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What is a drug?

According to the Food, Drug, and Cosmetic Act (1) : a substance
recognized in an official pharmacopoeia or formulary (2) : a
substance intended for use in the diagnosis, cure, mitigation,
treatment, or prevention of disease (3) : a substance other than
food intended to affect the structure or function of the body
(4) : a substance intended for use as a component of a medicine
but not a device or a component, part, or accessory of a device

http://www.merriam-webster.com/dictionary/drug
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What is a drug?

According to the Food, Drug, and Cosmetic Act (1) : a substance
recognized in an official pharmacopoeia or formulary (2) : a
substance intended for use in the diagnosis, cure, mitigation,
treatment, or prevention of disease (3) : a substance other than
food intended to affect the structure or function of the body
(4) : a substance intended for use as a component of a medicine
but not a device or a component, part, or accessory of a device

http://www.merriam-webster.com/dictionary/drug

A small molecule intended to affect the
structure/function of macromolecules



http://www.merriam-webster.com/dictionary/drug

University of Pittsburgh Computational and Systems Biology




Computational and Systems Biology

Drug Development

Ongoing
Drug FDA Scale-Up to Research
Discovery Preclinical Clinical Trials Review Manufacturing and Monitoring

5,000-10,000
COMPOUNDS

ONE FDA- %
APPROVED |
MEDICINE 4

PHASE 1 PHASE 2 PHASE 3
NUMBER OF VOLUNTEERS

PRE-DISCOVERY:
BASIC RESEARCH AND SCREENING

20-100 100-500 1,000-5,000

NDA SUBMITTED

3-6 YEARS 6-7 YEARS 0.5-2 YEARS INDEFINITE

http://phrma.org/sites/default/files/pdf/PhRMA%Z20Profile%202013.pdf 4
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Drug Discovery

Hit generation

Target and
hit identification

Computational and Systems Biology
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Drug Discovery

High Throughput Screening

Computational and Systems Biology

Leads Clinical
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Drug Discovery

High Throughput Screening

Hit generation —- Lead generation
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Computational and Systems Biology
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The State of Drug Development

New Drugs Approved New Drug Applications

Boa e Ay 30
1s s ) = 20
J 10
0 e 0
2001 2002 2003 2004 2005 2006 2007 2008 2009 2 P PP LS PP H P PP O
NTNTATNTY Y O Y Y Y e Y T

http://www.fda.gov/downloads/AboutFDA/Transparency/Basics/UCM247465.pdf
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Computational Drug Discovery

Virtual Screening

existing libraries

Hits
: e Leads Clinical
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Computational Drug Discovery

Virtual Screening
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Computational Drug Discovery

Virtual Screening
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Kinds of Virtual Screening

ADMET
Ligand Based

- similarity to known binder
- QSAR
- pharmacophore

Receptor Based

- dock and score

- simulation

MM/GBSA, MM/PBSA, thermodynamic integration, free energy
perturbation, Jarzynski, umbrella sampling, Monte Carlo, weighted
ensemble, metadynamics...
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Kinds of Virtual Screening

ADMET
Ligand Based

- similarity to known binder
- QSAR
- pharmacophore

Receptor Based

- dock and score

- simulation

MM/GBSA, MM/PBSA, thermodynamic integration, free energy
perturbation, Jarzynski, umbrella sampling, Monte Carlo, weighted

ensemble, metadynamics... _
Not going to cover today

N
¥
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ADMET

Absorption
Distribution
Metabolism
Excretion
Toxicity

Computational and Systems Biology

Will this be a usable drug?

Screening for ADMET:
Cytochrome P450 interaction
Lipinksi’s Rule of Five

QSPR: Quantitative Structure
Property Relationship
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Kinds of Virtual Screening

ADMET
Ligand Based

- similarity to known binder
- QSAR

- pharmacophore

Receptor Based
- dock and score
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Ligand Based: Similarity
Fingerprint Methods

7

- map molecules to a descriptor space: AN\

S55))
7

1D: molecule weight, #h-bonds, etc.
2D: paths, bond distances between atom-pairs

2% //_‘-/,

- similarity is “distance” between descriptors
- for bit vectors, Tanimoto distance used

