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Healthy skepticism: assessing realistic

model performance

Scott P. Brown, Steven W. Muchmore and Philip J. Hajduk

Structural Biology, Abbott Laboratories, 100 Abbott Park Road, Abbott Park, IL 60064, USA

Although the development of computational models to aid drug discovery has become an integral part
of pharmaceutical research, the application of these models often fails to produce the expected impact
on productivity. One reason for this may be that the expected performance of many models is simply not
supported by the underlying data, because of often neglected effects of assay and prediction errors on the
reliability of the predicted outcome. Another significant challenge to realizing the full potential of
computational models is their integration into prospective medicinal chemistry campaigns. This article
will analyze the impact of assay and prediction error on model quality, and explore scenarios where
computational models can expect to have a significant influence on drug discovery research.

Introduction

Computational modeling has become a routine scientific tool for
gaining quantitative insight into potentially nonobvious relation-
ships in relevant systems across a wide variety of disciplines [1].
When adequately developed for prospective application, compu-
tational models have the potential to produce tangible savings of
time and money by systematically improving research efficiency.
In industrial drug discovery, the use of computational modeling
can have positive impact on research objectives in a variety of
ways. [llustrative examples are the early identification and triage of
problematic compounds before investing substantial research
costs, or when improved decision-making translates directly into
productivity gains for molecule selection during lead-optimiza-
tion (LO) campaigns.

Unfortunately, one could argue that the full potential of
computational modeling as a routine investigative tool in indus-
trial drug discovery has been largely unrealized. There are sev-
eral possible reasons for this, as model construction and
assessment can be a challenging task with significant obstacles
and pitfalls [2]. A particular challenge is defining the context
within which a model can be expected to produce reliable
answers. This has to do not only with the range of diversity
(chemical or otherwise) within which the model can be con-
sidered valid (the ‘applicability domain’), but also with the
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expectation or probability that the predicted results will actually
influence decision-making. Thus, even when computational
models have been ‘validated’ using conventional statistical
approaches, their prospective application to naive datasets or
to address particular challenges may be inappropriate. While a
range of statistical parameters can be applied to assess model
performance (e.g. correlation coefficients and mean absolute
errors), what is often overlooked is the impact of random error
in the underlying data on which the model was built. Although
this is a well-documented phenomenon [3], it is rarely addressed
in the majority of papers that describe the assessment of pre-
dictive models in the life sciences. In fact, the authors are aware
of only a few examples of publications that attempt to address
these issues [4,5]. Ignoring these issues can lead to unrealistic
expectations for model performance.

To explore the impact of errors in validation data, an analysis is
presented here with the intention of addressing issues relating to
realistic expectations of model performance that are consistent
with the quality of the underlying data. First, historical data of
measurement errors in binding-affinity assays are presented,
which was acquired in the course of performing drug research
at Abbott Laboratories. This allows the selection of a meaningful
error estimate for investigating the effects of error as they relate to
the performance of a computational method. The results of this
analysis lead to some straightforward empirical rules-of-thumb for
understanding the impact of error on model performance. Next,
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two hypothetical scenarios are constructed in which computa-
tional model is deployed to identify active molecules, and postu-
late a set of reasonable requirements for the method to realize
systematic impact on research in drug discovery.

Assay error and correlations with experiment

One of the common approaches to assessing the quality of a model
that predicts a measurable property (e.g. compound potency) is to
measure the correlation of the predicted and experimental values
using the Pearson product-moment correlation coefficient [6], R.
Possible values of R span the interval [-1, +1], and are independent
of the slope of the regression. Values lying toward either end of the
range, that is |R| > 0.8, indicate a high degree of correlation (either
negative or positive) between datasets, which are typically taken to
be reasonable evidence for good model performance. Absolute
values less than 0.5 suggest that there is little correlation in the
data. The square of the correlation coefficient, R?, is known as the
coefficient of determination, and reflects the fraction of the var-
iance along the one axis that can be accounted for by the variance
present along the other axis. There are, of course, many other
statistical measures researchers have employed; however, the use-
fulness and interpretability of these performance measures will
crucially depend on the influence of both experimental measure-
ment error and prediction error from the model. In what follows, a
strategy will be outlined for understanding the influence of error
on measures of model performance and give some recommenda-
tions to aid future research.

