10.41 to −11.17, while that of ZINC is −9.75
to −11.20. The lowest docking score on chain D of 4GZ5
are −12.97 and −13.39 for FOG and ZINC, respectively.
As presented in Fig.2, we found, sorted by the averaged docking score, FOG contain more compounds with
lower docking score than ZINC, which demonstrated
the advantage of FOG in library preparation during
virtual screening. Unfortunately, the best ZINC and
FOG compounds isolated by HTVS have higher docking score than UDP, which means these compounds can
hardly compete with UDP (IC50 =1.8±1.0 µmol/L) in
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FIG. 2 (a) Distribution of FOG and ZINC library over the values of docking score at XP stage. MW-250 library is
generated by FOG program and comprised by the compounds whose molecular weight ranged from 250 g/mol to 300 g/mol.
(b) Comparison of the averaged docking score for the top 116 FOG and ZINC compounds.

TABLE II Docking score of the top ten compounds from
FOG and ZINC Library. The averaged docking scores of the
twelve receptors (chain A, B, C and D of 4GZ5, 4GZ6 and
3PE3) were determined, listed as “twelve grids”. FOG compounds whose molecular weight are lower than 500 g/mol
are chosen to compare with ZINC library.
FOG (MW ≤500 g/mol )
Rank 4GZ5-D Twelve grids
1
−12.97
−11.17
2
−12.62
−10.88
3
−12.61
−10.87
4
−12.24
−10.78
5
−12.12
−10.77
6
−12.09
−10.67
7
−11.97
−10.60
8
−11.96
−10.52
9
−11.96
−10.45
10
−11.90
−10.41

ZINC (drugs now)
4GZ5-D Twelve grids
−13.39
−11.20
−12.60
−10.80
−12.58
−10.58
−12.41
−10.30
−12.41
−10.03
−12.25
−10.0
−12.24
−9.95
−12.22
−9.94
−12.20
−9.79
−12.14
−9.75

the binding site. To address this question, we performed
virtual screening based drug design.
B. FOG and ZINC

FOG program generated new compounds by adopting
the parameters which were trained on Hotter database
(2713 drugs), thus the produced compounds enjoy the
desired features such as druglikeness, stability in water,
while there’s not clear in its performance during virtual screening. To evaluate practical value of FOG in
DOI:10.1063/1674-0068/29/cjcp1510211

drug screening, we compared it with ZINC at two aspects: docking score distribution and fragment novelty
of chemical compounds.
At HTVS stage, only 74.4% compounds from FOG
can be docked to OGT while that value for ZINC is
95.3%. At SP stage, we found as the MW of FOG
compounds increasing, the distribution of docking score
move to the left, that means the compounds with higher
MW tend to have lower docking scores. At XP stage,
ZINC compounds concentrated in the range from −6
to −8.5, while FOG is more widely distributed. 1.04%
of XP-screening ZINC compounds have lower docking
score than −10. As MW of FOG compound increased,
the percentage of compounds that located at low score
region (docking score<−10) grow rapidly, from 0.21%
for FOG MW-250 subset, 1.50% for FOG MW-400 subset, to 3.29% for FOG MW-600 subset. These results
illustrated at higher precision of XP, the FOG provides
more compounds with lower docking score.
As presented in Fig.3, the top three ZINC compounds
(chain D of 4GZ5) shared 2-hydroxybenzimidazole
group, which form hydrogen bonds with Ala896, ππ stacking interaction with Phe868, His901. Among
116 best ZINC compounds, the functional group 2hydroxybenzimidazole were observed sixteen times, and
most of them occupied identical position in the binding pocket. As for the best three FOG compounds,
there are distinctly structural diverse but could strongly
interact with the residues around the binding pockets, which bring the low docking score. We performed
structure-based clustering in a hierarchical manner for
the top 116 FOG and ZINC compounds using JKlustor
[36]. 116 best ZINC compounds were clustered into 8
top level cluster count and 45 top cluster count while
116 best FOG compounds were clustered into 15 top
c
⃝2016
Chinese Physical Society

378

Qing-tong Zhou et al.

