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Abstract The interactions between a molecule and the

aqueous environment underpin any process that occurs in

solution, from simple chemical reactions to protein–ligand

binding to protein aggregation. Fundamental measures of

the interaction between molecule and aqueous phase, such

as the transfer energy between gas phase and water or the

energetic difference between two tautomers of a molecule

in solution, remain nontrivial to predict accurately using

current computational methods. SAMPL2 represents the

third annual blind prediction of transfer energies, and the

first time tautomer ratios were included in the challenge.

Over 60 sets of predictions were submitted, and each par-

ticipant also attempted to estimate the error in their pre-

dictions, a task that proved difficult for most. The results of

this blind assessment of the state of the field for transfer

energy and tautomer ratio prediction both indicate where

the field is performing well and point out flaws in current

methods.

Keywords Solvation � Transfer energy � Tautomers �
Blind prediction � Validation

Introduction

The way a molecule interacts with its aqueous environment

underpins any process that occurs in solution, from simple

chemical reactions to protein–ligand binding to protein

aggregation. Fundamental measures of the interaction

between a molecule and water, such as the transfer energy

between gas phase and water or the energetic differ-

ence between two tautomers of a molecule in solution,

remain nontrivial to predict accurately using current com-

putational methods. Accurate calculations of more complex

properties or events will remain over the horizon until these

more basic values can be predicted with greater accuracy.

Importance of transfer energies and tautomer ratios

The free energy of transferring a molecule from a vacuum

environment to an aqueous environment, i.e. the transfer

energy or energy of solvation, is a fundamental value for

any system involving molecules in solution (Fig. 1).

Transfer energies represent an important physical quantity

that plays a role in predictions of solubility, propensity to

aggregation, binding affinity to a protein, and other quali-

ties important in pharmaceutical, environmental, and

materials science. Likewise, the existence of and energetic

differences between different tautomeric forms of a mole-

cule in solution presents a complicating factor that, although

often ignored, can have a large effect on understanding

protein–ligand interactions, solution-phase properties, and

electrostatics. Computational predictions involving any of

these scenarios require careful analysis of tautomers or risk

developing large errors.

Transfer energies and tautomer ratios are properties of a

small molecule in solution, which are less complex systems

than many of the oft-tackled problems involving proteins

M. T. Geballe (&) � A. G. Skillman � A. Nicholls

OpenEye Scientific Software, Inc., Santa Fe, NM 87508, USA

e-mail: mattg@eyesopen.com

J. P. Guthrie

Department of Chemistry, University of Western Ontario,

London, ON, Canada

P. J. Taylor

AstraZenica Pharmaceuticals, London, UK

123

J Comput Aided Mol Des (2010) 24:259–279

DOI 10.1007/s10822-010-9350-8



or lipid bilayers. Performing the necessary sampling for

calculation of transfer energies or tautomer ratios is a

tractable problem, and thus allows for a wide variety of

methods to be applied to these problems. If new, compu-

tationally intensive, or radically different methods or force

fields can prove their worth in these calculations, then the

time spent on performing such calculations on larger sys-

tems could be justified. In this way, addressing these

questions can be a testing or proving ground for new

methods or force fields.

Why is blind prediction important?

SAMPL is designed as a blind challenge, where the actual

experimental values of the compounds (i.e. the answers)

are withheld from participants until after predictions have

been made. Blind prediction is the gold standard by which

to assess the true predictive ability of a method, removing

opportunities for the fitting of free parameters, observer

bias, or other influences that may skew results. Many

previous evaluations have not been blinded, and some have

involved fitting parameters of some form to the experi-

mental data. Fitting parameters to data leads to a reduction

of error in prediction for that data, however it often results

in over-fitting, which reduces the prediction power of the

method when presented with new data [1]. As such, these

evaluations often result in average errors that are artificially

low when compared to prospective predictions [2].

Any and all participants are welcome to participate in

SAMPL, and participants are able to submit multiple pre-

diction sets if desired. Predominantly the participants are

either the developers of, or expert users of, the method

utilized. Even if non-expert predictions are submitted, there

is no barrier to other submissions using the same method.

Previous evaluations may have compared expert use of

some methods to non-expert use of others, resulting in

inaccurate estimates of error and comparisons. A recent

example of this involved several of the methods used in

SAMPL2 [3–5].

Existing experimental data on transfer energies is lim-

ited to a relatively small number of compounds and has

already been well studied and parameterized by current

methods. With only a small and largely static pool of

known data, method development can be prone to over-

fitting, which can increase the performance on the known

data while reducing performance on future data. Addi-

tionally, most of the known transfer energies are for

compounds that don’t reflect the complexity common in

pharmaceutical chemistry. Training methods on smaller,

mono-functional molecules facilitates simple additive

parameters that break down when applied to polyfunctional

molecules. These factors can lead to large errors when

current methods trained on existing data are applied to new

data on drug-like compounds.

Comparing method performance between different

published evaluations is fraught with uncertainty for sev-

eral reasons: differences in dataset composition, method

changes or improvements, differing skill level in method

application, and public knowledge of experimental data.

The design of SAMPL attempts to avoid some issues that

have plagued previous evaluations. While all attempts are

made to remove bias from the challenge, the lack of

availability of blinded data constrains our ability to select

an ideal problem set with which to test methods. Never-

theless, the SAMPL challenge is designed to provide a

rigorous test of methods on complex, relevant molecules,

and results may not be directly comparable to retrospective

published studies with aforementioned systemic flaws.

Brief history of SAMPL

SAMPL2 represents the third annual blind prediction of

transfer energies, and the first time tautomer ratios were

included in the challenge. Previous SAMPL challenges

presented difficult molecules for prediction and exposed

problematic areas of chemistry for various techniques (See

Fig. 2). The first SAMPL challenge, SAMPL0, involved a

comparison between PB and explicit MD simulation on a

small set of 17 compounds. Both methods achieved RMS

errors of less than 2 kcal/mol for the best performing

submission, and the data set, although small and somewhat

Fig. 1 Schematic of Transfer Energy and Tautomer Ratio, including

the thermodynamic cycle often used for calculating tautomer ratios

Fig. 2 Summary of challenge composition and subsequent best

performance for the transfer energy portion of the past and present

SAMPL challenges
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overpopulated with esters, represented larger or more

complex molecules than commonly examined in prior

studies. SAMPL1 exposed participants to an increased

level of difficulty, with 56 molecules covering significantly

more and diverse functionality. Given the problematic

dataset, RMS errors were above 2 kcal/mol for every

method, although not as high as some had feared. SAMPL1

was instrumental in revealing shortcomings for several of

the methods that were applied, and cemented the value of a

regular comparison between prediction and experimental

results [6, 7].

SAMPL2 challenge design

This year SAMPL2 challenged participants with datasets

for both transfer energy and tautomer ratio prediction. The

molecules included in each dataset are divided into three

sections: obscure, explanatory, and investigatory. The

obscure section is analogous to a traditional blind chal-

lenge; experimental values are known but withheld from

the participants. The explanatory section contains com-

pounds with unusual experimental values. The participants

were provided with the experimental data for these mole-

cules and asked to provide an explanation for their unex-

pected values. Lastly, the investigatory section contains

structures for which no experimental data is available, yet

are representative of common chemistry that is not well

explored by experimental data. It is our desire that these

compounds provide an opportunity to test consensus within

the computational field as well as providing an impetus to

experimentalists to provide experimental data for these

compounds.

Methods

Selection of participants

The SAMPL2 challenge was open to all participants

through the SAMPL website (http://sampl.eyesopen.com),

although registration was necessary to download the data.

