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Sometimes, drug discovery works well
Bcr-Abl fusion constitutively activates ABL in CML patients, 

resulting in unchecked white blood cell proliferaton

imatinib bound to c-Abl [PDB:1IEP]

Nature Biotech 23:329, 2005

human kinome 
[518 kinases]

imatinib 
[blockbuster drug]

staurosporine 
[toxic natural product]



DRUG DISCOVERY USUALLY ENDS IN FAILURE

Scannell et al. Nature Rev Drug Disc 11:191, 2012

Nature Reviews | Drug Discovery
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c  Adjusting for 5-year delay in spending impact
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FDA tightens
regulation
post-thalidomide

First wave of
biotechnology-
derived therapies

FDA clears backlog
following PDUFA
regulations plus small
bolus of HIV drugs 

The magnitude and duration of Eroom’s 
Law also suggests that a lot of the things that 
have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 

(KIWTG���^ Eroom’s Law in pharmaceutical R&D. a�̂ �6JG�PWODGT�QH�PGY�FTWIU�CRRTQXGF�D[�VJG�75�
(QQF�CPF�&TWI�#FOKPKUVTCVKQP�
(&#��RGT�DKNNKQP�75�FQNNCTU�
KPHNCVKQP�CFLWUVGF��URGPV�QP�TGUGCTEJ�
CPF�FGXGNQROGPV�
4�&��JCU�JCNXGF�TQWIJN[�GXGT[��|[GCTU��b�^�6JG�TCVG�QH�FGENKPG�KP�VJG�CRRTQXCN�QH�
PGY�FTWIU�RGT�DKNNKQP�75�FQNNCTU�URGPV�KU�HCKTN[�UKOKNCT�QXGT�FKHHGTGPV����[GCT�RGTKQFU��c�̂ �6JG�RCVVGTP�
KU�TQDWUV�VQ�FKHHGTGPV�CUUWORVKQPU�CDQWV�CXGTCIG�FGNC[�DGVYGGP�4�&�URGPFKPI�CPF�FTWI�CRRTQXCN��
(QT�FGVCKNU�QH�VJG�FCVC�CPF�VJG�OCKP�CUUWORVKQPU��UGG�5WRRNGOGPVCT[�KPHQTOCVKQP|5��
VCDNG��CPF�
REFS 24,86,87��0QVG�VJCV�4�&�EQUVU�CTG�DCUGF�QP�VJG�2JCTOCEGWVKECN�4GUGCTEJ�CPF�/CPWHCEVWTGTU�
QH�#OGTKEC�
2J4/#��#PPWCN�5WTXG[������(REF. 86)�CPF�REF. 87��2J4/#�KU�C�VTCFG�CUUQEKCVKQP�VJCV�
FQGU�PQV�KPENWFG�CNN�FTWI�CPF�DKQVGEJPQNQI[�EQORCPKGU��UQ�VJG�2J4/#�HKIWTG�WPFGTUVCVGU�4�&�
URGPFKPI�CV�CP�KPFWUVT[�NGXGN��6JG�VQVCN�KPFWUVT[�GZRGPFKVWTG�UKPEG������JCU�DGGP���s����JKIJGT�
VJCP�VJG�2J4/#�OGODGTUo�VQVCN�GZRGPFKVWTG��YJKEJ�HQTOGF�VJG�DCUKU�QH�VJKU�HKIWTG��6JG�PGY�FTWI�
EQWPV��JQYGXGT��KU�VJG�VQVCN�PWODGT�QH�PGY�OQNGEWNCT�GPVKVKGU�CPF�PGY�DKQNQIKEU�
CRRN[KPI�VJG�UCOG�
FGHKPKVKQP�CU�/WPQU����CRRTQXGF�D[�VJG�75�(&#�HTQO�CNN�UQWTEGU��PQV�LWUV�2J4/#�OGODGTU��9G�JCXG�
GUVKOCVGF�TGCN�VGTO�4�&�EQUV�KPHNCVKQP�HKIWTGU�HTQO�REFS 24,87��6JG�QXGTCNN�RKEVWTG�UGGOU�VQ�DG�HCKTN[�
TQDWUV�VQ�VJG�RTGEKUG�FGVCKNU�QH�EQUV�CPF�KPHNCVKQP�ECNEWNCVKQPU��2CPGN�a�KU�DCUGF�QP�C�HKIWTG�VJCV�QTKIK�
PCNN[�CRRGCTGF�KP�C�$GTPUVGKP�4GUGCTEJ�TGRQTV�
6JG�.QPI�8KGY�t�4�&�RTQFWEVKXKV[����|5GR��������
�#FLWUVGF�HQT�KPHNCVKQP��2&7(#��2TGUETKRVKQP�&TWI�7UGT�(GG�#EV��
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Total pharma R&D spending doubled to $65B over 2000-2010 
FDA approvals of new molecular entities went down by half 
Number of truly innovative new molecules remained constant at 5-6/year 
2010-2015 has seen large reductions in pharma R&D in the US
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rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.
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the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
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an analysis of the organizational challenges 
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of the view that high-affinity binding of a 
single target by a lead compound is the best 
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an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
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There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 
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DRUG DISCOVERY USUALLY ENDS IN FAILURE

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

probability of stage success

4.5 years and $219M

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



103 - 106 parts

We regularly design planes, bridges,  
and buildings on computers 

< 102 atoms

Why not small molecule drugs?



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



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





How can we design small molecules 
to have intended biological effects?

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 
Will it bind unintended targets? Are the resulting effects unacceptably toxic?



Multiscale physical models can drive 
small molecule design

physical binding constant catalytic life cycle cellular pathways

Kd Ki,app EC50

We use physical modeling and statistical mechanics to build predictive models



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

Shoichet BK. Nature 432:862, 2004.

P+ L
Kd↵ PL

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



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 one need to be 
to have an impact on drug discovery?

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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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



What details are crucial  
for accuracy?

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

NATURE

QM/MM

POLARIZABLE 

MM

MM

DOCKING

entropy 
enthalpy 

conformational  
heterogeneity



What details are crucial  
for accuracy?

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

NATURE

QM/MM

POLARIZABLE 

MM

MM

DOCKING

if accurate enough, 
systematically  
remove detail

if insufficiently accurate, 
systematically add detail

molecular mechanics potential energy 
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How can we compute a binding affinity 
including relevant statistical mechanics?

Kd / ⌧
unbound

⌧
bound

bound

time

unbound

P+ L
Kd↵ PL

dissociation 
constant



How can we compute a binding affinity 
including relevant statistical mechanics?

bound

time

unbound

For typical drug off-rates (10-4 s-1), 
reliable calculation of binding affinities would require hour trajectories,  

requiring ~106 years to simulate.



alchemical free energy calculations provide a 
rigorous way to efficiently compute binding affinities

∆Gbind

PLP + L

PøP + ø
restraint imposition discharging steric decoupling noninteracting

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

Zn =

!
dx e

−βU(x)

Z =

⌅
e��H(x)dx (1)

�F = ���1 ln Z (2)

P (x) =
e��H(x)

Z
= e�(F�H(x)) (3)

PA(x)

PB(x)
=

exp �(FA �HA(x))

exp �(FB �HB(x))
= e�(�F��H(x)) (4)

PA(x)

PB(x)
= exp (�(�F ��E(x)) (5)

PA(�E

PB(��E)
= exp (�(�F ��E)) (6)

PA(x) = PB(x)e��F���E(x) (7)

1 =
�
(e�(�F��E(x))

⇥
B

(8)

�F = ���1 ln
�
e���E(x)

⇥
B

(9)

�F1⇥N = ���1 ln
ZN

Z1
= ���1 ln

Z2

Z1
· Z3

Z2
· · · ZN

ZN�1
=

N�1⇤

n=1

�Fn⇥n+1 (10)

1

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



alchemical methods can also compute 
many other useful properties

susceptibility to resistance mutations

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. 



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

...
JNK3 kinasehydration free energies 

1.04±0.03 kcal/mol (N=44) 
Mobley et al. JPC B, 2007


 1.23±0.01 kcal/mol (N=502) 
Mobley et al. JPC B 2009.

1.89±0.04 kcal/mol (N=13) 
Mobley et al. J Mol Biol 

371:1118, 2007

0.4 kcal/mol* (N=8) 
Fujitani et al. 


JCP 123:084108, 2005

* with 3.2 kcal/mol offset

(not to scale)

model systems pharmaceutically relevant

T4 lysozyme L99A FKBP12

Anecdotal literature reports of success 
(publication bias?)

1.33±0.05 kcal/mol (N=17) 
Nicholls et al. J Med Chem 2008.

0.6±0.2 kcal/mol (N=3) 
Mobley et al. J Mol Biol 

371:1118, 2007

prospective RMS error [sample size]

Calculations are notoriously unreliable. 
(e.g. SAMPL predictive challenges)

retrospective RMS error [sample size]



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

hard
easy

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?

