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free structure
methods

*Based on previous knowledge.

*Many different methods.

*Good performance.

*Poor information about the interaction.
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Existing computational methods

Prediction details & accuracy

—_—

free structure structure based methods
methods , ,
Virtual Docking
*Based on previous knowledge. *Very precise. Ligand and
*Many different methods. receptor orientation.
*Good performance. *Needs the binding-site.
*Poor information about the interaction. *Needs the structure or a

reliable 3D-model.
*Not applicable at wide scale.
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Existing computational methods

Prediction details & accuracy

free structure structure based methods
methods , ,
Comparative Docking Virtual Docking
*Based on previous knowledge. *Qutputs binding-site localization. *Very precise. Ligand and
*Many different methods. *Based on structural comparisons. receptor orientation.
*Good performance. *Applicable at wide scale. *Needs the binding-site.
*Poor information about the interaction. *Needs the structure or a reliable *Needs the structure or a
3D-model. reliable 3D-model.

*Not applicable at wide scale.
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Abstract

Background: Advances in structural biclogy, including structural genomics, have resulted in 2
rapid increase in the number of experimentally determined protein structures. However, abous half
of the structures deposited by the structurd) penomics consorta have little or no information abowt
their blological function. Therefore, there is a need for tools for automatically and comprehensively
mmhmdpwmmWemmmwmdsbym
COMParative protein structure arnotaton that reles on detectable rels proten
sructures to transfer functional annotations., Hmmhuo&nmmmmw
Annolyze, which use the structural alignments deposited in the DBAJI dazbase.

Description: Amolue predicts the SCOP, CATH, EC, InterPro, PlamA, and GO terms wich an

average sensitivity of ~90% and average predsion of ~80%. Annolyze predicts ligand binding site
and domain interaction patches with an average sensitivity of ~70% and average precaion of ~30%,
correctly localzing binding sites for smal molecules in ~95% of s predictions.

Conclusion: The Annolite and Arnolyze programs for comparative annotaton of proten

structures can reliably and auomatically annotate new protein structures. The programs are fully
sccessible via the Incermes as part of the DBAJI suite of tools at barpeliaibh g MBAL,

Background We are now faced with assigning understanding, and
Cenomic efforts are providing us with complete genetic  modifying the functions of prowins encoded by these
blueprins for hundreds of t including h genomes. This task is generally facilitaved by protein 3D

Paoo 10f12

Published online 21 November 2011 Nuclele Acids Research, 2012, Vd. 4, Database ssue D549-D553

dot: 10.1093) nar|ghr 1049

ProtChemSl: a network of protein-chemical
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ABSTRACT
Progress in structure d ination method:

pr ng these computed ! The database ako
s known structures of pm(un-chamul complexes,

that the set of experimentally determined 3D struc-
tures of pr in lex with small molecules is

extends this useful set of structures by both collect-
wmmm-mmuma
providing del pot P inferred
by protein or ch imilarity. The
mmmmmm
1803 and

o o

202289 complexes including 178974 puddod. It
is publicly avallable at http:/paidb.russellab.org.

INTRODUCTION

Prossin-chemical interactions are most oftea not con-
sidered in the context of three-dimensional (3D) strue-
tues Moz databases, such as DrugBask (1) or
STITCH (2) will refer to 3D structares but do not exploit
them beyoad reporting that a structure for a drug-protein
interaction is known. Other databases, such as Rinding
MOAD (3), PDBbind (4) and BindingDB (5), focus on
collecting proten-Sgand complexes, bt report only
those that are expenmentally resolved. However, the cur
rent metwork of protein-chemical intemctions denved
from 3D stroctures is a nch source of information and pro-
vides many possibilities 10 suggest new protein-chemical
interactions.

Recently, we published a method to predict novel pro-
tein-chemscal isteractions wsng sperimposition of
known 3D structures (6) The underlying principle is
that if two proteins share a common ligand, and the first
protan s known 10 bind a :cnnd ligand, lhc iD stnn-
tures of p ligand can be d to

and svenl other predicted complexes Specifically, we
ako construct modek for all ineuaicm with molecules
similar to known intemction partners of a proten or a
chemical of interest (Figure 1, explained in detad below),
and provide a method 10 traverse the network of inter-
acticas to identify pomibilities for building a structaral
maodel of any protein chemical pair of interest (Figure 2)
Being primarily based on structural infermctions,
ProtChemSI has littk overdap with other databases for
grmm-d:mnl mteractions, such as DrugBank (1),
ITCH (2) and ChEMBL (7) (Table 1). Theoretically,
protein—chemical interactions viewed &8 a network provide
a posshility to congtruct a model of a complex of any
given protein and chemical, superimposing molecules
abong the path that connects them. ProtChemSI imple-
ments & routine to comstruct and evalate these models
on wer demand, so the total number of theoretically
pomible modek in ProtChemSI is very hirge and impos
sibke 10 quantify. However, inclading first-osder models
(i2. where we comsder interactions no more than two-
steps away m the metwork), we have a total of 23318
known complexes, and predictions, where 65592 aw
modeled by obvious b logy. 18917 are deled by
obvious chemical simdarty and 94 $55 are modeled by
supenimpostions as detaikd in our original study (6).

