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The final puzzle piece...
• From what we’ve learnt this far, we can: 

• Start from a sequence and try to predict the 
fold by homology 

• Use force field-based methods to build side-
chains and missing structure parts 

• Energy minimize the structure 
• Simulate models of structure 

• But can we predict binding of ligands/drugs?



What do drugs do?
• Small molecules that modulate the activity of 

proteins

Biological 
 reponse

Drug         Target                       Complex
(protein)



What do drugs hit?

• G-Protein Coupled Receptors: 27% 
• Recognizes (e.g.) neurotransmitters  Example: 

Antipsycotics/ Dopamine receptor 

• Nuclear receptors: 11% 
• Transcripton factors                                   Example: 

breast cancer drugs / Estrogen receptor 

• Ion Channels: 12% 

• Ligand-gated/Voltage-gated.               
Example:  Anaesthetics / GABA receptor



What do drugs do?
• Agonists, Partial agonists, Antagonists 

(inhibitors),  Inverse agonists

Activate

Inhibit
Deactivate



Biology is complex...
• Why is drug discovery 

difficult? 

• Compound must bind to 
the target (protein). 

• Compound must not bind 
to other targets                
(side effects). 

• Compound must survive 
from administration to 
target (e.g. brain). 



What do drugs look like?
• Lipinski’s rule of Five: (ADME) 

• MW < 500                                                                             
- Small enough to get transported 

• LogP < 5                                                                               
- Polar enough to get into blood stream 

• < 5 hydrogen bond donors 

• < 10 hydrogen bond acceptors                                                         
- Non-polar so that it can cross membranes. 



What do drugs look like?
Olanzapine: 

Indication: Schizofrenia  

Target: Dopamine, Serotonin, Muscarinic, adrenergic, 
histamine receptors (antagonists, polypharmacology).  

Pilocarpine: 

Indication: Glaucoma  

Target: Muscarinic receptors (agonist) 
Xylometazoline: 

Indication: Nasal decongestant 

Target: alpha adrenergic receptors (agonist)
Cimetidine: 

Indication: Ulcer & heartburn 

Target: H2 histamine receptor (antagonist)
Ziprasidone: 



“Modern” drug discovery
• Target identification:  What do we want to 

hit? 

• Pre-clinical: 

• Finding something to start with (hit) 

• Does it seem to have any effect?  

• Optimize affinity/efficacy (lead) 

• in vitro tests, animal tests 

• Phase I: Is it safe in humans?  

• Phase II: Is it efficient in humans? 

• Phase III: Efficacy compared to alternatives
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Failure is the norm...

Only ~3% of drug discovery projects make it all the way

Preclinical Phase I Phase II Phase III FDA

Fail cheap - Fail early



Development phases
• Target identification:  

• What do we want to hit? 

• Pre-clinical: 

• Finding a hit. 

• Does it seem to have any effect?  

• Optimize affinity/efficacy (hit to lead) 

• vitro tests, animal tests 

• Phase I: Is it safe in humans?  

• Phase II: Is it efficient in humans? 

• Phase III: Efficacy compared to alternatives
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• Identify ‘hit’ molecules with measureable activity in 
a biological assay.  

• High-throughput Screening 

• QSAR/Pharmacophore modeling 

• Molecular docking screening                              
(Virtual screening)

Lead discovery 



High Throughput Screening
• ~150,000 tests/day 

• Screen up to 1,000,000  
different compounds 

• Dozens to thousands 
of target molecules 

• If lucky, 100 leads 

• Cost: ~$1/well 

• Expensive                                 
Good assay necessary



HTS shouldn’t work...
• Chemical space contains ~1060 drug-like 

molecules: The probability of finding a ligand 
by random screening 106 of these is negligible!          

• ... but sometimes it does! Two examples:

Target    #cmpds  Exp. hits  Docking hits 
Lactamase    300,000       0    ? 
Cruzain       200,000      146    ?     

• Conclusions: Very few hits in HTS screening!



• Identify ‘hit’ molecules with measureable activity in 
a biological assay. Alternatives: 

• Serendipity (luck), e.g. Penicillin & Viagra 

• Litterature/Patents - has the target been studied 
before? 