A(B
AUB

T(A,B) =

11
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Topological Fingerprints

Daylight/FP2 Fingerprints

- all paths up to 7 bonds long
- each path corresponds to bit position (hashing)
- fast similarity checking (Tanimoto)

O=C-N-C

) 0=N-0
O=C-O_, \ | N-c-c-c-c-c=0

fingerprint:

C-C=C-C

12
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Topological Fingerprints

Daylight/FP2 Fingerprints

- all paths up to 7 bonds long
- each path corresponds to bit position (hashing)
- fast similarity checking (Tanimoto)

O=C-N-C

) 0=N-0
O=C-O_, \ | N-c-c-c-c-c=0

0y

C-C=C-C
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Ligand Based: Similarity
Superposition Methods

- compute “overlap” between molecules

- consider shape, electrostatics, pharmacophores

http://www.cresset-group.com/
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Representing Compounds

Conformations

A single compound has many different shapes

Choices: Store sampling of explicit conformations, search for
a good conformation, ignore conformations (2D only)

14
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Ligand Based: QSAR

Quantitative Structure/Activity Relationships

Properties

Calculated

CEHEITEL

Number Log ECso
H 1.07 0 0.79 0.28
(7p)
®) Cl 0.09 0.71 0.21 -0.12
-
S NO, 0.66 -0.28 1.02 -0.36
@)
% CN 1.42 -0.57 1.26 0.16
o CeHs -0.62 1.96 -0.81 0.19
O N(CHs) 0.64 0.18 0.65 -0.01
I -0.46 1.12 -0.12 -0.34

Biological Activity = Learned linear function of properties

3D-QSAR: includes geometric/structural properties

15
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Ligand Based: Pharmacophore

Pharmacophore:

JUPAC: The ensemble of steric and electronic features that is
necessary to ensure the optimal supra-molecular
interactions with a specific biological target structure and to
trigger (or to block) its biological response.

Common Features:
aromatic ring
hydrophobic area
positive ionizable
negative ionizable
hydrogen bond donor
hydrogen bond acceptor
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Charge-Charge

IFo.ol =1Fqol= k 2

17
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Charge-Charge

Salt Bridge

18
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Hydrogen Bond

19
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Hydrogen Bond

19
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Hydrogen Bond

19
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Hydrogen Bond

19



al and Systems Biology

=
S
ﬁ
=
~
=
=
=
S
@)




Minor groove

Major groove

Computational and Systems Biology

© Hydrogen
© Oxygen

@ Nitrogen

© Carbon

& Phosphorus

Pyrimidines Purines

21
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Hydrogen Bond

Distance:

D-A: 2.5A — 3.5A (4.0A?)
H-A: 1.5A — 2.5A

Angle:

Depends on context

22
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Hydrophobic

23
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Hydrophobic

» K
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X
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Aromatic

http://www.chem.ucalgary.ca/courses/351/Carey5th/Ch11/benzene-mo.jpg 25
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Aromatic
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http://www.chem.ucalgary.ca/courses/351/Carey5th/Ch11/benzene-mo.jpg 25
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Aromatic

Rings offset
Interplanar distance: 3.3-3.8A

26
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Pharmacophore Features

_ |

S
drogen Acceptor

Yy drogENIYOND;
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m Efficient and Exact Pharmacophore Search

lyarogen
Dle)n)e)r
Featdre

Hydrophobic

Pharmacophore
Features

A spatial arrangement of molecular
features essential for biological activity

Koes, D. R., & Camacho, C. J. (2011). Pharmer: efficient and exact pharmacophore search.

Journal of Chemical Information and Modeling, 51(6), 1307-1314. doi:10.1021/ci200097m

Koes, D. R., & Camacho, C. J. (2012). ZINCPharmer: pharmacophore search of the ZINC database.

