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We’ve been using a progression of model binding 
sites for free energy method development

• Simple 
• Nonpolar 
• Dry

Others have found them attractive test systems for
method development studies.31–34 An important
advantage of these cavity sites is that they are expe-
rimentally tractable for detailed, prospective testing
of ligand predictions. Because the ligands they bind
are small—in the 70- to 150-amu range—many
possible ligands are readily available commercially,

which is rarely true of drug targets.35 The binding of
these predicted ligands may be tested by direct
binding assays, and the structures of the ligand–
protein complexes may be routinely determined by
X-ray crystallography to resolutions better than 2 Å.
Extensive study in the Matthews, Goodin, and our
own laboratories has resulted in many tens of
diverse ligands for each cavity, as well as tens of
“decoys,” which are molecules that were predicted
to bind to the sites but for which no binding was
observed at concentrations as high as 10 mM on ex-
perimental testing.21,23,28–30
We thus used these three simplemodel cavity sites,

L99A, L99A/M102Q, and W191G, as templates to
measure the strengths and weaknesses of MM–
GBSA rescoring of docking hit lists. We used two
rescoring programs: Protein Local Optimization
Program (PLOP),36,37 with binding-site side-chain
rotamer search and minimization, and AMBER-
DOCK, using short molecular dynamics (MD) steps
andminimization of binding-site residues (Materials
and Methods). Molecular docking was used to
screen compound libraries that contained between
5000 and 60,231 fragment-like molecules from the
Available Chemicals Directory (ACD); the library
size was chosen to partly mitigate issues of size and
charge bias from the library alone and to be
consistent with earlier studies in these sites (Re-
sults).28,29 The single best pose for each compound
that ranked among the top 5000 or 10,000 com-
pounds by docking was then rescored by both MM–
GBSA programs. Multiple known ligands and
decoys were among the molecules rescored for all
three sites' rescored sets. In retrospective calcu-
lations, MM–GBSA rescoring improved the sepa-
ration of ligands from decoys in each of the cavities.
We then tested 33 new ligands that were predicted
to bind by the MM–GBSA methods that docking
alone ranked poorly, generally much worse than
the top 500. To investigate the detailed basis of
the MM–GBSA predictions, we determined crystal
structures for 21 of these new ligands and com-
pared them to the geometries predicted by theory.
These studies suggest areas where MM–GBSA me-
thods can contribute to the success of virtual screen-
ing and areas where this method faces important
challenges.

Results

Retrospective docking and rescoring in the
hydrophobic cavity

Approximately 60,000 small molecules were
docked into the hydrophobic cavity L99A using
DOCK3.5.5423,38 (Fig. 1a). The compounds in this set
were selected from a much larger library so as not to
exceed 25 non-hydrogen atoms, as previously de-
scribed.29 This reduced the enrichment-factor bias
that would have otherwise occurred by the trivial
ability of the docking program to remove com-

Fig. 1. The model cavity sites. (a) Cavity binding site in
T4 lysozyme L99A with benzene bound. (b) Cavity
binding site in T4 lysozyme L99A/M102Q with phenol
bound; the hydrogen bond with the Oε2 oxygen of Gln102
is represented by a dashed line. (c) Cavity binding site of
cytochrome c peroxidase W191G with aniline bound; the
hydrogen bond with Asp235 is represented by a dashed
line. The heme and an ordered water molecule are also
depicted. In (a), (b), and (c), the cavities are represented by
a tan molecular surface and the protein ribbons are green.
Rendered with the program PyMOL.26
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Lysozyme L99A Lysozyme L99A/M102Q Cytochr. C Peroxidase

• Simple 
• Polar 
• Dry 
• Additional stable 

binding modes

• Simple (?) 
• Polar, Charged 
• Wet 
• Additional stable 

binding modes 
• Force field issues?



Absolute free energy calculations on these sites are 
tractable and have taught us a great deal

!
Lysozyme L99A 

RMS error 1.8 kcal/mol



Absolute free energy calculations on these sites are 
tractable and have taught us a great deal

!
Lysozyme L99A 

RMS error 1.8 kcal/mol

Cytochr. C Peroxidase 
RMS error 1.4 kcal/mol
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These model sites are simple, rigid, boring, easy - 
time to move to biological sites, right?

