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There is a crisis in drug discovery
Total pharma research spending has doubled to $65.3B over 2000-2010
Number of new molecular entities approved by FDA 2005-2009 is half that from previous five years
Number of truly innovative new molecular entities has remained constant at 5-6/year

Paul  et al. Nat. Rev. Drug Discover. 9:203, 2010. 
Chodera et al. Curr. Opin. Struct. Biol., 21:150, 2011.

Complex design objectives (efficacy, selectivity, ADME-Tox) make design problem especially complex.

probability of stage success
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probability of stage success

By the time we get here, we’ve spent 4.5 
years and $219M out-of-pocket 

this stage has a 92% failure rate ~2-4% overall 
success rate



103 - 106 parts

< 102 atoms

We regularly design planes, bridges, and buildings on computers 
to satisfy complex design objectives

Why not small molecule drugs?



How can we bring drug design into the 21st century?



To design a small molecule with intended effects,  
we must predict how it will modulate cellular pathways
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To design a small molecule with intended effects,  
we must predict how it will modulate cellular pathways

Will it bind the target with high affinity?
Will its binding mode have the intended effect on the target?
Does it produce the desired effect on cellular pathways?
Will it bind unintended targets? Are the resulting effects unacceptably toxic?



Ki

physical binding constant catalytic life cycle cellular pathways

apparent EC50Kd

We use physical modeling and statistical mechanics to build 
predictive models at each of these scales.

Multiscale physical models based on statistical mechanics 
can potentially aid small-molecule design efforts



How can we compute binding affinities for molecules  
that have yet to be synthesized or tested?

Virtual screening methods are in widespread use in drug 
discovery efforts today.  They must work well, right?

Shoichet BK. Nature 432:862, 2004.

P+ L
Kd↵ PL



How can we compute binding affinities for molecules  
that have yet to be synthesized or tested?

From Warren et al. [GSK], “A Critical Assessment of Docking Programs and Scoring Functions”, J. Med. Chem. 49:5912, 2006.

“For prediction of compound affinity, none of the docking programs or scoring 
functions made a useful prediction of ligand binding affinity.”

Virtual screening methods are in widespread use in drug 
discovery efforts today.  They must work well, right?

There were statistically insignificant correlations (r ) -0.5
to -0.3) between affinity and docking scores observed for the
gyrase B, factor Xa, PPARδ, PDF, and MRS targets (Table 7).
We present a single illustrative example from the MRS data of
the many pAffinity versus scaled score plots generated, but not
shown, as part of our analysis of these data. Though the
correlation coefficient calculated for the plotted MRS data is
-0.3, even a superficial examination of Figure 11 reveals that
no useful correlation existed between the measured affinity and
the docking score. For HCV polymerase, no correlation (r e
-0.1) between score and measured affinity was observed for
any of the 37 scoring functions analyzed as part of this
evaluation. The complete results are tabulated in Supporting
Information.
The observed lack of a strong correlation between affinity

and score for PDF, the metal-containing protease target in this
study, was surprising because previously published data reported
a strong correlation for peptidic inhibitors of human metallo-
proteases (r2 ) 0.78)22 and for dicarboxylic acid inhibitors of
metallo-"-lactamase (r2 ) 0.87).25 It has been noted previously
that success at potency prediction is more likely when the
members of a congeneric series are of similar size and do not
have large conformational differences between the protein bound
and solution states.35 The molecular weight range for each of
the three PDF compound classes was greater than 180. One

possible explanation for the contrast in correlation between
affinity and docking score observed for this study versus
previously published data could be the compound size variation
present in this data set.
A general observation with respect to scoring function

performance on this data set is that no scoring function was
able to rank-order within the congeneric series or to predict
compound potency across series. Except for the case of S.
pneumococcus PDF where the compound affinity was weighted
toward nanomolar compounds, any correlation between docking
score and affinity came from a reduction in the false negative
rate (active compounds predicted to be inactive by the docking
score) and not from a correct rank-order (data not shown).
C.2. In most cases, reproduction of the binding mode did

not improve rank-order or potency prediction performance.
For the targets included in this evaluation, no statistically
significant correlation between docking score and affinity was
observed. One possible explanation is that the docking algo-
rithms did not reproduce the correct binding mode. According
to this hypothesis, we would expect an improvement in
correlation if the experimentally observed binding modes were
evaluated by the scoring function. We remind the reader that
for comparisons between pAffinity and scaled docking score, a
correlation coefficient r ) -1 would correspond to a perfect
rank-ordering of compounds by affinity while r ) +1 would
mean that the scoring function was universally ranking poorly
active compounds higher than more active compounds. Ac-
cordingly, we would hope that correlation coefficients would
be more negative for well-docked compounds than for poorly
docked compounds.
Two of the target data sets, PPARδ and MRS, contained a

large enough number of cocrystal structures to allow us to assess
whether affinity prediction improves for well-docked molecules.
For each target, we computed a correlation coefficient for only
those compounds for which the best-ranked pose was within 2
Å rmsd of the crystallographically determined pose. Table 8
lists the number of well-docked ligands for both of these targets
along with correlation coefficients for the full data set and for
the subset of well-docked ligands. Only programs that correctly
docked at least 30% of the target-specific compounds are
included in Table 8. The comparison between pAffinity and
docking score for a single program is presented graphically in
Figure 12. In this figure, all compounds in the data set are
marked with diamonds while the well-docked compounds are
emphasized by large squares.
Five programs were able to dock at least 30% of the

cocrystallized PPARδ ligands within 2 Å of the crystallographi-
cally determined conformation (Table 8); the rest of the 54
cocrystallized ligands were poorly docked. For most of the
compounds in the full PPARδ data set, we did not have

Figure 10. Plot of scaled score vs pAffinity where the two Chk1 kinase
chemical classes are plotted in magenta (class 1) and blue (class 2). It
is readily apparent that all of the correlation observed between the scaled
docking score and affinity is found in the class 1 molecules and that
no correlation exists between the docking score and class 2 compound
affinities.

Figure 11. Plot of scaled score vs pAffinity for MRS and PPARδ.
While the calculated correlation coefficient for the data shown for MRS
is r ) -0.28, this plot clearly demonstrates that these values are
meaningless. No useful correlation exists between the docking score
and compound affinity.

Table 8. Comparison of the Best Correlation Coefficient r between
pAffinity and Docking Score versus the Correlation Coefficient between
pAffinity and Score for Top-Ranked Poses with rmsd of e2 Å a

MRS PPARδ

program

no. of
well-docked
ligands

all
data

good
pose

no. of
well-docked
ligands

all
data

good
pose

FlexX 17 -0.36 -0.56
Flo+ 29 -0.42 -0.36
Glide 17 0.08 0.50 16 -0.35 -0.54
Gold 23 0.04 0.01 21 -0.43 -0.72
MVP 22 -0.18 -0.31
a The comparison is shown for selected docking programs on two targets,

MRS and PPARδ.

Docking Programs and Scoring Functions Journal of Medicinal Chemistry, 2006, Vol. 49, No. 20 5925

P+ L
Kd↵ PL



How accurate does a model need to be to aid rational drug design?



How accurate does a model need to be to aid rational drug design?

A 2 kcal/mol error in prioritizing lead synthesis would speed lead optimization by 3x 
but even 10% improvements would be of tremendous benefit

M. R. Shirts, D. L. Mobley and Scott P. Brown. "Free energy calculations in structure-based drug design",  
in Drug Design: Structure- and Ligand-Based Approaches, pgs. 61-86, 2010.

4 Shirts, Mobley, and Brown
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Unassisted Distribution
Screened with 0.5 kcal/mol noise
Screened with 1.0 kcal/mol noise
Screened with 2.0 kcal/mol noise
1.4 kcal/mol

Fig. 1.1. Distribution of drug a⇤nities of the chemist’s predictions (blue) compared
to the distribution of drug a⇤nities after selection by computer with computation
error � = 0.5 (purple), � = 1.0 (pink), and � = 2.0 (red). The shaded area represents
the total probability of a proposed modification with a⇤nity gain greater than 1.4
kcal/mol. In many situations, Even with moderate error, a reliable method of
filtering compounds could significantly improve the e⇤cency of synthesis in lead
optimization.

one round of synthesis. With 1.0 kcal/mol error, we still have 36% chance
of achieving the goal with the first molecule synthesized, for about a 5 fold
decrease in median number synthesized. Surprisingly, even with 2 kcal/mol
computational noise the time to the goal is reduced about threefold. Simi-
lar computations can be done with large numbers of computer evaluations;
unsurprisingly, the more computational evaluations can be done, the more
computational noise can be tolerated and still yield useful time savings. For
example, even with 2 kcal/mol error, if 100 molecules can be screened, num-
ber of molecules required to be synthesized is reduced eightfold, similar to
the results for 10 molecules and 0.5 kcal/mol error.