A first step is understanding the impact of experimental assay
error on model quality and predictive ability. To do this requires an
estimate of the typical errors one might expect to encounter with
the experimental measurement of binding affinities for industrial
drug research. To produce an estimate for a probable value of such
an error, we analyzed data for over 65,000 compounds from our
corporate repository for which multiple measurements of activity
against the same target were available, thus allowing standard
deviations to be calculated. In assembling these data, the results
were restricted to include only assays used to measure binding
affinities or inhibitory activity of small-molecule ligands against
protein targets. Shown in Fig. 1 is the resulting distribution of assay
measurement standard-deviation values, which can be reasonably
approximated by a Gaussian fit (red line).

The median error for this distribution is approximately 0.3 log
units (corresponding to a factor of 2 in ICsq value), which is in
good accord with the expected variability of a well-performing
assay [7]. Given this estimate, it is straightforward to incorporate
an expected variability in assay measurements for a given dataset
solely because of the presence of experimental error. This approach
is illustrated in Fig. 2 for a simple Pearson correlation. For this
analysis, sets of hypothetical data were constructed with a defined
number of points evenly distributed over a given number of log
units. New values for the entire dataset are then sampled by adding
Gaussian noise to each data point, after which the corresponding
Pearson correlation is calculated and the process repeated. To
illustrate the procedure, ‘snapshots’ of this process for three dif-
ferent datasets are shown in Fig. 2a, with 4 (black), 20 (green), and
50 (red) data points (all initially distributed evenly over 2 log
units). When this process of sampling and resampling is simulated
many times, it produces a range of Pearson correlations. Shown in
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FIGURE 1

Plot of the fraction of assay measurements having a given standard deviation,
in units of the negative logarithm of the measured ICs, value, or pICso. Results
were obtained from in-house assay data on over 65,000 compounds. The
distribution is reasonably approximated by a Gaussian (red line) with

o =0.20.

Fig. 2b is the variability derived based solely on the spread induced
by a 0.3 log-unit error. The median values and breadth of these
distributions obviously depend on the number of data points, as
well as on the number of log units over which the points are
distributed.

It can be seen from Fig. 2b that the range of possible correlation
coefficients for 20 data points (green line) distributed over 2 log
units typically varies from 0.7 to 0.9. This has immediate utility in
assessing realistic model performance. For example, consider that
a model was constructed to predict the values for these 20 data
points and that the observed correlation between experimental
and predicted values was 0.95. On the basis of the plot in Fig. 2b, it
is exceptionally improbable (0.1% chance) that a correlation
coefficient between multiple experimental measurements could
exceed 0.95. Therefore, this should be considered unrealistic
model performance that could reflect over-fitting or insufficiently
sampled data. This is based on the common sense principle that
the error in predictions of ligand affinities is unlikely to be less
than the resolution (e.g. error) of the experimental data.

A more comprehensive look at the behavior of R as a function of
error, number of data points and potency span, is presented in the
contour plots in Fig. 3. Fig. 3 shows two-dimensional (2D) contour
plots for two different performance measures, organized by row. In
the top row (Fig. 3a, c and e), the contoured landscapes show the
2D distribution of calculated average R-values, (R), as a function of
the number of data points and spanned range of the potency
values. The bottom row (Fig. 3b, d and f) shows the 2D contours for
the calculated standard deviation in the R-values, og, also as a
function of the number of data points and spanned potency range.
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FIGURE 2

Plots illustrating the procedure for introducing sampling error into simulated data. (@) Two independently sampled snapshots (open and filled squares) are shown
for three different numbers of points initially distributed over 2 log units. (b) Distribution of possible R-values generated by the ‘snapshots’ of the data in (a). 50,000

iterations were used to generate the R-value distributions.

For the (R) and oy landscapes in each row, the data in the first
column (Fig. 3a and b) were produced using snapshots varied by an
identical sampling error of o = 0.3 for both experiment and pre-
diction data. The data in the second and third columns (Fig. 3c—f)
used a larger value for the sampling error in the prediction data
(0prea = 0.6 and 0.9, respectively). Thus, the data in Fig. 3a and b
describe an expected achievable range in R based on experimental
variability alone, while Fig. 3c-f show the expected range in R
based on increasing variability in predicted values. It is clear from
these plots that the span of the potency range in the data has the
greatest influence on the (R) value (top row), while both the span
and the number of points influence the variation in oy (bottom
TowW).