• High-throughput Screening 

• QSAR/Pharmacophore modeling 

• Molecular docking screening                              
(Virtual screening)

Hit discovery 



Experimental vs Computational Screening

Experimental screening: Expensive & slow 
 NIH screening center, NCGC     3×105 

AstraZeneca                                 106 

Computational screening: Cheap,fast,accurate? 
	
   QSAR, Docking                         ~ 106-109 
  

VS



QSAR
• Correlate biological activity with simple chemical 

properties.

• Remarkable correlation 
between partition 
coefficient and 
anesthetic potency!



QSAR

• Quantitative Structure-Activity Relationship 
• Fast(!) and simple approach: Correlate affinity 

with “all sorts of properties”  
• Molecular weight 
• Charge, dipole moment, surface 
• Partition coefficients (water/octanol)



QSAR: Pros and Cons
• Advantages 

• Very fast to screen large chemical databases. 

• The method works quite well - finds ligands! 

• Disadvantages: 

• If you make a very specific model, you will only discover what 
you already know. 

• Flexible molecules require that you identify the “correct” 
conformation to base the model on. 

• What if the molecules bind to different sites? 

• Important to include non-binding molecules in model building 
too.



Pharmacophores
• Given a lead series,  

characterize properties 
computationally

• Distances between  
important groups

• Find patters
• Refine properties
• Screen databases



Common element?

(D1high and D2high) or low affinity (D1low and D2low) for DA. Other
full dopamine receptor agonists tend to differentiate between
the two states in the same way as DA, while inverse agonists
and antagonists do not. The high-affinity state has been
shown to be associated with the functional state of the recep-
tor that activates the G-protein and induces downstream cell
signaling.[5,13]

GPCRs share a common structural motif that consists of
seven transmembrane (TM) helices with an extracellular N ter-
minus and an intracellular C terminus. There is new evidence
that the mechanisms of GPCR signaling are more complex
than earlier assumed, with functional selectivity depending on
the signaling pathway, receptor oligomeric states, receptor lo-
cation, the presence or absence of metal ions, etc.[14,15] There
are different viewpoints on how agonists interact with recep-
tors, that is, whether the agonists bind to preexisting confor-
mational states or if they induce a conformational change.[16, 17]

The main hypothesis of agonist activation of GPCRs involves
an agonist-induced conformational change of the receptor
from an inactive to an active conformation, which can catalyze
downstream signaling events mediated by interactions with

and activation of heterotrimeric GTP-binding proteins (G-pro-
teins).

It has been proposed that helix 6 (TM6) undergoes a transla-
tional or rotational movement in the activation phase, and
that an important hydrophobic interaction between an aro-
matic ring structure in the agonist and hydrophobic residues
in TM6 should be carefully considered both in receptor and
pharmacophore modeling.[18] Other common features for dopa-
mine and related receptor agonists are a basic amino function
and hydrogen bond donor/acceptor groups on the aromatic
ring system. The hydrogen bond acceptor/donor interaction
enhances the affinity, although it is not crucial for agonism. A
good example of this is the agonist (S)-DPAT (9 ; Figure 1),
which, despite the absence of phenolic functions, shows full
intrinsic activity at dopamine D2 receptors.[19] This also
strengthens the importance of the aromatic interactions for ac-
tivation of dopamine receptors, and it may be expected that
the orientation of the p system of the agonists in the binding
site will influence their efficacy.

Early dopamine D2 receptor agonist pharmacophore models
were focused only on the amino function, the hydrogen bond

Figure 1. Selected D2 receptor full agonists (1–10a), partial low intrinsic agonists (8b, 10b, 11, and 12a) and structurally related inactives (3b, 4b, 6b, and
12b) ; agonists selective to the opposite receptor were also considered as inactives (16a and 23). [For other D1-selective agonists (13, 16b, and 17a) and true
inactives for both receptors (15b, 25, and 26) used for D2 pharmacophore modeling, see Figure 5.]
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Pharmacophore

set of enantiomerically pure mono- and dihydroxylated amino-
tetralines for both binding and functional properties. They
showed that (S)-5-OH-DPAT (8a) is a full D2 agonist, although
not fully selective,[43] whereas its enantiomer 8b is a partial ag-
onist that shows low affinity for D2high.