...
JNK3 kinasehydration free energies T4 lysozyme L99A FKBP12

(not to scale)

model systems pharmaceutically relevant





Structural engineering wasn’t 
always so successful

“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.



predictions fail for three reasons

We need to UNDERSTAND why failures occur TO improve 
THE ROBUSTNESS OF our PREDICTIVE MODELS

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

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

V (q) =
!

bonds

Kr(r − req)
2 +

!

angles

Kθ(θ − θeq)
2

+
!

dihedrals

Vn

2
[1 + cos(nφ − γ)] +

!

i<j

"
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R12
ij

−

Bij

R6
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+
qiqj

ϵRij

#

1. The forcefield does a poor job of modeling the physics of our system



the domain of applicability of free 
energy calculations is currently limited

2020

TARGETS

2025

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?



Fail fast, fail cheap

computational
predictions

experimental
confirmation



How can we speed up FREE ENERGY calculations?

many CPU-weeks/
calculation

$65K 
9 TFLOP/s 

!

doubling  
~18 moNTHs

Doesn’t fit neatly in a synthetic chemist’s 
timeframe to wait weeks for an answer.





many CPU-weeks/
calculation

How can we speed up FREE ENERGY calculations?

$65K 
9 TFLOP/s 

!

doubling  
EVERY 

18 moNTHs

$650 
9 TFLOP/s 
!

Beating 
Moore’s 
law?

overnight on a 
workstation?

we Can exploit new GPU technologies to reach 
practical computation times



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

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

http://www.getyank.org

NVIDIA GTX-1080 ($650) 
9 TFLOP/S SINGLE PRECISION

http://openmm.org OpenMM 7.1.0 development snapshot benchmark 
gromacs benchmarks from http://biowulf.nih.gov/apps/gromacs-gpu.html

method natoms gromacs CPU OpenMM GPU speedup
GB/SA 2,489 2.54 ns/day 789 ns/day 311 x

RF 23,558 18.8 ns/day 572 ns/day 30.4 x
PME 23,558 6.96 ns/day 337 ns/day 48.4 x

OpenMM speedup (GTX-1080) over 12-core Xeon X5650 CPU for DHFR

http://www.getyank.org


open source, High performance, high usability 
toolkits for predictive biomolecular simulation.

http://omnia.md

http://omnia.md


Hamiltonian exchange protocol allows for repeated 
binding/unbinding events and reorientation in site

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

Hamiltonian exchange with Gibbs sampling

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


Additional binding sites can be identified and individual 
affinities estimated by Mixing in monte carlo 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


FREE ENERGIES WITH implicit models of solvent are promising: 
Could PLAY a role in rapid affinity prediction

AMBER ff96 + OBC GBSA (no cutoff) + GAFF/AM1-BCC 
12 h on 2 GPUs
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benzene
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indole

isobutylbenzene

n−butylbenzene

n−propylbenzene

o−xylene

p−xylene

phenoltoluene

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

T4 lysozyme L99A
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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


yank roadmap

q1 2017
stable python api 
ROBUST WORKFLOW PIPELINE 
single replica calculations

q2 2017
relative free energy calculations 
multiple forcefield support 
Multiple alchemical regions 
dynamic protomers, tautomers, counterions

q3 2017 PERSES AUTOMATED DESIGN 
simultaneous kinetics and free energies

q4 2016 YANK 1.0 preview release out 
tutorials / best practices / docs / tests 



Fail fast, fail cheap

computational
predictions

experimental
confirmation





+

�G1

�G2

�G3

�G4

�G5

1. PREDICT HOW MODIFICATIONS TO LIGAND WILL CHANGE AFFINITY 
2. TEST EXPERIMENTALLY



Synthesis of new compounds to test 
hypotheses is expensive and time-consuming

Synthesis of imatinib





+

�G1

�G2

�G3

1. PREDICT HOW MODIFICATIONS TO PROTEIN WILL CHANGE AFFINITY 
2. TEST EXPERIMENTALLY



Inverting the drug discovery problem 
allows us to fail Quickly and cheaply

isothermal titration 
calorimetry

expression and purification in ~2L culture

expression assessment in 1 ml culture

quick-change mutagenesis

purchase known ligands

fluorescence binding assays
surface plasmon 

resonance

+



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



Assay automation can control error

Shake/Mix Spin Read FluorescenceDispense



https://github.com/choderalab/assaytools

Bayesian inference allows us to quantify 
experimental uncertainty

# Sample with MCMC!
mcmc = pymc.MCMC(pymc_model, db='ram', name='Sampler', verbose=True)!
mcmc.sample(iter=100000, burn=10000, thin=50, progress_bar=False)

inhibitor:kinase

inhibitor alone

Sonya Hanson

Postdoc

https://github.com/choderalab/assaytools


model systems can teach us 
valuable lessons

kinases

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? 

easy 
hard

IL-2 trypsin 

small protein 
fixed protonation states 

some allostery and 
binding site plasticity 

small, rigid protein 
small ligands 

charged ligands 
protonation state changes

FKBP-12T4 lysozyme L99A



Where do model systems come from?

• Word of mouth (“Hey, you should really look at aspartyl proteases…”) 
• My old advisor worked on this (T4 lysozyme mutants) 
• I got the plasmid from the lab down the hall (chicken Src) 
• Everybody else is working on it! (Abl)

Surely there must be a better way!



Can we mine public datasets for good 
model systems?

Desiderata: 
• good bacterial expression (for cheap protein production) 
• multiple structures available in PDB 
• a variety of known ligands available for purchase 
• large dynamic range of binding affinities (>3 kcal/mol) 
• accessibility to biophysical assays (fluorescence, SPR, ITC) 
• known point mutants (e.g. UniProt) 
• disease relevance (for funding!) 
• properties characteristic of real challenging targets



panning for model systems 
PDB

UniProt

PDB ChEMBL

initial set of UniProt IDs

retrieve all UniProt metadata

retrieve all known structures 
and ligands

ZINC/eMolecules retrieve additional dataexpression/!
cofactors/etc

filter filter by criteria of interest

Mehtap Isik Sonya Hanson



Some targets have bioassay data 
for multiple fda-approved drugs

Mehtap Isik Sonya Hanson



Many targets have usefully 
large dynamic ranges of 
known affinities

Mehtap Isik Sonya Hanson



Can we search for potential 
fluorescent probe compounds?

c1cccc2c1cncn2

Quinazoline scaffolds are often fluorescent

Can we expand this search to all known fluorescent scaffolds?

…and used to find some quinazoline scaffold inhibitors of Uniprot P00918 (carbonic anhydrase II) to serve as probes:
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567 nM 490 nM 700 nM

…which can be expressed as a SMARTS query

Thanks OpenEye!



Many of systems can be expressed by 
robots using a standard protocol
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BioMek FXP 
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Nature Biotech 26:127, 2008
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What matters? 
need sensitivity analysis

* KINASE CONFORMATION 
* PROTONATION STATES 

* kinase 
* inhibitor 

* Salt environment 
* solvent model 
* Electrostatic treatment 
* Forcefield 
* kinase phosphorylation state

Andrea rizzi

julie behr

sonya hanson



predictions fail for three reasons

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

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



How are forcefields made?
experimental data 

quantum chemistry 
keen chemical intuition

a parameter set we 
desperately hope someone 

actually uses

heroic effort by graduate 
students and postdocs



As drug discovery explores new parts of 
chemical space, how can forcefields keep up?

computational
predictions

experimental
confirmation

computational
predictions

experimental
confirmation

computational
predictions

experimental
confirmation

to discriminate single vs. double p—p bonds in compounds 24
and 25 in Figure 1.

Bond type information (such as bond orders) can be very
helpful in classifying and discriminating among similar chemical
environments. For various reasons, many force fields, including
AMBER, only apply atom type information, and do not separately
name or keep track of bond orders or types. To be consistent with
the existing AMBER force fields and codes, we have used the sets
of identical atom type pairs described above (cc/cd, cp/cq, ce/cf,
etc.) instead of explicit bond orders to discriminate conjugated/
aromatic single and double bonds. It is notable that although our
scheme works for most of the molecules, there are still some
special molecules that cannot be properly handled. We think that
most of the failures happen to conjugated/aromatic rings attached
to large aliphatic rings [10 ! 4n (n " 0, 1, 2) membered rings].
Figure 1(c) lists two examples of the kind of molecules for which
our current scheme would fail. In our experience, such failures are
only rarely encountered, but future extensions of the GAFF force
field will have to consider these sorts of molecules.

