A vivid green aurora is reflected in the Jokulsrion Glacier lagoon at Vatnajokull National Park in Iceland

British photographer James Woodend won the title of Astronomy Photographer of the Year.
James Woodend, Courtesy of Royal Museums Greenwich
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Diseno de Compuestos Activos
Basado en el Ligando




Contenido

Relaciones (cuantitativas) estructura-actividad:
(Quantitative) Structure-Activity Relationships, (Q)SAR

Relaciones estructura multiple-actividad (SmAR)

Panoramas de actividad (activity landscape) y acantilados
de actividad (activity cliffs)

Similitud molecular
Busqueda por farmacoforo
Cribado virtual basado en el ligando

Casos de estudio (presentaciones de alumnos)
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RELACIONES (CUANTITATIVAS)

ESTRUCTURA-ACTIVIDAD
(QUANTITATIVE) STRUCTURE-ACTIVITY RELATIONSHIPS,
(Q)SAR

Quimica Farmacéutica



Relaciones Cuantitativas Estructura-Propiedad
Quantitative structure-property relationships (QSPR)

g

Estructura @
==

guimica =

S 4

Relaciones cuantitativas estructura-actividad
Quantitative sucture-activity relationships (QSAR)

Propiedad
(Actividad
biolégica)

Hopfinger, A. J. J. Med. Chem. 1985, 28, 1133
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Relacion Cuantitativa Estructura- Actividad
(QSAR)

¢, Relacion matematica?

q

SDg, R Descripcion
(Descriptor)
365 H D,
1.16  CH, D,
1.20 COCH, D,
N
R 0.66 COC,H, D,
o _ o 3.42 COC4H. De
Objetivo: predecir la actividad
de nuevos compuestos 7707 Y

Historia del QSAR: Kubini, H. Quant. Struct.-Act. Relat. 2002, 21, 348

Quimica Farmacéutica



(Q)SPR / (Q)SAR en Quimica

Practica basica
Analisis retrospectivo: descripcion

Aplicaciones prospectivas — disefio de
compuestos: prediccion

Estrategias
Cualitativo: SPR/SAR
Cuantitativo: QSPR/QSAR

No necesariamente predictivo



Ejemplos de Métodos Cuantitativos

QSAR
Actividad en escala continua (K, IC,, EC.j ... )
Rule-based

Actividad en escala categorica (activo/inactivo;
alto/medio/bajo): decision trees, rough set theory

Machine learning

Activity landscape: panoramas de actividad

Muchos métodos estan enfocados en describir el SAR
de colecciones grandes de compustos

Entender el SAR antes de predecir actividad



Requerimientos de la Representacion
Molecular

Preservacion de la informacion o permision controlada
de perdida de informacion

Caracteristicas de seleccion

Por conocimiento de interacciones (e.g. union con el
receptor, cualquier informacién del mecanismo de accion)

Por verificacion de la consideracidon de «vecinos cercanos»
Por métodos de seleccion de caracteristicas

Ejemplos: PCA, agrupamiento, etc.

Los compuestos deben agruparse compactamente dentro de una
clase y estar alejados entre diferentes clases

Combinacion de diferentes medidas (consensus)



¢Como Describir a una Molécula
Cuantitativamente?

Representacion Descriptores
1D C15H,,05 :> pe,so moIeleIar,
numero de atomos, etc.

conectividad; numero

:> de anillos; coeficiente

de particién (logP), etc.

2D

Quimica Farmacéutica
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¢Como Describir a una Molécula
Cuantitativamente?

Descriptores

volumen; superficie
accesible al disolvente;
energia;, HOMO; LUMO;

etc.

3D



Calculo de Descriptores

rogramas de coOmputo

MOE

Hyperchem

ACD Labs
Alchemy

Jaguar

Gaussian

Spartan

Sybyl
Macromodel, etc.

m QuaSAR-Descriptor

M=%

MOE .

1065 entries, 0 selected, all visible. 37 fields,

Quimica Farmacéutica

Database File: |docu~1/jose/databa~1/drugbank/drug_b~1_mdb

Molecule Field: mol ¥

Auto Select:
Descriptors Selected: 0

CODE

Database Fields

CLRS55 DESCRIPTICH

Selected Entries Only

Selected Database Fields Clear Selection

E_vdw
FASR+
ASR-
FASR H
FRSA D
FCASRY
FCRSA-
glob

2M1_dipole

MNDO_dipole

MNDO
MNDC_Eele
MNDO_HF
MNDC_HCMO
MNDO_IP
MNDO_LUMO

EM3_dipole

Class: | Al

Filter: ||

2D

*30

OK

Dipole moment
Total energy
Electronic energ

{kcal/mol)
{keal/mol)
{keal)

Heat of formation
HOMO energy (eV)
Icnization potential (keal/mol)
LUMO energy (eV)