[38] A compound with
more sterically demanding N substituents is rotigotine, which
shows D2 receptor selectivity and a high Ki D2low/D2high ratio.[57]

This compound is, however, structurally similar to 8a and was
therefore not included in the D2 set. Because rotigotine is se-
lective for D2 over D1 receptors, it was instead treated as an in-
active in the dataset used to develop the D1 pharmacophore
model (see Table 2 below). Also considered interesting to in-
clude in the dataset was (S)-DPAT (9), a full agonist that lacks
the hydrogen bond acceptor or donor group in the aromatic
ring.[19] For refinement of the pharmacophore model, some
well-characterized partial agonists, (S)-6-OH-DPAT (11) and (R)-
7-OH-DPAT (12), were also included in the dataset. These deriv-
atives are structural analogues of 8a and 9 in the set of D2 li-
gands. Furthermore, the enantiomer of 12, (S)-7-OH-DPAT
(12b), is known to be inactive. Two ligands also included in
the set are the full but low-affinity agonist (R)-3-PPP (10a) and
its enantiomer (S)-3-PPP (10b), which is a low-affinity partial
agonist.

Preparation of the set of D2 ligands

All compounds in the dataset were subjected to conformation-
al analysis to identify low-energy conformers. To investigate
the dependence of the results on conformational search
method, force field, and solvation model, four different proce-
dures for generating low-energy conformations were used:
a) the conformational search tool conformation import ; b) the
stochastic search approach in the pharmacophore elucidation
feature, implemented in MOE version 2005.06 using the
MMFF94s[35] force field and a Born solvation model ;[58] c) the
serial torsion search with the MMFFs; and d) OPLS2005[36] force
fields together with the general Born solvation model (GB/
SA),[59] as implemented in MacroModel version 9.5.[37] The
number of generated conformations varied for the different
methods (Table 1). The conformation import tool is a simple
and rapid fragment-based systematic search method. This
method gave large conformational ensembles, which, after
energy minimization of each conformer using the MMFF94s
force field, collapsed into a much smaller set of conformations.
The OPLS2005 force field is an enhanced version of OPLS-AA
and OPLS_2001 with a larger coverage of organic functionality.
The main improvement for organic molecules relative to earlier
versions is the extended torsional re-parameterization based
on fitting conformational energies derived from higher-level

quantum chemical calculations. The 2005 version has also
been shown to be one of the most accurate force fields avail-
able for reproducing the potential energy surface for small or-
ganic molecules containing amines.[60]

The D2 agonist pharmacophore model

To start the pharmacophore modeling, two structurally differ-
ent full agonists, (R)-NPA[41] (1) and talipexole[25] (2) (Figure 1),
were selected for the identification of the bioactive conforma-
tion. Both compounds are selective for the high-affinity state
of the D2 receptor, and are conformationally rigid. A stochastic
conformational search using the MMFF94s[35] force field togeth-
er with a simple distance-dependent solvation model was per-
formed using the MOE software. The second lowest-energy
conformer (conf2) (DE=0.015 kcalmol!1) of 1 was selected be-
cause the N-propyl group adopts a more extended conforma-
tion compared with the global minimum conformation. The
conf4 (DE=0.0074 kcalmol!1) of the more flexible 2 was se-
lected, as the conformation agreed with 1 considering the su-
perimposition of the aromatic system relative to the hydrogen
bond donating feature and the puckering of the seven-mem-
bered ring. A subsequent rigid SEAL[34] alignment of the select-
ed conformations (Figure 2) gave a starting geometry for the

initial pharmacophore model using the PCHD annotation
scheme in MOE (v. 2005.06).[32] This model (Figure 2) consisted
of a projected donor feature, which, according to mutation
studies, may represent the aspartic acid residue (D114) in TM3
of the receptor (Asp-TM3),[61] and two hydrogen bond donor
and acceptor projected features representing the cluster of
serine residues in TM5 (S193 and S194)[62–64] (denoted Ser-TM5).
In addition, the model contained an aromatic system feature
(Aro) consisting of inclusion volumes for the aromatic ring
centroid and for two ring normals. This combined pharmaco-