Others have found them attractive test systems for
method development studies.31–34 An important
advantage of these cavity sites is that they are expe-
rimentally tractable for detailed, prospective testing
of ligand predictions. Because the ligands they bind
are small—in the 70- to 150-amu range—many
possible ligands are readily available commercially,
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size was chosen to partly mitigate issues of size and
charge bias from the library alone and to be
consistent with earlier studies in these sites (Re-
sults).28,29 The single best pose for each compound
that ranked among the top 5000 or 10,000 com-
pounds by docking was then rescored by both MM–
GBSA programs. Multiple known ligands and
decoys were among the molecules rescored for all
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lations, MM–GBSA rescoring improved the sepa-
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We then tested 33 new ligands that were predicted
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Well, the simple L99A site does have a slow 
conformational change

From apo structure: ΔG=-3.0+/-0.1 kcal/mol 
From holo structure: ΔG=-7.3+/-0.1 kcal/mol 
Experiment: -4.6 kcal/mol



It’s necessary to include conformational change

From apo structure: ΔG=-3.5+/-0.2 kcal/mol 
From holo structure: ΔG=-3.4+/-0.2 kcal/mol 
Experiment: -4.6 kcal/mol



But that’s too small a conformational change. Real 
binding sites undergo larger conformational changes. 

Time to move to biological sites, right?

Others have found them attractive test systems for
method development studies.31–34 An important
advantage of these cavity sites is that they are expe-
rimentally tractable for detailed, prospective testing
of ligand predictions. Because the ligands they bind
are small—in the 70- to 150-amu range—many
possible ligands are readily available commercially,

which is rarely true of drug targets.35 The binding of
these predicted ligands may be tested by direct
binding assays, and the structures of the ligand–
protein complexes may be routinely determined by
X-ray crystallography to resolutions better than 2 Å.
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Results
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Well, L99A can undergo larger conformational 
changes too

Figures

(a) T4 lysozyme (L99A) (b) F-helix (residues 107-115)

(c) Closed State (d) Intermediate State (e) Open State

(f) Ligand Set

Figure 1: In Fig.1a are overlaid cartoon representations of T4 lysozyme using the protein-
ligand bound crystal structures of the toluene(4W53), n-butylbenzene(4W57), and n-
hexylbenzene(4W59) complexes where the F-helix region is highlighted in yellow. Fig.1b
illustrates a closer view of strictly the F-helix in the closed(purple), intermediate(cyan),
and open(green) conformational states and their corresponding ligands as found in the crys-
tal structure. Below are the molecular surface representations of the binding cavity in the
closed(1c), intermediate(1d), and open(1e) states with the ligands represented in an orange
space-filling model. In Fig.1f is the full series of congeneric ligands used in this study; their
protein state occupancies can be found in Table 1. Images were created using Maestro.33

18



A series of related ligands gradually 
induce protein conformational changes

Closed Intermediate Open 



Crystallography resolves partial 
occupancies of different protein structures

Merski, M., Fischer, M., Balius, T. E., Eidam, O., & Shoichet, B. K. (2015). Homologous ligands accommodated by discrete 
conformations of a buried cavity. Proceedings of the National Academy of Sciences, 112(16), 5039-5044.



Larger ligands seem to be better, but 
induce more conformational change

Ligand 
ΔGexp 

(kcal/mol) 

Benzene -5.19 

Toluene -5.52 

Ethylbenzene -5.76 

n-propylbenzene -6.55 

sec-butylbenzene N/A 

n-butylbenzene -6.70 

n-pentylbenzene N/A 

n-hexylbenzene N/A 
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We use relative free energy calculations to explore 
this series with protein conformational change
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Potential sampling problems are “binding 
mode” sampling problems, if “binding mode” 

definition includes protein conformation
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FIG. 5. Thermodynamic cycles for comparing binding of L1 and L2, where
L2 has two possible binding modes, as indicated by the positioning of the
green rectangle. In (a), L1 and L2 share a common scaffold (gray spheres)
which has the same binding mode in both ligands (as in Fig. 3). In (b), L1
and L2 share a common scaffold (gray spheres) which is actually rotated in
binding of L2 relative to L1.