Even relatively small numbers of moderately accurate computer predic-
tions may be able to give significant advantage in the pharmaceutical work
flow; 100 screened molecules with 2 kcal/mol noise or 10 screens with 1
kcal/mol noise in our example process could reduce the number of molecules
required to be synthesized by almost an order of magnitude. Clearly, these
calculations assume the simulations are not biased against active compounds,
and errors that are highly dependent on the binding system would result in
less reliable advantages. But physically based prediction methods should in

3x

5x

8x

1x

affinity gain 
goal of 1 log unit

reduction in time 
to goal

Abbott medicinal chemists
0.5 kcal/mol accuracy
1.0 kcal/mol accuracy
2.0 kcal/mol accuracy

binding free energy gain in lead optimization synthesis



Born-Opppenheimer approximation
Limited treatment of QM (DFT or semiempirical)
Implicit treatment of some electrons

Implicit representation of all electrons

Neglect of polarization
Representation of multipolar moments
by fixed charges

Rigid receptor
Rigid or semi-rigid ligand
Single-configuration scoring
Simple solvation model
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What details are crucial for useful accuracy? 
Virtual screening involves a number of approximations
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Virtual screening involves a number of approximations

statistical 
mechanics!

if accurate enough, 
systematically  
remove detail

if insufficiently accurate, 
add detail in perturbative 

manner

molecular mechanics potential energy function (e.g. AMBER)
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Kd / ⌧
unbound

⌧
bound

How can we compute binding affinities that include all 
relevant statistical mechanical effects?

bound

time

unbound

In principle, we could watch many binding/unbinding events to estimate a binding affinity

P+ L
Kd↵ PL



Shan Y, Kim ET, Eastwood MP, Dror RO, Seeliger MA, Shaw DE. JACS 133:9181, 2011.

ANTON 
$50M special-purpose 

supercomputer 
(D.E. Shaw Research)

Src:dasatanib 
(4 us simulation)

David E. Shaw

ANTON @ DESRES
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Shan Y, Kim ET, Eastwood MP, Dror RO, Seeliger MA, Shaw DE. JACS 133:9181, 2011.

ANTON 
$50M special-purpose 

supercomputer 
(D.E. Shaw Research)

Src:dasatanib 
(4 us simulation)

To reliably estimate affinities for molecules with typical off-rates (10-4 s-1), 
trajectories would need to be impractically long (hours)  

requiring ~106 years to simulate.

David E. Shaw

ANTON @ DESRES



∆Gbind PLP + L

PøP + ø
imposition of restraints discharging steric decoupling noninteracting

Alchemical free energy calculations provide a rigorous way to 
efficiently compute binding affinities for a given forcefield

Pioneering work from many: McCammon, van Gunsteren, Kollman, Chipot, Roux, Boresch, Pande, Shirts, Swope, Christ, Mobley, Roux, and many more 
Recent review: Chodera, Mobley, Shirts, Dixon, Branson, Pande. Curr Opin Struct Biol 21:150, 2011. 

Requires orders of magnitude less effort than simulating direct association process, 
but still includes all enthalpic/entropic contributions to binding free energy.

multiple simulations of “alchemical intermediates” are run
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susceptibility to resistance mutations

Alchemical free energy calculations can in principle also 
compute other relevant physical properties

partition coefficients (logP, logD) and permeabilities 

selectivity for subtypes or related targets/off-targets

lead optimization of affinity and selectivity

β-lactamaseampicillin

lipitor

clomifene ERα/β

also: solubilities, polymorphs, etc. 



How accurate are alchemical binding free calculations? 
Do they meet this 2 kcal/mol threshold for useful accuracy?

with David L. Mobley



Energetics of Ligand Binding in a Nonpolar Cavity 

Class I - "lsophobic" Ligands 

y + y p g Q  
I 

Propyl p-. m-, o-Ethyltoluene 
benzene 

Ethyl p .  m-, o-Xylene 
benzene 

Class I1 - "Isosteric" Ligands 

mz a 6m* 

(9 3 

Indene Indole Benzofuran Thianaphthene 

Class 111 - Phenylalkanes 
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FIGURE 2: Three classes of ligands used for analysis of cavity 
binding. For reference, one ligand from each class is shown with 
atom labels. Substituent atoms are labeled a, p, etc. by analogy 
with protein side chains. 

-a I 

Injection 

FIGURE 3: Representative titration profile for isobutylbenzene (-0.1 
mM) titrated with L99A (4 mM) in 50 mM sodium acetate, pH 
5.5. The offset upper trace shows L99A titrated into buffer without 
ligand. Injections of 10 p L  of the protein solution were made every 
2.5 min into the 1.4 mL reaction cell. After subtraction of blank 
runs, titrations were fit as described under Experimental Procedures 
to obtain the data in Table 2. 

includes structural isomers of ethylbenzene and propylben- 

zene. These isomers have transfer free energies similar to 

their respective parents and were chosen to probe various 
regions of the cavity wall for possible differences in steric 

constraints in the presence of equivalent hydrophobic effects. 
Class 11, the "isosterics", contains four isosteric molecules 

of varying hydrophobicity. Because these molecules are 
expected to have similar steric interactions with the cavity, 

they should, in principle, allow a direct analysis of the 

hydrophobic contribution to the binding energy. Class I11 

is comprised of monosubstituted alkylbenzenes of increasing 

side-chain length. These were chosen to assess the relation 
between ligand size and binding energy in a manner similar 

to the protein mutagenesis studies of the type Gly - Ala - 
Val - Leu, etc. 

Titration calorimetry was used to determine quantitative 

association constants at 29 "C for the binding to L99A of 
the ligands described above. A representative titration is 
shown in Figure 3. The binding energetics are presented in 
Table 2.  Dissociation constants for the various ligands range 

from 14 to 500 ,uM, comparable to many enzyme-substrate 

Biochemistry, Vol. 34, No. 27,1995 8567 

Table 2: Calorimetric Analysis of Ligand BindingY 

K, x 10-3 -AH -RT In K, 
ligand (M-') (kcal/mol) (kcal/mol) 

benzene 5.7 iz 1.7 6.32 f 0.37 -5.19 f 0.16 
ethylbenzene 14.8 & 1.7 6.76 f 0.87 -5.76 f 0.07 
o-xylene 2.13 f 0.22 8.45 f 0.96 -4.6 f 0.06 
m-x ylene 2.75 f 0.8 6.04 f 0.03 -4.75 f 0.15 
p-x ylene 2.37 f 0.25 6.97 iz 0.98 -4.61 & 0.06 
propylbenzene 55.2 f 2.0 9.97 f 0.05 -6.55 f 0.02 
2-ethyltoluene 1.98 f 0.20 7.71 iz 0.74 -4.56 f 0.06 
3-ethyltoluene 5.05 f 0.15 7.84 f 0.02 -5.12 & 0.02 
4-ethyltoluene 8.33 f 0.08 8.44 0.03 -5.42 & 0.01 
benzofuran 8.9 f 0.5 8.04 f 0.44 -5.46 f 0.03 
indene 5.17 & 0.09 8.31 f 0.48 -5.13 f 0.01 
indole 3.45 f 0.38 11.23 i 0.94 -4.89 k 0.06 
thianaphthene 13.6 iz 1.2 7.03 f 0.04 -5.71 f 0.05 
toluene 9.8 f 0.6 6.53 f 0.73 -5.52 f 0.04 
isobutylbenzene 51.0 iz 4.9 7.09 f 0.35 -6.51 f 0.06 
n-butylbenzene 69.8 & 2.9 8.06 f 0.98 -6.7 f 0.02 

~ ~ ~~ ____ 

K, is the association constant and AH the molar enthalpy of binding 
of the ligand to L99A lysozyme. Errors are given as the standard 
deviation of the mean calculated from multiple runs except in the cases 
of m-xylene, 2-ethyltoluene, propylbenzene, and thianaphthene, where 
the errors given are based on the goodness of the fit to the data. 

binding constants. For all ligands, the molar enthalpy of 

binding is large and negative, unlike the enthalpy of transfer 

of liquid hydrocarbons from water to the neat organic phase, 

which is typically very close to zero at room temperature 

(Gill et al., 1976). 