The plots in Fig. 3 can serve as a reality-check for model
performance for any given experimental dataset. For a given
number of data points and potency span, the range of probable
R-values based on experimental and prediction error can be
derived. This range should serve as a benchmark for the correlation
that can reasonably be achieved with predicted values. For exam-
ple, if a dataset spans a potency range of only 2 log units, it is clear
from Fig. 3a that the correlation because of experimental error
alone (o = 0.3) is likely to be 0.8 — regardless of the number of data
points beyond a certain threshold (minimum) value. Thus, obtain-
ing correlation coefficients between experimental and predicted
values in excess of 0.8 would be a cause for skepticism in the
model, and larger prediction errors reduce this value further.

Unfortunately, this simple metric is often violated in the lit-
erature reports of model performance. In Fig. 4 we compare a
representative set of literature-reported R-values obtained from an
online search of life-science publications (the search was restricted

to those articles describing predictive models with a reported R-
value contained in the abstract and a publication date in the years
2006 and 2007). The reported R-values are shown as red triangles.
Also shown in the figure are the ranges for calculated (R) values
obtained using the reported parameters for the data (i.e. potency
range and number of points) with errors of 0.3 (experimental assay
error alone, blue bars) and 0.6 log units (conservative prediction
error, green bars). It can be seen from this simple analysis that 8 of
the 16 reported R-values (50%) equal or exceed that which could be
expected based on experimental error alone (i.e. the reported value
is within or above the blue error bars). The majority of R-values (11
out of 16) also exceed that which could be expected based on very
conservative prediction error (i.e. the reported value is above the
green error bars). Thus, it is our opinion that the majority of R-
values obtained from this (small) literature sample are unsubstan-
tiated given the properties of the underlying data.

Of course, a formal assessment of the impact of assay or pre-
diction error on the examples discussed here should be explored
using numerical simulation on the actual dataset used in each case
(with appropriate error distributions for experimental and predic-
tion error). In the absence of such an analysis, the data presented
in Fig. 3 can serve as a reasonable guide for understanding the
potential impact of such errors. In addition, these graphs allow a
researcher to define an appropriate dataset (e.g. how many data
points over what potency span) to achieve a desired level of
performance.

Hypothetical scenarios for computational modeling
The preceding section outlined a simple approach for assessing
whether the performance of a model is justified by the underlying
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FIGURE 3
Contours showing the two-dimensional distributions of average R-values, (R) (top row), and the corresponding standard deviations, R (bottom row), as a function of
the number of data points and span of the potency values. Identical sampling errors are used for experimental uncertainties in each column (0 = 0.3), whereas the
sampling errors used for the prediction uncertainties are different in each column: (a) and (b), o preq = 0.3; () and (d), 0peq = 0.6; and (e) and (), o peq = 0.9.

quality of the experimental data. While some examples have been
L1 T T T T T T T 1 T 1 highlighted, in which reported model performance is probably
L A - unsupported by the validation data (Fig. 4), there are certainly
A many examples of models in the literature that are derived from
sufficiently large and diverse datasets and appear accurately to
i - A A A } i capture aspects of protein-ligand recognition. The question then
- becomes, when can such a model be productively used in driving

- A . decision-making in drug discovery?

Interestingly, this is also a question of variability. Consider two
very different scenarios: high-throughput screening (HTS) and LO.
In HTS, large numbers (~10°) of highly diverse molecules are
06— I assessed to find a small number of active hits. Given that HTS
- . hit rates are in the order of 0.1%, the vast majority of compounds
! - - are inactive. By contrast, during LO, modest numbers (10% to 103)

09— A A A

05 ]

A Literature R-value of highly similar molecules are synthesized and assessed for
o 0,,=030 =06 changes in their properties. Given that highly similar molecules
04— m are likely to have similar biological activity [8,9], the variability in
- . the potencies for a set of highly similar molecules is expected to be
o3l =+ | B N I N I O I significantly narrower compared to HTS. How good then does a
' 1 34 5 6 7 8 910111213 141516
Example
Drug Discovery Today Chem., Proteins, J. Med. Chem., J. Comput. Chem., J Chem Inf. Model., Biophys. J.,
Biochem., Protein Sci., and Protein Eng.) in the years 2006 and 2007 (red
triangles). Also shown are the calculated (R) values assuming an error of
FIGURE 4 Gexpt = 0.3, 0prea = 0.6 (blue, with accompanying error bars to indicate the
Data showing 16 examples of reported R-values appearing in life-science standard deviations oR in units of plCso). Note that the simulated (R) values
publications (J. Mol. Model., J. Am. Chem. Soc., Bioorg. Med. Chem., Biophys. systematically decrease as larger sources of error are incorporated.
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FIGURE 5

