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Introduction

The genomic sequences of pathogens and of humans afford us an opportunity to

dream that in silico suggestions of
candidate drugs will be forthcoming
almost in an automated assembly
line within hours with high levels of
affinity, specificity and low toxicity
within the foreseeable future. The
challenges to overcome to facilitate
this include, (i) higher levels of
accuracies in genome annotation,
(i) evolution of algorithms for
automated identification of
druggable targets in the genome
or proteome, (i) generation
of accurate tertiary/quaternary
structures of protein targets and,
(iv) design of small molecules
with high levels of affinity and
selectivity to the target and with
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Figure 1 Genome to drug: an assembly line in the
making at www.sctbio-iitd.res.in.

proper ADMET profiles. We describe, in this chapter the progress achieved in each
of the above areas and the conceivability of a “Genome to hit” assembly line in silico

(Figure 1).
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Genome Annotation

An organism’s genome is an information resource, which can be best understood if
properly annotated. The annotation bridges the gap between the genomic sequence
and the biology of the organism . The announcement of the human genome **
changed the outlook of current biomedical research. Advances in technologies have
made possible sequencing of the genomes of various organisms reliably and rapidly
and this should be a routine matter soon. As on 23 March, 2011, the total number
of available complete prokaryotic genomes in NCBI (http://www.ncbi.nlm.nih.gov/)
is 1491 and work is in progress on 4252 prokaryotic genomes. From a total of 1096
eukaryotic genome sequencing projects, work is in progress on 656 while 40 are
complete and 400 are in assembly phase. In case of viruses, 2574 complete viral
genomes are available in NCBI database. The flow of information from the sequencing
projects has now shifted the focus to high quality genome annotation/analysis. The first
step towards annotating a genome is to separate the genes coding for proteins from
non-genes. Although there is no substitute for molecular biology for determining the
exact locations of genes and control sequences in a genome, diverse computational
methods have been shown to have reasonably successful predictive power ®%. Most
of the available computational methods are knowledge based and use techniques
like hidden Markov models or

machine learning methods. The
accuracies of these models
are limited by the
availability of samples of
experimentally validated

genes, and as typically seen
in a newly sequenced
genome can lead to
suboptimal levels of
prediction. An alternative to
the knowledge based
methods for gene prediction
is an ab initio model.
ChemGenome 2.0 (Figure
2) www.scfbio-
iitd.res.in/chemgenome/chemge
nomenew.jsp is an ab
initico method for gene
prediction in prokaryotes. It
examines physicochemical
properties and geometrical
structures of codons®® to

CHEMGENOME 2.0

An ab-initio Gene Prediction Software

Chemgenome is an ab-intio gene prediction software, which find genes in prokaryotic genomes in all six
reading frames. The llows a phy he al approach and has been validated on 372
prokaryotic genomes. Read more about ChemGenome

Download CHEMGENCME 2.0 for Linux environment from here é

[General Info] [Data Set] [Validated Result Set] [Help] [Heme])
Input File No file chosen

OR paste Genome Sequence in FASTA format

Addtional Parameters
Theeshold Values : (100 |  Start Codon : ATG ced ecE T B
Method : ®DNa O protein O swissprot

E-mail 1D ¢ (Optional)

Figure 2 A front-end of the freely accessible
ChemGenome 2.0 software (www.sctbio-
iitd.res.in/chemgenome/chemgenomenew.js
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ask the fundamental question, “What is a gene?” and extracts an answer from the
structural and thermodynamic properties of DNA sequences, more specifically, the
hydrogen bond, the stacking and the solvation energies computed from molecular
dynamics generated structures.

The methodology has been validated on 372 prokaryotic genomes and the sensitivity,
specificity and correlation coefficients averaged over 356208 genes and an equal
number of frame-shifted genes (non-genes) are 97.5%, 97.20% & 94.25%, respectively.
A promoter prediction methodology developed on the same lines is being integrated
with ChemGenome 2.0 to further reduce false positives 7-%.

The physico-chemical model for gene evaluation and gene prediction for
prokaryotic genomes has been web-enabled and is freely accessible at the
SCFBio website (Figure 2).