The observed binding energies of the ligands are compared 

with their free energies of transfer from water to vapor in 
Figure 4 and from water to octanol in Figure 5 .  Among the 

class I molecules, the xylenes and ethyltoluenes bind much 

more poorly than ethyl- and propylbenzene, respectively, and 

their binding free energies do not correlate well with transfer 
free energies (Figures 4a, 5a). Furthermore, there is no 

agreement between the binding free energies of the different 
structural isomers of ethylbenzene and those of propylben- 

zene. This indicates that the binding energetics of the class 
I molecules are strongly influenced by steric factors. 

The class I1 molecules show only a rough correlation 

between their binding and transfer free energy, despite their 

nearly identical shapes and sizes (Figures 4b, 5b). 

Among the class I11 molecules, binding becomes tighter 

as the side-chain becomes longer, up to a maximum of four 

carbons. This is in accord with the expectation that the 

hydrophobic effect provides a large contribution to binding 

free energy. Figure 5c shows the relation between binding 

energy and free energy of solvation as reflected in water- 

octanol partition coefficients (slope = 0.56; R = 0.97). 

Entropic Consequences of Binding. To directly compare 

the observed binding free energies with solvent-transfer free 

energies, we must account for those contributions to the 

binding free energy that arise from purely statistical sources 

and which differ between the binding and solvent-transfer 
processes. One such contribution arises from the entropic 

cost of constraining a ligand to occupy a single conformation 
in the binding site, relative to its translational, rotational, 

and intemal degrees of freedom in solution. In the present 

analysis, we assume that the ligands lose all rotational and 
translational freedom in the bound state and that their 

vibrational partition function does not change upon binding. 

For each such mode the cost of constraining the ligand is 
given by AG AA = -RT In q, where q is the partition 

of complementarity remains a major challenge in
molecular docking and has been subject to intense
investigation (recently reviewed by Gohlke &
Klebe1). With adequate sampling, an ideal scoring
function should correctly rank a large set of dis-
similar molecules and predict the correct modes
of binding. Unfortunately, genuinely adequate
sampling, as for instance might be available
through thermodynamic integration, free energy
perturbation and related methods,2–5 would be
much too slow to be used in docking screens
of compound databases that can include over a
quarter of a million molecules. Investigators have
thus turned to faster, less accurate scoring func-
tions for docking screens. Encouragingly, several
of these have been used to predict novel ligands.6–12

As important as these successes are, they are not
thought to represent a general solution to the
scoring problem in molecular docking, which con-
tinues to be plagued by false negatives and
false positives. There remains much interest in
developing better scoring functions.

In developing new scoring functions, the field is
confronted with the problem of testing the effect
of a new method. Typically, new scoring functions

are evaluated for their ability to reproduce known
ligand-binding patterns for well-studied receptors.
This can take the form of determining if the
known ligands are ranked favorably in a screen of
a database that contains mostly decoys, or testing
if the experimental geometries of ligand–receptor
complexes are reproduced. Recently, several
investigators have compiled databases containing
thermodynamic data of binding and, in some
cases, structural information of ligand–receptor
complexes to facilitate this effort.13,14 Such studies
are certainly useful for testing the reliability of
existing scoring functions as well as designing
and parameterizing new ones. However, because
of the entanglement of various energetic contri-
butions in ligand–receptor binding (e.g. desol-
vation of the ligand and the binding site, and
conformational accommodation on binding),
isolating the effect of particular changes in
scoring functions can be difficult on the basis of
retrospective analysis alone. It would be useful to
have model systems that allow one to experi-
mentally test prospective predictions from new
docking algorithms. Ideally, such a model system
would be simple enough to allow one to isolate
the modification introduced in the new scoring
function from other aspects of the docking
calculation.

Here we use a cavity created in the core of T4
lysozyme as a prototype model binding site to test
a modification to a docking scoring function. This
cavity site was created by substituting Leu99 with
Ala (L99A) in the core of the enzyme.15 It is com-
pletely buried from solvent, small (volume about
150 Å3), uniformly hydrophobic, and contains no
ordered water molecules; it comes close to being a
naked binding site16 (Figure 1). Binding has been
shown for 57 mostly apolar small molecules16,17

(listed in Supplementary Material); X-ray crystal
structures have been determined for nine of these
molecules in complex with this site. In contrast,
some polar isosteres of the known ligands are not
found to bind to the cavity site. For instance,
although toluene binds to L99A with a Ka value of
9.8 £ 103 M21, phenol and aniline are not observed
to bind. Thus, although the L99A site is simple, its
ligand preferences nevertheless capture the subtle-
ties found in more complicated systems. This is a
requirement for a model system. Experimentally,
L99A is very accessible. Acquiring new possible
ligands, most of which are expected to be com-
mercially available, determining their binding
energies, and determining the structures of their
complexes with L99A, are all relatively straight-
forward. These features make testing predictions
for L99A practical, which is also important for a
model system.

We use this cavity site to investigate the effect
of different ligand partial atomic charges and
solvation energies on docking calculations. The
docking scoring function we use includes electro-
static and van der Waals interaction energies,
and is corrected for ligand desolvation energies

Figure 1. (a) The molecular surface (yellow) of the
cavity in T4 lysozyme mutant L99A. Carbon atoms are
in gray, oxygen atoms in red, nitrogen atoms in
blue and sulfur atoms in yellow. For clarity, only the
protein atoms that surround the cavity are shown.
(b) A cut-away view of the cavity reveals the bound
benzene (PDB entry 181L). Residue Met102 is labeled.
All molecular graphics were rendered with NEON in
Midas-Plus;65 all molecular surfaces were calculated
with MS.66
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of complementarity remains a major challenge in
molecular docking and has been subject to intense
investigation (recently reviewed by Gohlke &
Klebe1). With adequate sampling, an ideal scoring
function should correctly rank a large set of dis-
similar molecules and predict the correct modes
of binding. Unfortunately, genuinely adequate
sampling, as for instance might be available
through thermodynamic integration, free energy
perturbation and related methods,2–5 would be
much too slow to be used in docking screens
of compound databases that can include over a
quarter of a million molecules. Investigators have
thus turned to faster, less accurate scoring func-
tions for docking screens. Encouragingly, several
of these have been used to predict novel ligands.6–12

As important as these successes are, they are not
thought to represent a general solution to the
scoring problem in molecular docking, which con-
tinues to be plagued by false negatives and
false positives. There remains much interest in
developing better scoring functions.

In developing new scoring functions, the field is
confronted with the problem of testing the effect
of a new method. Typically, new scoring functions

are evaluated for their ability to reproduce known
ligand-binding patterns for well-studied receptors.
This can take the form of determining if the
known ligands are ranked favorably in a screen of
a database that contains mostly decoys, or testing
if the experimental geometries of ligand–receptor
complexes are reproduced. Recently, several
investigators have compiled databases containing
thermodynamic data of binding and, in some
cases, structural information of ligand–receptor
complexes to facilitate this effort.13,14 Such studies
are certainly useful for testing the reliability of
existing scoring functions as well as designing
and parameterizing new ones. However, because
of the entanglement of various energetic contri-
butions in ligand–receptor binding (e.g. desol-
vation of the ligand and the binding site, and
conformational accommodation on binding),
isolating the effect of particular changes in
scoring functions can be difficult on the basis of
retrospective analysis alone. It would be useful to
have model systems that allow one to experi-
mentally test prospective predictions from new
docking algorithms. Ideally, such a model system
would be simple enough to allow one to isolate
the modification introduced in the new scoring
function from other aspects of the docking
calculation.