Analysis of small-molecule potency data obtained from high-throughput screening. (a) Binned data showing frequency of occurrence of potencies, with a linear fit
to the data of In(y) = 0.16 — 1.37x. (b) Enrichment factors in the top 1% (red) and top 10% (blue) as a function of prediction error. The theoretical maximum

enrichment factor for this dataset is 1000.

model need to be (in terms of prediction error) to actually impact
these processes in real time? The relative utility of predictive
models for both of these scenarios will be discussed below.

The first situation explores model impact on HTS. This is a case in
which there is a large database of molecules with potencies dis-
tributed as shown in Fig. 5a. The data in Fig. 5a represent an average
of observed potencies for ‘active’ molecules, or ‘hits,” obtained from
historical data over alarge number of screens at Abbott Laboratories.
The challenge for impacting HTS is to recognize a small number of
actives in a ‘sea’ of inactives, which will require an ability to
distinguish molecules separated by potency differences of 4 log
units or more. To analyze model performance, we define an ‘active’
to be any molecule having a potency of atleast 10 wM, thatisa pICso
value greater than 5. The range of potencies from pICs =0 to less
than 5 then constitute our set of inactives. As previously stated, the
number of inactives in HTS vastly outnumbers the actives, with
average hit rates of approximately 0.1%.

A reasonable quantitative measure of performance for this
exercise is enrichment [10], which captures the ability of the
model to ‘enrich’ the fraction of actives at the top of the ranked
list relative to what would be obtained by randomly choosing
compounds from the database. This requires us to generate ranked
lists of molecules, for which the following procedure was used.
50,000 randomly sampled and stored potency values were gener-
ated according to the distribution shown in Fig. 5a. Those poten-
cies greater than 5 were designated as ‘actives,” and all others from
0 to 5 represented ‘inactives.” Out of the 50,000 sampled points
there were, on average, 50 actives. Each of these sampled sets was
then passed to a function that adds random Gaussian noise to each
pICso value to simulate the presence of scatter owing to error in
experimental or predicted values. This generates a ranked list from
which the enrichment factor is calculated, with final enrichments
obtained by averaging over multiple samplings of the data.

Shown in Fig. 5b are the enrichment curves as a function of
prediction error. It can be seen that for small errors large enrich-
ments are achieved. For example, for o,,s=1.0 the top 1% of
selected compounds have an approximately 90-fold enrichment
over random, while in the top 10% of compounds there is approxi-
mately 10-fold enhancement over random. Even for an egregious
prediction error of o;,.q = 5.0 log units, a model can still maintain a
capacity to perform enrichment at close to 10-fold above random
in the top 1% of the ranked list. This may seem surprising, yet it is
consistent with the fact that the computational method is only
required to recognize actives separated by over 4 orders of magni-
tude above noise (inactives). This kind of prediction error (and
subsequent enrichment in virtual screening) is in fact on par with
what one might expect based on a simple correlation between
potency and molecular weight, as has been reported for some
systems [11]. It should also be noted here that the model is not
required to predict the unique identities for each active molecule.
It is only required that the method distinguishes any active at
positions in the top 1-10% of the ranked list. This scenario
illustrates why the docking and scoring of molecules in virtual
screening is able to provide statistical enrichment. However, ten-
fold enrichments over random screening, while statistically sig-
nificant, still translate to lower overall hit rates (~1% versus 0.1%
for HTS). This may be at least part of the reason why a recent
comprehensive study on the performance of docking and scoring
across a wide range of systems documented only moderate overall
performance [12].

Next, model performance in the context of LO is examined, for
which the parameter to be optimized and tracked is again com-
pound potency. Yet in this case the range of potency values is
significantly narrower than for HTS. Given an active molecule, a
medicinal chemist will typically envision a range of potential
modifications and prioritize those that fit with established SAR
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and are synthetically accessible. On the basis of the results for the
first set of synthesized compounds, the next round of design will
be initiated and prioritized accordingly. This process continues
until not just potency but all drug-relevant properties (e.g. solu-
bility, bioavailability and specificity) are optimized. It has long
been the goal for computational models to enhance this process by
expanding the numbers of compounds that a chemist can assess,
prioritizing those compounds likely to be active, and deprioritiz-
ing those compounds likely to be inactive. Realization of this goal
would substantially shorten the timelines to clinical candidates by
reducing the numbers of compounds that actually need to be
synthesized and tested. Despite huge investments into this area
in both academia and industry, this goal has yet to be attained. LO
can certainly be informed by computational models, but decision-
making is not driven by these tools.