Protein Tertiary Structure Prediction

Protein annotation is the next crucial step in the pipeline after the genome annotation.
Despite the large genome sizes, only a fraction of the genome codes for proteins,
particularly in higher organisms. For example, Escherichia coli str. K-12 substr. MG1655
(NC_000913) has 4.6Mb genome with 4494 genes, out of which 4145 are protein

co d m g g enes ( COVerlng BHAGEFRATH : An Energy Based Protein Stucture Prediction Server
~ 85% Of the genome), HaemOphI IUS The present version of'Bhagasrath” accepts amino acid sequence and secondary structure information to predict 5

. candidate structures for the native. It is anticipated that at least one native like structure (RMSD < 7& without end loops)

|nﬂ uenzae Rd KW20 Chromosome is present in the final structures, The server has been validated on 80 small globular proteins, Knaw about Protein Folding
Download BHAGEERATH 1.0 for Solaris 10,0 environment from here,

(NC_000907) has 1.83Mb genome

with 1798 genes out of which 1657 eesn  smm

are protein coding genes. Human  enslsres (0tiana)

genome is ~3 3 OOMb With ~20, 5 OO Input Amino acid sequence OR  Click on the Amino acid to add to the sequence

protein coding genes and ~3000 o
non-protein coding RNA genes FeT
©19 which is about 2% of the . )

H urs] | (are)|| (his

genome. Of these proteins, only a
small fraction has an experimentally
determined 3D structure and well

Secondary Structure Information

characterized functional annotation. @Bt Secandary Siructurs predicion Gnter Secondary Structure Information
There are over 525997 M fwetew, - S

sequence entries in )

UniProtKB/Swiss-Prot'", X-ray and

NMR structures are  available  for

only 71,794 sequence entries in the

. (12) Figure 3 Front-end of the Bhageerath web
RCSB (Protein Data Bank) .

server, freely accessible at
http://www.sctfbio-
iitd.res.in/bhageerath/index.jsp
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The increasing gap between sequences and structures makes it simply
impossible to solve the structures of all existing proteins experimentally. The
knowledge of the 3D structure of a protein can usher in tools for structure based drug
discovery. Thus, a reliable computational method for protein tertiary structure
prediction is desperately needed. Various computational methodologies have
been developed for the prediction of tertiary structures of proteins over the past
few years. These include (a) comparative modeling, (b) fold recognition or threading,
(c) ab initio or de novo methods. Comparative modeling and fold recognition methods
are database driven and their prediction accuracies depend on the sequence
similarities realized in known structures. These methods are extremely popular, reliable
and fast for protein tertiary structure prediction when a close sequence homolog exists
inthe database. Ab initio or de novo methods are used for predicting structure of protein
sequences with no close structural homologs. We have developed two different
computational protocols for predicting tertiary structures of soluble proteins.
Bhageerath'» [Figure 3] is an energy based software suite for predicting tertiary
structures of small globular proteins. The protocol comprises eight different modules
which use physicochemical properties of proteins and ab initio methodology to
predict five candidates for the native from the input query sequence "*?%. The
methodology has been validated on 80 small globular proteins with < 100 amino
acids. For each of these proteins a structure within 3-7A RMSD (root mean square
deviation) from the native is predicted within few minutes to hours on a 280 processor
cluster (~2 Teraflops of computing capacity).

BHACEERATH-H: A Hamalogy sb-atia Hykeid Web ssiver for Protein Teitinry Strmcturs Prodiction
Bhageerath-H (Figure 4)?"is a homology ab s v coss oo s e s cosion
initio hybrid server for protein tertiary S B
structure prediction. The protocol identifies "
regions having local sequence similarity with E:M,,, —
database to generate 3D fragments which
are patched with ab initio modeled  iesimsmsmomn
fragments to put together complete structure
of proteins. For sequences with available =
sequence homologs, Bhageerath-H software (il (ol )
predicts a structure within 5 A RMSD i
from the native. Work is in progress to [ .
further improve the prediction accuracies of vonto - Jenanto G
the softwares. Figure 5 shows the
performance of Bhageerath-H in CASP9
(9" Community Wide Experiment on Critical
Assessment of Techniques for Protein | *wewerms =
Structure  Prediction) and the progress

achieved in prediction accuracy post

CASP9. Figure 4 Front-end of Bhageerath-H web
server, freely accessible at
http://www.scfbio-
iitd.res.in/bhageerath/bhageera
th_h.jsp