(Fig. 5(a)). But L2 might alternatively have a modified binding
mode (Fig. 5(b)).

Both these cycles yield identical results only in the
limit of adequate sampling. While adequate sampling may be
straightforward in case Fig. 5(a) since the two ligands share
the same binding mode, energy barriers mean it will be very
challenging in Fig. 5(b), which involves a change in binding
mode. In this latter case, computed !!G1→2 will depend on
the starting structure and be incorrect unless the simulations
sample enough binding mode interconversion events.

To sum up, whenever different potential ligand binding
modes are separated by large kinetic barriers, thermodynamic
cycles of the sort in Fig. 5 are unlikely to close with normal
simulation lengths due to convergence problems. This will be
especially problematic whenever the binding mode of one (or
more) of the potential ligands in the calculations is uncertain,
or when their binding modes are different.

C. Longer simulations or separation of states can
both solve convergence problems

Currently, there are two established approaches to solv-
ing these types of sampling problems. The most straightfor-
ward approach is simply to simulate longer until convergence
is adequate; after all, both thermodynamic cycles yield cor-
rect free energies in the limit of infinite sampling. But this
may not always be practical.114 Another approach involves
separation of states (also called “integration over parts”115)—
specifically, focusing sampling on individual regions of phase

space likely to be important and treating kinetically distinct
states separately.115–118 For example, for proteins with mul-
tiple relevant conformations, one might consider each dis-
tinct stable conformation individually (such as in cases of
different stable rotamers or isomers).104, 115–117, 119–123 For a
ligand with multiple binding orientations, one might con-
sider different orientations separately.65, 68, 106, 115, 116, 124 Here,
we can think of each of these approaches as considering a
different stable binding mode separately. In this scenario,
the main advantage is that we only have to adequately
sample each binding mode, not transitions between bind-
ing modes. The price we have to pay, however, is that we
must obtain the relative free energies of the different bind-
ing modes. Still, in cases where transitions between bind-
ing modes are slow but transitions within binding modes are
fast, this can dramatically improve convergence of free energy
estimates.106, 124

D. There is a simple general expression for relative
free energies involving multiple binding modes

Separation of states approaches have a long history
in free energy calculations, even predating simulations
themselves.116 There have been a reasonable number of
applications of these techniques to protein conformational
changes, but relatively few to binding free energy calcula-
tions. And of these, most applications were in absolute free
energy calculations,101, 103, 106, 124 with only very few to rela-
tive free energy calculations.68, 107

Here, we are interested in a general approach to handle
multiple binding modes within relative free energy calcula-
tions. In this approach, we pick a reference binding mode for
the ligand which we will use for doing the actual binding cal-
culation, from which we will obtain !!Gsite, r, the binding
free energy in that particular mode. Additionally, we need
!!GLn, i→r, the free energies of taking each ligand Ln be-
tween binding mode number i and the reference binding mode
r (“interconversion free energies” (IFE), in our terminology).
Then we can write (motivated by Refs. 106 and 124; see the
supplementary material113 for the derivation) the following
general expression for the relative binding free energy:

!!G1→2 = !!Gsite,r − !!Gsolv

−β−1 ln

!

1 +
"

modes i ̸=r

exp(−β!GL1,i→r )

#

!

1 +
"

modes i ̸=r

exp(−β!GL2,i→r )

# .

(1)

Here the sum runs over different stable binding modes.
Two important limiting cases of this expression are:
(1) When all of the !GLn, i→r are large and positive (when
all other binding modes except r are unfavorable), Eq.
(1) reduces to !!G1→2 = !!Gsite,r − !!Gsolv; and (2)
When all other binding modes are equivalent to the ref-
erence binding mode (when all binding modes are equal),
then all of the !GLn, i→r are zero and !!G1→2 = !!Gsite,r