Chin. J. Chem. Phys., Vol. 29, No. 3

FIG. 3 Chemical structures of three OGT inhibitors with the highest docking scores from ZINC and FOG virtual screening.
Docking score is based on the receptor chain D of 4GZ5.

level cluster count and 112 top cluster count. Thus
FOG program have generated more novel fragments
when compared with ZINC, which would be of great
importance for further drug design.
C. Drug design

Although screened ZINC (drugs now) library has
drug-like properties (“Lipinski’s rule of five”) that is
expected to have satisfactory physicochemical properties as drug candidates, the best compounds like ZINC32, ZINC-11, ZINC-14 have about 2−3 higher docking
score than that of UDP, that means they are poor lead
compounds for drug discovery because of the high IC50 .
Therefore, we decided to make chemical modifications
on the identified inhibitors to design more potent OGT
inhibitors with at least UDP-level inhibitory activity.
The best docked compounds from ZINC were grouped
into two classes which held the binding positions of
UDP and GlcNAc of UDP-GlcNAc. Compounds like
ZINC-11, ZINC-22, ZINC-80, and ZINC-89 formed hydrogens bonds with Thr560, Leu653, His920, Thr921,
Thr922 of OGT in the same positions of the GlcNAc
part of UDP-GlcNAc, which formed hydrogens bonds
with Thr560, Leu653, His498, Gly654, His920 and
Thr921. The docked conformations of other compounds
have significant overlap with the UDP of UDP-GlcNAc.
Take ZINC-14 for an example, 2-hydroxybenzimidazole
group form hydrogen bonds with Ala896, π-π stacking interaction with Phe868, His901, while nucleotidase
DOI:10.1063/1674-0068/29/cjcp1510211

uracil of UDP form hydrogen bond with Ala896 and
is surrounded by Phe868, His901. The pyrophosphate
group and the pentose sugar ribose of UDP contribute
nine hydrogens bonds with Lys842, Lys898, His920,
Thr921, Thr922, Asp925. Limited by the number of
hydrogen bonds donors and acceptors, ZINC-14 form
five hydrogen bonds with Gln839, Thr921, His920, and
Thr922. The different orientation of potential ZINC inhibitors distributed in the binding pocket brings the
probability of linking individual fragments to design
new inhibitors.
Following compound combination strategy, we designed a new compound D230-211 (Fig.4), which is the
combination of ZINC-11 and ZINC-14. As shown in
Table III, the averaged docking scores of ZINC-11 and
ZINC-14 are −11.20 and −9.65, respectively. The de
novo designed compound D230-211 has much better
docking score, −12.22, which is very close to UDP. That
means the designed compound can inhibit OGT catalysis activity similar to UDP. But compared with UDPGlcNAc’s docking score (−15.91), the designed compound is far from full inhibition of OGT activity, that
means the dose could be reasonable high. Nonetheless,
current design strategy can be applied for general drug
design projects.
IV. CONCLUSION

O-GlcNAc transferase (OGT) is one of essential enzymes in protein glycosylation regulations. In this work,
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FIG. 4 Binding poses of two ZINC compounds (ZINC-14 and ZINC-11), which occupied two different regions of the OGT
catalytic site. As the combination of two compounds, de novo compounds D230-211 was designed and proved to have better
docking score, which suggest a good strategy in further drug design.

TABLE III Docking score of de novo compounds designed
by compound combination strategy.
Name
UDP
UDP-GlcNAc
ZINC-11
ZINC-14
D230-211

Docking score
4GZ5-chain D
Twelve grids
−14.10
−12.40
−17.14
−15.91
−12.13
−11.20
−11.89
−9.65
−12.91
−12.22

Note: 4GZ5-Chain D is the docking score performed on the
chain D of 4GZ5 while the “twelve grids” is the averaged
docking score on twelve receptors (chain A, B, C and D of
4GZ5, 4GZ6 and 3PE3).

we performed virtual screening on ZINC (drugs now)
and FOG compound library to identify OGT inhibitors.
Through the XP docking on UDP-GlcNAc analogs, we
verified that Glide can correctly predict the binding conformations with very low docking score. We found that
all of ZINC and FOG compounds have higher docking
score than UDP and UDP-GlcNAc, which suggest the
potential inhibitors do not naturally exist in the library.
Following compound combination strategy, compound
D230-211, whose docking score is close to UDP, were
designed and could be used as a start point for further
lead optimization. We investigated the practical value
of FOG in drug screening from the aspects: docking
score distribution and novelty of chemical compounds.
We found FOG library generate more compounds with
better docking scores and present remarkable structure
diversity simultaneously, which will be of great practical
significance to drug screening.
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