[ [ivad e ahet L1 Y] (Titorial] (Ranpln Fln] [unks) [Heip] (o]
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Bhageerathi-9f Results Bhageerath- Results
in CAS®9 ®Post CASPI
Eito7A m7tc10A m>10A Eito7A m7tc10A m>10A

Total Number of Targets: 50 Total Number of Targets: 53
Average RMSD: 87A Average RMSD: 5.3 A

Figure 5 Performance of Bhageerath-H in CASP9 and Post CASP9.

Drug Design

The ability of biomolecules to bind to their substrates in a highly specific manner is an
important characteristic in many biological processes. One of the major challenges for
the CADD (Computer Aided Drug Design) techniques is to achieve this specificity i.e.
specific binding of a small molecule to the biomolecular target invivo at minimum cost
and time, while maintaining novelty of the scaffolds and proper ADMET profiles. The
two main steps in computer based drug design protocols are target identification and
lead optimization. The knowledge of the structure of a biomolecule, such as a protein
/ nucleic acid assists in understanding the molecular level mechanism of action of
drugs and lead optimization. Currently there are about 218 targets available for
~6000 FDA (U.S. Food and Drug Administration) approved drugs. A significant
number of these targets are proteins and of the 218 targets, 3D structures are
available for only 130. These targets can be classified into eight major biochemical

classes (Table 1)@,
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Table 1: Biomolecular target for FDA approved drugs®

Therapeutic Target Class Number of Number of 3D
Known Targets Structures Available

Enzyme 85 59
Receptors 56 25
Nuclear receptors 13 12
DNA, RNA and Ribosomes 8 6
Ion channels 11 6
Antibody targets 14 7
Transporters 11 4
Unknown/Miscellaneous targets 20 11

Structure o f the protein target molecule can be determined either experimentally or
computationally (as discussed above). The next step after target identification and
structure determination is the detection of the ligand binding site. Most of the
experimentally determined structures have some information on ligand binding
site. In the absence of such information, detection of ligand binding site is
required. We have developed an in-house fully automated active site finder program
for proteins (http://www.scfbio-iitd.res.in/dock/ActiveSite new.jsp). The active site
finder, taking

3D structure o f the protein target as input, detects 10 potential binding sites with
100% accuracy in capturing the actual binding (active) site®. The next step in CADD
protocol is lead generation and optimization. A candidate molecule can either be
sketched using publicly available drawing tools or searched from the small molecule
libraries such as NRDBSM® which embeds Lipinski’s rules®* or the one developed
by us more recently consisting of one million small molecules(http://www.scfbio-
iitd.res.in/software/nrdbsm/moleculesearchnew.jsp). For a given biomolecular target,
these databases of small molecules can be scanned for identifying hit molecules
based on their physico-chemical parameters and functional groups. Assessment of
the candidate molecules is performed by calculating the binding energies with the
target, one of the major bottlenecks being the computational time. The calculation of
binding energy of a small ligand with a protein target using docking and scoring
methods can take minutes, which approximates to around 12000 to 15000 hours for a
dataset of one million molecules. We have developed an in-house methodology
christened RASPD (A rapid identification of hit molecules for target proteins via
physico-chemical descriptors) method (http://www.sctbio-
iitd.res.in/software/drugdesign/raspd.jsp), for calculation of binding energy of target
protein in significantly reduced amount of time®.
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The protocol screens > gt g _n
the million compound > "N IEE 'X INX O
libraries to suggest ~ = e

10> to 10° molecules agans Pesamats,
within a minute. et S— S

With  the reduced | R

dataset of hit
molecules generated
using RASPD, one can
perform atomic level
docking and  scoring
against the target. We
have developed an in-
house docking protocol
“ParDOCK?”, an all-atom
energy based Monte
Carlo algorithm  for
protein ligand docking
(http://www.scfbio-
iitd.res.in/dock/pardock
jsp) %9, ParDOCK