− !!Gsolv − β−1 ln N
M

where N is the number of equivalent

Downloaded 22 Dec 2012 to 74.38.30.181. Redistribution subject to AIP license or copyright; see http://jcp.aip.org/about/rights_and_permissions
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the same binding mode, energy barriers mean it will be very
challenging in Fig. 5(b), which involves a change in binding
mode. In this latter case, computed !!G1→2 will depend on
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sample enough binding mode interconversion events.
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(Fig. 5(a)). But L2 might alternatively have a modified binding
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Both these cycles yield identical results only in the
limit of adequate sampling. While adequate sampling may be
straightforward in case Fig. 5(a) since the two ligands share
the same binding mode, energy barriers mean it will be very
challenging in Fig. 5(b), which involves a change in binding
mode. In this latter case, computed !!G1→2 will depend on
the starting structure and be incorrect unless the simulations
sample enough binding mode interconversion events.

To sum up, whenever different potential ligand binding
modes are separated by large kinetic barriers, thermodynamic
cycles of the sort in Fig. 5 are unlikely to close with normal
simulation lengths due to convergence problems. This will be
especially problematic whenever the binding mode of one (or
more) of the potential ligands in the calculations is uncertain,
or when their binding modes are different.

C. Longer simulations or separation of states can
both solve convergence problems

Currently, there are two established approaches to solv-
ing these types of sampling problems. The most straightfor-
ward approach is simply to simulate longer until convergence
is adequate; after all, both thermodynamic cycles yield cor-
rect free energies in the limit of infinite sampling. But this
may not always be practical.114 Another approach involves
separation of states (also called “integration over parts”115)—
specifically, focusing sampling on individual regions of phase

space likely to be important and treating kinetically distinct
states separately.115–118 For example, for proteins with mul-
tiple relevant conformations, one might consider each dis-
tinct stable conformation individually (such as in cases of
different stable rotamers or isomers).104, 115–117, 119–123 For a
ligand with multiple binding orientations, one might con-
sider different orientations separately.65, 68, 106, 115, 116, 124 Here,
we can think of each of these approaches as considering a
different stable binding mode separately. In this scenario,
the main advantage is that we only have to adequately
sample each binding mode, not transitions between bind-
ing modes. The price we have to pay, however, is that we
must obtain the relative free energies of the different bind-
ing modes. Still, in cases where transitions between bind-
ing modes are slow but transitions within binding modes are
fast, this can dramatically improve convergence of free energy
estimates.106, 124

D. There is a simple general expression for relative
free energies involving multiple binding modes

Separation of states approaches have a long history
in free energy calculations, even predating simulations
themselves.116 There have been a reasonable number of
applications of these techniques to protein conformational
changes, but relatively few to binding free energy calcula-
tions. And of these, most applications were in absolute free
energy calculations,101, 103, 106, 124 with only very few to rela-
tive free energy calculations.68, 107

Here, we are interested in a general approach to handle
multiple binding modes within relative free energy calcula-
tions. In this approach, we pick a reference binding mode for
the ligand which we will use for doing the actual binding cal-
culation, from which we will obtain !!Gsite, r, the binding
free energy in that particular mode. Additionally, we need
!!GLn, i→r, the free energies of taking each ligand Ln be-
tween binding mode number i and the reference binding mode
r (“interconversion free energies” (IFE), in our terminology).
Then we can write (motivated by Refs. 106 and 124; see the
supplementary material113 for the derivation) the following
general expression for the relative binding free energy:

!!G1→2 = !!Gsite,r − !!Gsolv

−β−1 ln

!

1 +
"

modes i ̸=r

exp(−β!GL1,i→r )

#

!