Participants were able to indicate a desire to remain

anonymous in subsequent published analysis during the

data submission process. Additionally, invitations to par-

ticipate were sent to many individuals and organizations

from the academic, pharmaceutical, and commercial

computational chemistry software fields. An invitation was

also posted on the computational chemistry list (CCL).

Challenge and submission timeline and format

The data for each challenge (including the compounds,

both as isomeric smiles and SDF, and an explanatory

document by the organizer of each section) was made

available for download on February 20th from the SAMPL

website. The deadline for submission of predictions was

May 18th, and only the six submissions from Ribeiro et al.

[8] were received after the deadline. Submitted data was

uploaded as a text file to the SAMPL website, where it was

parsed and participants were given the opportunity to

double-check their predictions before submission was

made final.

Results returned to participants

The experimental results were not revealed until after the

submission deadline. Upon receipt of submitted predictions

and the experimental data, an initial statistical analysis was

performed for each submission to estimate the effects of

experimental error (see ‘‘Choosing Appropriate Methods’’

below). After this was completed, each participant was sent

their results, including the experimental data and both text

files and plots describing the results of the analysis. Also

included were the results of the application of the statistical

analysis protocol applied to the experimental data to pro-

vide an example of the effects of bootstrapping.

Transfer energy dataset (J. P. Guthrie)

Solvation energies (free energies of solvation) refer to the

process gas (1 M) to aqueous solution (1 M). These values

are based on all the data for the compounds involved

(Fig. 3) which are available at this time from the ongoing

construction of a critical data base of solvation energies,

including a new batch of references added during this past

summer.

In general available experimental data were averaged,

using the weighted average or grand mean, to obtain solva-

tion energies. The data used, depending on availability, were

aqueous solubility, limiting aqueous activity coefficient,

vapor pressure and gas–water partition coefficient or Henry’s

law constant. In the case of some compounds capable of

ionizing in near neutral solution (e.g. ibuprofen) the solu-

bilities reported by Avdeef [9], after careful attempts to

correct for ionization and aggregation, were used to the

exclusion of others that would be subject to systematic errors.

In the case of caffeine, the solubility reported by Cesaro [10]

with careful correction for aggregation was used.

In many cases data at multiple temperatures have been

reported; in such cases all data were fitted to a van’t Hoff

equation, modified so that the parameters were the vapor

pressure at 298 K and the heat of vaporization. This means

that the uncertainty in the vapor pressure at 298 K is

directly obtained from the least squares fit with no need for

additional calculations. The normal van’t Hoff equation is

shown in Eq. 1. This was transformed into Eq. 2, where

J Comput Aided Mol Des (2010) 24:259–279 261
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h = 298.15 K and ph is the vapor pressure at 298 K.

Analogous equations were used for temperature dependent

solubility data. Where free energies of solvation at differ-

ent temperatures were available they were fitted to Eq. 3.

ln p ¼ Aþ B=T or p ¼ eAeB=T ð1Þ

p ¼ pheB 1
T � 1

Tð Þ ð2Þ
DGs ¼ DHs � TDSs ð3Þ

For diflunisal a recent report [11] lists four crystal forms

with different solubilities, with a range of two orders of

magnitude in solubility. The melting points of these

crystalline forms were not given so it is not possible to

correlate this report with other studies of these compounds.

The lowest solubility was used, presumably corresponding

to the most stable crystalline form.

For uracil the vapor pressure data reported [12] show

serious inconsistencies, defining several distinct, though

close, lines. All data were used to extrapolate to 298 K.

For cyanuric acid there were two sets of vapor pressure

data which differed by a factor of 1.5–1.7 at various tem-

peratures. Kozyro [13] gave the experimental vapor

Fig. 3 a The Obscure transfer

energy set. b and c The

Explanatory and Investigatory

categories on the transfer energy

challenge
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pressure values but his paper is in Russian which I have

difficulty reading to check the experimental. de Wit et al.

[14] gave no experimental vapor pressures, but only

smoothed values based on their data treatment. In this case

I did two separate van’t Hoff plots to extrapolate to 298 K,

and then took the grand mean of the solvation energies.

For glycerol and sulfolane, data for vapor pressures over

various mixtures of organic liquid and water at 298 K have

been reported. On the assumption that the contribution to

the total vapor pressure from the organic liquid is negli-

gible, the activity coefficient for water can be calculated as

cw = p/xw p�, where xw is the mole fraction of water in the

mixture, p is the vapor pressure above the mixture, and

p� is the vapor pressure of water at 298 K. These data were

fitted to ln cw = a2xs
2 ? a3xs

3 ? a4xs
4 where xs is the mole

fraction of the organic solvent in the mixture, and ai are

three coefficients to be determined by fitting to the data and

then cs was calculated using Eq. 4. This equation is

equivalent to using the four suffix Margules method. [15]

lncs¼ a2þ
3

2
a3þ2a4

� �
x2

w� a3þ
8

3
a4

� �
x3

wþa4x4
w

¼a2þ
1

2
a3þ

1

3
a4 at x¼1

ð4Þ

Non linear least squares fitting produced both the ai

parameters and the covariance matrix, which was used to

calculate the statistical uncertainty in cs. My standard

program for solvation database calculations converts cs

into a hypothetical ideal solubility in moles per liter,

c = 55.5/cs, which can then be used along with the vapor

pressure of the pure liquid to calculate the solvation energy.

Vapor pressure data for the pure liquids were fitted to the

van’t Hoff equation in the usual way to determine the vapor

pressures at 298 K, and then the solvation energy was

calculated from ideal solubility and vapor pressure.

Caffeine has a solid–solid phase transition at 414 K [16];

only vapor pressures below this temperature were used.

There has been only one report of a solvation energy for

trimethyl orthotrifluoroacetate [17]. This value depended

on a vapor pressure estimated from the observed boiling

point; the vapor pressure at 298 K has been recalculated

using a more recent estimation procedure [18]. The new

value is very similar to the literature value.

Table 1 gives references to all of the data used, and

weighted average values for each quantity for which there

were data. Uncertainties in data were taken from the

sources where available or assigned where they were not.

In general errors were assumed to be 10% in each

experimental value, and 14% when two experimental

results had to be combined, as in Henry’s law constant

determinations. The not uncommon disagreement between

different sets of data shows that this is often an opti-

mistic assumption of uncertainty, mainly because of the

difficulty in assessing systematic error; scatter within a set

of data is generally less than 10%. Errors in the final

grand mean of DGs were never assigned a value less than

0.1 kcal/mol, even though the standard calculation led to

a smaller value of uncertainty; such situations only arose

when there was only a single source for at least one input

value. In view of the disagreements often seen when there

are multiple data sets for a quantity, such pessimism

seems justified. In a few cases, errors in the calculations

were caught, leading to discrepancies between the values

used as the experimental value in the statistical analysis

and the current best values.

Cyanuric acid has been a problem, exacerbated by an

error in my initial calculation of the solvation energy. An

independent route to a solvation energy is available by a

computation of the free energy of formation of gaseous

cyanuric acid (-100.20 using G3MP2B3 in Gaussian03

[19]). Kozyro [13] provided values for DHf(solid) =

-168.15 ± 0.35 kcal/mol and S�(solid) = 33.99 cal/K/mol,

leading to DGf(solid) = -120.73 kcal/mol. Combined

with the solubility value cited in Table 1 this leads to

DGf(aq) = -118.41 and DGs = -16.31 kcal/mol, with an

uncertainty of about 2 kcal/mol. This is in good agreement

with the value in the Table. The value for cyanuric acid

was challenged because sublimation might be accompanied

by decomposition. There is no such concern for the solid

state measurements at room temperature.