Here we use a cavity created in the core of T4
lysozyme as a prototype model binding site to test
a modification to a docking scoring function. This
cavity site was created by substituting Leu99 with
Ala (L99A) in the core of the enzyme.15 It is com-
pletely buried from solvent, small (volume about
150 Å3), uniformly hydrophobic, and contains no
ordered water molecules; it comes close to being a
naked binding site16 (Figure 1). Binding has been
shown for 57 mostly apolar small molecules16,17

(listed in Supplementary Material); X-ray crystal
structures have been determined for nine of these
molecules in complex with this site. In contrast,
some polar isosteres of the known ligands are not
found to bind to the cavity site. For instance,
although toluene binds to L99A with a Ka value of
9.8 £ 103 M21, phenol and aniline are not observed
to bind. Thus, although the L99A site is simple, its
ligand preferences nevertheless capture the subtle-
ties found in more complicated systems. This is a
requirement for a model system. Experimentally,
L99A is very accessible. Acquiring new possible
ligands, most of which are expected to be com-
mercially available, determining their binding
energies, and determining the structures of their
complexes with L99A, are all relatively straight-
forward. These features make testing predictions
for L99A practical, which is also important for a
model system.

We use this cavity site to investigate the effect
of different ligand partial atomic charges and
solvation energies on docking calculations. The
docking scoring function we use includes electro-
static and van der Waals interaction energies,
and is corrected for ligand desolvation energies

Figure 1. (a) The molecular surface (yellow) of the
cavity in T4 lysozyme mutant L99A. Carbon atoms are
in gray, oxygen atoms in red, nitrogen atoms in
blue and sulfur atoms in yellow. For clarity, only the
protein atoms that surround the cavity are shown.
(b) A cut-away view of the cavity reveals the bound
benzene (PDB entry 181L). Residue Met102 is labeled.
All molecular graphics were rendered with NEON in
Midas-Plus;65 all molecular surfaces were calculated
with MS.66
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Surprisingly challenging for docking codes to discriminate binders (uM) from non-binders (>>uM) 
Polar version of this cavity (L99A/M102Q) even more challenging for docking.
Let’s test how well free energy calculations can reproduce measured binding free energies.

How accurate are binding free energy calculations? 
T4 lysozyme L99A as a simple model binding site

with David L. Mobley
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FIGURE 2: Three classes of ligands used for analysis of cavity 
binding. For reference, one ligand from each class is shown with 
atom labels. Substituent atoms are labeled a, p, etc. by analogy 
with protein side chains. 
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FIGURE 3: Representative titration profile for isobutylbenzene (-0.1 
mM) titrated with L99A (4 mM) in 50 mM sodium acetate, pH 
5.5. The offset upper trace shows L99A titrated into buffer without 
ligand. Injections of 10 p L  of the protein solution were made every 
2.5 min into the 1.4 mL reaction cell. After subtraction of blank 
runs, titrations were fit as described under Experimental Procedures 
to obtain the data in Table 2. 

includes structural isomers of ethylbenzene and propylben- 

zene. These isomers have transfer free energies similar to 

their respective parents and were chosen to probe various 
regions of the cavity wall for possible differences in steric 

constraints in the presence of equivalent hydrophobic effects. 
Class 11, the "isosterics", contains four isosteric molecules 

of varying hydrophobicity. Because these molecules are 
expected to have similar steric interactions with the cavity, 

they should, in principle, allow a direct analysis of the 

hydrophobic contribution to the binding energy. Class I11 

is comprised of monosubstituted alkylbenzenes of increasing 

side-chain length. These were chosen to assess the relation 
between ligand size and binding energy in a manner similar 

to the protein mutagenesis studies of the type Gly - Ala - 
Val - Leu, etc. 

Titration calorimetry was used to determine quantitative 

association constants at 29 "C for the binding to L99A of 
the ligands described above. A representative titration is 
shown in Figure 3. The binding energetics are presented in 
Table 2.  Dissociation constants for the various ligands range 

from 14 to 500 ,uM, comparable to many enzyme-substrate 

Biochemistry, Vol. 34, No. 27,1995 8567 

Table 2: Calorimetric Analysis of Ligand BindingY 

K, x 10-3 -AH -RT In K, 
ligand (M-') (kcal/mol) (kcal/mol) 

benzene 5.7 iz 1.7 6.32 f 0.37 -5.19 f 0.16 
ethylbenzene 14.8 & 1.7 6.76 f 0.87 -5.76 f 0.07 
o-xylene 2.13 f 0.22 8.45 f 0.96 -4.6 f 0.06 
m-x ylene 2.75 f 0.8 6.04 f 0.03 -4.75 f 0.15 
p-x ylene 2.37 f 0.25 6.97 iz 0.98 -4.61 & 0.06 
propylbenzene 55.2 f 2.0 9.97 f 0.05 -6.55 f 0.02 
2-ethyltoluene 1.98 f 0.20 7.71 iz 0.74 -4.56 f 0.06 
3-ethyltoluene 5.05 f 0.15 7.84 f 0.02 -5.12 & 0.02 
4-ethyltoluene 8.33 f 0.08 8.44 0.03 -5.42 & 0.01 
benzofuran 8.9 f 0.5 8.04 f 0.44 -5.46 f 0.03 
indene 5.17 & 0.09 8.31 f 0.48 -5.13 f 0.01 
indole 3.45 f 0.38 11.23 i 0.94 -4.89 k 0.06 
thianaphthene 13.6 iz 1.2 7.03 f 0.04 -5.71 f 0.05 
toluene 9.8 f 0.6 6.53 f 0.73 -5.52 f 0.04 
isobutylbenzene 51.0 iz 4.9 7.09 f 0.35 -6.51 f 0.06 
n-butylbenzene 69.8 & 2.9 8.06 f 0.98 -6.7 f 0.02 

~ ~ ~~ ____ 

K, is the association constant and AH the molar enthalpy of binding 
of the ligand to L99A lysozyme. Errors are given as the standard 
deviation of the mean calculated from multiple runs except in the cases 
of m-xylene, 2-ethyltoluene, propylbenzene, and thianaphthene, where 
the errors given are based on the goodness of the fit to the data. 

binding constants. For all ligands, the molar enthalpy of 

binding is large and negative, unlike the enthalpy of transfer 

of liquid hydrocarbons from water to the neat organic phase, 

which is typically very close to zero at room temperature 

(Gill et al., 1976). 

The observed binding energies of the ligands are compared 

with their free energies of transfer from water to vapor in 
Figure 4 and from water to octanol in Figure 5 .  Among the 

class I molecules, the xylenes and ethyltoluenes bind much 

more poorly than ethyl- and propylbenzene, respectively, and 

their binding free energies do not correlate well with transfer 
free energies (Figures 4a, 5a). Furthermore, there is no 

agreement between the binding free energies of the different 
structural isomers of ethylbenzene and those of propylben- 

zene. This indicates that the binding energetics of the class 
I molecules are strongly influenced by steric factors. 

The class I1 molecules show only a rough correlation 

between their binding and transfer free energy, despite their 

nearly identical shapes and sizes (Figures 4b, 5b). 

Among the class I11 molecules, binding becomes tighter 

as the side-chain becomes longer, up to a maximum of four 

carbons. This is in accord with the expectation that the 

hydrophobic effect provides a large contribution to binding 

free energy. Figure 5c shows the relation between binding 

energy and free energy of solvation as reflected in water- 

octanol partition coefficients (slope = 0.56; R = 0.97). 

Entropic Consequences of Binding. To directly compare 

the observed binding free energies with solvent-transfer free 

energies, we must account for those contributions to the 

binding free energy that arise from purely statistical sources 

and which differ between the binding and solvent-transfer 
processes. One such contribution arises from the entropic 

cost of constraining a ligand to occupy a single conformation 
in the binding site, relative to its translational, rotational, 

and intemal degrees of freedom in solution. In the present 

analysis, we assume that the ligands lose all rotational and 
translational freedom in the bound state and that their 

vibrational partition function does not change upon binding. 