We have developed an atom-type perception program, which is
part of the antechamber suite of Amber, to assign the atom types
described here, based only on an input geometry. Details of the
algorithms involved will be presented in a separate article.19

Charges

To accurately fit conformational and nonbonded energies in a
transferable fashion, one should choose consistent charge ap-
proach. The restrained electrostatic potential (RESP)16,20 at HF/6-
31G* is the default charge approach applied in the Amber protein
force fields. Although RESP is expensive compared to empirical
schemes such as Gasteiger charges, it has many desirable features,
and allows one to use fewer torsional terms than might otherwise
be required.8 It has worked well in tests of small molecules21,22 as
well as proteins. This is the default charge scheme in GAFF
parameterization. Unfortunately, the fact that this charge scheme
needs to run ab initio optimization at the HF/6-31G* level has
prevented it from being widely used in handling large numbers of
molecules. In this situation, one may apply an alternative charge
scheme called AM1-BCC (bond charge correction),23,24 which is
much cheaper than HF/6-31G* RESP. The basic idea of AM1-
BCC is to first carry out a semiempirical AM1 calculation to get
Mulliken charges, followed by a bond charge correction scheme to
obtain results that are compatible with RESP charges. We use the
BCC parameters derived by Jakalian et al.,24 which are designed to
make AM1-BCC charges match the electrostatic potential at the
HF/6-31G* level.

Figure 1. Example molecules that elucidate the definitions of atom
types introduced in GAFF. (a) basic atom types; (b) special atom
types; (c) examples of failed molecules that cannot be properly han-
dled with our atom type scheme. In I(b), unmarked aromatic carbon in
No. 11–15 have an atom type of “ca”; in I(c), atom types that causes
failure are marked with bold italic font.
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The Generalized Amber Forcefield (GAFF) was parameterized with this chemical universe:

Extension of this universe is nontrivial because parameter 
fitting code never released!



The approach to parameterization has evolved over time, 
but it’s still not completely automated by any measure

AMBER parm96

GAFF

lots of “hand tweaking”

genetic algorithm

least-squares optimizationTIP4P-Ew

1990s

early 2000s

mid 2000s

year forcefield parameter fitting atom types

hand-picked

hand-picked

hand-picked

How can we move to automated schemes that are easy to grow and refine?

X -C -N -X    4   10.00        180.0             2.         AA|check Wendy?&NMA

Torsion barrier for peptide bond from parm96.dat



What do we want out of a forcefield 
parameterization scheme?

Everything is automatic; don’t need to tweak things by hand. 
!

Stupendous feats of chemical insight are not required. 
!

Automatically chooses optimal functional forms. 
!

We can can add more data when we reach uncharted parts of chemical space.   
!

Would give us an idea of how reliable it new predictions are expected to be. 
!

We can build a map of what data we should try to collect to improve accuracy.

Is there a procedure that could fit these criteria?



The old way

✓⇤ hAi⇤MD

One set of parameters in, one computed result out



p(✓|D) / p(D|✓)p(✓)

The Bayesian Way

D
✓

p(✓|D)

p(D|✓)
p(✓)

data
forcefield 
posterior

prior on forcefield parameters

data model

Bayes rule provides a probability measure over unknown parameters given data 
and an automated way to update parameters given new experimental data



The Bayesian Way

W can estimate both statistical and systematic components of computed results

✓1
✓2
✓3
✓4

hAi1
hAi2
hAi3
hAi4

Multiple parameter sets in, multiple estimates out



Where do we get the data?



Where do we get the data?

“analogue databases”



The literature is filled with erroneous data

USGS Water-Resources Investigations Report 01-4201, 2001.
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Figure 4.   Plots of aqueous solubility (Sw) and log octanol-water partition coefficient (log Kow) data for DDT and DDE in references reported by Mackay and others (1).  a) DDT/Sw,  b) DDT/log Kow,  c) 
DDE/Sw,  d) DDE/log Kow.  See text for explanation of data points for which values are shown.  “Selected values” are those identified in summary table of Mackay and others (1).  Note: Sw data shown 
are for 18 - 25°C only.
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Data has a habit of being re/misreported: 
The genealogy of a single measurement

Literature Errors
5

Figure  1.   Reference tree showing original O’Brien (80 ) publication and secondary, tertiary and higher references as an example of multi-level referencing.  
[Note:  Non-USGS symbols and abbreviations are employed in this figure due to space limitations (“&” for “and”; “et al.” for “and others”).
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NIST has a solution

�

Number of measurements remaining
Filter step Mass density Static dielectric
�. Single Component ������ ����
�. Druglike Elements ������ ����
�. Heavy Atoms ����� ����
�. Temperature ����� ���
�. Pressure ����� ���
�. Liquid state ����� ���
�. Aggregate T, P ���� ���
�. Density+Dielectric ��� ���

TABLE I: Successive filtration of the ThermoML Archive.
A set of successive filters were applied to all measurements

in the ThermoML Archive that contained either mass
density or static dielectric constant measurements. Each
column reports the number of measurements remaining
a�er successive application of the corresponding filtration
step. The ��� final measurements correspond to �� unique
molecules measured at several temperature conditions.

molecules, we applied the following ordered filters, starting���

withall datacontainingdensityor staticdielectric constants:���

�. The measured sample contains only a single compo-���

nent (e.g. no binary mixtures)���

�. The molecule contains only druglike elements (de-���

fined here as H, N, C, O, S, P, F, Cl, Br)���

�. The molecule has �� non-hydrogen atoms���

�. The measurement was performed in a biophysically���

relevant temperature range (270  T [K] 330)���

�. The measurement was performed at ambient pres-���

sure (100  P [kPa] 102)���

�. Only measurements in liquid phase were retained���

�. The temperature and pressure were rounded to���

nearby values (as described below), averaging all���

measurements within each group of like conditions���

�. Only conditions (molecule, temperature, pressure)���

for which both density and dielectric constants were���

available were retained���

The temperature andpressure rounding stepwasmotivated���

by common data reporting variations; for example, an ex-���

periment performed at the freezing temperature of water���

andambientpressuremightbeenteredaseither ���.���kPa���

or ��� kPa, with a temperature of either ��� K or ���.�� K.���

Therefore all pressures within the range [kPa] (100  P ���

102)were rounded to exactly � atm (���.��� kPa). Tempera-���

tures were rounded to one decimal place in K.���

The application of these filters (Table I) leaves ������

conditions—where a condition here indicates a (molecule,���

temperature, pressure) tuple—for which both density and���

dielectric data are available. The functional groups present���

in the resulting dataset are summarized in Table II; see Sec-���

tion II A for further description of the so�warepipeline used.���

Functional Group Occurrences

�,�-aminoalcohol �
�,�-diol �
alkene �
aromatic compound �
carbonic acid diester �
carboxylic acid ester �
dialkyl ether �
heterocyclic compound �
ketone �
lactone �
primary alcohol ��
primary aliphatic amine (alkylamine) �
primary amine �
secondary alcohol �
secondary aliphatic amine (dialkylamine) �
secondary aliphatic/aromatic amine (alkylarylamine) �
secondary amine �
sulfone �
sulfoxide �
tertiary aliphatic amine (trialkylamine) �
tertiary amine �

TABLE II: Functional groups present in filtered dataset.
The filtered ThermoML dataset contained ��� distinct

(molecule, temperature, pressure) conditions, spanning ��
unique compounds. The functional groups represented in
these compounds (as identified by the program

v�.� [��]) is summarized here.

B. Benchmarking GAFF/AM�-BCC against the ThermoML���

Archive���

�. Mass density���

Mass densities of bulk liquids have been widely used���

for parameterizing and testing forcefields, particularly the���

Lennard-Jones parameters representing dispersive and re-���

pulsive interactions [��, ��]. We therefore used the present���

ThermoML extract as a benchmark of the GAFF/AM�-BCC���

forcefield (Fig. �).���

Overall accuracy. Overall, the densities show reason-���

able accuracy, with a root-mean square (RMS) relative er-���

ror over all measurements of (�.�±�.�)%, especially en-���

couraging given that this forcefield was not designed with���

the intention of modeling bulk liquid properties of organic���

molecules [��, ��]. This is reasonably consistent with previ-���

ous studies reporting agreement of�%onadi�erent bench-���

mark set [��].���

Temperature dependence. For a given compound, the���

signs of the errors typically do not change at di�erent tem-���

peratures (Fig. �, Fig. �). Furthermore, the magnitudes of���

the error also remain largely constant (vertical lines in Fig. ����

B), although several exceptions do occur. It is possible that���

these systematic density o�sets indicate correctable biases���

in forcefield parameters.���

Outliers. The largest density errors occur for a num-���

ber of oxygen-containing compounds: �,�-dioxane; �,�,�-���

with Kenneth Kroenlein, NIST TRC

Kyle Beauchamp

JPC B ASAP. DOI:10.1021/acs.jpcb.5b06703

http://dx.doi.org10.1021/acs.jpcb.5b06703


Densities of molecular liquids are 
reasonably well modeled

�

trioxanonane; �-aminoethanol; dimethyl carbonate; for-���

mamide; and water (Fig. �). The absolute error on these���

poor predictions is on the order of �.�� g/cm3, which is���

substantially higher than the measurement error ( 0.008���

g/cm3; see Fig. �).���

We note that our benchmark includes a GAFF/AM�-BCC���

model for water due to our desire to automate benchmarks���

against a forcefield capable of modeling a large variety of���

small molecular liquids. Water—an incredibly important���

solvent in biomolecular systems—is generally treatedwith a���

special-purposemodel (such as TIP�P [��] or TIP�P-Ew [��])���

parameterized to fit a largequantity of thermophysical data.���

As expected, the GAFF/AM�-BCC model performs poorly in���

reproducing liquiddensities for this very special solvent. We���

conclude that it remains highly advisable that the field con-���

tinue to use specialized water models when possible.���

�. Static dielectric constant���

Overall accuracy. As a measure of the dielectric re-���

sponse, the staticdielectric constantofneat liquidsprovides���

a critical benchmark of the accuracy electrostatic treatment���

in forcefield models. Discussing the accuracy in terms the���

ability of GAFF/AM�-BCC to reproduce the static dielectric���

constant ✏ is not necessarily meaningful because of the way���

that the solvent dielectric ✏ enters into the Coulomb poten-���

tial between two point charges separated by a distance r,���

U(r) =
q1q2
✏ r

/ 1

✏
. (�)