FUNCTIONS OF THE DATABASE
ProtChemSl is imended for those interested in structural
detads of & between proteins and amall mol

ecules It provides details at two Jevels of cenainty: first,

it lsts al experimentally resolved 3D structures involving

the query protein or chemical; second, it constrxts a
ber of models as detailed below.

buid a m«id that can be used 1o evaluate 3 onmph of
the second protein with that second ligand (Figue |,
lower), Here we present ProtChemSI a2 database

The workflow of the model construction & chematic-
ally represented in Figure 1. For 2 query protein, models
of the following complexes am comstructed (i) with
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Similar binding-sites tend to bind
similar ligands

co-crystallized
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Network-based Annolyze
nAnnolyze
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Ligand subnetwork

Retrieved 7,609 high drug-likeness* compounds from PDB.
Nodes of highly similar compounds: cliques of similarities.
4,101 nodes of ligand clusters and 24,856 edges.

Edges weight = normalized similarity score.

Network ligand node

clique degree 6

* Bickerton, G. R., Paolini, G. V, Besnard, J., Muresan, S., & Hopkins, A. L. (2012). Quantifying the chemical beauty of drugs. Nature chemistry, 4(2), 90-8.
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Protein binding-site network

e Retrieved binding-sites for the 7,609 compounds: 28,299 binding-sites.
e Similarities between proteins by structural comparisons of the binding-site.
e (Cluster highly similar groups of binding-sites: cliques of binding-sites.
e 19,483 nodes of binding-sites and 29,811 edges.

e Edges weight = normalized binding-site similarity score.

Network binding-site node

clique degree3

Link the two subnetworks by edges between protein structures and their co-crystallized ligands.
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Looking for targets...
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Looking for targets...
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Looking for targets...

tl

t2

tN

Ligand

Target Distance Global Z-score

Local Z-score
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1.0

Benchmarking

232 approved FDA drugs co-crystallized with a protein.

Test-set = 6,282 true drug-protein pairs and 5,981 negative pairs.

Drug ID = 0.97 AUC

Anonymous compounds = 0.73 AUC
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Applying the method, modeling genomes...

1. Modeling

SIBLWDBWS WNIIBJOBGOIAWN
SINOQ WinLIB1oBqOIAN
SISO|N2Jaqn) WniiajoeqoApy
aw08)0o.Ja uewniH

2. Binding-site inheritance
3D model

PDB templates

Human Bacterial proteomes
3D reliable models 31,734 with overlapping 5,008 no overlapping
Different Proteins 14,000 5,008 different proteins
Inherited binding-sites 64,000 30,000
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Searching for Drugbank drugs
interactions...

Human

Drugbank

Bacterial
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Searching for Drugbank drugs
interactions...

Human

Drugbank

Bacterial
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Human Cyclooxygenase-1 targeted by
NSAID drugs

* 21 out of the 44 approved FDA drugs against
COX-1 (' score >0.85).

* Human structure model from the sheep COX-1.
* Predicted binding site includes Tyrosine 385.

Drug ID Drug name nAnnolLyze score
DB00712 Flurbiprofen 0.97
DB00328 Indomethacin 0.97
DB01600 Tiaprofenicacid 0.96
DB00870 Suprofen 0.96
DB00821 Carprofen 0.96
DB00788 Naproxen 0.96
DB00500 Tolmetin 0.94
DB00465 Ketorolac 0.94
DB00963 Bromfenac 0.92
DB00586 Diclofenac 0.91
DB06802 Nepafenac 0.90
DB01283 Lumiracoxib 0.90
DB00784 Mefenamicacid 0.89
DB00861 Diflunisal 0.88
DB04552 NiflumicAcid 0.88
DB00991 Oxaprozin 0.88
DB01050 Ibuprofen 0.87
DB00939 Meclofenamicacid 0.86
DB01399 Salsalate 0.86
DB01009 Ketoprofen 0.86
DB00605 Sulindac 0.85
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Sorafenib pathway targeting through binding of several protein
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Sorafenib pathway targeting through binding of several protein

KEGG

Target Score | Structure Pathway

MAPK signaling

FoxO0 signaling

VEGF signaling
MAPK 14 0.99 Yes Rap1 signaling
RIG-I-like receptor
signaling

Acute myeloid leukemia

CDKI9 0.97 No

FLTI 0.90 Yes Ras signaling pathway

MAPK signaling
Ras signaling

Rap1 signaling

0.89 Y

RAF | es VEGF signaling

FoxO0 signaling pathway

Acute myeloid leukemia

Fox0 signaling
0.88 Y
ARAF s Acute myeloid leukemia

CDKIO0 0.88 No .