1 +
"

modes i ̸=r

exp(−β!GL2,i→r )

# .

(1)

Here the sum runs over different stable binding modes.
Two important limiting cases of this expression are:
(1) When all of the !GLn, i→r are large and positive (when
all other binding modes except r are unfavorable), Eq.
(1) reduces to !!G1→2 = !!Gsite,r − !!Gsolv; and (2)
When all other binding modes are equivalent to the ref-
erence binding mode (when all binding modes are equal),
then all of the !GLn, i→r are zero and !!G1→2 = !!Gsite,r

− !!Gsolv − β−1 ln N
M

where N is the number of equivalent
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Even the lysozyme polar site has issues with 
multiple binding modes being poorly sampled

allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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Let’s get back to protein conformational changes 
and see how they affect relative calculations
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This is a good test system to see how protein 
conformational change affects relative free energies



We start simulations from the protein closed or 
open conformation and check for consistency



In many cases we find significant dependence on 
the starting structure for “large” perturbations

C-O RMSE: 4.9 kcal/mol 
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Simulating 10x longer and expanding the enhanced 
sampling region helps reduce discrepancy



Simulating 10x longer and expanding the enhanced 
sampling region helps reduce discrepancy



For smaller perturbations, dependence on the 
starting structure is almost eliminated



For smaller perturbations, dependence on the 
starting structure is almost eliminated



But the discrepancy is still in a consistent direction, 
increasing error relative to experiment



But the discrepancy is still in a consistent direction, 
increasing error relative to experiment



But the discrepancy is still in a consistent direction, 
increasing error relative to experiment



Note: For these “large” transformations such as 
toluene to n-hexylbenzene, it takes 50 ns per 

window to get anywhere close

From closed:
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Note: For these “large” transformations such as 
toluene to n-hexylbenzene, it takes 50 ns per 

window to get anywhere close

From closed:

From open:



Really, I should be showing you mixing 
across all lambda windows

(a) Default (b) pREST

(c) pREST extended

Figure 6: Color maps of simulations starting from the protein closed state for the benzene
to n-hexylbenzene alchemical transformation. Lines at every frame are colored accordingly
to the protein state of lowest RMSD (purple-closed, cyan-intermediate, green-open). Fig. 6a
corresponds to simulations using the default protocol. Fig. 6b represents simulations using
the modified REST region protocol (pREST). Fig. 6c illustrates the enhancement in protein
conformational sampling through extending the pREST simulation time up to 55ns.
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Overall, with longer simulations, we 
recapitulate experiment fairly well



Longer simulations and pREST mostly 
remove the inconsistency

(a) Closed-Open: Default (b) Closed-Open: pREST

(c) Closed-Intermediate: Default (d) Closed-Intermediate: pREST

Figure 7: ��G
calc

from MD simulations beginning from the protein closed versus open
state. Fig. 7a plots relative free energies obtained using the default protocol from the ‘closed-
open’ alchemical transformations set, yielding a RMSI of 4.0 kcal/mol. Fig. 7b are the final
computed free energies with simulations carried out to 55ns using pREST, giving RMSI of
0.57 kcal/mol. Fig. 7c plots relative free energies from the ‘closed-intermediate’ set using
the default protocol which gives an RMSI of 0.6 kcal/mol. Fig. 7d are free energies with
simulations carried out up to 25ns using pREST, giving RMSI of 0.43 kcal/mol. Numerical
data for each plot can be found in Tables 2, 4, 5, and 7.
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This means we need to sample a lot better in 
general, or use separation of states approaches

Klimovich and Mobley, JCP 137(23):230901 (2012)



What did we learn?

Ligand binding 
mode sampling is 
a general problem

allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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Sampling remains a major challenge 
and lysozyme provides a model system

What did we learn?

Ligand binding 
mode sampling is 
a general problem

allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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allow larger ligands to bind and, in some cases,
adversely affect the quality of the docking poses. This
presents a problem for the alchemical free energy
methods, which rely on having starting orientations
that are reasonable. This proved to be the key to
several of the mispredicted ligands in the apo
calculations; most notably, for benzylacetate, which
cannot be docked into the apo binding site with a
good initial orientation (Fig. 3a and b) and is a hard
failure, both predicted pose and affinity are incorrect.