It is evident that 1/✏ is a much more meaningful quantity���

to compare than ✏ directly, as a �% error in 1/✏ will cause���

a �% error in the Coulomb potential between two point���

charges (assuming a uniform dielectric), while a �% error���

in ✏ will have a much more complex ✏-dependent e�ect on���

the Coulomb potential. We therefore compare simulations���

against measurements in our ThermoML extract on the 1/✏���

scale in Fig. �.���

GAFF/AM�-BCC systematically underestimates the di-���

electric constants of nonpolar liquids. Overall, we find the���

dielectric constants to be qualitatively reasonable, but with���

clear deviations from experiment particularly for nonpolar���

liquids. This is not surprising given the complete neglect of���

electronic polarizationwhichwill be thedominant contribu-���

tion for such liquids. In particular, GAFF/AM�-BCC systemat-���

ically underestimates the dielectric constants for nonpolar���

liquids, with the predictions of ✏ ⇡ 1.0 being substantially���

smaller than the measured ✏ ⇡ 2. Because this deviation���

likely stems from the lack of an explicit treatment of elec-���

tronic polarization, we used a simple empirical polarization���

model that computes the molecular electronic polarizabil-���

ity ↵ as a sum of elemental atomic polarizability contribu-���

tions [��].���

From the computedmolecular electronic polarizability↵,���

an additive correction to the simulation-derived static di-���

electric constant accounting for the missing electronic po-���

(a)

(b)

FIG. �: Comparison of liquid densities between
experiment and simulation. (a). Liquid density

measurements extracted from ThermoML are compared
against densities predicted using the GAFF / AM�-BCC small

molecule fixed-charge forcefield. Color groupings
represent identical chemical species, although the color
map repeats itself due to the large (��) number of unique
compounds. Plots of density versus temperature grouped
by chemical species are available in Fig. �. Simulation error
bars represent one standard error of the mean, with the
number of e�ective (uncorrelated) samples estimated
using pymbar. Experimental error bars indicate the
standard deviation between independently reported
measurements, when available, or author-reported
standard deviations in ThermoML entries; for some

measurements, neither uncertainty estimate is available.
See Fig. � for further discussion of error. (b). The same plot,
but with the residual (predicted minus experiment) on the
x axis. Note that the error bars are all smaller than the

symbols.

Kyle Beauchamp

JPC B ASAP. DOI:10.1021/acs.jpcb.5b06703

http://dx.doi.org10.1021/acs.jpcb.5b06703


low-dielectric molecules are 
poorly modeled

�

FIG. �: Measured (ThermoML) versus predicted (GAFF /
AM�-BCC) inverse static dielectrics (a). Simulation error

bars represent one standard error of the mean.
Experimental error bars indicate the larger of standard

deviation between independently reported measurements
and the authors reported standard deviations; for some
measurements, neither uncertainty estimate is available.
See Fig. � for further discussion of error. See Section III B �
for explanation of why inverse dielectric constant (rather
than dielectric constant) is plotted. For nonpolar liquids, it
is clear that the forcefield predicts electrostatic interactions
that are substantially biased by missing polarizability. Plots
of dielectric constant versus temperature grouped by

chemical species are available in Fig. �.

larizability can be computed [��]���

�✏ = 4⇡N
↵

hV i (�)

A similar polarization correction was used in the develop-���

ment of the TIP�P-Ew water model, where it had a minor���

e�ect [��] because almost all the high static dielectric con-���

stant for water comes from the configurational response of���

its strong dipole. However, the missing polarizability is a���

dominant contribution to the static dielectric constant of���

nonpolar organic molecules; in the case of water, the em-���

pirical atomic polarizability model predicts a dielectric cor-���

rection of �.��, while �.��was used for the TIP�P-Ewmodel.���

Averaging all liquids in thepresentwork leads topolarizabil-���

ity corrections to the static dielectric of 0.74 ± 0.08. Taking���

the dataset as a whole, we find that the relative error in un-���

corrected dielectric is on the order of�0.34± 0.02, as com-���

pared to�0.25± 0.02 for the corrected dielectric.���

IV. DISCUSSION���

A. Mass densities���

Our simulations have indicated the presence of system-���

atic density biases with magnitudes larger than the mea-���

surement error. Correcting these errors may be a low-���

hanging fruit for future forcefield refinements. As an exam-���

ple of the feasibility of improved accuracy in densities, a re-���

cent three-pointwatermodelwas able to recapitulatewater���

density with errors of less than �.��� g / cm3 over temper-���

ature range [��� K, ��� K] [��]. This improved accuracy in���

density prediction was obtained alongside accurate predic-���

tions of other experimental observables, including static di-���

electric constant. We suspect that such accuracy might be���

obtainable for GAFF-like forcefields across some portion of���

chemical space. A key challenge for the field is to demarcate���

the fundamental limit of fixed-charge forcefields for predict-���

ing orthogonal classes of experimental observables. For ex-���

ample, is it possible to achieve a relative density error of���

10�4 without sacrificing accuracy of other properties such���

as enthalpies? In our opinion, the best way to answer such���

questions is to systematically build forcefields with the goal���

of predicting variousproperties towithin their knownexper-���

imental uncertainties, similar towhat has been done forwa-���

ter [��, ��].���

B. Dielectric constants in forcefield parameterization���

A key feature of the static dielectric constant for a liquid���

is that, for forcefield purposes, it consists of two very di�er-���

ent components, distinguished by the dependence on the���

fixed charges of the forcefield and dynamic motion of the���

molecule. One component, the high-frequency dielectric���

constant, arises from the almost-instantaneous electronic���

polarization in response to the external electric field: this���

contributes a small component, generally around ✏ = 2,���

which can be dominant for non-polar liquids but is com-���

pletely neglected by the non-polarizable forcefields in com-���

mon use for biomolecular simulations. The other compo-���

nent arises from the dynamical response of the molecule,���

through nuclear motion, to allow its variousmolecular mul-���

tipoles to respond to the external electric field: for polar liq-���

uids such as water, this contributes the majority of the di-���

electric constant. Thus for polar liquids, we expect the pa-���

rameterized atomic charges to play amajor role in the static���

dielectric.���

Recent forcefield development has seen a resurgence���

of papers fitting dielectric constants during forcefield pa-���

rameterization [��, ��]. However, a number of authors���

have pointed out potential challenges in constructing self-���

consistent fixed-charge forcefields [��, ��].���

Interestingly, recent work by Dill and coworkers [��] ob-���

served that, for CCl4, reasonable choices of point charges���

are incapable of recapitulating the observed dielectric of���

✏ = 2.2, instead producing dielectric constants in the range���

of 1.0  ✏  1.05. This behavior is quite general: fixed���

�

(a)

(b)

FIG. �: Typical experimental static dielectric constants of
some nonpolar compounds. (a). Measured static

dielectric constants of various nonpolar or symmetric
molecules [��, ��]. Fixed-charge forcefields give ✏ ⇡ 1 for

each species; for example, we calculated
✏ = 1.0030± 0.0002 for octane. (b). A congeneric series of

chloro-substituted methanes have static dielectric
constants between � and ��. Reported dielectric constants

are at near-ambient temperatures.