Tautomer ratios (P. J. Taylor)

The twelve sets of problems submitted for SAMPL2,

encompassing 68 tautomer pairs, were intended to provide

an overview of at least some types of tautomer (see Fig. 4;

Table 2). They are by no means exhaustive and many

others, related and unrelated, may prove of interest in the

future.

One cluster of problems attaches to amide-iminol

tautomerism. For the 6-membered ring oxoheterocycles,

tautomer ratio in 2-pyridone (1) is supplemented by the

effects of benzofusion to give the three possible products

(2), (3) and (4). Here a major focus of interest consists in

the experimental evidence that, while very different results

are found for these three compounds, the incremental

change D log KT at each position is nearly a constant when

different monocycles are used as the starting point.

Explicitly, when NH (for the oxo-tautomer) is placed a to

the point of benzofusion, the known increments are 1.0,

0.8, 1.0 and 1.0; when placed b, 1.7 and 1.8; and when the

oxo-form is forced into being quinonoid, -1.8 and -2.0

results; while the last is supplemented by -1.7, -1.8 and

-2.1 for three cases in which the starting point for ben-

zofusion is not an oxoheterocycle. It is difficult to see these

J Comput Aided Mol Des (2010) 24:259–279 263
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regularities as accidental and I was (am) hopeful that high

level computation may throw some light on their origin.

Similarly, for the 5-membered ring oxoheterocycles the

exceptionally low values of log KT shown by compounds

(10–16) require explanation. An empirical approach sug-

gests two main factors to be present. One is aromatisation:

if my estimate of log KT 7.6 for 2-piperidinone (22) is

correct, aromatisation in 2-pyridone (1) if responsible

for the whole effect results in D log KT -4.1. However,

effects are much greater here: relative to an (estimated)

value of log KT 7.0 for 2-pyrrolidinone (23), D log KT

-6.1 results for (10D) ? (10C) for example, and -7.2 for

(14D) ? (14C). Given the lower aromaticity of

5-membered vs. 6-membered ring heterocycles in general,

some extra factor must be present. I believe this to be a

strong repulsion between contiguous hetero-atoms of the

same hybridisation type, present in the oxo-tautomers,

which for want of a more precise description I describe as

‘dipolar repulsion.’ I was (am) looking for comments on

this point, including, if possible, a more accurate descrip-

tion of the phenomenon concerned.

A better characterised intramolecular repulsive force is

lone pair repulsion, here exemplified by the iminol (6A)

and responsible, in my view, for the exceptionally high

value of log KT 6.8. It may also be responsible for the

unusual importance of the zwitterion (6Z). Here the aza-

nitrogen atoms of (6A) are of the same hybridisation type,

and as e.g. for (10D) and (14D), the more stable group-

ing = NZ - (Z = NR or O) comes to the rescue in (6B)

and (6Z). There appears to be an important distinction

between these two forms of intramolecular repulsion.

While lone pair repulsion is absent in non-cyclic com-

pounds through bond rotation, and its magnitude varies

with ring size—it is much less in 5-membered rings—I

have accumulated scattered but convincing evidence that

‘dipolar repulsion’ is not so readily avoided this way; it is

still present in open-chain compounds, and even perhaps to

a comparable extent. This too is a topic on which I was

(am) hoping for elucidation.

The final cluster of amide-like compounds consists in

(22–26). All are ‘unknowns,’ but certain trends can be

anticipated. Chief of these is that an imide differs from an

amide in carrying an extra, electronegative substituent, so

that on all precedent, KT should be lower for (24) than for

(23). However (26), whose iminol is anti-aromatic, should

show a sharp rise in KT relative to the latter. Less certainly,

I was expecting to see a (slightly) higher KT value for (22)

than for (23). I was also expecting to see a higher KT for the

2-C=O than for the 4-C=O group of (25), the first being

‘urea-type’ and the second ‘imide-type,’ but messed this up

through forgetting to specify that both were required.

Enolisation receives less emphasis, since the recent

methodology of Kresge and his collaborators has been so

successful, and its results so comprehensive (for a sum-

mary see: J. R. Keefe and A. J. Kresge, Chem. Soc. Rev.,

1996, 25, 275) that calculation for simple ketones is all but

redundant. The exceptions all possess some complication.

One concerns the a-diketones (7) and (8), for the first of

which (7B) is invisible, and for the second of which (8A) is

nearly so. This difference is most obviously due to lone

pair repulsion in the latter, and I was hoping to see cal-

culation quantify this. Also I have my own (rough) guesses

as to KE values. The b-diketones (19–21) show some par-

allels with (24–26) and were chosen partly for this reason.

Here (20, Z = CH2) is pivotal: there is a possible ring size

effect vs. (19, R = H); in (21) like (26) the OH tautomer is

anti-aromatic; and some effect on KT is likely if Z = CH2

is replaced by Z = O, S or NR, but its magnitude

and direction are unknown. Still more intriguing are the

b-triketones (27) where three chief factors enter: endo- vs.

exo–C=C; competitive intramolecular hydrogen bonding;

and possible complications due to the nature of Z=O, S or

NH. In addition, much of the published (NMR) work

comes to conclusions that are all but unbelievable, and

computation might provide a counterweight. Finally, the

most important but least understood category in this col-

lection, the 5-membered ring 2-oxoheterocycles (35), poses

formidable experimental difficulties that have led so far

to its total neglect, and any clues that computation can

provide will be welcome.

The remainder concern NH/N tautomerism. Simple

annular tautomerism is missing since quite well charted,

and all apparent examples are really concerned with

something else. Tautomers (5B) and (5C) are almost evenly

balanced in water, but nowhere else; even a slight drop in

polarity, e.g. to aqueous ethanol, provides a rapid shift in

the direction of (5B), so I have felt this to be a potential test-

bed for solvational models. The extreme improbability of

iminol formation in xanthine (17) leaves annual tautomer-

ism in the imidazole moiety the only realistic subject for

study, and here the main test for computation is whether it

can detect the peri-NH/NH dipolar repulsion that must

make (17B) a much less likely proposition than (17F).

Again, the point of (28) ? (31) concerns the varying

electron-deficiency of the 5-membered rings, which as it

increases will, I believe, make the B-tautomer progressively

more favoured. Finally, while the diazepine (32) exists

overwhelmingly as the B-tautomer, this becomes anti-

aromatic in (33) and (perhaps less so) in (34), providing

a further way, along with (21) and (26), of assessing a

phenomenon which is known to be important but whose

quantification has proved elusive.
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Predicting error

Knowledge of when a value can be predicted with little

error and when it cannot provides valuable information

when these calculations are used to inform decision-

making. To test the ability of participants to predict the

error in their calculations they were asked to submit two

estimates of error for each molecule or tautomer pair in

addition to the predicted transfer energy or difference in

tautomer energy: an estimate of the standard error of their

method for that compound, and integer value from 1 to 5

representing their confidence in their prediction for this

molecule (5 indicating highest confidence).

Choosing appropriate metrics

Several common statistical measures were calculated for

each submission, and smooth bootstrapping was performed

to achieve a measure of the precision of these statistics

given experimental error. Mean and median raw error,

mean and median absolute error, and root mean square

error (RMSE) were calculated over every member of the

obscure set that was predicted. Additionally, a Kendall’s

Tau rank correlation was determined, as well as the slope,

intercept and R-squared for a linear fit to the data. Each of

these calculations was performed for the predicted values

against over 10,000 iterations of smooth bootstrapping on

the experimental values. Smooth bootstrapping involves

comparing the predicted values to the experimental values

over many iterations, where during every iteration a value

for each experimental data point was selected by adding

random noise to the experimental value. The noise was

chosen from a normal distribution with a standard devia-

tion equal to the experimental error. The aggregate results

for all rounds of bootstrapping were then used to determine

median and 95% confidence intervals for each metric.