Water sccessikle surface =rez
Positive accessible surface area
NHegztive accessible surface zrea
Total hydrophobic surface area
Total polar surface area
Charge-weighted positive su:
Charge-weighted negstive surface zrea
BEbsolute 4:
Bbsclute difference in charge-weighted areas
Mzss density (RMU/RA~3)

Dipole moment

Potential Energy

2ngle Bend Energy

Electrostatic energy

Non-bonded energy

Cut-of-plane Energy

Sclvation energy

Strecch-bend energy

Bond stretch energy

E minus energy of locel minimum

rence in surface ares

Torsion energy
Van der Waals energy

Fractional positive accessible surface areaz
Fractional negative zccessikle surface area
Fractional hydrophobic surface ares

Fractionzl polar surface zrez

Fracticnal charge-weighted positive surface ares
Fractional charge-weighted negative surface area
Molecular globularity

Dipole moment

Total energy (kezl/mol)

Electronic energy (keal/mol)

Heat of formation (kecal)

HOMO energy leV)

Icnization potential (kcal/mol)

LUMO energy (eV)

Dipole moment

Total energy (kcal/mol)

keal/mol)

cal)

Electzonic energy

Heat of formation

Apply | Clear

Cancel
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Etapas de un Analisis QSAR

|. Estructuras (ca. > 10) y su
actividad en escala continua*

SDy,
3.65
1.16
1.20
0.66

R
H

CH,
COCH,
COC,H,

V. Evaluacion
del modelo

<

Modelo
QSAR

:> lI. Calculo de descriptores

R PM V HOMO .. n,
CH,

COCH,

COC,H,

lll. Relacion actividad-descriptores
(andlisis estadistico)

= f

Seleccién de descriptores

*Activades discretas (activo/inactivo) pueden analizarse con otros méetodos

Quimica Farmacéutica 13



Etapas de un Analisis QSAR

Recoleccion y preparacion de datos
Identificacion de activity cliffs
Calculo de descriptores
Construccion de modelos
Validacion externa

Interpretacion de modelos

Uso y aplicacion

Quimica Farmacéutica
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Etapas de un Analisis QSAR

Electronic
Databases

I.ab collectlons.

!ﬁ i Sems
I.iteraturg Data
2% N\

Disease ZT—> Effect

QST?};‘;W =
v L g

Experimental
Validation

‘ Data Collection,

m-mal - mal
BODEIOD

- R - ma

Curation &
Integration

Virtual Screening
& Molecular
Design

Cherkasov A, et al. J. Med. Chem. 2014, 57, 4977

Quimica Farmacéutica

Repository

QSAR Models

Predictive
QSAR
Workflow
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QSAR 2D: Analisis de Hansch

La actividad biologica / propiedad (variable dependiente) es una combinacion

de los descriptores (variables independientes)

log1/C = aD;, + bD, +...+ zD,, + constante

C: Concentracion molar (dosis) que produce una respuesta biologica (EDg,, ICsj, LDsg)
D,, D,, D,: Descriptores

a, b, z: Coeficientes obtenidos por analisis de regresion

Hasch C, Fujita T. J. Am. Chem. Soc. 1964, 86, 116

Quimica Farmacéutica
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Analisis de Hansch

hm

o

R

log /(B + 100) = 0.31 n - 0.82 ¢ + 1.22
n=7,r=0.93,s=0.24

Actiyjdad Descrﬂotores
R log 1/(B + 100) c %
Cl 1.02 0.23 0.71
NH, 1.40 -0.66 -1.23
OCH 1.33 -0.27 -0.02
CH, 1.77 -0.17 0.56
n-Bu 1.77 -0.16 2.05
OPh 2.13 -0.03 2.08
CN 0.57 0.66 -0.57

*log / (B+100): medida de mutagenicidad

R

SO,NH,
CH=C(CN),
NHCONH,
CH=CHCH,

La mutagenicidad aumenta:
 Con sustituyentes R hidréfobos (r alto)
» Con grupos R electrodonadores (o < 0)

Nuevas moléculas
¢, Cuales seran mas mutagénicas?

Quimica Farmacéutica 17




Analisis de Hansch

1. Calculo de descriptores

R o T

SO,NH, 0.57 -1.82 Modelo QSAR
CH=C(CN), 0.7 0.05 >
NHCONH, -0.24 -1.3

CH=CHCH; -0.07 2.68

2. Calculo de actividad

Mayor

0.19 47 prioridad
0.66

R log 1/(B + 100)
SO,NH,

CH=C(CN),

NHCONH, 1.01
CH=CHCH, 2.11

Quimica Farmacéutica

Mutagenicidad
calculada
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Analisis de Hansch

1. Célculo de descriptores 2. Calculo de actividad

R o n R log 1/(B + 100) ngc_)cz ;
] = priorida

SO,NH, 0.57 1.82 Modelo QSAR SO,NH, 0.19 7

NHCONH2 -0.24 -1.3 NHCONH2 1.01 Ca'cu'ada

CH=CHCH | -0.07 | 2.68 CH=CHCH, 2.11

. mparacion con | ndencia experimental
3. Comparacion con la te dencia e pe enta Actividad mutagénicalog 1/(B + 100)