27 . .
uses BAPPL for Figure 6 Front-end of SANJEEVINI, an automated drug design

atqmic level software  freely accessible at http://www.scfbio-
scoringofnon- iitd.res.in/sanjeevini/sanjeevini.jsp.
metallo protein ligand complexes (http://www.scfbio-

iitd.res.in/software/drugdesign/bappl.jsp). The accuracy of this scoring function to
predict binding free energy is high with =£1.02 kcal/mol average error and a
correlation coefficient of 0.92 between the predicted and experimental binding
energies for 161 protein-ligand complexes. For metallo-protein-ligand complexes
with zinc metal ions, binding free energy can be calculated using BAPPL-Z
(http://www.sctbio-iitd.res.in/software/drugdesign/bapplz.jsp), =~ which  shows a
correlation coefficient of 0.88 for the predicted binding free energy against the
experiment on a dataset of 90 zinc containing metalloprotein— ligand complexes®®.
Preddicta®*” methodology is used for docking and scoring candidate molecules to
DNA. All of the above mentioned modules work in conduit and can be freely accessed
from the drug design software christened “SANJEEVINI” @9 (Figure 6).

Case Study

Here, we demonstrate the application of the above discussed ChemGenome,
Bhageerath and Sanjeevini softwares to design lead-like molecules against Hepatitis-B

virus infections.




B. Jayaram, Priyanka Dhingra,
20 Goutam Mukherjee, Vivekanandan Perumal

Hepatitis B Virus

Hepatitis B virus (HBV) is a major blood-borne pathogen worldwide. Despite the
availability of an efficacious vaccine, chronic HBV infection remains a major challenge
with over 350 million carriers . HBV is classified under family Hepadnaviridae. The
HBV genome has a partially double stranded DNA genome of 3.2kb and contains 4
overlapping reading frames that encode 7 proteins®®. The HBV genome lacks non-
coding regions ¢”. The HBV polymerase has reverse transcriptase activity and HBV
replicates via an RNA intermediate. Eight HBV genotypes (A-H) have been described
and the genotypes differ by >8% in the nucleotide sequence ¢7*%.

Chronic HBV Infection

The age at infection is an important factor that determines progression to chronicity;
95% of neonates, 30% of children (below six years) and less than 5% of adults exposed
to HBV become chronic carriers *. Spontaneous clearance of chronic HBV infection
occurs in a very small proportion (<1%/year); majority of those with chronic HBV
infection remain infected for life®?.

HBYV and Hepatocellular Carcinoma (HCC)

Chronic HBV infection increases the risk of developing HCC by over 100 fold “”. The
HBV DNA levels in the serum “Y, presence of HBeAg“?, co-infection with hepatitis C
virus (HCV)“* and hepatitis D virus (HDV)“Yand alcohol consumption have been linked
to progression to HCC. A few HBV proteins, genome integration and the inflammatory
response represent some of the complex molecular mechanisms underlying HBV-
related HCCs “. The lack of early diagnostic markers, the associated morbidity and
mortality pose major challenges in the management of HCC. Liver transplantation
remains the best of the available methods for the management of HCC. However,
reinfection of the transplanted liver is almost inevitable “®. A tyrosine kinase inhibitor,
sorafenib has been promising and offers a ray of hope for HCC patients “”.

HBV Proteins

The proteins encoded by the HBV genome and their functions are summarized in
Table 2.
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Table 2: HBV proteins and their function
S.No.| HBV ORF | Protein Function
1 ORF P Viral polymerase DNA polymerase, reverse
transcriptase and RNase H
activity®+®
2 ORF S HBYV surface proteins | Envelope proteins: three in-frame start
(HBsAg, pre-S1 codons code for the small, middle and
and pre-S2) the large surface proteins®e4>>?
The pre-S proteins are associated with
virus attachment to the hepatocyte®?
3 ORF C Core protein HBcAg: forms the capsid ¢
and HBeAg HBeAg: soluble protein and its
biological function is still not
understood. However, strong
epidemiological associations with
HBV replication®® and risk for
hepatocellular carcinoma are
known*?
4 ORF X HBx protein Transactivator; required to establish

infection in vivo®**» Associated with
multiple steps leading to
hepatocarcinogenesis“”