Predicted error was compared to the actual error in

submitted predictions to determine participants’ accuracy

in estimating errors in their predictions. The differences in

error were calculated for a single submission by subtracting

the predicted standard error from the actual absolute error

for each prediction in the obscure set. Thus, a negative

error difference implies that the predicted error was larger

than the actual error, while a positive difference indicates

that the actual error was larger than the predicted error.

Similarly, the confidence estimates were compared to

the actual errors through the following treatment. The

mean and standard deviation of the actual absolute errors in

one submission were determined, and then each prediction

in that submission was assigned an error rank based on how

far the actual error was from the mean (see Eq. 5). The

cutoffs between ranks were designed such that each rank

would be assigned to 20% of the predictions if the absolute

errors were distributed normally (see Eq. 6). Thus, the

ranks were independent of the actual size of the error, and

depended only on the deviation in error from the mean

absolute error. These error ranks were then compared to the

confidence estimates using Kendall’s Tau rank correlation.

This correlation, and thus this analysis, was only valid in

Table 2 Tautomer pair energies for the obscure and explanatory

datasets

Tautomer pair Energy difference

(kcal/mol)

Error estimate

(kcal/mol)

1A_1B -4.8 0.3

2A_2B -6.1 0.3

3A_3B -7.2 0.3

4A_4B -2.3 0.4

5A_5B -4.8 0.5

5B_5C 0.5 0.2

6A_6B -9.2 0.4

6A_6Z -2.4 0.3

7A_7B 7 1.5

8A_8B -3 3

10B_10C -2.9 0.4

10D_10C -1.2 0.2

11D_11C -0.5 0.2

12D_12C -1.8 0.7

13D_13C 0.1 0.1

14D_14C 0.3 0.3

15A_15B 0.9 0.3

15A_15C -1.2 0.3

15B_15C -2.2 0.3

16A_16C 0.5 0.1

17A 11

17B 3.4

17C 8

17D 10

17E 6

17F 0

17G 8

17H 7

17I 8

17 J 6

17 K 8

17L [50

17 M [50

17 N [50

17O [50

Fig. 4 Structures for the obscure section (a) and explanatory section

(b) of the tautomer ratio challenge, along with the 15 tautomers

of xanthine (c), which was also part of the explanatory section.

(d) Tautomers in the Investigatory category of the challenge

b
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cases where the participant did not estimate the same

confidence value for all predictions.

ErrDevi ¼
ðAbsErri �MeanAbsErrÞ

StDevAbsErr
ð5Þ

ErrorRanki ¼

5 ErrDevi��0:8416

4 �0:8416\ErrDevi��0:2533

3 �0:2533\ErrDevi� 0:2533

2 0:2533\ErrDevi� 0:8416

1 0:8146�ErrDevi

8>>>><
>>>>:

ð6Þ

New metrics, derived from information theory, can

incorporate effects of differences in experimental error and

prediction confidence, and should provide a better measure

of the predictive value of a method. If the experimental

value (with experimental error) and the predicted value

(with either predicted error or a confidence estimate) are

interpreted as two probability distributions, these can be

compared using the Kullback–Leibler divergence (KLDiv,

see Eq. 7), which provides a measure of the loss of

information when an approximate probability distribution,

Q, is used in place of the true distribution, P. The KLDiv is

always greater than or equal to zero, and is zero only if

Q=P. The KLDiv between two gaussian distributions can

be calculated analytically given their respective means and

variances (Eq. 8).

KLDiv¼
Z

pln
p

q

� �
du ð7Þ

KLDiv¼1

2
2ln

errpred

errexp

� �
þ errexp

errpred

� �2

þ
Epred�Eexp

� �2

err2
pred

�1

 !

ð8Þ

The Kullback–Leibler divergence for each prediction

was calculated by considering the experimental value and

error as the mean and standard deviation of the ‘‘true’’

distribution, and the predicted value and predicted error as

the mean and standard deviation of the ‘‘model’’

distribution. In this case, the method performance

depends on the difference between the experimental error

and predicted error as well as the differences between

experimental value and predicted value. Thus a perfect

prediction would recreate the experimental value and the

experimental error, and predicted error smaller than

experimental error would result in a less favorable

KLDiv, even if the predicted value was equal to the

experimental value. To avoid ‘‘penalizing’’ situations

where the predicted error smaller than the experimental

error, in those cases the experimental error was used for

both standard deviations. A second calculation of the

KLDiv was performed using the experimental error as the

predicted error in all cases (Eq. 9). This provides a metric

that is only dependent on the differences between the

predicted and experimental values, yet factors in the effect

of differences in experimental error.

KLDivExpErr ¼
1

2

ðEpred � EexpÞ2

err2

 !
ð9Þ

The connection between the KLDiv and optimal betting

strategies provides a useful transformation of KLDiv into a

more numerically appealing metric, referred to here as

Expected Loss (ExpLoss, see Eq. 10). While attractive

scientifically as a measure of the distance between a model

and reality, the KLDiv faces the same numeric problems as

many other metrics, namely that is a number between 0 and

infinity. However, the exponential function of the negative

KLDiv represents the reduction in capital from optimal

betting on a predicted probability distribution rather than

the true probability distribution. This converts the range of

the KLDiv into the unit interval, resulting in a score

resembling a similarity score, where 1 indicates perfect

agreement with experiment. Another interesting feature is

that the exponential form provides an effective cap to the

penalty of any large KLDiv, providing a measure that is

much less influenced by a few large outliers. The average

of these values over all predictions is referred to as the

expected loss, and represents the expected performance of

the method on a future compound.

ExpLoss ¼ e�KLDiv
� �

ð10Þ

Results

Transfer energies

Participation

Participation in the transfer energy portion of SAMPL2

surpassed previous years, with 47 submissions from 13

participants. The methods used to generate submissions for

the transfer energy challenge were separated into three

groups: implicit solvent methods using a single conformer,

implicit solvent methods using multiple conformers, and

molecular dynamics simulations using explicit solvent

(Fig. 5).

Successful compounds

Over the entire set, half of the compounds were predicted

within 2 kcal/mol of the experimental transfer energy by

at least 75% of the submissions. With the exception of

uracil, all of these compounds had experimental transfer

energies of -11 kcal/mol or smaller. Only one of the mol-

ecules (uracil) with a transfer energy more negative than

-11 kcal/mol was predicted with this accuracy, compared to
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all but two of the molecules with transfer energies less

negative than -11. Sulfolane and diflusinal were the only

poorly predicted compounds in this range, while every

member of the paraben series, the ibuprofen series, and

pthalimide, naproxen, and acetylsalicylic acid were accu-

rately predicted (Fig. 6). An example of the distribution of

predictions is shown for ethyl paraben in Fig. 7.

Problem compounds

The sugars D-glucose and D-xylose, as well as glycerol

from the explanatory set, were both hydroxyl-rich and the

most flexible compounds in SAMPL2. The transfer ener-

gies of both sugars and glycerol were under-predicted on

average (see Fig. 8). In addition to the conformational

complexity of the sugar rings, rotations of the many

hydroxyls in these compounds can lead to large swings in

the predicted transfer energies. This conformational com-

plexity can be problematic for both implicit solvent models,

where choice of one or a few conformers may skew results,

and dynamics-based calculations, where adequate sampling

may be difficult to achieve. Furthermore, the initial

reported value for glycerol was be inaccurate. The first

value was derived from experimental measurements of

glycerol that were performed more than 70 years ago, and

subsequent measurements have moved the experimental

value closer to the average prediction.