Figure 2. The initial dopamine D2 agonist model based on the superimposi-
tion of the full agonists (R)-NPA (1; green) and talipexole (2 ; purple). The
PCHD annotation scheme included in MOE (v. 2005.06)[32] was used. The
pharmacophore consists of two projected hydrogen bond acceptor and
donor features (Ser-TM5), a hydrogen bond donor feature that interacts with
the protonated amino function (Asp-TM3), a hydrophobic feature (Hyd), and
a combined feature that defines the aromatic system (Aro).
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Excluded volumes

nists (12/12 hits) fit into the model, while two out of four par-
tial agonists (2/4 hits) and all inactives (0/12 hits) were exclud-
ed (Table 3 below; see also table 2, Supporting Information).

The final D2 pharmacophore model was screened against
four different ensembles of conformations of the set of D2 li-
gands, and the results are listed in Table 1. This model suc-
ceeded in discriminating actives from inactives, with some ex-
ceptions. The pharmacophore model performed best on two
conformational ensembles, that is, the serial torsion search gen-
erated by MacroModel and the MOE stochastic search on the
MMFF94s potential energy surface (PES). Conformations of all
full agonists generated with serial torsion search on the
OPLS2005 PES except (R)-3-PPP (10a), fit the pharmacophore.
Instead, 10a fit the pharmacophore with all three conforma-
tional ensembles based on the MMFF94s force field. The lower
affinity of 10a for the agonist binding site of the D2 receptor

[45]

could be explained by large relative energy differences (DE=
3.1–3.5 kcalmol!1) for the three MMFF94s ensembles (Table 1).
Notably, the hit conformation of 10a, with the aromatic ring in
the same plane as the piperidine, is in agreement with the “ag-
onist conformation” of 10a suggested by Liljefors and Wik-
strçm.[65] In addition, the hits of A70108 (17b) showed slightly
higher energies, which might explain its lower affinity for the
agonist binding site of the D2 receptor.[67,68] Three inactives
((S)-sumanirole (3b), SKF38393 (23), and 15b) fit into the
model ; conformations of 3b were generated by the serial tor-
sion search (OPLS2005), 23 with conformational import
(MMFF94s), and 15b by both force fields using the serial tor-
sion search method. The false positives 3b and 23 may partly
be explained by conformational penalty effects, as the DE
values for those compounds are relatively high (1.5 and
2.3 kcalmol!1, respectively ; Table 1). Compound 15b, on the
other hand, hits with an orientation that is rotated 1808 from
our hypothesized binding mode.

Dataset of dopamine D1 ligands

The compounds used for the construction of the D1 agonist
pharmacophore model are generally larger in size than those

used for the D2 model (Figure 5).
This might be explained by a
tighter binding pocket in the D2

receptor that results from a
shorter amino acid sequence be-
tween the cysteine bridge (loop-
S-S-TM3) and TM5 in the second
extracellular loop.[69] Ten active
compounds (13–21) were select-
ed for pharmacophore model-
ing. Cueva et al. reported a chro-
mane-like bioisostere of DHX,
doxanthrine (13), to show similar
affinity and efficacy but higher
selectivity for the dopamine D1

receptor than DHX, and it is
therefore considered as a full ag-
onist.[23] The thienopiperidine de-

rivative SKF89626 (14), is often referred to as one of the first
full D1 agonists identified.[30,70] Although 14 displays only
modest affinity and D1/D2 selectivity, it was selected because
the efficacy at the D1 receptor is high.

[70]

Another DHX-related full D1 agonist is A86929 (15a), in
which the nonhydroxylated phenyl ring is replaced by a 2-pro-
pylthienyl moiety.[29,71] Compound 15a is also a weak partial D2

agonist, while its enantiomer 15b is a full and selective D1 ago-
nist with efficacy similar to that of 15a, but with a 200-fold
lower EC50 value, and is therefore treated as an inactive D1

ligand.[71] Making up another D1 agonist class are the isochro-
manes (16a, 17a), of which A77636 (16a) is a full D1 agonist,
containing a 1-adamantyl moiety at the 3-position of the iso-
chromane scaffold.[29,71,72] Its enantiomer, A77641 (16b), is a
partial D1 agonist, but displays 180-fold lower affinity than
16a.[72] A70360 (17a) and its enantiomer A70108 (17b) have
complex pharmacological profiles in which 17b is a partial ag-
onist with high affinity, and 17a is a full agonist with low affini-
ty for the D1 receptor.[29,67, 68] Furthermore, 17b shows full in-
trinsic activity, but low affinity at D2 receptors, where 17a is in-
active.[67,68] Zelandopam (18), with two catechol moieties, has
been characterized as a full agonist, but with low affinity.[73,74]