Antiviral Therapy for Chronic HBV Infection

Apart from interferon-alpha and peginterferon-alpha2a, five nucleoside/nucleotide
analogues have been approved for anti-HBV therapy (Table 3) by United States
Food and Drug Administration (US-FDA). In fact many of these nucleoside/nucleotide
analogues have been approved in the last 5 years. Major challenges with currently
available anti-HBV therapy include (a) rapid emergence of drug resistance (b) side
effects of anti-HBV therapy, especially with interferon and (c) the lack of long lasting
suppression of HBV replication in a good proportion of individuals is associated with
virological breakthrough withina few months after therapy ©>.

¢
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Table 3: United States FDA approved agents for anti-HBV therapy

Agent Mechanism of action / class of drugs

Interferon alpha Immune-mediated clearance

Peginterferon alpha2a Immune-mediated clearance
Lamivudine Nucleoside analogue
Adefovir dipivoxil Nucleotide analogue
Tenofovir Nucleotide analogue
Entecavir Nucleoside analogue
Telbivudine Nucleoside analogue

The Need for Newer Anti-HBV Drugs

The inadequacies of the currently available anti-HBV therapies necessitate the
development of newer therapies. Nucleoside/nucleotide analogues that target the
HBYV polymerase represent majority of the available therapeutic options for HBV.
Resistance to nucleoside analogues have beenreported in over 65% of patients on
long-term treatment ®®. The structure of most HBV proteins has not been elucidated;
however, the availability of software for in silico prediction of protein structure,
identification of active sites in proteins and automated drug design make feasible the
identification of drugs that target viral proteins. It would be particularly interesting to
target proteins other than the viral polymerase.

The “Genome to hit” assembly line in silico for HBV is given in a flowchart format
below. Precore/core protein structure was determined, and 24 hit molecules were
identified with good binding characteristics. Similar in silico experiment can be carried
out with other proteins. The ensuing molecular suggestions can be tested in the
laboratory, followed by further optimization, in silico and in vitro testing iteratively as
steps towards lead generation.

Input the HBV Genome sequence to ChemGenome 2.0:

Hepatitis B virus, complete genome
NCBI Reference Sequence: NC_003977.1
>gi|21326584|ref]NC_003977.1| Hepatitis B virus, complete genome

ChemGenome 2.0 output

Five protein coding regions identified. Gene 2 (BP: 1814 to 2452) predicted by the
ChemGenome 2.0 software encodes for the HBV precore/core protein (Gene Id:
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944568). We considered this protein for 3D structure prediction. The same can be
done for all of the predicted genes which do not share sequence similarity with human
genes. In case of DNA targeted drug discovery, one could consider the regulatory
regions of the genes exclusive to pathogen and perform the docking and scoring
using DNA Ligand Docking software(26,32) http://www.sctbio-
iitd.res.in/dock/dnadock.jsp

The gene sequence is translated into amino acid sequence using DNA converter
(http://www.scfbio-iitd.res.in/chemgenome/genetranslator.jsp), which is then used as an
input to the Bhageerath-H (or Bhageerath) for 3D structure prediction.

>gi|77680741|ref]YP_355335.1| precore/core protein [Hepatitis B virus]
MQLFPLCLIISCSCPTVQASKLCLGWLWGMDIDPYKEFGASVELLSFLPSDFFP
SIRDLLDTASALYREALESPEHCSPHHTALRQAILCWGELMNLATWVGSNLEDPAS
RELVVSYVNVNMGLKIRQLLWFHISCLTFGRETVLEYLVSFGVWIRTPPAYRPPNAPIL
STLPETTVVRRRGRSPRRRTPSPRRRRSQSPRRRRSQSRESQC

.

Proteins with experimentally known (X-ray/NMR) 3D structures can be used directly
for active site detection and docking studies. In the absence of a known structure,
computational softwares like Bhageerath-H or Bhageerath can be used. For the
purposes of illustration, we have given the amino acid sequence of the protein with
known crystal structure for Bhageerath-H prediction. We have tested the accuracy of
the predicted structures by calculating the RMSD from the crystal structure (PDB id
1QGT). For proteins with no available structural homolog one can consider the top five
energy ranked structures for further studies.