Uracil and its several halogenated derivatives were

somewhat overweighted in the obscure set, forming over

30% of the blinded molecules. Accurately capturing the

Fig. 5 Chart illustrating the distribution of methods used for the

transfer energy portion of SAMPL2

Fig. 6 Structures of the

compounds that were well

predicted by a majority of the

methods. Uracil is the only

compound with a transfer

energy more negative than

-11 kcal/mol
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trend in the transfer energies of the uracil series proved

difficult for many methods, and success on the uracils was

a large component of overall metrics. However, even

methods that had low absolute error on the uracil set

did not do well at rank ordering the compounds. Most

methods consistently under-predicted transfer energies for

this series, as exemplified in the histogram of raw errors in

predictions for 5-bromouracil (Fig. 9).

While not part of the obscure set, the two heavily

chlorinated members of the explanatory set proved

important in revealing missing polarization effects in most

methods. Although experimental values were provided for

these compounds, many participants submitted unmodified

predictions. Thus both hexachlorobenzene and hexachlo-

roethane were largely predicted to have positive transfer

energy even though their experimental transfer energies are

negative. The average prediction for each compound was

over 2 kcal/mol higher than the reported value. These

small molecules have no dipole moment, and so the driving

force for a favorable interaction with water seems to be

their large propensity for polarization imparted by the

many chlorine atoms. Most methods underestimate this

contribution.

Cyanuric acid, which has twice as many nitrogen and

oxygen atoms as it does carbon atoms, appears to be a

molecule that interacts readily with water on visual anal-

ysis. However, the initial value of the experimental transfer

energy for cyanuric acid was the most positive of the

obscure set, at -6.44 kcal/mol. Perhaps unsurprisingly,

cyanuric acid originally proved a large outlier for every

prediction method, with an average error in prediction of

over 10 kcals/mol. However, the predictions of cyanuric

acid were primarily in the -16 to -20 kcal/mol range (see

Fig. 10), and overall the predictions of the field showed

less variation than four other compounds that were pre-

dicted with greater accuracy yet less precision. The initial

value was in error and the correct experimental value was

-18.39 kcal/mol, which falls roughly in the center of the

predicted values.

High variance compounds

High variance in the predicted results was another indicator

of difficulty: D-glucose, D-xylose, caffeine, and diflunisal

Fig. 7 Cumulative histogram of absolute error in transfer energy

predictions for ethyl paraben. Over 60% of predictions were within

1 kcal/mol of the experimental value, and over 90% were within

2 kcal/mol

Fig. 8 Cumulative histogram of the absolute error in D-glucose

predictions. Half of the predictions have errors of 6 kcal/mol or

greater

Fig. 9 Distribution of raw errors for predictions of 5-bromouracil.

Note the heavy preponderance of positive raw errors, indicating that

almost all predictions were more positive than the experimental value
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all had raw error standard deviations of 3 kcals/mol or

greater, while cyanuric acid had a raw error standard

deviation of just less than 3 kcal/mol (see Fig. 11). The

average error and standard deviations for each of the sugar

compounds were roughly equivalent: 5.5 kcal/mol for

D-glucose and 4.2 kcal/mol for D-xylose. Perhaps unsur-

prisingly for these flexible molecules, predictions of these

compounds had the highest variance of any compound in

SAMPL2, likely due to issues of conformation choice or

the difficulty in achieving complete sampling. More sur-

prising were the high standard deviations for diflunisal

(3.3) and caffeine (3.2), despite having smaller transfer

energies and only one and zero rotatable bonds respec-

tively. The average raw errors for these compounds were

less than 1 kcal/mol, implying the predictions as a whole

were accurate but not precise. This is especially surprising

for caffeine, which despite similarity to the uracil series,

was predicted with less error but greater variance.

Method comparison

There was tight clustering among the top-performing sub-

missions, with 10 submissions having a median absolute

error within the 95% confidence interval of the submission

with the lowest error. The best-performing submissions of

each type of method performed within error of each other

when compared by several metrics with one multi-

conformer implicit solvent submission edging out the

others. As shown in Fig. 12, the 95% confidence intervals

of the median absolute error overlap for the best submis-

sions using implicit solvent with single or multiple

conformers, as well as MD simulations using explicit sol-

vent treatments. When RMSE, a metric subject to bias from

a small number of large outliers, is used, the methods are

separated more, with the overlap in confidence intervals

nearly eliminated between the multi-conformer implicit

solvent method and the other approaches.

Tautomer ratios

Participation

The 20 submissions from the 7 tautomer ratio participants

were all implicit solvent calculations combined with QM or

DFT to calculate the energy difference between tautomers;

mostly methods employed a single conformer of each

tautomer, with only three submissions using multiple

conformations.

Problem compounds

Although the relatively small obscure set of the tautomer

ratio challenge contains almost exclusively examples of an

amide-iminol tautomerization, submissions consistently

incorrectly predicted only one of these pairs. Case 4 of the

obscure set had a mean raw error of almost 3 kcal/mol, but

all of the other similar tautomer pairs had mean raw errors

within 1 kcal/mol. Given that the experimental value was

Fig. 10 Distribution of predictions for cyanuric acid. The reported

experimental value was -6.44 kcal/mol, which was later revised to

-18.06

Fig. 11 Comparison between prediction error (offset) and prediction

variance for all transfer energy submissions

Fig. 12 Performance of submissions from each method type with the

smallest error as measured by median absolute error (MAE) and root

mean squared error (RMSE). Asterisks denote where the lowest MAE

and RMSE were obtained by different submissions
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-2.30 kcal/mol, this meant the average prediction favored

the tautomer that was higher in energy.

Obscure set (P. J. Taylor)

These comprise compounds (1–6). The tautomeric ratios

for these compounds are known with exceptional accuracy,

so that I have felt justified in applying very strict criteria to

the notion of ‘‘success.’’ In the event, a gratifying number

of attempts have passed with flying colours.

Eight equilibria are involved, seven of which proved

tractable. Three methodologies from the Luque group gave

really excellent results, expressed as D log KT = log KT

(calc) - log KT (obs):

334 : 0:2� 0:2ðn ¼ 7Þ
338 : �0:05 � 0:2ðn ¼ 6Þ
335 : �0:1� 0:4ðn ¼ 6Þ:

Methodologies 320 (Klamt) and 330 (Luque) also

receive honourable mention. Of this set, 334 wins by a

head through its unique ability (320 comes second) to fit

the process 6A ? 6Z in which a zwitterion is formed—I

have to confess I never expected anyone to get this right, so

I have to grovel. Almost as impressive is the ability of all in

this set but 320 (338 comes closest) to get almost the right

answer for 5B ? 5C, whose huge difference in dipole

moment—2.24D and 7.50D, respectively for the fixed

NMe forms—helps to demonstrate the solvational

problems that any calculation has to face. To emphasise

this point, as ethanol is added to water the proportion of 5C

rapidly diminishes, to the extent that, in pure ethanol, it

becomes invisible. Given that 334 predicts equimolar

proportions of 5B and 5C it may also be of interest that this

ratio is attained when electron donor 2-substituents (NH2,

OEt) are present.

Except for certain methodologies (332, 336) which

persistently overpredict log KT, none come near to getting

it right for 4A ? 4B. Typically, the expected ‘‘quinonoid

penalty’’ comes out at D log KT - 3.5 to -4, or about

double its real value in free energy terms. Again, this of

course is for water; it may well be greater in less polar

media. There is one intriguing exception. For 1, 2, 3, 4,

5A ? 5B and 6A ? 6B, method 319 overpredicts log KT

by 2.8 ± 0.3 (n = 6); that is, all including 4 are overpre-

dicted by about the same amount. Is there any obvious

reason for this, some aspect of the calculation whose

removal could lead to more accurate prediction?