2.5 A
= Log 1/(B + 100) 2 - °
Calculada | Experimental =
SO,NH, 0.19 0.52 é 1.5
= o
CH=C(CN), 0.66 1.13 3 °
1 -
NHCONH, 1.01 1.28 (i
CH=CHCH, 2.11 1.99 05l ®
SO,NH,
La tendencia es la misma 0 ' ' . . .
0 0.5 1 15 2 25

Quimica Farmat Calculada



QSAR 3D comparative Molecular Field Analysis

i Energia de interaccion electrostatica (E,)
: n .
1 iyj
; =) 24
iz Dri
. e
V(‘ R ‘ ‘. f Energia de interaccidn estérica (S,)
s 1
N b 3 12 6
) AN Evaw =) (Aif; " = Cijr;;®)
o ¢ f i=1
Molécula 1 con n dtomos i
©® Atomo de pruebaj en el punto x de la rejilla
Tabla QSAR v il
B S S, E, E,
Modelo CoMFA
l Al Sl,l “an SX,]. E1’1 - Ey,l
B=a+c,S, +...+C, S, +C..E +...+C E, _ll
A
Quimica Farmacé M n Sin Sxn | Ean Eyn




Visualizacion e Interpretacion del Modelo
CoMFA

B=a+cg S, +...+C, S, +C., E +...+C E,

Se grafica para cada punto (stdev*cs,): el coeficiente multiplicado por la raiz cuadrada de la varianza
de un campo en ese punto. Se despliegan los graficos (contornos) que tienen Un valor por encimay
por de bajo de un treshold.

Contornos amarillos:
Interacciones estéricas
actividad

Contornos rojos:
Interacciones cong >0

desfavorecen actividad

(nota: frecuentemente se usa un probe
atom con carga 1+)

Contornos verdes:
Contornos azules: Interacciones estéricas

Interacciones cong>0 |~ favorecen actividad
favorecen actividad

(nota: frecuentemente se usa un probe
atom con carga 1+) Mapas de contorno

Quimica Farmacéutica 21




QSAR-3D: Analisis Comparativo de
Campos Moleculares (CoMFA)

Contorno rojo:
Grupos con densidad

electronica incrementan
la actividad

Dehidrotestosterona
1/1Cs, 9.74

Cramer, R. D. lll., et al., 3. Am. Chem. Soc. 1988, 110, 5959 22



Optimizacion de la actividad con
CoMFA

Sustitucion con F

Incremento en la actividad — 1/1C5, 9.98

23



Combinacion docking con CoMFA

Docking

.

|

LEU234
TRP229 )
/ | His23s
TYR18
i TYR318
| | PRO236
PROSS ~J
§ . LEU100 —/
I ’ 0
Tvmen‘ v N
S LYs101 :
J Lys103
g VAL188 ‘ GLY]SEI
, ) B
“~ GLU138

ILE180
/ VAL179

Medina-Franco JL et al. J. Comput.-Aided Mol. Des. 2004, 18, 345. 24



QSAR 3D
(COMFA)

258

Inhibidores de la transcriptasa
reversa de VIH-1

TRPZES

LEUE 34

/ g°=0.662
r2=0.982
Estérico: 58.3 %

Medina-Franco JL et al. J. Comput.-Aided Mol. Des. 2004, 18, 345. 25



Commercialized Drugs developed
with the Aid of Classical QSAR

Ph o}
,F%\,rn chom )‘\k l
N N "NH; (\ N H

{':H:, HN &oH,
Metamitron Norfloxacin Erumobqtlde Bifenthrin
(Sugar-beet (Antibacterial) (Paddy Field (Foliar Insecticide)
Herbicide) Kyorin 1983 Herbicide) FMC 1984
Bayer 1975 Sumitomo 1984

LI

Metconazole Lomerizine Flobufen
(Wheat Fungicide) (Antimigrane, Antiglaucoma) (Long-acting Antiinflammatory)
Kureha 1994 Organon Japan-Upjohn 1999 Kuchar et al -Virbac 2000

Toshio Fujita; Kyoto University, Kyoto, Japan

Quimica Farmacéutica
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Property Cliffs

Biological Activity

Permeability

PANORAMAS DE ACTIVIDAD Y
ACANTILADOS DE ACTIVIDAD
ACTIVITY LANDSCAPE & ACTIVITY CLIFFS

Quimica Farmacéutica

27



Perfil SAR
Activity Landscape Modeling

“‘Any representation that integrates the analysis of the structure similarity and
potency differences between compounds sharing the same biological activity.”
Wassermann, AM; Wawer M; Bajorath, J. J.Med. Chem., 53, 8209, 2010