point charge forcefields will predict ✏ ⇡ 1 for many non-���

polar or symmetric molecules, but the measured dielectric���

constants are instead ✏ ⇡ 2 (Fig. �). While this behavior is���

well-known and results frommissing physics of polarizabil-���

ity, we suspect it may have several profound consequences,���

which we discuss below.���

Suppose, for example, that one attempts to fit force-���

field parameters to match the static dielectric constants of���

CCl4, CHCl3, CH2Cl2, and CH3Cl. In moving from the���

tetrahedrally-symmetric CCl4 to the asymmetric CHCl3,���

it suddenly becomes possible to achieve the observed di-���

electric constant of �.� by an appropriate choice of point���

charges. However, the model for CHCl3 uses fixed point���

charges to account for both the permanent dipole moment���

and the electronic polarizability, whereas the CCl4 model���

contains no treatment of polarizability. We hypothesize that���

this inconsistency in parameterization may lead to strange���

mismatches, where symmetricmolecules (e.g. benzene and���

CCl4) havequalitatively di�erent properties than closely re-���

lated asymmetric molecules (e.g. toluene andCHCl3).���

How important is this e�ect? We expect it to be impor-���

tantwhereverwe encounter the transfer of a polarmolecule���

(such as a peptide, native ligand, or a pharmaceutical small���

molecule) fromapolar environment (such as the cytosol, in-���

terstitial fluid, or blood) into a non-polar environment (such���

as a biological membrane or non-polar binding site of an���

enzyme or receptor). Thus we expect this to be implicated���

in biological processes ranging from ligand binding to ab-���

sorption and distribution within the body. To understand���

this conceptually, consider the transfer of a polar small-���

molecule transfer from the non-polar interior of a lipid bi-���

layer to the aqueous and hence very polar cytosol. As a���

possible real-world example, we imagine that the missing���

atomicpolarizability couldbe important in accurate transfer���

free energies involving low-dielectric solvents, such as the���

small-molecule transfer free energy from octanol or cyclo-���

hexane towater. TheOnsagermodel for solvationof adipole���

µ of radius a gives us a way to estimate themagnitude of er-���

ror introduced by making an error of�✏ in the static dielec-���

tric constant of a solvent. The free energyof dipole solvation���

is given by this model as���

�G = �µ2

a3
✏� 1

2✏+ 1
(�)

such that, for an error of �✏ departing from the true static���

dielectric constant ✏, we find the error in solvation is���

��G = �µ2

a3


(✏+�✏)� 1

2(✏+�✏) + 1
� ✏� 1

2✏+ 1

�
(�)

For example, the solvation of water (a = 1.93 Å, µ = 2.2 D)���

in a low dielectric medium such as tetrachloromethane or���

benzene (✏ ⇠ 2.2, but�✏ = �1.2) gives an error of��G ⇠���

�8 kJ/mol (-� kcal/mol).���

Implications for transfer free energies. As another ex-���

ample, consider the transfer of small druglike molecules���

from a nonpolar solvent (such as cyclohexane) to water, a���

property o�en measured to indicate the expected degree���

of lipophilicity of a compound. To estimate the magnitude���

of error expected, for each molecule in the latest (Feb. ��)���

FreeSolv database [��, ��], we estimated the expected er-���

ror in computed transfer free energies should GAFF/AM�-���

BCC be used to model the nonpolar solvent cyclohexane���

using the Onsager model (Eq. �). We used took the cav-���

ity radius a to be the half the maximum interatomic dis-���

tance and calculated µ =
P

i

q
i

r
i

using the provided mol����

coordinates and AM�-BCC charges. This calculation pre-���

dicts a mean error of (�3.8 ± 0.3) kJ / mol [(�0.91 ± 0.07)���

kcal / mol] for the ���molecules (where the standard error���

is computed from bootstrapping over FreeSolv compound���

measurements), suggesting that the missing atomic polar-���

izabilty unrepresentable by fixed point charge forcefields���

could contribute substantially to errors in predicted trans-���

fer and solvation properties of druglike molecules. In other���

words, the use of a fixed-charge physics may lead to errors���

of 3.8 kJ / mol in cyclohexane transfer free energies. We���

conjecture that this missing physics will be important in the���

upcoming (����) SAMPL challenge [��], which will examine���

transfer free energies in several low dielectric media.���

Utility in parameterization. Given their ease of mea-���

surement and direct connection to long-range electrostatic���

interactions, static dielectric constants have high poten-���

tial utility as primary data for forcefield parameterization���

�

trioxanonane; �-aminoethanol; dimethyl carbonate; for-���

mamide; and water (Fig. �). The absolute error on these���

poor predictions is on the order of �.�� g/cm3, which is���

substantially higher than the measurement error ( 0.008���

g/cm3; see Fig. �).���

We note that our benchmark includes a GAFF/AM�-BCC���

model for water due to our desire to automate benchmarks���

against a forcefield capable of modeling a large variety of���

small molecular liquids. Water—an incredibly important���

solvent in biomolecular systems—is generally treatedwith a���

special-purposemodel (such as TIP�P [��] or TIP�P-Ew [��])���

parameterized to fit a largequantity of thermophysical data.���

As expected, the GAFF/AM�-BCC model performs poorly in���

reproducing liquiddensities for this very special solvent. We���

conclude that it remains highly advisable that the field con-���

tinue to use specialized water models when possible.���

�. Static dielectric constant���

Overall accuracy. As a measure of the dielectric re-���

sponse, the staticdielectric constantofneat liquidsprovides���

a critical benchmark of the accuracy electrostatic treatment���

in forcefield models. Discussing the accuracy in terms the���

ability of GAFF/AM�-BCC to reproduce the static dielectric���

constant ✏ is not necessarily meaningful because of the way���

that the solvent dielectric ✏ enters into the Coulomb poten-���

tial between two point charges separated by a distance r,���

U(r) =
q1q2
✏ r

/ 1

✏
. (�)

It is evident that 1/✏ is a much more meaningful quantity���

to compare than ✏ directly, as a �% error in 1/✏ will cause���

a �% error in the Coulomb potential between two point���

charges (assuming a uniform dielectric), while a �% error���

in ✏ will have a much more complex ✏-dependent e�ect on���

the Coulomb potential. We therefore compare simulations���

against measurements in our ThermoML extract on the 1/✏���

scale in Fig. �.���

GAFF/AM�-BCC systematically underestimates the di-���

electric constants of nonpolar liquids. Overall, we find the���

dielectric constants to be qualitatively reasonable, but with���

clear deviations from experiment particularly for nonpolar���

liquids. This is not surprising given the complete neglect of���

electronic polarizationwhichwill be thedominant contribu-���

tion for such liquids. In particular, GAFF/AM�-BCC systemat-���

ically underestimates the dielectric constants for nonpolar���

liquids, with the predictions of ✏ ⇡ 1.0 being substantially���

smaller than the measured ✏ ⇡ 2. Because this deviation���

likely stems from the lack of an explicit treatment of elec-���

tronic polarization, we used a simple empirical polarization���

model that computes the molecular electronic polarizabil-���

ity ↵ as a sum of elemental atomic polarizability contribu-���

tions [��].���

From the computedmolecular electronic polarizability↵,���

an additive correction to the simulation-derived static di-���

electric constant accounting for the missing electronic po-���

(a)

(b)

FIG. �: Comparison of liquid densities between
experiment and simulation. (a). Liquid density

measurements extracted from ThermoML are compared
against densities predicted using the GAFF / AM�-BCC small

molecule fixed-charge forcefield. Color groupings
represent identical chemical species, although the color
map repeats itself due to the large (��) number of unique
compounds. Plots of density versus temperature grouped
by chemical species are available in Fig. �. Simulation error
bars represent one standard error of the mean, with the
number of e�ective (uncorrelated) samples estimated
using pymbar. Experimental error bars indicate the
standard deviation between independently reported
measurements, when available, or author-reported
standard deviations in ThermoML entries; for some

measurements, neither uncertainty estimate is available.
See Fig. � for further discussion of error. (b). The same plot,
but with the residual (predicted minus experiment) on the
x axis. Note that the error bars are all smaller than the

symbols.

Kyle Beauchamp

JPC B ASAP. DOI:10.1021/acs.jpcb.5b06703
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New data will greatly improve 
forcefield quality

Temperature-dependent densities 
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Patrick Grinaway

Julie Behr

Mettler-Toeldo DM40 density meter 
accuracy: 0.0001 g/cm3 
range: 0-3 g/cm3 
temperature: 0-91 C 
sample volume: 1 mL 
!
Mettler-Toledo SC30  
automated 30-sample changer



Host-guest systems ARE an excellent system 
for  BENCHMARKING small-molecule affinities
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Aqueous solubilities, pKas, and partition coefficients  
CAN PROVIDE HIGHLY USEFUL INFORMATION

Yasuda-Shedlovsky Result

Sample name: Bosutinib_B1788
Assay name: pH-metric psKa
Assay ID: 13I-27011

Experiment start time: 9/27/2013 11:52:34 AM
Analyst: JY
Instrument ID: T312063

Filename: E:\SK\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r

Reported at: 9/30/2013 2:52:08 PM Page 2 of 2

Graphs (continued)
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pH-metric Result

Sample name: Bosutinib_B1788
Assay name: pH-metric high logP
Assay ID: 13I-27015

Experiment start time: 9/27/2013 1:37:20 PM
Analyst: JY
Instrument ID: T312063

Filename: E:\SK\13I-27015_Bosutinib_B1788_pH-metric high logP.t3r

Reported at: 10/1/2013 12:01:19 PM Page 2 of 2

Graphs (continued)

Distribution of species for sample Bosutinib_B1788
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Lipophilicity Profile
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Assay Model