Relative free energy calculations

We examined a different problem, looking for
prediction of relative affinities within a congeneric
series of phenol derivatives. Since we already knew
affinity and structures for two such ligands, phenol
and catechol, we began relative binding free energy
calculations for six others beginning with both of
these two, separately. We further simplified the
experiment by restricting the starting orientations
of the ligands to symmetric binding modes about
the ligand hydroxyl group that contacts Gln102.
Starting from catechol, these calculations did well
(Table 2; Fig. 5a) for all six compounds. For the
same six compounds, performance diminished
when we began with phenol. How can these results
be reconciled?
For the relative free energy predictions, it was

necessary to generate one or more starting orienta-
tions of each new ligand. In the absolute calcula-
tions, we consider many candidate binding modes
for each ligand, but this is not typical for relative free
energy calculations. We therefore assumed that the
position of the hydroxyl would typically be pre-
served, but we were unsure of the location for
additional substituents. For example, for 2-methyl-
phenol overlaid onto phenol, the methyl group
could be on the left or right side of the binding site
while preserving the hydroxyl position. Because of
kinetic barriers to rotation of ligands within the
binding site, we considered both (see Materials and
Methods).
The results of the relative calculations reflect this

initial sampling of the ligand orientation. There are
only two potential ligand starting orientations for
phenol.Also, because of the restriction of thehydroxyl
position, phenol starts with only one position for the
hydroxyl group (Fig. 6). If the simulations could be
run long enough to sample all ligand orientations, the
starting orientationswould not substantially affect the
results. However, timescales for interconversion of
orientations in this binding site are slow, so the choice
of starting orientations affects the results. Indeed, it
happens that the position of the hydroxyl position in
the derivatives is not conserved, in several cases
adopting the ortho hydroxyl position in catechol (Fig.
6b). Hence, for phenol, the prospective predictions
of the relative affinity are little better than random
(Table 2).
By the same logic, the performance of the catechol

transformation is substantially better. Catechol has
two hydroxyl groups, which translates to four

starting orientations for the ligand, two reflections
around each hydroxyl axis. Relative to phenol, the
sampling of the hydroxyl position and, consequently,
the ortho substituent is better. The result is that one
starts with reasonable sampling of ligand orienta-
tions, improving the predictions. Besides accurately
predicting the relative free energy change (RMS
error, 1.1 kcal/mol), the compounds are also correct-
ly rank-ordered, with the exception of 5-chloro-2-
methylphenol. Pose fidelity to the crystallographic
binding mode is high, and in three cases, alternate
orientations were correctly predicted. 5-Chloro-2-
methylphenol is the caveat to this set of transforma-
tions; its pose is accurately predicted (RMSDof 0.9Å),
but the relative free energy is overestimated, possibly
due to force field issues. For this ligand, and indeed
all the free energy results, a good starting orientation
is necessary but not sufficient for accurate prediction
of both affinity and pose.

Conclusion

Predicting the absolute free energy of binding
remains challenging, even in a simple model system.
There were several technical issues that arose during
the study (incorrectly assigned ligand parameters,
unconverged restraining energies, and errors with
the calculation of long-range dispersion forces) due
to the complexities of the calculations, bugs, or
human error, highlighting the difficulty of this
work. Still, these sorts of errors are entirely
avoidable. Conversely, problems with convergence
and sampling of ligand and receptor configurations
present more fundamental problems for the field
and, in this study, prevented even rank ordering of
ligands by affinity.

Fig. 6. Crystallographic orientations of the reference
ligands phenol (orange; PDB ID 1LI2) and catechol (cyan;
PDB ID 1XEP) overlaid on the apo reference structure
(gray; PDB ID 1LGU). The two alternate hydroxyl
positions are labeled A and B.
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I might still be studying lysozyme when I retire

???



What implications does this  
have for the “domain of applicability”? My view:

“Domain of applicability” means your model captures the 
relevant phenomena: 
• Adequate description of forces 
• Correct system (cofactors, counterions, construct, …) 
• Sufficient sampling of relevant motions



What implications does this  
have for the “domain of applicability”? My view:

“Domain of applicability” means your model captures the 
relevant phenomena: 
• Adequate description of forces 
• Correct system (cofactors, counterions, construct, …) 
• Sufficient sampling of relevant motions

Therefore, domain of applicability is ligand-dependent. 
Maybe this ligand: 
• has unique FF problems 
• requires new cofactor (or new waters, ions, …) 
• induces new slow motions
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