>

AActivity
AActivity

Chemical
>< space

3D 2D

Chemical space

Quimica Farmacéutica



Perfil SAR y Activity Cliffs

Principio de similitud Activity cliff
Moléculas semejantes tienen Moléculas semejantes tienen
propiedades semejantes propiedades muy diferentes

L
0
219 nM

37
3872 nM

Bajorath J. et al. Navigating structure-activity landscapes Drug Discovery Today 2009, 14, 698

Quimica Farmacéutica 29



Acantilados de Actividad
Activity cliffs

[\ jS (\ 28 0
NN (O, ~ /\,)\ HNE“%-'} L N “JI\“’} -..QOJ—fN
H2+ \ Q H; Q HzNM-v'LyN . ”H<N—/ O\“/N ~ HN
o (;-? 0 s 3
) )
HO—" 0" HOIDQ
137 196 197 12378
19nM 3733nM Binds 76 proteins Binds 1 protein
Activity cliff

“Compounds, often series of analogues, where small structural
modifications lead to significant changes in potency”

Medina-Franco, J. L. J. Chem. Inf. Model. 2012, 52, 2485

Quimica Farmacéutica
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Acantilados de Propiedad
Property cliffs

O

i \l/ 5\ 7/ Acantilados de propiedad
©;7/ Par de compuestos con

estructura similar pero

Acebutolol Acebutolol ester

log Pegs = -5.83 log Pett = -4.61 permeabilidad Caco-2 muy
on on diferente (>1 unidad logaritmica)
H H
o @O\)\/N\r @,O\)\/N\r
I\/ OJ\H’
Metroprolol Practolol
Iog Peff =-4.59 iog Peff =-6.05

Rojas-Aguirre, Y.; Medina-Franco, J. L. Mol. Diversity, 2014, 18, 599
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Identificacion de Activity Cliffs; para qué?

Alto contenido de informacion de SAR:
Elementos estructurales que rigen la actividad
biologica

Anticipar problemas de modelos QSAR

Los activity cliffs reducen la capacidad predictiva

de modelos QSAR



Identificacion Sistematica de Activity Cliffs

Analisis visual

Series pequefias de moléculas (<20 compuestos)

Panoramas de actividad

Series medianas o grandes de compuestos



Métodos para Detectar Activity Cliffs

Approach Basis Applications Refs.
Structure—activity rela- Combine normalized continuous and discontinuous (for compounds Global and local SAR characteristics and (29, 30]
tionship index (SARI) with structure similarity and potency difference above a predefined detect activity cliffs

cut-off) scores in a set of compounds or discontinuity of a compound
Structure—activity land- Potency-guided connection of nodes {individual compounds) if they Detect activity cliffs [13, 14]
scape index {SALI) form an activity cliff greater than a predefined SALI score
Structure—activity simi- Depict pairwise structure and activity similarities. Activity similarities Detect activity cliffs, continuous and dis- (23, 27, 31,
larity (SAS) maps are represented as normalized potency difference. Data points denote  continuous local SARs. Consensus activity 32

compound pairs cliffs for multiple structural representations
Network-like similarity Similarity-potency relationships. Connect nodes (individual com- Explore global and local SAR patterns. [30, 33]
graphs (NSG) pounds) if their similarity values are higher than a predefined cut-off. Detect activity and selectivity cliffs.

Color gradient reflects potency. Nodes are sized based on contribu-

tions of the corresponding compounds to the local SAR discontinuity
Multidimensional scaling Project chemical reference space onto a 2D surface. Color gradient Detect activity cliffs, continuous and dis- [37]
(MDS) reflects potency levels continuous local SARs
Dual Activity Difference Pairwise comparison of the activity differences of a set of compounds Investigate activity, selectivity profile of a set [27]
(DAD) maps across two targets. Fach data point represents a pair of compounds, of compounds against two targets, including

colored according to defined zones in the plots or structural similarity selectivity cliffs
Combinatorial analog Utilize local similarity based on R-group substitution patterns to Study local SARs of closely related analogsof ~ [34]
graphs (CAGs) organize analog series in a hierarchical tree. Nodes represent com- a single compound in advanced stages of

pound subsets with substitutions at specified sites, while edges link drug discovery

subsets with one or more substitutions sites in common. Nodes are

also annotated with normalized discontinuity scores
Similarity-potency trees Hierarchical representation of compounds in a data set with Describe local SARs [38, 39]
(SPT) increasing dissimilarity from a single reference compound down to a

similarity threshold. Color gradient reflects potency but without node

scaling
3D activity landscape Compound potency included as a third dimension toa 2D projecion  Detect activity cliffs continuous and dis- [36]

of chemical space representation

continuous local SARs

Medina-Franco JL, Yongye AB, Lopez-Vallejo F. En Statistical Modeling of Molecular Descriptors in QSAR/QSPR,
Dehmer, M; Varmuza, K. Danail Bonchev (Eds.), Wiley-VCH, 2012, pp. 309
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Structure-Activity Similarity (SAS) maps