Some of the trends revealed have considerable chemical

interest:

(i) One oddity revealed by experiment is that benzofu-

sion with N in the b-position to the position of ring

fusion has a much larger effect than with N in the

a-position in enhancing KT, and this is now backed up

by calculation. The oddity is that, on any simple

chemical argument, the opposite would have been

expected. Does any feature of any calculation throw

light on this? Or are such calculations essentially

impenetrable? In case this helps it is interesting to

note, for 1–3, that most of the change in pKa on

benzofusion attaches to the amide tautomer; the

iminols (strictly, a-OMe forms) show little difference.

(ii) The considerable enhancement in KT in going from 3

to 6, bucking the usual trend that electronegative

substituents reduce this, is plausibly attributable to

lone pair repulsion between the aza-nitrogen atoms

of 6A. (Sceptics on lone pair repulsion are welcome

to put forward alternative explanations!). So is

formation of 6Z, another way of relieving it.

(iii) On a personal note, it is very gratifying to find log KT

6.8 for 6, which I have derived by the use of

correction factors, preferred by calculation to the

published 7.8: 6.5 ± 0.5 is found for the five chosen

methodologies highlighted above. The original

investigation was one of the most complex ever

carried out (M. J. Cook, A. R. Katritzky, A. D. Page

and M. Ramaiyah, J. Chem. Soc., Perkin Trans 2,

1977, 1184) and its re-examination was something of

a nightmare.

Xanthine analysis (P. J. Taylor)

The 15 xanthine tautomers specified and predicted in the

poster by Szegezdi and Csizmadia [76] were assessed in 16

sets of calculations, all relative to 17F taken by me as the

dominant tautomer on well researched experimental evi-

dence. It is clear that not all the original calculations were

intended to be taken seriously and we may start by elimi-

nating the total no-hopers: 17D and 17E as iminols and

quinonoid; 17J, 17M and 17N as possessing a double dose

of one or the other. Nevertheless I consider later certain

other no-hopers which might in principle throw light on the

(small) degree of iminol formation present. I concentrate

on methodologies 334 and 301 since, at this stage, these

have appeared the most efficient at handling lactam

tautomerism.

The only viable rival to 17F is 17B, placed second at

33% by Szegedzi and Ciszmadia, but nobody assessed it as

actually the more important, though for 301 these tau-

tomers were evenly balanced, while 334 predicts 20% of

17B. Most other calculations clustered around DG * 1.5,

i.e. about 10% of 17B, which cannot be discounted on

present experimental evidence, though I hope to have some

later opportunity to describe the strong circumstantial
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evidence that points to log K ca. 2.5 in favour of 17F

(DG * -3.5). The ‘basicity method,’ employed on fixed

NMe tautomers at N-7 and N-9, would sort this problem

out with ease (and without the need for any correction

factor!).

Simple iminols fall into two groups, according to the

position of the imidazole proton. For H at N-7 as I propose,

these are 17G and 17I for 2-OH, or 17H for 6-OH. For 334

and 301, 17G is disfavoured by log K - 6.2 and -6.7

respectively, while 17I is disfavoured by ca. -8.4 for both.

This is quite an interesting result, in that 17I is likely to be

less stable than 17G through the effect of annular tau-

tomerism between N-1 and N-3, probably about D log

K * 1 in favour of 17G (the countervailing effect of the

peri-lone pair interaction in 17G should be small). These

estimates compare with mine of log KT 5.8 that results

from applying basicity corrections to the published work

on uracil; xanthine as less ‘aromatic’ should give a slightly

higher value. The values predicted by 334 and 301 for 17H,

-8.1 and -8.4, respectively, are anomalous in being

higher than for the 2-position (my estimate for uracil, log

KT 4.6, reflects its character as formally imide carbonyl),

but a peri-interaction in the amide tautomer between C=O

and NH may help to account for this, though I have diffi-

culty in believing that it could be so great.

For H at N-9, the corresponding values of log K for

334 and 301 are -4.6 and -6.2 in the case of 17C, -9.9

and -9.3 in the case of 17A, and -7.8 and -8.7 in the

case of 17K. The proton switch for the imidazole moiety

should be favourable for 17C, have no effect for 17A,

and be favourable for 17K. The first prediction is ful-

filled but the others are not; there is essentially no dif-

ference between 17H and 17K, while 17A is more

disfavoured, for 334, than the di-iminol 17O, though

301, at log K - 12, registers the most negative value for

either methodology in the set. It may be recalled that,

according to the calculations of Szegezdi and Csizmadia,

17A should be the most important tautomer, with about

60% of the total.

As noted above, the values of log K for 17G predicted

by 334 and 301 look reasonable in the light of a postulated

log KT 5.8 for the corresponding position of uracil, and

while those predicted for 17H look too great on parallel

grounds, this may be an unexpectedly large effect of ring

fusion so cannot be ruled out a priori. More important is the

apparent insensitivity of these methodologies and possibly

all to the disfavoured peri-interaction involving two NH’s,

especially when contrasted with the apparent over-reaction

of all methodologies bar 301 to that between contiguous

NHNR (or NHO) in compounds 10–16 above. Is it possible

that these entail in actuality different types of specific

interaction with water molecules, which continuum models

unfortunately fail to pick up?

Method comparison

One submission combining extremely high-level quantum

calculations with an implicit solvent model outperformed

all other submissions, while the rest of the top-performing

submissions were tightly clustered with similar levels of

error.

This application of an MP2 complete basis set extrap-

olation and electron correlation correction derived from the

differences between MP2 and CCSD levels of theory

resulted in a bootstrapped MAE of 0.47 and RMSE of 1.1.

However, the 95% confidence interval of many of the other

submission overlapped with that of the top-performing

method.

Predicting error

For both the transfer energy and tautomer ratio sections of

SAMPL2, participants were asked to estimate the error in

their predictions in two ways: by predicting the standard

error and by assigning an integer confidence value from 5

to 1. Predicting which molecules would be large sources of

error for their methods, either directly or by assigning a

confidence value, was difficult for most participants. Many

participants assigned one error or confidence value to all

predictions, often based on previous performance. Only a

little over a quarter of submissions included differing val-

ues for error or confidence estimates. Additionally, several

of the participants who used MD methods reported sam-

pling errors as predicted error, which were much smaller

than reasonable error estimates.

Comparison of predicted error and the actual absolute

error reveals that over half the submissions had average

errors within 1 kcal/mol of the predicted errors (Fig. 13).

However, when compared to the cases where participants

actually attempted to predict different error values for

different molecules, the difference in error skews higher.

This may be biased by the small error estimates from many

of the MD submissions. Comparison of the average error

difference to the median (Fig. 14) reveals that most of the

submissions had a few large discrepancies between pre-

dicted and actual error, which shifts the means to higher

values than the medians.

Correlation between confidence and actual error was

explored by placing molecules into 5 bins based on the

deviation of each actual error from the average error (see

Eqs. 5 and 6 in Methods). In this way, the correlation to

estimated confidence is independent of the overall perfor-

mance of the submission, and depends only on the variance

in performance within the submission. Almost half of the

20 submissions that included varying confidence estimates

showed little, no, or even negative correlation between the

predicted confidence and the extent actual error that
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occurred in the prediction deviated from the average error.

In a few cases a reasonable correlation did exist, with 3

submissions having a correlation greater than 0.5 (see

Fig. 15). These three submissions were from two different

participants using different types of methods (MD with

explicit water versus QM charges with implicit solvent),

and high correlation between the predicted confidences for

these two participants indicate they both identified mole-

cules that were difficult independent of the method used.