The benzazepines constitute a class of slightly less potent but
selective D1 agonists; one derivative, SKF82958 (19), shows
high affinity for and full efficacy at D1 receptors,[29] despite its
typical D2-selective substituent on the basic nitrogen (N-allyl).
The corresponding non-chloro-substituted analogue SKF77434,
however, shows approximately 50% of the intrinsic activity of
19.[29] Both the 4-aza- (20a) and 3-aza- (20b) DHX analogues
are full D1 agonists, with 20b showing fivefold lower affinity.
Interestingly, the 2-aza analogue (20c) is a nonselective partial
agonist with 10-fold lower affinity than 20a.[75] Additional
structurally similar DHX analogues included in the dataset
were the inactive compounds Ro 21-7767 (24),[51] cis-DHX
(25)[51] and (!)-DHX (26),[76] which show affinity for neither the
D1 nor D2 receptors.[30,49] To the best of our knowledge, there
are no known full D1 agonists which do not comprise a cate-
chol moiety, but there are several known partial agonists. One
example is the benzergoline CY-208-243 (22),[77] which lacks hy-

Figure 4. Two orthogonal views of the final D2 pharmacophore model with excluded volumes (V1–V9 and Excl O)
using the Unified annotation scheme in MOE.
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STOP!
•Note that to this point we 
have not used any protein 
structures:  We do not need 
structures to do drug 
discovery - but maybe it can 
be useful????



• Identify ‘hit’ molecules with measureable activity in 
a biological assay. Alternatives: 

• Serendipity (luck), e.g. Penicillin & Viagra 

• Litterature/Patents - has the target been studied 
before? 

• High-throughput Screening 

• QSAR/Pharmacophore modeling 

• Molecular docking screening                              (

Hit discovery 



• Do we understand the pharmacophore?

The dopamine 
receptor structure

set of enantiomerically pure mono- and dihydroxylated amino-
tetralines for both binding and functional properties. They
showed that (S)-5-OH-DPAT (8a) is a full D2 agonist, although
not fully selective,[43] whereas its enantiomer 8b is a partial ag-
onist that shows low affinity for D2high.

[38] A compound with
more sterically demanding N substituents is rotigotine, which
shows D2 receptor selectivity and a high Ki D2low/D2high ratio.[57]

This compound is, however, structurally similar to 8a and was
therefore not included in the D2 set. Because rotigotine is se-
lective for D2 over D1 receptors, it was instead treated as an in-
active in the dataset used to develop the D1 pharmacophore
model (see Table 2 below). Also considered interesting to in-
clude in the dataset was (S)-DPAT (9), a full agonist that lacks
the hydrogen bond acceptor or donor group in the aromatic
ring.[19] For refinement of the pharmacophore model, some
well-characterized partial agonists, (S)-6-OH-DPAT (11) and (R)-
7-OH-DPAT (12), were also included in the dataset. These deriv-
atives are structural analogues of 8a and 9 in the set of D2 li-
gands. Furthermore, the enantiomer of 12, (S)-7-OH-DPAT
(12b), is known to be inactive. Two ligands also included in
the set are the full but low-affinity agonist (R)-3-PPP (10a) and
its enantiomer (S)-3-PPP (10b), which is a low-affinity partial
agonist.