I II

ASa,b(T):]-_ |Aa_Ab |

max—min

Shallow activity cliffs

ApKia,b(T) zlpKIa(T) o pKIb(T)l

Activity Similarity —»

I 1V

Deep activity cliffs
Molecular Similarity —»

m,, =—F—- m
T i+ j-m
1
K ) 2
EDa,b = {Z( fka - fkb) }
k=1

Shanmugasundaram V. and Maggiora, GM. 222" ACS National Meeting, Chicago, IL, USA, 2001
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activity_sim

activity_sim

Activity cliff en SAS Map

el faes
08 ,%O %%%Oogm 583: ¢ O/\/\ y 2D similarity

Lt gof&.o ¥ o : O ° :

o 2 oeD o8y @ % e MACCS: 0.98

08 gg'ofgo ST _

IEILG PR g e GpiDAPHS3: 0.84
04| %3 Pomgea” @ %o g % ° )

TR L /& Q % ECFC4: 0.75
of L . ; # ECFP4: 0.66
o] ° * *

02 03 04 05 06 07 08 09 1

sim_ECFP4
1 28 Activity similarity: 0.33
SN 1,568 nM (Delta pICsy: 1.63)
1
0.8+ :
08| 3D similarity
0.4] Comboscore/2: 0.78
piDAPH4: 0.69

0.2
0 ° o0 ®

02 03 04 05 06 07 08 09 1
Combo Score/2

Medina-Franco, J. L.; Martinez-Mayorga, K. et al. J. Chem. Inf. Model. 2009, 49, 477
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Diagrama de Flujo para Analizar SAR de
Compuestos

Analisis antes de hacer estudios QSAR

Moléculas con datos de actividad Descripcion — entender el SAR
para 1, 2 mas dianas / SmAR

Quitar cliffs para hacer modelos
predictivos? —
Hipotesis bajo estudio

Identificar e interpretar:
Activity cliffs, scaffold hops,

(Dr. Maykel X) regiones continuas del SAR
QSAR y/o otros modelos Optimizacién de lideres
predictivos

Cruz-Monteagudo, M.; Medina-Franco, J.L. et al. Drug Discovery Today 2014, 19, 1069

Quimica Farmacéutica



Foto:
Cortesia de CP. Maria Teresa Medina

SIMILITUD MOLECULAR

a Quimica Farmacéutica 39




Bases del Concepto de Similitud

Principio de similitud molecular: “Moléculas semejantes,
tienen propiedades semejantes”

Similitud es opuesto a distancia

Similitud (similarity) es un concepto subjetivo
Depende del método para codificar la informacidon quimica relevante

Depende del espacio quimico

Similitud estructural o molecular

Generalmente codifican informacion de la estructura o sub-estructura
Similitud quimica

Generalmente codifica informacion de propiedades quimicas

macroscopicas (solubilidad, logP) o también energias calculadas
(HOMO, LUMO, etc).

Johnson MA. and Maggiora GM., eds (1990) Concepts and Applications of Molecular Similarity, John Wiley
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Bases del Concepto de Similitud

La similitud quimica/estructural/molecular es una relacién de pares

Valores de similitud estan dados por medidas de similitud (similarity
measures). Componentes esenciales:

Representacion estructural o molecular
Peso individual a cada elemento estructural o quimico relevante

Funcion de similitud o distancia: transforma (o mapea) la
informacion de las estructuras en una escala de valores reales
en el intervalo [0,1]

El calculo de similitud se hace en un espacio multi-dimensional

La visualizacion de la similitud se hace (en forma aproximada) en
2D/3D

Quimica Farmacéutica 41



Descripcion Cuantitativa de Moléculas

Descriptores

C,sH,,0: messssssssmle- peso molecular

conectividad; numero
de anillos; coeficiente

de particion (logP), huellas
moleculares digitales, etc.

* . . . . . Vé
Las huellas digitales moleculares (molecular fingerprints) son de las representaciones mas empleadas en el
calculo de similitud molecular de bases de datos moleculares para el desarrollo de farmacos

Sabias

que ...

Quimica Farmacéutica 42



Descripcion Cuantitativa de Moléculas

3D

Descriptores

volumen; superficie
accesible al disolvente;
energia, HOMO; LUMO;

etc.