Nucleic acids research, 40(Web Server issue), W409-414. doi:10.1093/nar/gks378 78
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m Efficient and Exact Pharmacophore Search

LIYOLOgELl
Dle)nye)r
S

Hydrophobic
Features

Hydrogen
Acceptor
Feature
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m Efficient and Exact Pharmacophore Search

30
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m Efficient and Exact Pharmacophore Search

| @
| f split x
e a-h
!._ ____________ A
_________ [ B I | : ;
a b | o 3: Spllté/ Splzz‘li/
Y e o a’ 2
/ .d split x split y split x split y
________ e a-b c-d e-f g-h
- /NN SN N\
W a | b|lc|d]|]e | f|g|h
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m Efficient and Exact Pharmacophore Search

[
f split x
e a-h
._ ____________ /\
g split y split y
y a-d e-h
split x split y split x split y
a-b c-d e-f g-h
® a b c d e f o] h
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m Efficient and Exact Pharmacophore Search

A
split x
a-h
split y
y e-h
split x split y split x split y
a-b c-d e-f g-h
a b c d e f o] h

\
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m Efficient and Exact Pharmacophore Search

A
split x
a-h
split y
e-h
split x split y split x split y
a-b c-d e-f g-h
a b c d e f o] h

\
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m Efficient and Exact Pharmacophore Search

A
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\
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m Efficient and Exact Pharmacophore Search

| @
| f split x
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W a | b|lc|d]|]e | f|g|h

32



University of Pittsburgh

Computational and Systems Biology

m Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search

split x

split y
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Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search

C
C
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m Efficient and Exact Pharmacophore Search

C
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m Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search
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m Efficient and Exact Pharmacophore Search

33



University of Pittsburgh Computational and Systems Biology

m Efficient and Exact Pharmacophore Search

1000
e E
100 |
© A—K ﬁ 2
> i | " A “MOE HSP90
= 10 & A
g A 4 MOE FXIa
A 2=Pharmer HSP90
A - @ Pharmer FXla
1 rN
A
X
0.1

0.1 02 03 04 05 0.6 0.7 08 09 1
Tolerance Sphere Radii Multiplier

34
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Indexed Search of Molecular Shapes

Align to Moments of Inertia Voxelize

AN AN 0
N N ct-tree
- Scales with Surface Area, not Volume
N N « Fast Intersection/Union Operations

35
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Indexed Search of Molecular Shapes

Shape Constraints

36
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Indexed Search of Molecular Shapes

MIV MSV
Maximum Included Volume Minimum Surrounding Volume
Intersection Union
MSV MSV

Matching and packing algorithm for
efficient and effective initialization

Koes, D. R., & Camacho, C. J. (2014). Shape-based virtual screening with volumetric aligned molecular shapes.

J Comput Chem, 35(25), 1824-1834. doi:10.1002/jcc.23690
Koes, D., & Camacho, C. (2014). Indexing volumetric shapes with matching and packing.
Knowledge and Information Systems, 1-24. doi:10.1007/s10115-014-0729-z

37
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Indexed Search of Molecular Shapes

Average Time (s)

Performance of Shape Constraint Search
1000

100
10

o
o ©

0.001 - S S |
0.000° —— — —
10N4 10A5 10N6 10A7
Magnitude of Search Space

““ Search Constraints (Indexed) = Similarity (Scan)

38
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Name RMSD v Mass  RBnds
Phiarrmawwophore Szarch => Shape Filler PUDCrem-.39E0682  1.233 392 5
Load Recaptor... Load Features... gy PunChem-23673%60 1273 391 4
FuoCrem-139EUES:  U.243 392 5
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-l = PuscCrem-842716 J.462 319 8
: (..'—OFF' ﬁ:?ﬂﬂ'ﬁ 93) Radluc 1.1 B Showing 1 0 '3 of 3F hits
( JorF) Aromatic o Provious |1 Next
-~ < 152.08,%4.£5,-2.15) Radius 1.1
Load Session... Save Sessicn.. Minimize Sava...

Dspley e menu

http://pharmit.csb.pitt.edu
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Kinds of Virtual Screening

ADMET
Ligand Based

- similarity to known binder
- QSAR

- pharmacophore

Receptor Based
- dock and score

40
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Pharmacophores Aren’'t Enough

. . .
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Pharmacophores Aren’'t Enough

' '
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Docking

Determine the conformation and pose of a
ligand at a docking site

Challenge is to find
conformation and pose with
the best score

42
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Two Phase Docking

1. Global Pose Estimation 2. Local Refinement

g
/

Stochastic Minimization

43
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Two Phase Docking

' N
" vv - J‘ [. "': rs

/o Tangens at x,
e

/S Tangen: at 5

1. Global Pose Estimation

4
/

Stochastic Minimization

43
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Scoring Goals
Affinity Prediction

-how well does it bind?