For each such mode the cost of constraining the ligand is 
given by AG AA = -RT In q, where q is the partition 

of complementarity remains a major challenge in
molecular docking and has been subject to intense
investigation (recently reviewed by Gohlke &
Klebe1). With adequate sampling, an ideal scoring
function should correctly rank a large set of dis-
similar molecules and predict the correct modes
of binding. Unfortunately, genuinely adequate
sampling, as for instance might be available
through thermodynamic integration, free energy
perturbation and related methods,2–5 would be
much too slow to be used in docking screens
of compound databases that can include over a
quarter of a million molecules. Investigators have
thus turned to faster, less accurate scoring func-
tions for docking screens. Encouragingly, several
of these have been used to predict novel ligands.6–12

As important as these successes are, they are not
thought to represent a general solution to the
scoring problem in molecular docking, which con-
tinues to be plagued by false negatives and
false positives. There remains much interest in
developing better scoring functions.

In developing new scoring functions, the field is
confronted with the problem of testing the effect
of a new method. Typically, new scoring functions

are evaluated for their ability to reproduce known
ligand-binding patterns for well-studied receptors.
This can take the form of determining if the
known ligands are ranked favorably in a screen of
a database that contains mostly decoys, or testing
if the experimental geometries of ligand–receptor
complexes are reproduced. Recently, several
investigators have compiled databases containing
thermodynamic data of binding and, in some
cases, structural information of ligand–receptor
complexes to facilitate this effort.13,14 Such studies
are certainly useful for testing the reliability of
existing scoring functions as well as designing
and parameterizing new ones. However, because
of the entanglement of various energetic contri-
butions in ligand–receptor binding (e.g. desol-
vation of the ligand and the binding site, and
conformational accommodation on binding),
isolating the effect of particular changes in
scoring functions can be difficult on the basis of
retrospective analysis alone. It would be useful to
have model systems that allow one to experi-
mentally test prospective predictions from new
docking algorithms. Ideally, such a model system
would be simple enough to allow one to isolate
the modification introduced in the new scoring
function from other aspects of the docking
calculation.

Here we use a cavity created in the core of T4
lysozyme as a prototype model binding site to test
a modification to a docking scoring function. This
cavity site was created by substituting Leu99 with
Ala (L99A) in the core of the enzyme.15 It is com-
pletely buried from solvent, small (volume about
150 Å3), uniformly hydrophobic, and contains no
ordered water molecules; it comes close to being a
naked binding site16 (Figure 1). Binding has been
shown for 57 mostly apolar small molecules16,17

(listed in Supplementary Material); X-ray crystal
structures have been determined for nine of these
molecules in complex with this site. In contrast,
some polar isosteres of the known ligands are not
found to bind to the cavity site. For instance,
although toluene binds to L99A with a Ka value of
9.8 £ 103 M21, phenol and aniline are not observed
to bind. Thus, although the L99A site is simple, its
ligand preferences nevertheless capture the subtle-
ties found in more complicated systems. This is a
requirement for a model system. Experimentally,
L99A is very accessible. Acquiring new possible
ligands, most of which are expected to be com-
mercially available, determining their binding
energies, and determining the structures of their
complexes with L99A, are all relatively straight-
forward. These features make testing predictions
for L99A practical, which is also important for a
model system.

We use this cavity site to investigate the effect
of different ligand partial atomic charges and
solvation energies on docking calculations. The
docking scoring function we use includes electro-
static and van der Waals interaction energies,
and is corrected for ligand desolvation energies

Figure 1. (a) The molecular surface (yellow) of the
cavity in T4 lysozyme mutant L99A. Carbon atoms are
in gray, oxygen atoms in red, nitrogen atoms in
blue and sulfur atoms in yellow. For clarity, only the
protein atoms that surround the cavity are shown.
(b) A cut-away view of the cavity reveals the bound
benzene (PDB entry 181L). Residue Met102 is labeled.
All molecular graphics were rendered with NEON in
Midas-Plus;65 all molecular surfaces were calculated
with MS.66
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of complementarity remains a major challenge in
molecular docking and has been subject to intense
investigation (recently reviewed by Gohlke &
Klebe1). With adequate sampling, an ideal scoring
function should correctly rank a large set of dis-
similar molecules and predict the correct modes
of binding. Unfortunately, genuinely adequate
sampling, as for instance might be available
through thermodynamic integration, free energy
perturbation and related methods,2–5 would be
much too slow to be used in docking screens
of compound databases that can include over a
quarter of a million molecules. Investigators have
thus turned to faster, less accurate scoring func-
tions for docking screens. Encouragingly, several
of these have been used to predict novel ligands.6–12

As important as these successes are, they are not
thought to represent a general solution to the
scoring problem in molecular docking, which con-
tinues to be plagued by false negatives and
false positives. There remains much interest in
developing better scoring functions.

In developing new scoring functions, the field is
confronted with the problem of testing the effect
of a new method. Typically, new scoring functions

are evaluated for their ability to reproduce known
ligand-binding patterns for well-studied receptors.
This can take the form of determining if the
known ligands are ranked favorably in a screen of
a database that contains mostly decoys, or testing
if the experimental geometries of ligand–receptor
complexes are reproduced. Recently, several
investigators have compiled databases containing
thermodynamic data of binding and, in some
cases, structural information of ligand–receptor
complexes to facilitate this effort.13,14 Such studies
are certainly useful for testing the reliability of
existing scoring functions as well as designing
and parameterizing new ones. However, because
of the entanglement of various energetic contri-
butions in ligand–receptor binding (e.g. desol-
vation of the ligand and the binding site, and
conformational accommodation on binding),
isolating the effect of particular changes in
scoring functions can be difficult on the basis of
retrospective analysis alone. It would be useful to
have model systems that allow one to experi-
mentally test prospective predictions from new
docking algorithms. Ideally, such a model system
would be simple enough to allow one to isolate
the modification introduced in the new scoring
function from other aspects of the docking
calculation.

Here we use a cavity created in the core of T4
lysozyme as a prototype model binding site to test
a modification to a docking scoring function. This
cavity site was created by substituting Leu99 with
Ala (L99A) in the core of the enzyme.15 It is com-
pletely buried from solvent, small (volume about
150 Å3), uniformly hydrophobic, and contains no
ordered water molecules; it comes close to being a
naked binding site16 (Figure 1). Binding has been
shown for 57 mostly apolar small molecules16,17

(listed in Supplementary Material); X-ray crystal
structures have been determined for nine of these
molecules in complex with this site. In contrast,
some polar isosteres of the known ligands are not
found to bind to the cavity site. For instance,
although toluene binds to L99A with a Ka value of
9.8 £ 103 M21, phenol and aniline are not observed
to bind. Thus, although the L99A site is simple, its
ligand preferences nevertheless capture the subtle-
ties found in more complicated systems. This is a
requirement for a model system. Experimentally,
L99A is very accessible. Acquiring new possible
ligands, most of which are expected to be com-
mercially available, determining their binding
energies, and determining the structures of their
complexes with L99A, are all relatively straight-
forward. These features make testing predictions
for L99A practical, which is also important for a
model system.

We use this cavity site to investigate the effect
of different ligand partial atomic charges and
solvation energies on docking calculations. The
docking scoring function we use includes electro-
static and van der Waals interaction energies,
and is corrected for ligand desolvation energies

Figure 1. (a) The molecular surface (yellow) of the
cavity in T4 lysozyme mutant L99A. Carbon atoms are
in gray, oxygen atoms in red, nitrogen atoms in
blue and sulfur atoms in yellow. For clarity, only the
protein atoms that surround the cavity are shown.
(b) A cut-away view of the cavity reveals the bound
benzene (PDB entry 181L). Residue Met102 is labeled.
All molecular graphics were rendered with NEON in
Midas-Plus;65 all molecular surfaces were calculated
with MS.66
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Surprisingly challenging for docking codes to discriminate binders (uM) from non-binders (>>uM) 
Polar version of this cavity (L99A/M102Q) even more challenging for docking.

“Surely, there’s no way we can screw this up.” 
- Famous last words

Let’s test how well free energy calculations can reproduce measured binding free energies.