Representacion de Moléculas con Huellas
Digitales Bidimensionales

El niUmero p
Numero p de fragmentos estructurales bidimensionales (2D) «<— depende del
A A
— — método
Molécula NC©)O |, O | CHyQ | N-O | CN Fragmento
S 1 Presente
oo S o 0 Ausente
1 N o/\E < 1 1 1 0 0
0]
R Huella digital
2 H3C\Hko@w ! 0 ! 0 1 <— | Vector binario
Bit vector

3 H3C\Nio©—/<o 1 0 1 0 0
H H

Las estructuras se

representan en 2D

o Q , , .
A PIg ;\j e Calculos muy rapidos
n N~ "O-N 1 0 0 1 0 ) _
H e Método apropiado para
(0]

bibliotecas grandes
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Tipos de “Huellas Digitales Moleculares”
Molecular fingerprints

3D
2D, Tipos principales NUmero p de elementos en el vector

Basados en diccionario
_Independientes de |a

substructure or dictionary based molécula

Topologicos .

topological or path-based
- Dependientes de |la

Circulares )
molécula

circular

Quimica Farmacéutica 46



Basados en Diccionario

Substructure or dictionary based

P

/

CHy

N\

1
I PN —-<0 ji
YA W .

—
N

N/
H

*Diccionario de
caracteristicas
preestablecida

*Tamafo de vector
fijo

Figure 1. An example, based on the drug Lipitor, of a simplified
molecule-independent directory-based binary structural fingerprint
with its corresponding set of descriptors. The symbol 3’
corresponds to any of the halogen atoms (F. Cl, Br, I)

Quimica Farmacéutica
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Basados en Diccionario
Substructure or dictionary based

MACCS keys: one with 960 and the other with 166 structural keys based on
SMARTS patterns

PubChem fingerprint: 881 structural keys

BCI fingerprints: BCI fingerprints can be generated using different numbers
of bits and can be modified by the user in several ways, but the standard
substructure dictionary includes 1052 keys

TGD and TGT fingerprints: These are two-point and Three-point
pharmacophoric fingerprints calculated from a 2D molecular graph,
consisting, respectively of 735 and 13,824 bits. TGD encodes atom-pair
descriptors using seven-atom features and distances up to 15 bonds. TGT
encodes triplets of four-atom features using three graph distances divided
into six distance ranges. They are both available in MOE software package.



Basados en Diccionario
Substructure or dictionary based

Ventaja

Se puede asociar un bit con un fragmento estructural

Desventaja
Moléculas diferentes pueden tener el mismo vector binario
(representacion idéntica)
Incluir nUmero de fragmentos disminuye esta probabilidad (incluir

contadores de fragmentos)

Se puede perder mucha informacién (dependiendo del diccionario)

Quimica Farmacéutica 49



Circulares, Radiales

Extended-connectivity FPs (ECFPs) developed by Rogers and Hahn

Represent circular atom neighborhoods and produce fingerprints of
variable length. They are most commonly used with a diameter of 4
(ECFP4). ECFP6 are also commonly used

The local “circular” environments surrounding each non-hydrogen
atom constitute the substructural features of a given molecule

Extended-Connectivity Fingerprints
(ECFPs)

@ F

\ /

‘(/ i . \ Nex!: Nearest
O
@_______‘ MNearest
JX'”"
(o] -

Neighbors
o]

HiC™  “cn, OH on 4

Figure 3. Examples of molecule-dependent ECFPs
descriptors descriptor depicted with respect to the drug
Lipitor.



Programas para Calculo de Fingerprints
Ejemplos

e OEChem TK: This OpenEye toolkit [21] is able to produce 166-
bit MACCS, LINGO, Circular, Path (Daylight-like ) and Tree (Day-
light-like with non-linear, “tree” fragments) fingerprints. It has
interfaces to C++, Java, Python, and C#.

e [Chem from ChemAxon [30]: This is a java library that provides
access to several hashed fingerprints, ECFP fingerprints with all
their variants (ECFC, FCFP, FCFC), and pharmacophoric finger-
prints. ChemAxon also provides packages for .NET and is usable
in Python through cinfony [40].

e Open Babel [24,41]: This is a free and open-source cheminfor-
matics toolkit, which implements MOLPRINT2D, 166-bit MAC-
CS, a Daylight-like fingerprint (FP2), and 2 structural key
fingerprints with 55 (FP3) and 307 bits. It can be used from
C++, Java, Python, C3#, and Perl.

e RDKit [31]: This is also a free and open-source cheminformatics
toolkit that provides access to several fingerprints: 166-bit
MACCS, “Topological” (Daylight-like), “Atom pairs” (based on
the atomic environments and shortest path separations of every
atom pair in the molecule [42]),“Morgan” (ECFP and its varia-
tions), “Torsion” (based on the topological torsion descriptor
[43]), and “Layered” (an experimental topological fingerprint
intended to make fingerprinting queries more straightforward).
It is usable from C++, Python, Java, and C#.