Inactive/Active Discrimination
-does it bind?

Pose Prediction

-how does it bind?

44
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Scoring Goals
Affinity Prediction

-how well does it bind?

Inactive/Active Discrimination
-does it bind?

Pose Prediction

-how does it bind?

Speed

44
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Scoring Goals
Affinity Prediction

-how well does it bind?

Inactive/Active Discrimination
-does it bind?

Pose Prediction

-how does it bind?

Approximations:
SpEEd Rigid or semi-rigid receptor
Implicit water model

44
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Scoring Types
Force-field based

inter- and intra- molecular forces
van der Waals, electrostatic, torsional

Empirical
parameterized function is fit to binding energy data

Knowledge based

scoring function based on known structure, not
physical principles

Consensus

45
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Force

Protein—ligand

Internal ligand

Field
Scoring

G-Score Eva’W +EH—b0nd = E + Etorszon =
B C. D,
zz[{d; RN >]} (S 2] 1 o
prot lig ij ij lig d;z dlf lig 2 ‘n‘
D-Score EvdW + Eelectrostatic =
Ty ( j +332.0_ 14,
prot lig y
GOId EVdW + Eelectrostatic = EvdW + Eelectrostatic =
Al" Bi' qiqj
+3320 Z [ ‘Jz ]j+3320
+optional £,,_, .
AUtODOCk EvdW + EH—bond + Eelectrostatic = EVdW + EH—bond + Eelectrostatic -
C. D, A. B. C.
E(t)x| —L -—L 14 I _ TN+ E@t)
pe(-) oG- | 2wl
9.9, |
332.0#:| 332 0&
E(d,)d, " 4d,)d,
E(¢) = angular weight factor E(¢) = angular Weight factor
DOCK EvdW + Eelectrostatic =
(v4.0)

sy

prot lig lj

332.0
i e
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Dock 4.0 Coulomb’s Law
g: partial charges
D: dielectrict constant
lig rec 9.9
= 3 3 (4 seep
. Dr;;
I=1)=1 I ij
van der Waals
s a=12,b=6
w0 | | Lennard-Jones potential
3.0 40 50 et 6.0 7.0 8.0

47
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Empirical Scoring

Functional form

LUDI

A(;bina’ = A(;H—bond Zf(AR?Aa)-l- A(;ionic Zf(AR?Aa)-I-

H-bond ionic

A Ghydrophobic Z A

hydrophobic

+AG, N, . +AG,

hydrophobic rotor = ' rotor

A

hydrophobic — molecular surface area

F-Score

A(;bina’ = A(;H—bond Zf(AR,AO!)+ A(;ionic Zf(AR?Aa)-l_AGaromatic Zf(AR?Aa)

H-bond ionic aromatic

+AG,,,. Zf(AR,Aa) +AG, N, +AG,

rotor rotor
contact

Chem-
Score

AGbina’ = A(;H —-bond Zf (AR? Aa) + AGmetaZ Zf (AR? Aa) +

H-bond metal

AGlipo Zf (AR) + AGrotor Zf (B@l > })n'l ) + AC;O

lipo rotor

438
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Empirical Scoring

Functional form

LUDI AG,,, =G D f(ARAc)+BEITY (AR, Acr)+

H-bond ionic

BCRR |4,y HEGRM V... + G

hydrophobic

hydrophobic

A

hydrophobic — molecular surface area

regression
coefficient

H-bond ionic

F-Score | AG,,., -ZfARAa -ZfARAa -ZfARAa

aromatic

+ WG >/ (AR, Act) -[SGH V... + S
Chem- AG,, = > f(AR,Act) + (AR, Act) +
Score —bond Tetal
RG>/ (ar)+ NG > (P, £, )+ BE

lipo rotor

48
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AutoDock Vina

Weight Term
_ —(d/0.5)? —0.0356 —
( o wguassl € —0.00516 Causs,
—((d—3)/2)2 0.840 epulsion
( =  Wguass, € ( )/2) 0.0351 [Tvdrophobic
d2 d 0 {(1.587 Hvdrogen bonding
. Wrenulsi < 00585 Nrw
repulsion(d) = “puobwn >0
0.1
0.05 |
,
Whydrophobic d<0.5 o
hydrophobic(d) = A 0 d>1.5 E o /
: & 0057
| Whydrophobic (1.5 — d)  otherwise £ |
0.15 ; SIenc  ——
steric + hydrophobic
steric + H-bond
( Whbond d < —0.7 e
hbond(d) = 0 d> 0 0.25 .- \ - - : :
10 , . 0 1 2 3 4 5 6
| Whbond(—+'d) otherwise Surtace distance (A)