Preparation of the set of D2 ligands

All compounds in the dataset were subjected to conformation-
al analysis to identify low-energy conformers. To investigate
the dependence of the results on conformational search
method, force field, and solvation model, four different proce-
dures for generating low-energy conformations were used:
a) the conformational search tool conformation import ; b) the
stochastic search approach in the pharmacophore elucidation
feature, implemented in MOE version 2005.06 using the
MMFF94s[35] force field and a Born solvation model ;[58] c) the
serial torsion search with the MMFFs; and d) OPLS2005[36] force
fields together with the general Born solvation model (GB/
SA),[59] as implemented in MacroModel version 9.5.[37] The
number of generated conformations varied for the different
methods (Table 1). The conformation import tool is a simple
and rapid fragment-based systematic search method. This
method gave large conformational ensembles, which, after
energy minimization of each conformer using the MMFF94s
force field, collapsed into a much smaller set of conformations.
The OPLS2005 force field is an enhanced version of OPLS-AA
and OPLS_2001 with a larger coverage of organic functionality.
The main improvement for organic molecules relative to earlier
versions is the extended torsional re-parameterization based
on fitting conformational energies derived from higher-level

quantum chemical calculations. The 2005 version has also
been shown to be one of the most accurate force fields avail-
able for reproducing the potential energy surface for small or-
ganic molecules containing amines.[60]

The D2 agonist pharmacophore model

To start the pharmacophore modeling, two structurally differ-
ent full agonists, (R)-NPA[41] (1) and talipexole[25] (2) (Figure 1),
were selected for the identification of the bioactive conforma-
tion. Both compounds are selective for the high-affinity state
of the D2 receptor, and are conformationally rigid. A stochastic
conformational search using the MMFF94s[35] force field togeth-
er with a simple distance-dependent solvation model was per-
formed using the MOE software. The second lowest-energy
conformer (conf2) (DE=0.015 kcalmol!1) of 1 was selected be-
cause the N-propyl group adopts a more extended conforma-
tion compared with the global minimum conformation. The
conf4 (DE=0.0074 kcalmol!1) of the more flexible 2 was se-
lected, as the conformation agreed with 1 considering the su-
perimposition of the aromatic system relative to the hydrogen
bond donating feature and the puckering of the seven-mem-
bered ring. A subsequent rigid SEAL[34] alignment of the select-
ed conformations (Figure 2) gave a starting geometry for the

initial pharmacophore model using the PCHD annotation
scheme in MOE (v. 2005.06).[32] This model (Figure 2) consisted
of a projected donor feature, which, according to mutation
studies, may represent the aspartic acid residue (D114) in TM3
of the receptor (Asp-TM3),[61] and two hydrogen bond donor
and acceptor projected features representing the cluster of
serine residues in TM5 (S193 and S194)[62–64] (denoted Ser-TM5).
In addition, the model contained an aromatic system feature
(Aro) consisting of inclusion volumes for the aromatic ring
centroid and for two ring normals. This combined pharmaco-

Figure 2. The initial dopamine D2 agonist model based on the superimposi-
tion of the full agonists (R)-NPA (1; green) and talipexole (2 ; purple). The
PCHD annotation scheme included in MOE (v. 2005.06)[32] was used. The
pharmacophore consists of two projected hydrogen bond acceptor and
donor features (Ser-TM5), a hydrogen bond donor feature that interacts with
the protonated amino function (Asp-TM3), a hydrophobic feature (Hyd), and
a combined feature that defines the aromatic system (Aro).
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Molecular docking

Easy Hard 

Focus on the structure of the receptor instead of 
the structure of the ligand(s)! 
NOTE: We need a crystal structure or a homology 
model to do this!



Docking: Two components

• 1. Sampling: Generation of 
conformations of molecule in the 
receptor. Receptor is held rigid. 

• 2. Scoring: Determining which of the 
suggested conformations that has the 
lowest energy.



Ligand sampling
• Even ligand sampling  is expensive: 

• Ligand 

•  6 rotation/translation 

•  4 rot bonds 

• 10^3 Å box 

• Sample angles in 10 degree increments 

• Sample translation in 0.5Å steps 

• Sample 100 conformations/sec 
It would take 200 years to finish this docking!



Genetic algorithm
• The center of mass, rigid rotation, and torsions are 

genes. The score is the phenotype and selection is 
made based on . Both Darwinian and Lamarcian 

Make initial population randomly

Evaluate docking scores

Extract best scoring conformations 
(survival of the fittest)

“Mutations”



Anchor-and-grow
• Divide molecule into rigid fragments. Dock the 

first fragment and then add next, etc.



2. Scoring: Types
• Three types of scoring functions: 
• Force field based: Physics terms for coulombic and van 

der Waals interactions. 