How accurate are binding free energy calculations? 
T4 lysozyme L99A as a simple model binding site

with David L. Mobley



-8
-7

-6
-5
-4

-3
-2

-1
0

-7 -6 -5 -4 -3 -2

Experimental deltaG

C
om

pu
te

d 
de

lta
G

Our results
Ideal

“Nothing is foolproof to a sufficiently talented fool” 
- Old but pertinent philosophy

Obviously, we’re missing something. 
What’s going on here?

Mobley, Graves, Chodera, McReynolds, Shoichet, Dill. J Mol Biol 371:1118, 2007

alchemical
exact

experimental ΔG (kcal/mol)

co
m

pu
te

d 
Δ

G 
(k

ca
l/m

ol)



Multiple ligand conformations can contribute

Y88. The simulations were initiated from the orientation of
Fig. 4!a", since it is most similar to the orientation in the
cocrystal structure.

The computed free energy !see Table I" is
5.95±0.09 kcal/mol with 1 ns at each ! value, and is
5.39±0.09 with 5 ns at each ! value !for every ! value, not
just for the restraining step". No conformations were dis-
carded in calculating these values. If computed transfer free

energies are converged, they should be the same whether
orientational restraints or only distance restraints are used.
This is not the case here. Even with substantially increased
sampling during the discharging and Lennard-Jones decou-
pling steps, this is an error of approximately 4 kcal/mol.
This suggests that the use of orientational restraints greatly
improves the ease of convergence of these calculations.

Interestingly, we find that, even without orientational re-

FIG. 6. Stable orientations of catechol observed from unrestrained simulations initiated from docking clusters. From the unrestrained simulations, we identify
two main stable orientations for catechol, shown in !a" and !b", between which we see no transitions, so we conduct separate simulations restraining to each
of these orientations, as for phenol. Shown are final snapshots from the 5 ns molecular dynamics trajectories run with full restraints on the ligand.

FIG. 7. Time series and histogram of in-plane rotation for weakly restrained catechol. Time series !left" and histograms !right" for "B, the degree of freedom
which describes in-plane rotation of the aromatic ring in the binding site, for simulations at the weakest restraints, !=0.01. !a" shows a 5 ns simulation
beginning from orientation 1 and !b" shows a 5 ns simulation beginning from orientation 2. Clearly, there is no interchange between the two orientations here,
as would be required for convergence.

084902-12 Mobley, Chodera, and Dill J. Chem. Phys. 125, 084902 !2006"

Downloaded 23 Feb 2007 to 169.230.228.41. Redistribution subject to AIP license or copyright, see http://jcp.aip.org/jcp/copyright.jsp

Difference in affinity between different bound orientations is only ~1 kT

Mobley, Chodera, Dill. JCP 125:084902, 2006.

N poses can contribute to the overall binding free energy ~ kT ln N 
[Also relevant for ligands with pseudosymmetric substituents]

Switching between relevant ligand orientations can occur on a timescale 
of many nanoseconds!

L99A/M102Q 
polar version 
of cavity
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Multiple protein conformations can contribute

Val111 sidechain      in apo structure

Mobley, Chodera, and Dill. JCTC 3:1231, 2007.

Val111

-3.0 kcal/mol-7.3 kcal/molbinding free energy 4.3 kcal/mol difference!

ΔGexp = -4.7 kcal/mol

p-xylene vs. benzene bound to T4 lysozyme L99A

apoholo



enifnoc 42.4=G enifnoc 28.2=G enifnoc 10.0=G

oloh opa

-150 -100 -50 0 50 100 150

Dihedral angle (degrees)

0

2

4

6

8

10

12

P
M

F
 (

k
c
a
l/

m
o
l)

�1

Multiple protein conformations can contribute

confinement free energy 4.2 kcal/mol 0.0 kcal/mol

Val111 sidechain      in apo structure

Mobley, Chodera, and Dill. JCTC 3:1231, 2007.
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-3.0 kcal/mol-7.3 kcal/molbinding free energy 4.3 kcal/mol difference!
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Multiple protein conformations can contribute

confinement free energy 4.2 kcal/mol 0.0 kcal/mol
release free energy 
following binding -0.3 kcal/mol -0.6 kcal/mol

Val111 sidechain      in apo structure

Mobley, Chodera, and Dill. JCTC 3:1231, 2007.

Val111

-3.0 kcal/mol-7.3 kcal/molbinding free energy 4.3 kcal/mol difference!

ΔGexp = -4.7 kcal/mol

p-xylene vs. benzene bound to T4 lysozyme L99A

apoholo



enifnoc 42.4=G enifnoc 28.2=G enifnoc 10.0=G

oloh opa

-150 -100 -50 0 50 100 150

Dihedral angle (degrees)

0

2

4

6

8

10

12

P
M

F
 (

k
c
a
l/

m
o
l)

�1

Multiple protein conformations can contribute

confinement free energy 4.2 kcal/mol 0.0 kcal/mol
release free energy 
following binding -0.3 kcal/mol -0.6 kcal/mol

total binding free energy -3.4+-0.3 -3.6+-0.3≈

Val111 sidechain      in apo structure

Mobley, Chodera, and Dill. JCTC 3:1231, 2007.

Val111

-3.0 kcal/mol-7.3 kcal/molbinding free energy 4.3 kcal/mol difference!

ΔGexp = -4.7 kcal/mol

p-xylene vs. benzene bound to T4 lysozyme L99A

apoholo



Numerous improvements were required for T4 lysozyme L99A

✔  multiple long-lived ligand orientations 
✔  multiple long-lived protein conformations 
✔  anisotropic dispersion correction 
✔  optimal use of all data in analysis 
✔  binding site restraints to reduce simulation times 
✔  improved ligand charge models

Mobley, Graves, Chodera, McReynolds, Shoichet, Dill. J Mol Biol 371:1118, 2007

Mobley, Chodera, Dill. JCP 125:084902, 2006.

Mobley, Chodera, and Dill. JCTC 3:1231, 2007.

Shirts and Chodera. JCP 129:124105, 2008.

Shirts, Mobley, Chodera, Pande. JPC B 111:13052, 2007.

These issues are very general, and algorithmic improvements that address 
them should universally improve accuracy for protein-ligand systems.

Resulting RMS error: 1.89±0.04 kcal/mol       [originally 3.51±0.04 kcal/mol]

But it’s easy to fool ourselves when working with a known dataset. 
How well do we do on data we’ve never seen?

Mobley, Chodera, Dill. JCP 125:084902, 2006.

Mobley, Dumont, Chodera, Dill. 111:2242, 2007.



How accurately can we predict unknown  
binding affinities?

Blinded test of prediction power with new molecules:

Brian Shoichet, UCSF

Mobley, Graves, Chodera, McReynolds, Shoichet, Dill. J Mol Biol 371:1118, 2007



How accurately can we predict unknown 
binding affinities?

All binding predictions confirmed!  
RMS error: 0.6 kcal/mol 

(but we could only convince them to do N=3 ITC measurements)

Blinded test of prediction power with new molecules:

Brian Shoichet, UCSF

Mobley, Graves, Chodera, McReynolds, Shoichet, Dill. J Mol Biol 371:1118, 2007



Alchemical free energy methods can work reliably in simple 
systems but complex systems remain challenging

...
JNK3 kinasehydration free energies 

of small neutral molecules

1.04±0.03 kcal/mol (N=44) 
Mobley, Dumont, Chodera, Dill. JPC B, 2007


 1.23±0.01 kcal/mol (N=502) 
Mobley, Bayly, Cooper, Dill. JPC B 2009.

1.89±0.04 kcal/mol (N=13) 
Mobley, Graves, Chodera, 

McReynolds, Shoichet Dill. JMB 2007

polar ligands  
FKBP12

1.42 kcal/mol (N=9) 
0.94 kcal/mol (N=7) 

(Shirts et al., in preparation)

(not to scale)

model systems pharmaceutically relevant

small apolar ligands  
T4 lysozyme L99A

Anecdotal literature reports of success 
(publication bias?)

1.33±0.05 kcal/mol (N=17) 
Nicholls, Mobley, Guthrie, Chodera, 

Pande. J Med Chem 2008.

0.6±0.2 kcal/mol (N=3) 
Mobley, Graves, Chodera, McReynolds, 

Shoichet Dill. JMB 2007

prospective RMS error [sample size]

Calculations are notoriously 
unreliable. 