Discussion

The results of this blind assessment of the state of the field

for transfer energy and tautomer ratio prediction both

indicate where we are performing well and point out flaws

in current methods. As is often the case, the difficult

compounds provide the most information about where our

methods require improvement.

State of the field: transfer energies

Analysis of the degree of agreement in predictions of the

top-performing methods indicates overall the field does

well on most compounds. It is striking that there is a clear

distinction in the good performance on compounds with

smaller transfer energies and the poor performance on

those with larger energies. This may be a reflection of the

lack of dynamic range in available and widely used transfer

energy datasets, or the experimental problems that arise

when dealing with compounds with such large transfer

energies. Of the difficult cases some, such as caffeine and

diflunisal, are characterized by large variations in the pre-

dictions, which occur even when the values are evenly

distributed around the experimental value. However, other

examples exist where the spread in predictions is small, but

is significantly offset from the experimental values, as seen

for many of the uracil derivatives. While the consistent

offset seen in the uracils may indicate a systematic error

either in theory or in measurement, the large variance of

predictions, especially for a rigid molecule like caffeine, is

more difficult to interpret.

Although we can’t examine the average raw error for the

investigatory set, the variance in their predicted values may

shed some light on their predictive tractability. As dis-

cussed previously, low variance in predicted values was a

necessary but not sufficient criterion for good prediction.

Fig. 13 Histogram of the mean difference between predicted errors

and actual absolute errors for all submissions. Those submissions

where the participant varied their predicted error are indicated in red

Fig. 14 Histogram of the median difference between predicted errors

and actual absolute errors for all submissions. Note that the median is

shifted towards smaller differences than the mean

Fig. 15 Histogram depicting the correlation between predicted

confidence and the actual error that occurred. Note this can only be

calculated in cases where the participant submitted varying

confidences
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The standard deviations of predicted values were less than

2 for only four of the investigatory compounds (see

Fig. 16): thiazole, oxazole, isothiazole, and trifluoromethyl

phenyl sulfone. Average predicted transfer energies for

these compounds were all smaller than -6, well within the

range of good performance in the obscure set. These

compounds might provide desirable targets for future

experimental measurement. Unsurprisingly, predictions for

all of the phosphorous-containing molecules had high

standard deviations, as did many of the compounds with a

sulfur atom, likely due to problems with accurate partial

charges or solvation radii, or due to polarizability.

The best performing submissions of all four methods

highlighted in the SAMPL1 overview [6] achieved an

average RMSE almost 1 kcal/mol lower against the

SAMPL2 obscure set than obtained last year (see Fig. 17).

This improvement in prediction accuracy from SAMPL1 to

SAMPL2 is likely a result of both improvements in

methods and differences in difficulty between the mole-

cules (Refs to other SAMPL2 papers). The SAMPL2

obscure set, at 23 molecules, is half the size of the

SAMPL1 set, whose 56 compounds were drawn primarily

from pesticides, and contains only one sulfur-containing

and no phosphorous-containing compounds. The SAMPL1

set had 26 molecules containing either a sulfur or

phosphorous atom, including 14 structures with both

elements in addition to many with several conformation-

dependent polar interactions. These factors likely contrib-

uted to the average decrease in RMSE from SAMPL1 to

SAMPL2. The all-atom MD method applied by Mobley

et al. which was executed using exactly the same protocol

as the submission to SAMPL1, showed a 0.8 kcal/mol

RMSE improvement on the SAMPL2 obscure set. The

other three methods, which likely included modifica-

tions from the previous year’s submissions, had varied

improvements from *0.3 kcals/mol for ZAP, a PB/SA

approach to about 1.4 kcals/mol for the FiSH methodology.

The larger reductions in RMSE were likely at least partially

due to improvements in the methods, while the smaller

improvement in ZAP may be due to the fact that the ZAP

submission in SAMPL1 omitted some of the most complex

molecules for which required QM calculations did not

finish [7]. It should be noted that the bootstrapping pro-

cedure, when performed on a ‘‘perfect’’ submission using

the experimental values as predicted values, resulted in a

bootstrapped RMSE of almost 0.18 kcals/mol, while

averaging of all the predictions performs quite well,

returning a bootsrapped RMSE of 2.18 kcal/mol.

Uracils were very prevalent in the SAMPL2 obscure set,

and were some of the more difficult compounds. Interest-

ingly, there were two cases of uracil derivatives in the

SAMPL1 set, and these showed surprising differences in

experimental transfer energies to the uracils in SAMPL2

(Fig. 18). While all the uracils in SAMPL2 had transfer

energies between -15 and -19 kcal/mol, the two

in SAMPL1 had experimental values of -9.73 and

-11.14 kcal/mol. Each of the uracil derivates in SAMPL1

had two additions relative to the comparable uracil in

Fig. 16 Four compounds with unknown experimental values were

predicted with standard deviations under 2 kcal/mol

Fig. 17 Performance comparison between transfer energy portion of

SAMPL1 and SAMPL2 for methods which were used in both

challenges

Fig. 18 Comparison between the two uracil analogues in SAMPL1

and the comparable molecules in SAMPL2
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SAMPL2: a methyl group and a large, bulky, butyl group

(sec-butyl and tert-butyl, respectively). Although these

additions would certainly result in a less negative transfer

energy, the experimental values were shifted by 8.4 and

6.6 kcals, which may be unduly large. Although the

experimental values in SAMPL1 could not be traced back

to reports with experimental details, and thus been assigned

large uncertainties of 1.93 kcal/mol, this discrepancy in

experimental values is particularly interesting given the

uracil series as a class was generally predicted to have

more positive energies by the field.

State of the field: tautomer ratios (P. J. Taylor)

Tautomer preference, let alone tautomer ratio, was for

decades a minority interest among chemists and the main

incentive for investigating either has come from the bio-

logical interface. J. D. Watson has described, in ‘The

Double Helix’ (1968), how elucidating the structure of

DNA was held up for years by the attempt to fit its binding

pattern to the wrong tautomeric match. Even when chem-

ists knew that, e.g. ‘2-hydroxypyridine’ as required by the

systematic chemical nomenclature of the time did not fit

the facts, they often failed to explain it to biochemists and

others on the assumption that it did not matter. And, before

the development of modern physical methods, tautomer

preference was infernally difficult to establish. Tautomers

are slippery customers. Chemical methodologies known to

be reliable elsewhere are liable to fail spectacularly for

compounds with mobile protons; for example, 2-pyridone

on methylation gives mostly 2-methoxypyridine. Mecha-

nistic theories of chemical reactivity were simply not well

enough developed, till the 1950s, to explain this apparent

paradox. Even physicochemical methodologies can some-

times be fooled; for example, tautomer interconversion is

generally too fast for NMR time-averaging to handle. And

physical chemists, who like to work with ultrapure com-

pounds of unequivocal structure, have tended to shun this

messy field.

So the subject has been left to physically minded

organic chemists. For quantitative results the work is time

consuming and a lot of preliminary synthesis may be

involved. It is scarcely surprising if few such investigations

have been duplicated, hence conventional statistics can

rarely be employed. When I started to collate the known

information I had no idea what I would find. However,

there has been a heartening and quite unexpected devel-

opment. I have explained elsewhere how model compound

pKa values frequently fail to reproduce those of the (usually

unobservable) minor species they are supposed to model,

so that I had to start by deriving correction factors based,

for the most part, on compounds for which the typically

minor tautomer had, for some reason, become the major or

at least a comparable one. In some of these cases, if not in

all, it is possible to apply statistics to the correction factors.