49
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Knowledge Based

Functional form

PMF Parametrized pairwise potential PMF score :

PME = Z ZAU' (dij ) Aij (dij ) = —k,T 1n|:fV{)lcorr (7‘) /0% (r)}

prot lig bulk

where k, is the Boltzmann constant, f,;{;l_corr (r) is a ligand volume correction factor

;
r
and 'Ose;( ) indicates a radial distribution function for a protein atom i and a ligand atom ;.
Pk
DrugScore
AW =y > S AW, (r)+ (1= 7)x| D AW, (SAS,S4S,)+ > AW (SAS, SAS,)
(V1.2) prot lig lig prot
SAS = Solvent accessible surface area terms, W;; = distance dependent pairwise potential
SMoG 0 (i, jmore than 5 A )
G=Zgiinj; Aij = ( J o ); gij = —kT log p_l] ;
p 1 (i,jwithin5 A) P

p; an p are interatomic and averaged interactomic interactions

50
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RF-Score

Pairwise Distance Counts (<12A) Protein

ORIGINAL PAPER "7l iia s

SUracinal biownfanarics AN S SO0 ML 1. UL

A machine learning approach to predicting protein-ligand binding
affinity with applications to molkecular docking
Pecrs J. Dallester’* © ard Jehn B. €, Mitene! ™ *

L.nrraey Crnton ' BYIST L0 ER0An OV OTnen Dapaneam of C7am sty | 0avesiy of Tamey agr, | e ey
N0 “rebergy OO9 TPV 200 T 10 ooy amiide S5 tns, Wewest) T T R ivea T s,
S o KY BEST, LK
LY E-"1 -1 TR _TIAF AR TN

C N O S

Ligand

b 4

Random Forest

51
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Scoring function R Rs RMSE
RF-Score 0.776 0.762 1.58
R=0.776 on independent test set( 195 complexes)
X-Score::HMScore 0.644 0.705 1.83
™ DrugScorecsp 0.569 0.627 1.96
SYBYL::ChemScore |0.555 0.585 1.98
~ o | : | |ps::pLP1 0.545 0.588 2
2 e B : ‘:_ "% | [GoLp:.Asp 0.534 0.577 2.02
z | . 03%0% ¢ PP " SYBYL::G-Score 0.492 0.536 2.08
: YR Y \_,r rok 2 T DS::LUDI3 0.487 0.478 2.09
_ X ,:7',, g 9 DS::LigScore2 0.464 0.507 2.12
5 1° 58 5 85 © P GlideScore-XP 0.457 0.435 2.14
S _ | e : g 7 DS::PMF 0.445 0.448 2.14
5 GOLD::ChemScore  |0.441 0.452 2.15
) SYBYL::D-Score 0.392 0.447 2.19
DS::Jain 0.316 0.346 2.24
! ' GOLD::GoldScore 0.295 0.322 2.29
" | 4 |svBYL::PMF-Score  |0.268 0.273 2.29
Measurad binding affinity (PDBbind De SYBYL::F-Score 0.216 0.243 2.35
RMSE = 1.58
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Scoring

Ideally, score would
equal affinity — but
this 1s an unsolved

problem.

http://www.csardock.ofé/

P
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pKd (calculated)
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pKd

Computational and Systems Biology

pKd (calculated)
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Scoring Code 16

Ideally, score would
equal affinity — but
this 1s an unsolved
problem.

R2=0.28
RMSE =1.9

http://www.csardock.org/ PR — 53
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Scoring Code 1
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Scoring
4
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equal affinity — but [~
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Scoring State of the Art
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Vina Vinardo 0.4
.Tap1 Top 3."'op 5
El B 8 10
Vina Vinardo Experimental binding affinity (pKd)
Pose Prediction Binding Discrimination Affinity Prediction

Quiroga R, Villarreal MA (2016) Vinardo: A Scoring Function Based on Autodock Vina Improves Scoring, Docking, and Virtual Screening. PLoS ONE 11(5):
e0155183. doi:10.1371/journal.pone.0155183
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Can we do better?