Cereto-Massagué A, Ojeda MJ, Valls C, Mulero M, Garcia-Vallvé S, et al. (2015) Methods 71:58
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Funcion de Similitud

Coeficiente de Tanimoto
Medida del numero de fragmentos comunes entre dos estructuras

S, = similitud entre estructura Ay B

S - C c = fragmentos comunes entre Ay B (“1” bits comunes)
AB T a4b-c a = fragmentos en A (“1” bits en A)
b = fragmentos en B (“1” bits en B)
Ejemplo: f, B 5 f f — 2 fragmentos en com(n
i )
A HsC\HJ\o/\EOK 1 1 1 0 0
© 2
B ch\HJJ\O@CN 1o | 1|0 |1

Valores posibles de coeficiente de Tanimoto: 0= S,z <1



Funciones de Similitud
Ejemplos

Table 1

Some similarity coefficients and distances used with fingerprints.
Measure Expression Range
Tanimoto(|accard coefficient T Otol
Euclidean distance vao+b—2c OtoN
City-block/Manhattan/Hamming distance a+b-2c OtoN
Dice coefficient 2 Otol
Cosine similarity TEE Otol
Russell-RAD coefficient < Otol
Forbes coefficient 1 Otol
Soergel distance i—_ﬁb-_if Oto1

Where, given the fingerprints of two compounds, A and B, m equals the total
amount of bits present in the fingerprints, a equals the amount of bit setto 1in A, b
equals the amount of bits set to 1 in B and ¢ eguals the amount of bits setto 1 in
both A and B.

Cereto-Massagué A, Ojeda MJ, Valls C, Mulero M, Garcia-Vallvé S, et al. (2015) Methods 71:58
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FARMACOFORO
BUSQUEDA Y DISENO

60



Definicion de Farmacoforo

Farmacoforo: “... ensamble molecular que contiene (phoros) las caracteristicas

esenciales para la actividad biolégica de un farmaco (pharmacon).”
Erlich, P. Dtsch. Chem. Ges. 1909, 42, 17.

The ensemble of steric and electronic features that is necessary
to ensure optimal interactions with a specific biological target
structure and to trigger (or to block) its biological response




Busqueda del Modelo de Farmacéforo
Etapas

Determine identity of a “lead compound”:
Screen natural and synthetic banks of compounds for activity
Folk medicine
Natural ligand
Drug already known
Computer-aided drug design

Computerized search of structural databases

Data collection: Publications; patents; biological activity;
NMR and X-ray data; physiochemical properties

Determine the effects of structural changes on activity of drug:
structure-activity relationships (SARs)



Busqueda del Modelo de Farmacéforo
Etapas

Analysis: integrate information about drug (and target) to
generate hypothesis about activity
This information will result in the identification of a pharmacophore...
What functional groups are important to biological activity?




Analisis de Datos: Relaciones Estructura-Actividad
(SAR)

Ejemplo

1 €HZ: no loss of activity

Extension with
2 CHZ: bad

Ningﬂn must be szcundurr. Activity increased by halogens

MH can be replaced by O or S reduced by NHz, NOz, NMe:

| Reduced potency Substitution good:
hal

ogens, £=C, NO:

Activity increased by Qihedral angle |
electron donating groups: important for pofency l Reduced potency

Can tolerate considerable bulk

i Mitrogen essential
Activity increased by
electron donating groups: Loss of activity

Can tolerate considerable bulk

Reduced potency Mitrogen essential for activity

AMCHORAGE




Busqueda del Modelo de Farmacéforo
Etapas

Design new structures: If you know the pharmacophore for your
target, you can create new lead compounds based on the
pharmacophore!
Why make new lead compounds?

Increase activity (make binding stronger)

Decrease side effects (increase selectivity)

Improve ease and efficiency of administration to patient
Potentially find a better synthetic route

Reference molecule

Mimic (designed)

Approach: Molecular mimicry




Uso del Modelo de Farmacaoforo

Design: use analyzed data to design new compounds -
hopefully with better properties

Four methods used to design better drugs:
Chemical modification
Database searching
De novo

Manual

These approaches generate more data, which yet again can be
used to generate new hypotheses and structures, etc.



Busqueda en Bases de Datos

Use databases of known compounds — no new synthesis!
Be careful of multiple conformations
Content of database is crucial

3D Search for a 3D pharmacophore

Example: Protein kinase C enzymes are targets for chemotherapeutic
intervention against cancer. The pharmacophore was deduced from
active phorbol esters like PDBU

Phorbol 12,13-dibutyrate (PDBU)



Busqueda en Bases de Datos

The 3D database search led to the discovery of a new potent protein
kinase C inhibitor that is chemically very different from the original
reference phorbol esters. Alignment of the two:

Start over with this
“hit” as a new lead;
chemical modification,
etc...