• Empirical: Give “points” for formation of hydrogen 
bonds and hydrophobic interactions. Parameterized to 
reproduce experimental protein-ligand complexes. 

• Knowledge-based: Statistical potential. Make statistics 
for which interactions that are favorable (O-O, N-O, C-C 
etc for all known complexes). Give score based on its 
probability.



2. Scoring: Grids

• Expensive to re-calculate all interactions with the 
protein/receptor for every new position of the ligand 

• Simplify the problem by assigning the protein 
properties (Lennard Jones, charges) to a grid instead 

• Calculate interactions of “typical” atoms such as 
C,N,O,H on each grid point 

• Find the best position of each ligand on this grid





Docking / screening

•Does it work? 

Target    #cmpds  Exp. hits  Docking hits 
Lactamase    300,000       0    2 
Cruzain       200,000      146    5     

• Docking can’t find all hits, but that’s ok - even 
a hit rate of 5% would save money!



Receptor flexibility

• Including receptor 
flexibility should be 
crucial for improving 
the accuracy of 
molecular docking. 
Many proteins change 
conformation when 
they bind ligands.



system and from 600 ps to 1 ns for the solvated FKBP-
ligand system. The estimated free-energy value of the anni-
hilation of the ligand from complex water system minus the
free energy of annihilation of the ligand from the solvated
ligand system gives our estimation of the final absolute bind-
ing free energy of the models of FKBP and FK506.

Figure 4 shows experimental inhibition constants16 !Ki"
versus our calculated binding free energies !!G" for eight
FKBP ligand complexes. We here make the approximation
that the Ki values are equal to the binding constant !Kd",
although this is not always strictly true for the rotamase as-
say used in these binding experiments, especially for weakly
binding ligands. The calculated values show excellent agree-
ment to a linear fit to the log values of the inhibition con-
stant, with a rms error from the linear fit of only
0.4 kcal/mol and a maximum deviation from the fit of
0.6 kcal/mol. This is significantly better than the previous
study, with a rms error of near 1 kcal/mol and a maximum
deviation near 2 kcal/mol, despite the fact that this study
used significantly less computer time.

There are two main explanations for this improved per-
formance. First is the improved parametrizations for the
ligand. Wang et al. reported the performance tests of the new
GAFF parametrization. They compared the relative energies
of 71 conformation pairs with experimental values which
were used in the development of AMBER99 force field. The
new GAFF gave the rms error of 0.5 kcal/mol to experimen-
tal values.17 This improved parametrization suggests that we
may be able to get within experimental predictability. The
second reason may be the improved equilibration of the ini-
tial structures. As for L2 and L3 complexes, we used the
binding structures obtained after the long molecular-
dynamics equilibration. Calculating the free energy from the
correct binding mode may be necessary to get accurate free
energies.

The center line in Fig. 4 indicates !G=RT ln!Ki"+3.2.
this means that while the slope of the correlation is 1, our
binding energies are uniformly 3.2 kcal/mol smaller than the
experimental value. Solvation energy calculations of the
amino acid side chain analogs give unfavorable hydration
energies.3–5 As the ligands are built of the same small mol-

ecules as the side chains, we would expect ligands to have
the same behavior. Unfortunately, unfavorable predicted hy-
dration behavior would result in binding that was too tight
compared to the experiment. This can be seen as follows: if
we assume that solute-solute interactions are approximately
correct !as we expect them to be, as most molecular mechan-
ics solutes were parametrized for solute-solute interactions
such as bulk liquid properties" and the hydration of com-
puted ligands is disfavored with respect to hydration, then
the computed ligands would be driven to stronger interac-
tions with the protein. The fact that the binding energies are
less strong than experiment is a matter that requires further
study.

IV. SUMMARY

We calculated the absolute binding free energies for
eight FKBP ligand complexes using the Fujitsu BioServer
massively parallel computer. Using the latest GAFF param-
eters and with significantly less computation power than was
used in a similar Folding@Home study, we obtained phar-
maceutically useful predictability between the calculated and
experimental absolute binding energies. The ability to per-
form these calculations demonstrates the utility of massively
parallel computation resources such as the BioServer in ra-
tional drug design.
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