When their use then produces a sharp improvement in the

regularity of incremental effects, e.g. for benzofusion, it

becomes difficult to believe this regularity to be accidental,

which helps to generate confidence in the original data: the

Reverend Thomas Bayes and his ‘‘bundle of sticks’’ comes

to mind. Or so I personally believe.

It is a fortunate fact, though not a coincidence, that most

quantitative work has been carried out in aqueous solution.

It is now becoming widely accepted that computation, to be

of most use, will have to address the problem of solvation

by water. At the same time I find it encouraging that at

OpenEye, at least, experiment is understood to be the stone

on which computational methodologies have to be sharp-

ened and that more experimental results are needed, care-

fully chosen to plug the gaps. If this advice is heeded I

think we should be in for a very fruitful time.

Information-based metrics

Most metrics (e.g. RMSE, MUE) applied to predictions are

pure comparisons between the actual (experimental) value

and the predicted value, often ignoring experimental error.

However, every reputable experiment has error bars to

describe the precision with which the experiment was per-

formed. Predictions likewise can have an associated error,

whether through simple estimation of confidence or more

rigorous calculations of the propagation of error. Both

experimental and predicted error provide important guid-

ance on how much trust to place in either value. Metrics

derived from information theory incorporate experimental

error and value more accurate a priori assessments of the

error in predictions, which are of importance whenever

predictions are used to advise costly decisions. Consider the

case of the prediction of an experimental value that is off by

0.5 kcals/mol. If the experimental measure has tight error

bars, it is clear the prediction is incorrect. Alternatively, if

the experiment has large error bars it is not clear that the

prediction is inaccurate, in fact it is a successful prediction

within the limits of what is known experimentally. Simi-

larly, consider two predictions, one estimated to have high

confidence and one with low confidence. If they are both off

by a large amount, clearly the prediction with low confi-

dence was superior. Both of these examples demonstrate

situations where information-based metrics would favor the

more useful case while commonly used metrics would not

distinguish between the two.

The information-based metrics used in this study iden-

tified a few submissions with better performance than was

evident by more conventional metrics. The inclusion of

effects of error estimates (experimental and predicted) as

well as the capping effect of the functional form of
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Expected Loss leads to a significantly different measure of

performance. This is indicated by the low correlation

between Expected Loss and Mean Absolute Error. In fact,

the fourth-best method by Expected Loss (the red datapoint

in Fig. 19) is an explicit solvent submission with a mean

absolute error of greater than 2 kcal/mol. We believe that

information-based metrics are fundamentally appropriate

for measuring performance in the computational chemistry

field, and would precipitate a needed evaluation of error in

our predictions.

Challenge to experimentalists

A prerequisite to improvement of computational predic-

tions is the existence of high-quality experimental data to

which our calculations can be compared. This challenge

has, over the past 3 years, highlighted the need for further

measurements of transfer energies. The number of mea-

sured transfer energies is thought to be less than 2,000.

Many of these are well known to computational chemists,

and compose training and test sets for the development of

current methods, making them unsuitable for a blind

challenge. Therefore, construction of this challenge

required extensive examination of literature to obtain val-

ues for compounds likely not to have been used in

parameterization of existing methods. The scarcity of

recent experimental data requires delving further and fur-

ther into older publications, which can leave questions

about the quality of data relative to current techniques, and

result in the use of obscure or unusual molecules. When the

experimental values are not directly measured, there is

always uncertainty in the veracity of the experiments.

Additionally, the prospects of finding existing yet unknown

or inaccessible data are becoming increasingly bleak in the

information age. This shrinking pool of candidates for

blind challenges hampers the ability to test methods and

creates a temptation for over-parameterization to boost

performance against known data. Due to the paucity of

existing, blinded data, our ability to improve the field

through events like SAMPL will be severely hampered

without new data.

Results from this challenge demonstrate that current

methods perform much better on compounds with smaller

transfer energies, and the range of good performance

overlaps well with the energy range of most known transfer

energies. To expand the useful range of these computa-

tional methods new data is needed on a wider variety of

molecules. Experimental data from specific types of com-

pounds are necessary to continue to extend and improve

existing methods. Rather than small, monofunctional

compounds, which comprise a majority of the known

transfer energies, measurements for drug-like molecules or

pollutants could expand the breadth of available data and

provide further challenges to prediction methods. Ideally,

new data might also span a series of similar compounds

with changes in functional groups, providing comparisons

that could test specific aspects of methods or probe intra-

molecular interactions of functional groups.

The predictions of compounds for which experimental

data does not yet exist, along with the cases where pre-

dictions brings the experimental data into question, provide

clear opportunities for experimentalists to enter into the

debate. Predictions made in this challenge for the transfer

energy of thiazole, isothiazole, and oxazole had relatively

low variance, and were predicted within a range that should

be accessible to experimental measure. Alternatively, many

molecules in the investigatory set had large variations in

predicted transfer energies, providing an opportunity for

experiments to provide data on compounds that could

differentiate between current methods. Lastly, there is an

opportunity to examine cases where calculations do not

agree with potentially questionable experimental results.

These instances provide the possibility of either correcting

an erroneous value in the published literature or proving an

important shortfall in current methods. Even in this work,

computational results led to a re-examining of several of

the experimental values, sometimes resulting in corrections

to values as seen in Table 1.

Conclusion

We must walk before we can run. If computational

chemistry, as a field, is ever to be able to predict solubil-

ities, binding affinities or other critically important physi-

cal properties, we must first assess our ability to predict

more fundamental values. This requires continued critical

Fig. 19 Comparison of Mean Absolute Error with the information-

based Expected Loss metric. Note the Expected Loss with Experi-

mental Error incorporates information about experimental error, not

predicted error

J Comput Aided Mol Des (2010) 24:259–279 277

123



evaluation of our methods, ideally through blind predic-

tion, against experimental data unknown to the partici-

pants. Significant advancement will only be possible with

ongoing measurement of new experimental data for rele-

vant and informative compounds.

The results from SAMPL2 highlight the success and the

shortcomings of current methods for transfer energy pre-

dictions. We expect that the proper application of any of

the following seven methods (All-atom MD [77], multi-

conformer implicit solvation models such as COSMO-RS

[78] and EPIC [79], and the FiSH [80], IEF-PCM [81],

SM8 [8], or ZAP [82, 83] implicit solvation methods which

used single conformers) should lead to, with 95% confi-

dence, transfer energies predictions within 2.0 kcal/mol of

the experimental value for new unknowns. However, the

average error for each of these methods has a greater than

95% chance of being larger than 1 kcal/mol, indicating

there is still room for improvement.

We expect that if you want to reliably calculate tautomer

ratios with an error of less than 1.5 kcal/M, you should

calculate the gas-phase electronic energy difference with at

least MP2/pVDZ level of theory. Using a complete basis

set extrapolation with higher levels of electron correlation

was able to push the error below 1 kcal/mol with 95%

confidence. Because the tautomer challenge involved only

a few similar transitions, it is difficult to draw general

conclusion about tautomer prediction from this exercise

alone. For the aqueous transfer portions of the thermody-

namic cycle, several solvation models may prove reliable

(vide supra), but the methods of Luque [81], Klamt [78],

and Kast [84] have all been demonstrated to perform

equivalently well.

SAMPL3 will occur in the fall of 2010 with further pro-

spective evaluations. We plan to again have a transfer energy

component to the challenge, although availability of blinded

data for suitable compounds will likely again be a limiting

factor. Additionally, there will be a component to SAMPL3

derived from a significant amount of data related to frag-

ment-based drug discovery. More details can be found at the

SAMPL website (sampl.eyesopen.com), and all groups are

welcome to participate. We believe that only through con-

tinued blinded, public evaluation and analysis of our meth-

ods can we perceive and promote improvement in our field.
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