Deteccidon por Métodos Computacionales
Modelado del Farmacoéforo

Inhibidores de la MAO

/
| HN
A AT 0

activa activa inactiva
N
HN o ¢,Cual es el
/\/rL 0 PN - farmacoéforo?
Y | -
inactiva activa

Sterling J, Herzig Y, Goren T, Finkelstein, N. et. al., J. Med. Chem. 2002, 45, 5260
69
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Modelo del Farmacoforo

A

activa

1 O Hidréfobo ~ Carbamato
/\ITI o) H\
activa

J//

NW)@% >

inactiva ©

5

| Modelo del farmacoforo
AN O Ensamble molecular de
inactiva 0 caracteristicas esenciales

o)
PN
_ N O NH Sterling J. et. al., J. Med. Chem. 2002, 45, 5260
activa | =



Compuestos Activos

Las tres moléculas coinciden
o con el modelo del farmacoforo

'\||0 NH

Sterling J. et. al., J. Med. Chem. 2002, 45, 5260



Compuestos Inactivos

No coinciden con el farmacoforo

Sterling J. et. al., J. Med. Chem. 2002, 45, 5260



Modelo del Farmacoforo de Inhibidores de DNA

Metiltransferasas
Modelos de unién de 14 inhibidores ”D|::> 1. Mapeo de interacciones de docking en los atomos

/’?‘(\\/ﬁ's SO \‘(\\/ 2. Generar sitios farmacoféricos

3. Sumar las energias de los atomos
correspondientes a los sitios faramacoféricos

4. Ranking de los sitios

Gly1230
Ser1229
AR A : - /3\: ‘ v;; PR /</AHN
séﬁnzzo TG'Y‘Z-‘“ OH
-0.96 2.19
Argl397
H,N
: : un? NH
§ \\ sl SR Arg1461
W L 0.9 G uN? NH
)53 GRS 5 "f, Gly1230 \\\
B / / -0.86 argloll
Glul265

Yoo J, Medina-Franco JL. J. Comp.-Aided Mol. Des.
2011, 25, 555
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Gly1230

5-Azacytidine

GIn1396 bemgd----oe ¥

_(GIUIZ(’S

Zebularine

ser1229 ‘
GInl}%’ l
” *
d E :H Argl311

Argld6]

Gluﬂ

Curcumin

Gly1230

Argl461

Argl3l

GIuIZbSQ‘—k

Parthenolide

Gly1230
Ser1229

Glnl1396

\ Ser1229
GIn1396

Lo

\—S/crIZZ‘) .

Argld61

Ser12290\__ .

(=] o v 4wlsll Argl311
Q—‘-kGIuI%S Glu1265\""‘K k"""@”“ el G265
RG108-1 Hydralazine Procaine Procainamide

La mayoria de los
inhibidores
coinciden con 3 0
mas sitios
farmacoféricos

/ Giyi230
Ser1229 .

g‘ﬂnymn
Ser1229
Argldl
GIn1396

-

T Ami3n

’ .
&_‘kﬂlul265

Mahanine

GInl396

(= Argld61

(il\g‘—‘k
RG108

Argl311

aluizes. ZI_
NSC14778

Yoo J, Medina-Franco JL. J. Comp.-Aided Mol. Des. 2011, 25, 555
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120+

Modelo del Farmacéforo y MeATA

Lys1462

‘\\\
Glul1265 )

100
80+

60+

% Activity

Argl311

El acido trimetil aurintricarboxilico es
inhibidor de DNMT1

Arg1397 ) (Ser1229)(Gly1230)

\
H

H
HoN N
el

__H,N

©)

L

Z

-9

Semestre 2015-2

\ 4 v M X
-8 -7

6 5
Log [Compound] (M)

v
‘7\050 = 4.79 uM
4 3

Yoo J, Medina-Franco JL. J. Mol. Model. 2012, 18, 1583-1589
I
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“Just work till midnight, you need to relax too”

CRIBADO VIRTUAL BASADO EN EL
LIGANDO




Screening Virtual de Inhibidores de AKT2

e Estructuras de rayos X

* Inhibidores conocidos

N
H,N
cl 0
NH HO H NH N=
N\ //
N ?
HN N 570
. NH
" AN

:> Screening basado en el
ligando y la estructura

NH—N
GVP (18 nM) GSK690693 (13 NM) <
/N
Y N | O/\/\EQ Br
N ﬁHz | NH
N H-89 (0.3 uM)

A-443654 (0.5 nM)



Screening de la Base de Datos NCI

Base de datos NCI
(260071 compuestos)

Filtrado: remover
compuestos non lead-like

NCI lead-like
(65375)

High-throughput l

docking (Glide HTVS)

Mejores puntajes HTVS
(20131)

Docking
(Glide SP)

Mejores puntajes Glide SP
(501)

Docking
Glide XP Gold

g U

9 Consensus hits w/

Mejores puntajes & disponibles
NSC 65742, 73394, 86093,
105577, 136042, 282001,
307707, 618784, 632133

5 hits con similitud > 0.72 a NSC 307707 & disponibles
IC5y's — AKT-2 (Invitrogen)

- Sﬁ on NN,
QX O™~

OH

NSC 343985: 1.98 uM NSC 307700: 21.49 uM

NSC 85459: 5.047 uM

Busqueda en NCI lead-like
(MACCS keys/Tmt > 0.72)

Prueba experimental:

a 25y 50 uM OO Y - on NSC 307707
AKT-2 (Invitrogen) . e ICn = 0.476 UM
. \ ™ 50
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Disefio de Compuestos Activos Basado en el Ligando

RESUMEN
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