!

Bhageerath-H Output

Top five energy ranked structures. The structure shown in red color is the native and that
in blue is the predicted structure.

|

Model 1 Model 2 Model 3 Model 4 Model 5
RMSN =1 14A RMSN =0 64A RMSN =1 23A RMSD =1 26A RMSD =1 03A

¢
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e

All the structures modeled by Bhageerath-H could be considered for active site
identification. Here we used Model 2 as an input to the Active Site Finder.

.

Binding site information for the top five potential binding sites

Hydrogen Bond | Hydrogen Bond | logP of the | Molar Refractivity | In(Volume)
Donors Acceptors Residues of the Residues
11 8 31.879 353.481 8.065
9 9 36.335 499.108 7.936
10 8 32.219 444.193 7.56
13 11 35.441 353.861 7.615
5 6 25.157 413.511 7.32
( Top 5 binding sites predicted in the previous step

were selected and docked with Entecavir (One of
the FDA approved drugs for HBV) to extract the
active site information. The predicted binding sites
could also be used to derive this information which
is then used as input for RASPD calculation with an
average cut off binding affinity to limit the number
of candidates.

.

RASPD output

2057 molecules were selected with good binding energy from one million molecule
database correspondingto the top 5 predicted binding sites.

.

Out of the 2057 molecules, 40 molecules chosen randomly are given as input to
ParDOCK for atomic level binding energy calculations. One could use all the 2057
molecules for atomic level docking and scoring. Out of this 40 with a cut off of (-7.0
kcal/mol), 24 molecules are seen to bind well to precore/core protein target. These
molecules could be tested in the laboratory.
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Atomic level docking and scoring output for the 24 hit molecules

MoleculeID | Binding Energy (kcal/mol)
0001398 -10.14 )

0004693 -8.78

0007684 -10.05

0007795 -9.06 } Cav
0008386 -8.38

0520933 -8.21

0587461 11022 )

0027252 -8.39

0036686 -8.33

0051126 -8.73 ;. Cav
0104311 9.3

0258280 78

0000645 -7.89

0001322 -8.23

0001895 -9.49 } CaV
0002386 -8.53

0003092 -8.35

0001084 -8.68 )

0002131 -8.07

0540853 -11.08 } CaV
1043386 -10.14

0003623 -9.23

0004704 -7.33

0097895 -8.04} CaV

ity-1

1ty-2

ity-3

ity-4

1ty-5
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IUPAC Names of the 24 hit molecules

