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WHAT IS SAMPL?

"Statistical Assessment of the Modeling of 
Proteins and Ligands"

SURE, BUT WHAT DOES THAT MEAN?



recent free energy successes suggest useful 
accuracy is achievable for some targets/chemistries...

Wang et al. (Schrödinger) JACS 137:2695, 2015. Aldeghi et al. JACS 139:946, 2017.

relative free energies 
(CONGENERIC ligands WITH SAME SCAFFOLD)

absolute free energies 
(LIGANDS WITH DISSIMILAR SCAFFOLDS)

RMSE ~ 1 kcal/mol 
for well-behaved 

proteins/chemistries



but the domain of applicability  
is limited by multiple challenges

TARGETS
CHALLENGES

NOW?

Multiple high-quality crystal structures of target

Congeneric series of ligands with
all ligands binding in same pose

Only one dominant protonation state 
unchanged throughout binding process  

No ligand or sidechain tautomerism  
 
One well-specified, well-resolved isoform/species  
 
No complex cosolvents, binding partners,
slow binding site desolvation events

No exotic chemistries

No metals or prosthetic groups

No membranes?



into an engineering science?

How do we turn drug discovery from a research science...

("it sometimes works")

("it actually works")



how did engineering fields get there?

“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.

transitioning from research to engineering  
IS DRIVEN BY LEarning from failure



it's hard to learn from failure 
when failures are too complex to understand

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

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



it's hard to learn from failure 
when failures are too complex to understand

jnk3 
(sampl0)



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

3.   We haven’t sampled all of the relevant conformations of protein or ligand
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1. The forcefield does a poor job of modeling the physics of our system

why do predictions fail?

Can we "divide and conquer" by isolating individual challenges?



can we accelerate progress 
by isolating challenges?

D3R (Drug Design Data Resource)
Uncover and curate protein:ligand data from pharma to run blind challenges  
maintain curated protein-ligand binding datasets  
release challenges in phases 

SAMPL (Statistical Assessment of the Modeling of Proteins and Ligands)
Focus on "stepping stone" problems that isolate individual challenges for quantitative accuracy 
Provide targeted datasets as part of blind challenges to focus field on important problems 
Release targeted datasets to the community (building the "steel tables" of drug discovery) 
Share lessons among groups to accelerate progress



SAMPL
Model systems of intermediate complexity to focus community on challenges in blind tests
Model protein-ligand systems
Isolate individual physical challenges (e.g. binding of charged ligands)  
Physical properties
Tests of forcefield accuracy in hydrated or protein-like environments 
Isolate chemical effects (protonation states, ligand conformations) without slow protein timescales 
Host-guest systems 
Binding of small drug-like molecules with protein-like affinities, without slow protein timescales

SAMPL0
2007

SAMPL1
2008

SAMPL2
2009

SAMPL3
2011

SAMPL4
2013

SAMPL5
2016

JNK3 kinase inhibitors 
hydration free energies

CDK2 kinase inhibitors  
hydration free energies

hydration free energies 
tautomer ratios

trypsin inhibitors  
hydration free energies

HIV-1 integrase inhibitors 
hydration free energies  

octoacid host-guest 
CB7 host-guest

distribution coefficients  
CBClip host-guest 

CB7 host-guest



BLind challenges CAN drive progress 
by focusing community effort
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SAMPL5
2016

JNK3 kinase inhibitors 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CDK2 kinase inhibitors  
hydration free energies

hydration free energies 
tautomer ratios

trypsin inhibitors  
hydration free energies

HIV-1 integrase inhibitors 
hydration free energies  

octoacid host-guest 
CB7 host-guest

distribution coefficients  
CBClip host-guest 

CB7 host-guest



BLind challenges CAN drive progress 
by focusing community effort

SAMPL0
2007

SAMPL1
2008

SAMPL2
2009

SAMPL3
2011

SAMPL4
2013

SAMPL5
2016

 
hydration free energies

 
hydration free energies

hydration free energies  
hydration free energies

 
hydration free energies WE RAN OUT 

OF DATA!

Lots of disagreement
in predictions

Can tell when
experiments
are wrong XAt Genentech, distribution coefficients were 

obtained for 53 compounds

Pcyc =
[Neutral solute in cyclohexane]

[Neutral solute in water]

Dcyc =
[Solute in cyclohexane]

[Solute in water]

cyclohexane

water

Partition coefficients and distribution coefficients 
are similar, but the latter includes all species:

pH dependent, so we report                    at pH 7.4logD7.4



Sampl5 distribution coefficient challenge
cyclohexane-water logD @ pH 7.4
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FIG. �: Molecules and corresponding measured log distribution coe�icients for measurements that passed quality
controls. Log Dmeasurements are reported as expectation± standard errors, calculated using our parametric bootstrap

method (Section II D).
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cyclohexane

water



Sampl5 distribution coefficient challenge

cyclohexane

water

cyclohexane-water logD @ pH 7.4

Failure to account for pKa effects can have a large impact on prediction accuracy.



Protonation state effects are likely to cause 
large modeling errors in affinity prediction

Shift in dominant proton tautomer

Population of mixture of protonation states

Change in dominant ionization state
+1 0

+1 +1



ponatinib:DDR1
(pdbid:3ZOS)

ph-sensitivity of kinase:inhibitor binding 
suggests a role for protonation state effects

ponatinib populates a mixture 
of protonation states in solution at pH 7.4

SONYA HANSON

∆pH of 1.1 ➡ ∆∆G of 1.6 kcal/mol



a computational survey of fda-approved kinase inhibitors with 
their targets of therapy suggests protonation state effects are 

widespread in kinase inhibitor recognition

proton gain

proton loss

tautomer shift

MARILYN GUNNER 
CCNY



SAMPL6 challenges
host-guest 

binding affinities
small molecule 
pKa prediction

H
+

sampling efficiency

effort

forcefield 
chemical effects 

sampling

forcefield 
chemical effects 

sampling

forcefield 
chemical effects 

sampling



SAMPL6 challenges
host-guest 

binding affinities
small molecule 
pKa prediction

H
+

sampling efficiency

effort

Lyle Isaacs Bruce Gibb
Andrea Rizzi Travis Jensen

Chodera lab Shirts group

Mehtap Isik

Chodera lab

Dorothy Levose 
Timothy Rhodes 
Brad Sherborne 

(Merck)



COMING UP
SAMPL6 HOST-GUEST OVERVIEW - ANDREA RIZZI 
HOST-GUEST PARTICIPANT TALK 1 - MICHAIL PAPADOURAKIS 
HOST-GUEST PARTICIPANT TALK 2 - MARIE LAURY 
SAMPLING CHALLENGE OVERVIEW - ANDREA RIZZI 

COFFEE BREAK 

SAMPL6 pKa CHALLENGE OVERVIEW - MEHTAP ISIK 
pKa PARTICIPANT TALK 1 - SAMARJEET PRASAD 
pKa PARTICIPANT TALK 2 - QIAO ZENG 
pKa PARTICIPANT TALK 3 - MARVIN WALDMAN  

POSTER SESSION

1.40  - 1.55  
2.00 - 2.15 
2.15  - 2.30 
2.30 - 2.50 

2.50 - 3.05 

3.05 - 3.25 
3.25 - 3.40 
3.40 - 3.55 
3.55 - 4.10 

4.15 - 6.00