Settings Value Date/Time changed Imported from
Sample name Bosutinib_B1788 9/27/2013 1:08:09 PM Predicted from structure by ACD
Sample by Weight 9/27/2013 1:08:09 PM User entered value
Sample weight 0.001150 g 9/27/2013 1:09:00 PM User entered value
Formula weight 530.45 g/mol 9/27/2013 1:08:09 PM Predicted from structure by ACD
Solubility 0.0000 g/L 9/27/2013 1:08:09 PM Predicted from structure by ACD
Molecular weight 530.45 9/27/2013 11:29:53 AM Predicted from structure by ACD
Individual pKa ionic environments No Default value
Number of pKas 4 10/1/2013 11:55:11 AM User entered value
Sample is a Ampholyte 10/1/2013 11:55:13 AM User entered value
pKa 1 3.77 9/27/2013 1:12:07 PM User entered value
Type Base Default value
pKa 2 4.68 9/27/2013 1:12:14 PM User entered value
Type Base Default value
pKa 3 8.41 9/27/2013 1:12:22 PM User entered value
Type Base Default value
pKa 4 11.31 10/1/2013 11:55:32 AM User entered value
Type Acid 10/1/2013 11:55:36 AM User entered value
logP (XH4 3+) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logP (XH3 2+) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logp (XH2 +) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logP (neutral XH) 5.48 9/27/2013 1:08:09 PM Predicted from structure by ACD
logP (X -) -10.00 Default value

Model structure(s)
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Bosutinib_B1788

pH-metric Result

Sample name: Bosutinib_B1788
Assay name: pH-metric high logP
Assay ID: 13I-27015

Experiment start time: 9/27/2013 1:37:20 PM
Analyst: JY
Instrument ID: T312063

Filename: E:\SK\13I-27015_Bosutinib_B1788_pH-metric high logP.t3r

Reported at: 10/1/2013 12:01:19 PM Page 2 of 2

Graphs (continued)

Distribution of species for sample Bosutinib_B1788
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Assay Model

Settings Value Date/Time changed Imported from
Sample name Bosutinib_B1788 9/27/2013 1:08:09 PM Predicted from structure by ACD
Sample by Weight 9/27/2013 1:08:09 PM User entered value
Sample weight 0.001150 g 9/27/2013 1:09:00 PM User entered value
Formula weight 530.45 g/mol 9/27/2013 1:08:09 PM Predicted from structure by ACD
Solubility 0.0000 g/L 9/27/2013 1:08:09 PM Predicted from structure by ACD
Molecular weight 530.45 9/27/2013 11:29:53 AM Predicted from structure by ACD
Individual pKa ionic environments No Default value
Number of pKas 4 10/1/2013 11:55:11 AM User entered value
Sample is a Ampholyte 10/1/2013 11:55:13 AM User entered value
pKa 1 3.77 9/27/2013 1:12:07 PM User entered value
Type Base Default value
pKa 2 4.68 9/27/2013 1:12:14 PM User entered value
Type Base Default value
pKa 3 8.41 9/27/2013 1:12:22 PM User entered value
Type Base Default value
pKa 4 11.31 10/1/2013 11:55:32 AM User entered value
Type Acid 10/1/2013 11:55:36 AM User entered value
logP (XH4 3+) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logP (XH3 2+) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logp (XH2 +) -10.00 9/27/2013 1:08:09 PM C:\SiriusT3 Data\Sept 

2013\13I-27011_Bosutinib_B1788_pH-metric psKa.t3r
logP (neutral XH) 5.48 9/27/2013 1:08:09 PM Predicted from structure by ACD
logP (X -) -10.00 Default value

Model structure(s)
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Solubility

Sample name: Bosutinib_B1788
Assay name: Curve Fitting Solubility
Assay ID: 13I-27017

Experiment start time: 9/27/2013 3:52:00 PM
Analyst: JY
Instrument ID: T312063

Filename: E:\SK\13I-27017_Bosutinib_B1788_Curve fitting solubility.t3r

Reported at: 10/1/2013 11:53:12 AM Page 2 of 3

Sample graphs (continued)
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Assay Model

Settings Value Date/Time changed Imported from
Sample name Bosutinib_B1788 9/27/2013 3:47:55 PM Predicted from structure by ACD
Sample by Weight 9/27/2013 3:47:55 PM User entered value
Sample weight 0.002470 g 9/27/2013 3:48:25 PM User entered value
Formula weight 530.45 g/mol 9/27/2013 3:47:55 PM Predicted from structure by ACD
Solubility 0.0000 g/L 9/27/2013 3:47:55 PM Predicted from structure by ACD
Molecular weight 530.45 9/27/2013 11:29:53 AM Predicted from structure by ACD
Individual pKa ionic environments No Default value
Number of pKas 4 9/27/2013 5:17:33 PM User entered value
Sample is a Ampholyte 9/27/2013 5:17:36 PM User entered value
pKa 1 3.77 9/27/2013 3:50:37 PM User entered value
Type Base Default value
pKa 2 4.68 9/27/2013 3:50:41 PM User entered value
Type Base Default value
pKa 3 8.41 9/27/2013 3:50:53 PM User entered value
Type Base Default value
pKa 4 11.31 10/1/2013 11:42:05 AM User entered value
Type Acid 9/27/2013 5:17:41 PM User entered value
logP (XH4 3+) -10.00 9/27/2013 3:47:55 PM C:\SiriusT3 Data\Sept 

2013\13I-27012_Bosutinib_B1788_Curve fitting 
solubility.t3r

logP (XH3 2+) -10.00 9/27/2013 3:47:55 PM C:\SiriusT3 Data\Sept 
2013\13I-27012_Bosutinib_B1788_Curve fitting 
solubility.t3r

logp (XH2 +) 5.48 9/27/2013 3:47:55 PM User entered value
logP (neutral XH) -10.00 Default value
logP (X -) -10.00 Default value

Assay model

Sample name: Bosutinib_B1788
Assay name: Fast UV psKa
Assay ID: 13I-30008

Experiment start time: 9/30/2013 3:24:56 PM
Analyst: JY
Instrument ID: T312063

Filename: E:\SK\13I-30008_Bosutinib_B1788_Fast UV psKa.t3r

Reported at: 10/1/2013 1:42:32 PM Page 3 of 3

Assay Model

Settings Value Date/Time changed Imported from
Sample name Bosutinib_B1788 9/30/2013 2:20:57 PM Predicted from structure by ACD
Sample by Volume 9/30/2013 2:20:57 PM User entered value
Sample volume 0.0050 mL 9/30/2013 2:20:57 PM User entered value
Solvent DMSO 9/27/2013 11:30:07 AM User entered value
Sample concentration 0.010000 M 9/27/2013 11:30:12 AM User entered value
Solubility 0.0000 g/L 9/30/2013 2:20:57 PM Predicted from structure by ACD
Molecular weight 530.45 9/27/2013 11:29:53 AM Predicted from structure by ACD
Individual pKa ionic environments No Default value
Number of pKas 3 9/30/2013 2:20:57 PM Predicted from structure by ACD
Sample is a Base 9/30/2013 2:20:57 PM Predicted from structure by ACD
pKa 1 3.63 9/30/2013 2:20:57 PM Predicted from structure by ACD
pKa 2 3.82 9/30/2013 2:20:57 PM Predicted from structure by ACD
pKa 3 7.63 9/30/2013 2:20:57 PM Predicted from structure by ACD
logP (XH3 3+) -10.00 9/30/2013 2:20:57 PM C:\SiriusT3 Data\Sept 

2013\13I-27010_Bosutinib_B1788_Fast UV pKa.t3r
logP (XH2 2+) -10.00 9/30/2013 2:20:57 PM C:\SiriusT3 Data\Sept 

2013\13I-27010_Bosutinib_B1788_Fast UV pKa.t3r
logp (XH +) -10.00 9/30/2013 2:20:57 PM C:\SiriusT3 Data\Sept 

2013\13I-27010_Bosutinib_B1788_Fast UV pKa.t3r
logP (neutral X) 5.48 9/30/2013 2:20:57 PM Predicted from structure by ACD
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bosutinib

Sirius Analytical T3 
Up to 192 measurements per 
fully automated walk-away session 
~1 ug dry compound  
or ~7 uL of 10 mM DMSO stock

* aqueous solubilities 
* UV- and electrochemical pKa 
* partition coefficients between 
water and any immiscible phase 
(octanol, cyclohexane, hexane, etc.)



the open forcefield group
https://github.com/open-forcefield-group

David Mobley 
UCI

Michael Gilson 
UCSD

Michael Shirts 
University of Colorado, Boulder

Christopher Bayly 
OpenEye Scientific

john chodera 
SKI/MSKCC

the cast of characters (so far):



smarts-based forcefield assignment

https://github.com/open-forcefield-group/smarty/blob/master/The-SMIRFF-force-field-format.md