MAPK signaling

Rap1 signaling
0.88
BRAF Yes FoxO0 signaling

Acute myeloid leukemia

CDKS8 0.87 Yes

FLT3 0.86 Yes Acute myeloid leukemia

MAPK 15 0.86 No

Annotated ( Chembl, PubChem, Drugbank, PDB )

Not Annotated
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Sorafenib pathway targeting through binding of several protein

KEGG CDK8 BRAF MAPK 14
Target Score | Structure
Pathway
MAPK signaling
FoxO0 signaling
VEGF signaling
MAPK 14 0.99 Yes Rap1 signaling
RIG-I-like receptor
signaling
Acute myeloid leukemia
CDKI9 0.97 No
FLTI 0.90 Yes Ras signaling pathway
MAPK signaling BRAF
Ras signaling
Rap1 signaling
RAF I 0.89 Yes VEGF signaling CDK8 4.0
Fox0 signaling pathway ’
Acute myeloid leukemia MAPK15
Fox0 signaling RAF1
ARAF 9.88 Yes Acute myeloid leukemia 3.0 _0'9
@®
CDKI10 0.88 No - CDK10 §
O
MAPK signaling ARAF 20 ®
Rap1 signaling .
BRAF 0.88 Yes FoxO0 signaling CDK19
Acute myeloid leukemia
CDKS8 0.87 Yes FLT3 .
FLT1
FLT3 0.86 Yes Acute myeloid leukemia
MAPK14
MAPK 15 0.86 No J 0.0

BRAF

CDK19
ARAF
CDK10 }
RAF1
CDK8

MAPK14
MAPK15

Annotated ( Chembl, PubChem, Drugbank, PDB )

Not Annotated
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Antimicrobial drugs against
Mycobacterium tuberculosis
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nAnnolyze

Home Help About Download

Introduce your query molecule

ID of the molecule  pBO0398

SMILE CNC(=0)C1=NC=CC(0C2=CC

Molecular Weight 464.82

Input an example

Upload your File Upload a File o
with the SMILES Choose Files | No file chosen .

Select the organism

Mycobacterium tuberculosis, Mycobacterium bovis, Mycobacterium smegmatis
® Homo Sapiens

nAnnolyze Submit

Home "le About Download RecName: Full=Mitogen activated protein kinase 14 Short=MAP kinase 14 Short=MAPK 14 EC=2.7.11.24 AltName: Full=Cytokine suppressive anti inflammatory drug

binding protein Short=CSAID binding protein S

+ Toggle Statistics

Graphics Tabl

Download Protein Model | Download Molecule in .pdb

GO terms Pathways

Visualize

represented
A

GO terms and

Filter by global z
score

Statistics fo
Compound

DB003S8 ¢

Best Worst
MolecyleExternal Target, z- z-
10 4 1D 2 up Score- Score- Scoret Description ’ Binding-Site residues ¢ Visualize...
local global
D300398 NP_6205i Q13083 0.99 -3.23 -3.30 RecName: Full=Mitogen-activated [:A and m>

protein kinase 14;Short=MAP {30;38,51;52;53,67,70,71,74;
kinase 14;Short=MAPK
14;EC»2.7.11.24, AltName:
Full=Cytokine suppressive anti-
inflammatory drug-binding
protein; Short= CSAID -binding
y / protein;S
D300398 NP_0S58! Q51027 0.98 4.14 324 RecName: Full=Cyclin-dependent [:A and >
kinase 19;EC=2.7.11.22,AtName: (35;50,51;52,66,69,70,;73,78;
Full=CDC2-related protein kinase
6;AltNama: Full=Cell dwvision cycle
2-Wke protein kinase 6;ARtName:
Full=Cell division protein kinase 1

D300398 NP_0012! C1T9SS 0.97 -4.3% -3.14 SubName: Full=Uncharacterized [:A and
protein; (27;28;32;35;50;51;52;66,69;

D800398 GENSCAN 096 321  -3.06 [:A and ' N
nannolyze.cnag.cna
D300398 NP_0013( L2REM2  0.94 20 <295  SubNamae: Full=Mitogen-activated [:A and Pand [ () ()

protein kinase 14,SubName: {30;35,38,51,70,74,83,84,85;
Full=Mitogen-activated protein
kinase 14 isoform CRA e;

9 9
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