(e.g. SAMPL challenges)

retrospective RMS error [sample size]



Alchemical free energy methods work reliably in simple systems 
but complex systems have remained challenging

JNK3 kinasehydration free energies 
of small neutral molecules

small apolar ligands  
T4 lysozyme L99A

polar ligands  
FKBP12

solvent only 
small, neutral molecules 
fixed protonation states 

small, rigid protein 
small, neutral ligands 

fixed protonation states 
multiple sidechain orientations 
multiple ligand binding modes

small, rigid protein 
fixed protonation states 
larger drug-like ligands 

with few rotatable bonds  

...
large protein, multiple conformations 

large drug-like ligands, rotatable bonds 
multiple protonation states? tautomers? 

phosphorylation and activation 
peptide substrate? 
MgCl2 salt effects?

easy 
hard (not to scale)

model systems pharmaceutically relevant







Structural engineering wasn’t always so successful, either

“The subject of mechanical pathology is relatively as legitimate and important a study 
to the engineer as medical pathology is to the physician. While we expect the 
physician to be familiar with physiology, without pathology he would be of little use to 
his fellow-men, and it [is] as much within the province of the engineer to investigate 
causes, study symptoms, and find remedies for mechanical failures as it is to direct the 
sources of power in nature for the use and convenience of man.” 

- George Thomson, 1888

There were 250 bridge failures in the US and Canada between 1878-1888.



Computational predictions fail for one of three reasons

1. The forcefield does a poor job of modeling the physical system 
!

2. We’re missing some essential chemical effects in our simulations  
(e.g. protonation states, tautomers, covalent association) 
!

3. We haven’t sampled all of the relevant conformations 

We need to figure out why failures occur and how we can improve our 
algorithms to be more robust for prediction.



�(x)K(x, y) = �(y)K(y, x)

AH ↵ A� +H+

Speeding up the cycle of learning from failure can 
accelerate progress toward rational ligand design

Make rigorous calculations of affinity fast and accurate

Test and improve models quickly and cheaply by 
inverting the drug discovery problem

96

96

...

...

high-throughput 
experiments

mutate proteins 
instead of ligands

buy inexpensive  
ligands

¢

GPU acceleration
modular MCMC for 

sampling and chemical 
effects

enhanced 
sampling 

algorithms
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2

3
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experimental
confirmation

“Fail fast, fail cheap”



How can we speed up the calculations?

many CPU-weeks/calculation

$50K 
5 TFLOP 

doubling every 18 mo

Doesn’t fit neatly in a synthetic chemist’s timeframe to wait weeks for an answer.
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How can we speed up the calculations?

$50K 
5 TFLOP 

doubling every 18 mo

many CPU-weeks/calculation

$500 
5 TFLOP 

doubling every 12 mo

overnight on a workstation?

Can we exploit new GPU technologies to reach practical computation times?



YANK: An open-source, community-oriented platform for  
GPU-accelerated free energy calculations

http://simtk.org/home/openmm 
gromacs benchmarks from http://biowulf.nih.gov/apps/gromacs-gpu.html

NVIDIA GTX-Titan ($1000)

method natoms gromacs CPU OpenMM GPU speedup

GB/SA 2,489 2.54 ns/day 287 ns/day 113 x
RF 23,558 18.8 ns/day 163 ns/day 8.7 x

PME 23,558 6.96 ns/day 104 ns/day 15 x

A free, open-source, extensible platform 
for free energy calculations and ligand design

OpenMM speedup (GTX Titan) over 12-core Xeon X5650 CPU for DHFR

http://www.omnia.md

http://www.simtk.org/home/openmm
http://biowulf.nih.gov/apps/gromacs-gpu.html


indole binding to T4 lysozyme L99A 
12 h on 2 NVIDIA Tesla M2090 GPUs 

Hamiltonian exchange with Gibbs sampling

Replica-exchange algorithms facilitate sampling  
of multiple binding modes

solid fully interacting
transparent noninteracting

Chodera and Shirts. JCP 135:194110, 2011 
Wang, Chodera, Yang, and Shirts. JCAMD 27:989, 2013. 

http://github.org/choderalab/yank

http://github.org/choderalab/yank
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Hamiltonian exchange with Gibbs sampling

Replica-exchange algorithms facilitate sampling  
of multiple binding modes

solid fully interacting
transparent noninteracting

Chodera and Shirts. JCP 135:194110, 2011 
Wang, Chodera, Yang, and Shirts. JCAMD 27:989, 2013. 
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Additional and unknown binding sites can be identified, and 
their individual affinities estimated by the addition of MC moves

benzene bound to T4 lysozyme L99A 
AMBER96 + OBC GBSA

core site

surface sites

Chodera and Shirts. JCP 135:194110, 2011 
Wang, Chodera, Yang, and Shirts. JCAMD 27:989, 2013. 

http://github.org/choderalab/yank

http://github.org/choderalab/yank


Initial results using implicit models of solvent are promising: 
Could have a role in rapid affinity prediction

AMBER ff96 + OBC GBSA (no cutoff) + GAFF/AM1-BCC 
12 h on 2 GPUs
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Fig. 1. The lysozyme L99A binding site. This binding site is a simple, largely
apolar cavity (shown with a surface representation) created by mutating a leucine
(residue 99) into an alanine. It binds a variety of small, often aromatic, molecules,
including benzene, which is shown here, and has been studied extensively both
experimentally and computationally.

ods.

2 Results

2.1 Overview

We first computed binding free energies of a number of compounds with known
binding a⇥nities to the L99A mutant binding site of T4 lysozyme to assess
accuracy of our computed binding free energies. In these retrospective studies,
we uncovered several keys for accuracy in these calculations, and tested several
approximations commonly made in docking. We also applied these methods
prospectively to predict binding a⇥nities and binding orientations for several
molecules.

2.2 Retrospective studies: Comparison with previous experimental results.

To assess the accuracy of our binding free energy methods, we first computed
binding free energies for a test set of 13 small neutral compounds (Table 1).
Of these, binding a⇥nities for 11 were previously measured with isothermal
titration calorimetry23, and two were previously been determined to be non-
binders, with a detection threshold of around 10 mM12,15.

4
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New Monte Carlo techniques open up new possibilities for 
treating physical effects and facilitating design

sidechain rotamer 
sampling

dynamic protonation states 
(protein and ligand)

dynamic tautomerization 
(ligand)

sampling over 
target mutations

sampling over substituents 
for ligand design

ligand design considering 
potential resistance mutations

ENHANCING CHEMICAL ACCURACY
FACILITATING DESIGN
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Speeding up the cycle of learning from failure can 
accelerate progress toward rational ligand design

Make rigorous calculations of affinity fast and accurate

Test and improve models quickly and cheaply by 
inverting the drug discovery problem
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Inverting the drug discovery problem:  
A faster, cheaper way to build (and break) computational models

isothermal titration calorimetry

expression and purification in ~2L culture
~ 4/week, >25 mg

expression assessment in 1 ml culture
~ 2-3 weeks, select mutants that express >25 ug/ml

quick change mutagenesis
~ 1-2 weeks, >70% efficiency

~40/day (automated); <0.5 mg/experiment

purchase known ligands
several ligands/receptor

fluorescence binding assayssurface plasmon resonance
6 x 6 parallel experiments; ~10 ug protein 96 assays/plate; ~1 ug protein

+



How can we make wetlab experiments look more like problems 
we know how to solve efficiently?

messy 
laborious 

inconsistent 
skill-dependent 

9 am - 5 pm



How can we make wetlab experiments look more like problems 
we know how to solve efficiently?

messy 
laborious 

inconsistent 
skill-dependent 

9 am - 5 pm

?

precise 
structured 
consistent 

reproducible 
round-the-clock



AUTOMATE. EVERYTHING. 

Automated platform for bacterial cloning, mutagenesis, expression, purification, and binding affinity 
measurement with 24/7 operational capacity
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AUTOMATE. EVERYTHING. 