<NonbondedForce+coulomb14scale="0.833333"+lj14scale="0.5"+sigma_unit="angstroms"+epsilon_unit="kilocalories_per_mole">+
+++<Atom+smirks="[#1:1]"+rmin_half="1.4870"+epsilon="0.0157"/>+
+++<Atom+smirks="[$([#1]M[#6]):1]"+rmin_half="1.4870"+epsilon="0.0157"/>+
+++...+
</NonbondedForce>+
!
<HarmonicBondForce+length_unit="angstroms"+k_unit="kilocalories_per_mole/angstrom**2">+
+++<Bond+smirks="[#6X4:1]M[#6X4:2]"+length="1.526"+k="620.0"/>+
+++<Bond+smirks="[#6X4:1]M[#1:2]"+length="1.090"+k="680.0"/>+
...+
</HarmonicBondForce>+
!
<HarmonicAngleForce+angle_unit="degrees"+k_unit=“kilocalories_per_mole/radian**2">+
+++<Angle+smirks="[a,A:1]M[#6X4:2]M[a,A:3]"+angle="109.50"+k="100.0"/>+
+++<Angle+smirks="[#1:1]M[#6X4:2]M[#1:3]"+angle="109.50"+k="70.0"/>+
</HarmonicAngleForce>+
!
!
<BondChargeCorrections+method="AM1"+increment_unit="elementary_charge">+
++<BondChargeCorrection+smirks="[#6X4:1]M[#6X3a:2]"+increment="+0.0073"/>+
++<BondChargeCorrection+smirks="[#6X4:1]M[#6X3a:2]M[#7]"+increment="M0.0943"/>+
++<BondChargeCorrection+smirks="[#6X4:1]M[#8:2]"+increment="+0.0718"/>+
</BondChargeCorrections>

https://github.com/open-forcefield-group/smarty/blob/master/The-SMIRFF-force-field-format.md


sampling over types

https://github.com/open-forcefield-group/smarty

INDEX++++++++ATOMS++MOLECULES++++++++++++++++++++++++++++++++++++++++++++++++++++++++++TYPE+NAME+++++++++++++++++++++++++++SMARTS+REF+TYPE++++++++FRACTION+OF+REF+TYPED+MOLECULES+MATCHED+
++++1+:++++++++464+++++++++42+|+++++++++++++++++++++++++++++++++++++++++++++++++++++++c_hydrogen+++++++++++++++++++++++++++++[#1]+++++++HC++++++++++++++244+/++++++++++++++244+(100.000%)+
++++2+:++++++++++0++++++++++0+|+++++++++++++++++++++++++++++++++++++++++++++++++++++++++c_carbon+++++++++++++++++++++++++++++[#6]+
++++3+:++++++++232+++++++++42+|+++++++++++++++++++++++++++++++++++++++++++++++++c_carbon+neutral++++++++++++++++++++++++++[#6&+0]+++++++CT++++++++++++++232+/++++++++++++++232+(100.000%)+
++++4+:++++++++107+++++++++42+|+++++++++++++++++++++++++++++++++++++++++++++++++++++++++c_oxygen+++++++++++++++++++++++++++++[#8]+++++++OH+++++++++++++++68+/+++++++++++++++68+(100.000%)+
TOTAL+:++++++++803+++++++++42+|++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++

%+atom+types+
[#1]++++hydrogen+
[#6]++++carbon+
[#7]++++nitrogen+
[#8]++++oxygen+
[#9]++++fluorine+
[#15]+++phosphorous+
[#16]+++sulfur+
[#17]+++chlorine+
[#35]+++bromine+
[#53]+++iodine

%+total+connectivity+
+X1+++++++++++++connectionsM1+
+X2+++++++++++++connectionsM2+
+X3+++++++++++++connectionsM3+
+X4+++++++++++++connectionsM4+
+%+totalMhMcount+
+H0+++++++++++++totalMhMcountM0+
+H1+++++++++++++totalMhMcountM1+
+H2+++++++++++++totalMhMcountM2+
+H3+++++++++++++totalMhMcountM3+
+%+formal+charge+
++0+++++++++++++neutral+
++1+++++++++++++cationic+1+
+M1+++++++++++++anionicM1+
+%+aromatic/aliphatic+
+a++++++++++++++aromatic+
+A++++++++++++++aliphatic

parent types decorators

X =

proposed 
child types

[#6X4:1]+++++++tetrahedral+carbon+
[#6:1]~[#7]++++carbon+nitrogenMadjacent+

https://github.com/open-forcefield-group/smarty


The future of forcefield 
parameterization?

experimental data 
quantum chemistry 

uncertainties

ensemble of 
parameter sets

Bayesian inference; 
continual automatic updating

pull the trigger and go!



predictions fail for three reasons

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

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



predictions fail for three reasons

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



Let’s not forget tautomers

Martin Y. JCAMD 23:693, 2009. Let’s not forget tautomers.

tautomer has been unambiguously established. Figure 5
illustrates the contrast between the solution structure of a

barbiturate analogue and that in a 1.8 Å crystal structure as

bound to matrix metalloproteinase 8 [17]. Others have

shown with SCRF-HF/6-31G** calculations that the tau-
tomer of unsubstituted barbituric acid that corresponds to

the bound tautomer is 20.05 kcal/mol less stable in polar

medium [18]. Figure 6 shows the tautomer of pterin bound
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Fig. 2 The effect of changes in
structure and solvent on
tautomeric equilibria of simple
heterocycles [14]

O O

OH O

O O

O O

H
O OH

O O

O O

O O

H
O O

O

HO

O O

O

HO

O O

O

OH

O O

O

OH

3.033.02

3.07

3.04 3.06

3.08

3.05

3.01

Fig. 3 The tautomers of
warfarin [15]
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tautomers of warfarin
tautomers are found; this increases the size of the dataset

by 1.64-fold. Using a different tautomer generating pro-
gram, others have found similar or slightly more increases

in the size of a database [3]. Hence, although consider-

ation of tautomers will increase the number of structures
considered for virtual screening, the increase should be

manageable.

Calculated properties of tautomers

pKa Differences between tautomers

Because the tautomers of a molecule have different struc-

tures, they differ in their ability to gain or lose a proton;

their pKa values. In the simple case of an ionizable mol-
ecule that has two tautomeric forms, the tautomeric ratio is

a function of the pKa’s of the tautomers. For example,

consider the tautomeric and ionic equilibria of 6-chloro-2-
pyridone in water, Fig. 14. Algebraically Kt = Ka

OX/Ka
OH.

Hence, one can calculate the value of any one of these

equilibrium constants from values of the other two.
The observed pKa of a tautomerizable molecules is a

composite of several individual microscopic ionization

constants and the tautomeric equilibrium constant(s) [33].
For example, the protonated form tetracycline (Structure 10)

can be present as any one of nine tautomers, and the neutral

form by ten [34]. Each of these 19 species could contribute to
the observed pKa as well as the biological properties and

octanol-water log D of the molecule. Similarly, 8-oxogua-

nine (Structure 11) can exist as one or more of 100 neutral or
anionic tautomers. This complicates investigations into its

mechanism of mutagenicity [33].

Calculation of the tautomer ratio in solution

Although many workers have investigated the relative
stabilities of tautomers in different liquid phases, because

of the difficulty of measuring the equilibrium constants

there is no publically available comprehensive database of
this data. This lack hinders the development of empirical

methods to predict the ratios of tautomers of a molecule.

The implications of the lack of experimental data are
described in detail in an article on predicting pKa [35], a

less complex equilibrium constant.

If the tautomerization involves only the movement of a
proton between sites, the tautomer equilibrium constant can

be calculated from the pKa of each tautomer. This rela-

tionship holds because deprotonation of the tautomers lead
to resonance structures of a common structure. Hammett-

type [9] or empirical charge [36] relationships can be used

to calculate the pKa’s of the tautomers and hence the
tautomeric ratio. However, even these calculations have

errors in the range of 0.8 log units [35].

More elaborate, but not necessarily more accurate, cal-
culations involve free-energy perturbation [37] or quantum

chemical calculations [18, 19, 28, 33, 38–48]. To date there

appears to be no consensus as to the most appropriate
method.
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More than half of all drugs 
have 2 or more tautomers



Protonation state effects can be 
important for ligand binding

Intlekofer AM, Wang B, Liu H, Carmona-Fontaine C, Rustenburg AS, Salah S, Gunner MR, 
Chodera JD, Cross JR, and Thompson CB. Nature Chemical Biology, in press.



kinases and kinase inhibitors 
are full of titratable groups



kinase:inhibitor binding 
can be ph-sensitive

ponatinib:DDR1!
(pdbid:3ZOS)

Sonya Hanson

Postdoc



Protonation state effects can be 
important for ligand binding

Marilyn Gunner and Salah Salah (CCNY) in collaboration with Markus Seeliger (Stony Brook) and Paul Czodrowski (Merck Serono)

proton gain

proton loss

tautomer shift



proton-drive

https://github.com/choderalab/protons

Bas Rustenburg Gregory ross 



constant-ph for both 
ligand and protein in explicit solvent

SAMS calibration of!
protomer log weights
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Markov chain Monte Carlo (MCMC) PROVIDES 
A FLEXIBLE FRAMEWORK FOR enhancements

MD-like

generalized hybrid 
Monte Carlo (GHMC)

ligand MC

ligand displacement/ 
rotation to sample 

different binding sites

constant pH tautomers

———————— including chemical effects ———————— 

Monte Carlo 
protein and ligand 
titration attempts

Monte Carlo 
ligand tautomer 

change attempts

——— speeding up sampling ———

We can use free energy calculations and experiments to quantify 
the error in neglecting of protomers and tautomers

counterions

Monte Carlo 
counterion 

insertion/deletion



predictions fail for three reasons

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

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



predictions fail for three reasons

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



How can we quantitatively understand  
(and design) the selectivity of kinase inhibitors?