MoleculeID | IUPAC NAME
0001398 (3S)-1°-(3-dimethylaminopropyl)- 1-ethyl-3°-hydroxy-4’-[(2S)-2-
methyl2,3-dihydrobenzofuran-5-carbonyl]spiro[indoline-3,5’-
pyrrole]-2,2’-dione
0004693 (3S)-3-[2-(4-cyclopentylpiperazin-1-yl)-2-oxo-ethyl]-3-(o-tolyl)-1-
(4- pyridylmethyl)pyrrolidine-2,5-dione
0007684 2-[2~(3,5-dimethylpyrazol-1-yl)ethyl]-4-[4-(morpholine-4-carbonyl)-
1- piperidyl]isoindoline-1,3-dione
0007795 (55)-1-(3-dimethylaminopropyl)-4-(2,8-dimethylimidazo[3,2-a]
pyridine-3-carbonyl)-3-hydroxy-5-(4-pyridyl)-5H-pyrrol-2-one
0008386 N,N-diethyl-2-[[(6S)-2-0x0-1-phenethyl-4-(2-thiazol-4-ylacetyl)-
1,4- diazepan-6-yl]oxyJ]acetamide
0520933 (3R)-3-[2-[4-(furan-2-carbonyl)piperazin-1-yl]-2-oxo-ethyl]-1-
(2- methoxyethyl)-3-(2-methoxyphenyl)pyrrolidine-2,5-dione
0587461 3-[(3S)-chroman-3-carbonyl]-9-methoxy-10-(thiomorpholine-
4- carbonyl)-1,2,4,5-tetrahydropyrido[ 1,6-d][1,4]diazepin-7-
0027252 (5R)-1-(3-dimethylaminopropyl)-4-(2,8-dimethylimidazo[3,2-a]
pyridine-3-carbonyl)-3-hydroxy-5-(4-pyridyl)-5H-pyrrol-2-one
0036686 2-[[(6S)-4-[3-(3,4-dimethoxyphenyl)propanoyl]-2-oxo-1-phenethyl-
1,4-diazepan-6-yl]oxy]-N,N-diethyl-acetamide
0051126 [2-[4-[2-(dioxoBLAHyl)ethyl]piperazin-1-yl]-2-oxo-ethyl | BLAHdione
0104311 N,N-diethyl-2-[[(6S)-1-[(4-methoxyphenyl)methyl]-2-0x0-4-
(4- pyrrolidin-1-ylbenzoyl)-1,4-diazepan-6-yl]oxy]acetamide
0258280 N,N-diethyl-2-[[(6S)-4-[(3S)-1-(2-methoxyethyl)-5-oxo-pyrrolidine-
3- carbonyl]-2-oxo-1-phenethyl-1,4-diazepan-6-yl]oxy]acetamide
0000645 4-[(3R)-3-[4-(furan-2-carbonyl)piperazine- 1-carbonyl]-1-piperidyl]-
2- [[(2S)-tetrahydrofuran-2-ylJmethyl]isoindoline-1,3-dione
0001322 (4R)-1-isopropyl-4-[3-(morpholine-4-carbonyl)-1-phenethyl-
6,7- dihydro-4H-pyrazolo[4,5-c]pyridine-5-carbonyl|pyrrolidin-2-
0001895 (3R)-3-[2-[4-(2,4-dimethylphenyl)piperazin-1-yl]-2-oxo-ethyl]-1-

(2- methoxyethyl)-3-(3-methoxyphenyl)pyrrolidine-2,5-dione
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0002386 | [(3S)-chroman-3-yl]-[7-[(4-pyrimidin-2-ylpiperazin-1-yl)methyl]-3,5-
dihydro-2H-1,4-benzoxazepin-4-yl]methanone

0003092 | ethyl 4-[(2S)-6-[2-(1,3-dioxoisoindolin-2-yl) acetyl]6-azaspiro[2.5]
octane-2-carbonyl|piperazine-1-carboxylate

0001084 | 2-[[4-allyl-5-(4-pyridyl)-1,2,4-triazol-3-yl]sulfanyl]-1-(4-
benzhydrylpiperazin-1-yl)ethanone

0002131 | (3R)-1-(2-methoxyethyl)-3-(o-tolyl)-3-[2-0x0-2-[(3S)-3-(2-
phenylacetyl)-1-piperidyl]ethyl]pyrrolidine-2,5-dione

0540853 | 2-(2-methoxyethyl)-4-[4-[4-[(2S)-tetralin-2-yl]piperazine-1-
carbonyl]-1- piperidyl]isoindoline-1,3-dione

1043386 | methyl 3-[3-(3,5-dimethylpyrazol-1-yl)propanoyl]-7-0x0-9-[2-(2-
pyridyl) ethoxy]-1,2,4,5-tetrahydropyrido[1,2-d][1,4]diazepine-10-
carboxylate

0003623 | (3R)-3-[2-[4-(2-methoxyphenyl)piperazin-1-yl]-2-oxo-ethyl]-1-methyl-3-
(4-phenylphenyl)pyrrolidine-2,5-dione

0004704 | (3R)-1-[2-(1,3-dihydroisobenzofuran-5-yl)-1,3-dioxo-
isoindolin-4-y1]-N-[[(2S)-1,4-dioxan-2-yl Jmethyl]-N-methyI-
piperidine-3-carboxamide

0097895 | N,N-diethyl-2-[[(6R)-1-[(4-methoxyphenyl)methyl]-2-0x0-4-(4-

pyrrolidin-1-ylbenzoyl)-1,4-diazepan-6-yl]oxy|acetamide
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2D representations of 24 hit molecules
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