Accurate pose prediction, binding
discrimination, and affinity prediction without
sacrificing performance?
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Can we do better?

Accurate pose prediction, binding

discrimination, and affinity prediction without
sacrificing performance?

Key Idea: Leverage "big data”
231,655,275 bioactivities in PubCher

125 526 structures in the PDB

16,179 annotated complexes in PDBbina
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Machine Learning
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Neural Networks

X,

x> outpul

output = o Zw x; + b

?

Istep sigmoi Rel U
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Neural Networks
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The universal approximation theorem
states that, under reasonable assumptions, a
feedforward neural network with a finite
number of nodes can approximate any
continuous function to within a given error
over a bounded input domain.
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Deep Learning
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Deep Learning
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Image Recognition

airplane

oo 2 2 2

bird
cat
deer
dog
frog
horse
ship

truck

=B ~ BT -

Computational and Systems Biology

ILSVRC top-5 error on ImageNet

Sma B WE
ol el el
..R& Convolutional Neural Networks
AE~nD
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2010 2011 2012 2013 2014 Human  ArXiv 2015

3 https://devblogs.nvidia.com
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Convolutional Neural Networks

=

Convolution
N Feature Maps

Convolution

— weight 1
—  Weight 2
—— Weight 3

&

Convolution Fully Connected

Feature Maps Traditional NN

Fully-connected
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weight 1
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CNNs for Protein-Ligand Scoring

Pose Prediction
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Protein-Ligand Representation

(R,G,B) pixel
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Protein-Ligand Representation

(R,G,B) pixel —
(Carbon, Nitrogen, Oxygen,...) voxe

The only parameters for
this representation are the
choice of grid resolution,
atom density, and atom
types.
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Model Optimization

Atom Types Radius Multiple
e Vina (34) .
e element-only (18) Resolution
* ligand-protein (2)
Atom Density Type ~ooling
e Boolean Depth
e (Gaussian |
Width
Fully Connected
Layers
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Pose Prediction (CSAR)

1.0
D&}
N6

0.4

True Positive Rate

CNN (AUC=0.82)
Vina (AUC=0.64)
== NNScore (AUC=0.49)
=== RF-Score (AUC=0.46)

000 07 0.4 0.6 0.8 1.0
False Positive Rate

0.2
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Pose Prediction (CSAR)
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Pose Prediction (PDBbind)
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Binding Determination

1.0
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True Positive Rate

o
N

- Multi-pose CNN (AUC=0.864)

Single-pose CNN (AUC=0.851)
Vina (AUC=0.683)
RF-Score (AUC=0.611)
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False Positive Rate
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Computational and Systems Biology

D UD e E

102 targets

22,645 actives
1,407,145 decoys
<10uM affinity

true poses unknown
use docked poses
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Affinity Prediction

unitl_pool

label

unit2_pool

CNN

Vina

unit3_pool

R=0.687 RMS5=2.186 R=0.497 RMS5=8.956

10 12 o 2 N 6 & 10 2 4
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Beyond Scoring
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Beyond Scoring

. Ny ] : unit3 convl output_fc
unitl pool _p(@l : \ )@t&j(%ﬂ)—) 198 % 63 —> p2 -
—BL — ai;l& and —BI; — 5;.
label Bl i
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Beyond Scoring

unit3_convl output_fc
128 x 6"3 2
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Beyond Scoring

-j3 convl output fc
D= 9 =
_’%‘8 X 6°3 2

aptimize
with arior
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Beyond Scoring

Sfss x¥n— Here
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Beyond Scoring
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Minimizing Low RMSD Poses

Best
First Minimization

# Poses

4 -3 -2 -1 0 1 2 3 4
better RMSD Change worse
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Iterative Refinement

Best
First Minimization

# Poses

4 -3 -2 -1 0 1 2 3 4

RMSD Change
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Iterative Refinement

Best
First Minimization
3500 1 Second lteration

# Poses

4 -3 -2 -1 0 1 2 3 4

RMSD Change
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Iterative Refinement

4500
Best

First Minimization
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O @david_koes
() github.com/gnina

http://bits.csb.pitt.edu
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