Nature Biotech 26:127, 2008
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Differences in stabilities of inactive states may be 
responsible for origin of some kinase inhibitor selectivity

* essentially same binding mode in X-ray structure, same interactions 
* calculations suggest no difference in binding free energy [J Biol Chem 285:13807, 2010; PNAS 110:1664, 2013]

Src:imatinib ΔG =   -6.2 kcal/mol
Abl:imatinib ΔG = -10.9 kcal/mol

ΔΔG =    4.7 kcal/mol



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

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

ΔG of confinement to  
binding-competent 

state ΔG of binding to  
binding-competent 

state
net ΔG 

of binding

0

QUANTIFYING CONFORMATION ENERGETICS MAY be crucial to 
successful design of selective kinase inhibitors

Lee and Craik. Science 324:213, 2009



can we build An Atlas of kinase 
structures and energetics?

Lee and Craik. Science 324:213, 2009

�Gconf

i



divide-and-conquer 
to compute affinities and selectivities

�Gbind
i

Lee and Craik. Science 324:213, 2009

�Gconf
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Structural data on human kinases is incomplete

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

human kinases with available 
structural data

number of structures/kinase



ENSEMBLER: Automating simulations at the superfamily scale

Patrick Grinaway

PBSB student

Daniel Parton

Postdoc

Kyle Beauchamp

Postdoc

http://biorxiv.org/content/early/2015/06/29/018036 
http://github.com/choderalab/ensembler

Sonya Hanson

Postdoc

http://github.com/choderalab/ensembler


ENSEMBLER: Automating simulations at the superfamily scale

Patrick Grinaway

PBSB student

Daniel Parton

Postdoc

Kyle Beauchamp

Postdoc

http://biorxiv.org/content/early/2015/06/29/018036 
http://github.com/choderalab/ensembler

Sonya Hanson

Postdoc

http://github.com/choderalab/ensembler


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

http://folding.stanford.eduOver 31 PFLOP/s of aggregate computational power!

Vijay S. Pande 
Stanford University

Table last updated at Mon, 01 Jun 2015 23:02:21

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

~



Exploiting scalable, fault-tolerant frameworks (e.g. hadoop, spark, redis, celery, cassandra) 
is essential to enable scalability to the family scale



An adaptive approach can be used to reduce statistical 
dynamics to a discrete-state stochastic (Markov) model

Chodera, Singhal, Swope, Pande, Dill. JCP 126:155101, 2007. 
Hinrichs and Pande. JCP 126:244101, 2007. 

Bacallado, Chodera, Pande. JCP 131:045106, 2009. 
Noé. JCP 128:244103, 2008. 

Chodera and Noé. JCP 133:105102, 2010.
with important contributions from  Schütte, Noé, Weber, Hummer, Roux, Vanden-Eijnden
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parallel simulations
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state decomposition adaptive simulations

iterative model improvement

stochastic model 
construction

properties

mechanism

spectroscopy

populations

errors

transfer operator
Galerkin basis

relaxation processes
relaxation timescales

⌧

Similar in spirit to adaptive mesh refinement algorithms in engineering, 
very different from traditional approach of running a single long simulation.

X
configuration space



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.

trpzip2 
[PDB:1LE1]
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divide-and-conquer 
to compute affinities and selectivities

�Gbind
i

Lee and Craik. Science 324:213, 2009
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Can we drug the undruggable?  Allosteric modulators 
of K-Ras may open new doors in cancer therapy

human HRAS with GTP 
analogue [121p]  

Patrick Grinaway 
In collaboration with Jeremy C. Smith (ORNL), Guillermo Perez-Hernandez and Frank Noé (FU Berlin)

ORNL Titan: 18,688 NVIDIA Tesla K20 GPUs



yank roadmap

q1 2017
ROBUST WORKFLOW PIPELINE (LEVI) 
single replica calculations (JOHN/ANDREA) 
DYNAMIC PROTONATION STATES (BAS)

q2 2017
MULTIPLE FORCEFIELD SUPPORT (LEVI) 
Multiple alchemical regions (JOHN) 
DYNAMIC COUNTERIONS (GREG)

q3 2017
relative free energy calculations (Julie) 
PERSES AUTOMATED DESIGN (Patrick/Julie/Steven) 
simultaneous kinetics and free energies

q4 2016 YANK 1.0 RELEase (LEVI) 
tutorials / best practices / docs / tests



SINGLE-REPLICA METHODS



do we need all those replicas?

... ... ...

propagation mixing

X
...

state 1

state 2

state 3

state 4

hamiltonian exchange



do we need all those replicas?

... ... ...

propagation mixing

...

state 1

state 2

state 3

state 4

expanded ensemble
⇡(x, k) / exp[�uk(x) + gk]

One caveat: We need to guess the weights g 
(which are unfortunately the free energies we are trying to compute!)
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Abl:imatinib in vacuum alchemical free energy calculation

Similar to simulated scaling (Wei Yang), but asymptotically optimal.

self-adjusted mixture sampling (SAMS)

Zhiqiang Tan 
Rutgers

Provably asymptotically optimal strategy for finding free energy weights! 
Tan Z. J. Comp. Graph. Stat. http://dx.doi.org/10.1080/10618600.2015.1113975
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Abl:imatinib in vacuum alchemical free energy calculation

http://dx.doi.org/10.1080/10618600.2015.1113975


automated design

Steven Albanese 
Selective kinase inhibitor design 
Designing for polypharmacology

Julie Behr 
Predicting the evolution of resistance mutations 
Protein and peptide design

Patrick Grinaway 
Synthetic route-guided multiobjective ligand optimization  
Allosteric inhibition of mutant KRAS



how can we design molecules 
with desired affinities and selectivities?
alternative substituents alternative starting materials

How can we search large chemical spaces based on free energy objectives?



how can we design molecules 
with desired affinities and selectivities?

Express objectives in terms of ratios of partition functions:
Maximize target affinity

Maximize selectivity for target protein (or conformation) P1 over antitarget P2

Select resistance mutations that minimize inhibitor affinity while maintaining activity 

Can we sample the joint space of configuration x and chemical state i so that the 
marginal chain maximizes a desired objective function?
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how can we design molecules 
with desired affinities and selectivities?

sample a new configuration with MCMC (e.g. hybrid Monte Carlo)

SAMS allows us to construct a NEW recursion scheme to achieve a  
desired marginal distribution in terms of ratios of partition functions:

Stochastic approximation theory: Z. Tan. J. Comp. Graph. Stat. 2015 
Inspired by J. W. Pitera Proteins 15:385, 2000. 

sample a new chemical state with Monte Carlo
sn+1 ⇠ p(s|xn+1, {Zs}, {⇡s})

xn+1 ⇠ p(x|sn)

/ ⇡
s

Z
s

e�us(x)

logZs,n+1 = logZs,n � 1

n

ws

⇡s

update free energy estimates using recursion

update sampling target probabilities to maximize objective using recursion
⇡s,n+1 =

ZPL(s)

ZL(s)



sampling a new chemical state with 
reversible jump monte carlo (RJMC)

Abl kinase 
imatinib >> nilotinib

Pacc = min

⇢
1,

P (old|new)
P (new|old)

⇡(new)

⇡(old)

�



chemical monte carlo moves
propose new molecules with common scaffold



chemical monte carlo moves

15 atoms 14 atoms

delete  
old atoms

create 
new atoms

rjmc



small molecules amino acids

chemical monte carlo moves
rjmc



rjmc ncmc+
chemical monte carlo moves:



Project perses

https://github.com/choderalab/perses [in development]

For each target/antitarget, we run a coupled 
simulation that can visit multiple chemical states. 
Simulations are biased to spend more time visiting 
best designs.
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https://github.com/choderalab/perses


What determines the selectivity of kinase inhibitors?

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
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s

ligands

m
utants

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



Can we develop a physical model of resistance?
Treatment of CML with imatinib often induces resistance, predominantly E255K, T315I 
Second-line drugs elicit further resistance:

(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
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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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(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
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resistance settings, particularly for BCR–ABLT315I. Therefore,
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patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
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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
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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
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Can we develop a physical model of resistance?
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
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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

Letter to the Editor

2

Leukemia

(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
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in vitro3

IC50
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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.
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Can we develop a physical model of 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? 
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