Automated platform for bacterial cloning, mutagenesis, expression, purification, and binding affinity 
measurement with 24/7 operational capacity



We’re building a benchmark set covering a range of 
complexity, isolating individual challenges to modeling

JNK3 kinasesmall apolar ligands  
T4 lysozyme L99A

polar ligands  
FKBP12

small, rigid protein 
small, neutral ligands 

fixed protonation states 
multiple sidechain orientations 
multiple ligand binding modes

small, rigid protein 
fixed protonation states 

larger natural product-like  
ligands with rotatable bonds  

large protein, multiple conformations 
large drug-like ligands, rotatable bonds 
multiple protonation states? tautomers? 

phosphorylation and activation 
peptide substrate? 
MgCl2 salt effects?

easy 
hard

IL-2 trypsin proteases

small protein 
fixed protonation states 

some allostery and 
binding site plasticity 

small, rigid protein 
small ligands 

charged ligands 
potential for protonation state changes

many other good model systems to choose from: DHFR, cytochrome C peroxidase, AmpC, adenylate kinase, etc.



How can we quantitatively understand (and later design) the 
selectivity of inhibitors for kinases?

Nature Biotech 23:329, 2005
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��G = 4.6 kcal/mol

Differences in stabilities of inactive states may be 
responsible for origin of some kinase inhibitor selectivity

imatinib bound to Abl kinase [2HYY] imatinib bound to Src kinase [2OIQ]

* essentially same binding mode in X-ray structure! 
* essentially same interactions 
* calculations suggest no difference in binding free energy for this conformation 
[Aleksandrov and Simonson , J Biol Chem 285:13807, 2010]

(favoring Abl binding)



Differences in stabilities of inactive states may be 
responsible for origin of some kinase inhibitor selectivity

inactive (high free energy states)}
active (low free energy state)

ΔG of confining to  
binding-competent 

state

ΔG of binding to  
binding-competent 

statenet ΔG 
of binding

0

��G = 4.6 kcal/mol

imatinib bound to Abl kinase [2HYY] imatinib bound to Src kinase [2OIQ]

Enumeration of metastable states will be crucial to successful design of selective kinase inhibitors.

(favoring Abl binding)



Identifying these conformational substates structurally and 
energetically is often difficult

Lee and Craik. Science 324:213, 2009

Structural biology approaches can only “see” these states if fortuitously trapped by ligands 
Simulations get “stuck” in these conformations for long times

* allow substrate access 
* expose binding surface 
* expose allosteric regulatory site 
* release product 
* alter catalytic activity 
* transduce signals

*

invisible / high free energy states}
visible / low free energy state



Structural data on human kinases exists, but is incomplete

http://www.sgc.ox.ac.uk/research/kinases/

Human kinases with available structural data

http://www.sgc.ox.ac.uk/research/kinases/


sequences of targets/off-targets

template structures from Uniprot

+ }
structural models of many conformations

conformational ensembles 
with relative energetics

multiple binding free energy calculations 
to compute affinities and selectivities

Patrick Grinaway

PBSB student

Daniel Parton

Postdoc

Kyle Beauchamp

Postdoc

Jan-Hendrik Prinz

Postdoc



Folding@Home gives us access to enormous computational 
resources for probing biomolecular dynamics

http://folding.stanford.eduOver 22 PFLOP/s of aggregate computational power!

Vijay S. Pande 
Stanford University

http://fah-web.stanford.edu/cgi-bin/main.py?qtype=osstats2
Table last updated at Mon, 19 Jan 2015 23:02:19

http://folding.stanford.edu


Folding@Home enables whole-kinome simulation

518 human protein kinases

3,507 kinase catalytic domain structures

excluding splice and disease variants 

in UniProt

1,816,626 kinase models will be built and refined
on new MSKCC compute resources housed at SDSC

x
=

18,166,260 kinase simulations on Folding@Home
over one year

MSKCC cBio cluster @ SDSC

~



NMR model of trpzip2 at 288 K

metastable states from simulation data 
at high temperature

Many distinct metastable states can be identified at T ~ Tm

Chodera, Singhal, Swope, Pande, Dill. JCP 126:155101, 2007.
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High-throughput fluorescence assays can measure binding 
affinities of a panel of ligands to kinase mutants

with Nick Levinson, Boxer lab, Stanford

bosutinib

erlotinib

gefitinib

bosutinib

erlotinib

gefitinib
0 1 2 3

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9
20 uL injections of 40 uM

injection

2
8
0
−

4
8
0
 n

o
rm

a
liz

e
d
 t
o
 Q

Z
A

0 1 2 3
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

injection

2
8
0
−

4
8
0
 n

o
rm

a
liz

e
d
 t
o
 Q

Z
A

20 uL injections of 4 uM

 

 

erlotinib

bosutinib

gefitinib

buffer

1 uM p38α

excite 280 nm 
[Trp FRET ~350 nm] 
measure 480 nm

fluorescent inhibitors 



What determines selectivity of inhibitors for kinases?

Nature Biotech 23:329, 2005

* Are particular ligand scaffolds privileged with specificity? 
* Are particular binding modes better for specificity? 
* Are certain kinases inherently more promiscuous?

Weisberg et al. 
Nature Rev. Cancer 7:345, 2007.

ki
na

se
s

ligands

mutants

High-throughput fluorescence measurements and free energy calculations can address 
physical determinants of kinase inhibitor selectivity:



Can we develop a physical model of resistance mutations?

Treatment of CML with imatinib often induces resistance, predominantly E255K, T315I 
Second-line drugs elicit further resistance:

We can hypothesize and test a simple physical mechanism of resistance: 
Resistance mutations reduce inhibitor binding affinity but retain ATP affinity (a surrogate for activity) 
* Are certain inhibitors or binding modes less likely to elicit resistance? 
* Can we incorporate likelihood of eliciting resistance mutations into rational ligand design? 

(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
in vitro3

IC50
in vitro4

Dasatinib Nilotinib Dasatinib Nilotinib Dasatinib Nilotinib

G250E "1.59 1.02 2.25 3.69 4.45 4.56
Y253H "2.19 n.a. 1.62 34.61 n.a. n.a.
Y253F n.a. 0.18 1.75 9.61 1.58 3.23
E255K "1.09 0.94 7 15.38 5.61 6.69
E255V "0.05 2.15 13.75 33.08 3.44 10.31
V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
F317L 1.57 "1.10 9.25 3.85 4.46 2.22
M351T "1.00 "0.92 1.25 1.15 0.88 0.44
F359V "2.94 0.60 2.75 13.46 1.49 5.16
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were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
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V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
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Gruber et al. Leukemia 26:172, 2012.

Weisberg et al. 
Nature Rev. Cancer 7:345, 2007.



The Chodera Lab @ MSKCC

Code and data available at http://www.choderalab.org 
Start Folding at http://folding.stanford.edu

Kyle Beauchamp 
postdoc Sonya Hanson 

postdoc

Patrick Grinaway 
PBSB

Chaya Stern 
TPCB

Danny Parton 
postdoc

Jan-Hendrik Prinz 
postdocBas Rustenburg 

PBSB
Guillermo 

Perez-Hernandez 
visitor

Kadeem Ho Sang 
admin

http://www.choderalab.org
http://folding.stanford.edu


Collaborators

Stanford 
Vijay Pande

Sergio Bacallado

NIH SimBios

!
IBM Almaden 
Bill Swope

Jed Pitera

!
University of Chicago 
Nina Singhal Hinrichs

!
UC Irvine 
David Mobley

!
CCNY 
Marilyn Gunner

Stony Brook 
Ken Dill

Markus Seeliger

!
UCSF 
Brian Shoichet

David Sivak

!
University of Virginia 
Michael Shirts

!
Duke 
David Minh

!
Freie Universität Berlin 
Frank Noé

Bettina Keller

Jan-Hendrik Prinz

Antonia S. J. S. Mey

!
Rutgers 
Zhiqiang Tan

Code and data available at http://www.choderalab.org 
Start folding at http://folding.stanford.edu

UC Berkeley 
Phillip Elms (BioRad)

Susan Marqusee

Carlos Bustamante

Christian Kaiser

Gheorghe Christol

Suri Vaikuntanathan

!
LBNL 
Gavin Crooks

!
Vanderbilt 
Joel Tellinghuisen

!
Hessian Informatics 
Kim Branson

!
Vertex Pharmaceuticals 
Richard Dixon

http://www.choderalab.org
http://folding.stanford.edu