At least part of the reason for the modest impact of computa-
tional models in LO is the narrow range of potencies that result for
groups of highly similar molecules. Figure 6a shows the average
distribution of the changes in potencies that result for a set of
molecules produced through the synthetic chemical transforma-
tions explored by medicinal chemists in pursuit of LO. The data in
the plot were obtained by analyzing more than 2 million pairs of
highly similar compounds with activity data against 50 different
protein targets. This analysis is similar to that reported previously
[13], but was performed on a much larger dataset that did not
restrict the compound pairs to be related by a single chemical
transformation. The distribution of data points in Fig. 6a is reason-
ably fit by a Gaussian function (red line).

The fit implies that, during the course of LO, on average ~80%
of synthetic modifications to parent molecules will result in
potencies for child molecules that lie within 10-fold of the parent,

and that only ~20% of child molecules will exhibit potencies that
change by greater than 10-fold. Of these child molecules with 10-
fold or greater differences in potency from the parent, half (~10%)
will be 10-fold more potent than the parent, and half will be 10-
fold less potent than the parent molecule.

The distribution in Fig. 6a can be used to quantitatively assess
the ability of a computational model to impact the efficiency of LO
chemistry. By sampling from the empirical fit, the observed prob-
abilities are captured for molecule potencies generated over the
course of LO. We can then statistically assess the impact of
applying a computational model with varying degree of prediction
accuracy and calculate a hypothetical effect on compound prior-
itization. To accomplish this the results are referenced to the
performance of the chemist, who on average will produce one
‘active’ molecule (defined as having tenfold greater potency rela-
tive to parent) for every ten molecules made. This will be our
‘random sampling’ of actives, even though it should be stressed
that the distribution shown in Fig. 6a does not result from ‘ran-
dom’ changes to molecules, in that medicinal chemists utilize all
available information in designing analogs.

Note that, as in the case of HTS, the method is not required to
correctly predict the unique identities of the actives, but rather it is
merely required that the presence of any active occur toward the
top of the ranked lists. The formal procedure for assessing expected
performance is analogous to that described for assessing model
impact on HTS data as described above. 50,000 randomly sampled
and stored potency changes were generated according to the
distribution in Fig. 6a, with an assignment of ‘inactive’ to those
potency changes falling between 0 and 1.0. Only half of the
potency changes greater than 1.0 were designated as ‘actives’
(those corresponding to 1-10-fold gain in potency), such that
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FIGURE 6

Analysis of small-molecule potency data produced during lead optimization. (@) Historical Abbott data showing distribution of relative potencies for over 2 million
pairs of highly similar compounds against 50 different protein targets. Gaussian fit to the data (red line) with u = —0.8, and ¢ = 1.1. (b) Simulated impact of a
computational model on the number of molecules a chemist need makes to find a single ‘active’ as a function of the error in the predicted values, with error bars
showing possible spread in the values as the standard deviation of the mean. Superimposed in (b) are the enrichment factors for the top 1% (red line) and top 10%

(blue line). The theoretical maximum enrichment factor for this dataset is 10.
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on average there are roughly 5000 ‘actives.’ Noise is then added to
calculate enrichments. The cycle is repeated numerous times to
obtain average expected performance. One important difference
between the HTS and LO scenario is that prediction error was
added twice in the case of LO, as the potency of both the parent
and the child molecule needs to be predicted.

Shown in Fig. 6b are the enrichment factors as a function of
prediction error for the top 1% (red line) and top 10% (blue line)
of ranked compounds. From these curves, it is clear that predic-
tion errors greater than 2.0 provide essentially no statistical
enrichment for a typical LO campaign. Only when prediction
errors fall below 1.0 are significant benefits expected (enrichment
factors greater than 2 when the top 10% of compounds are
selected). Even these potential gains must, however, be evaluated
in the context of how a LO campaign actually progresses. First,
the compounds produced during LO are ‘active rich’ (i.e. 10% of
the compounds are active), such that the actual performance of
any model will be significantly influenced by saturation effects
[14]. The effect of saturation becomes even worse when the goal
of LO is not increasing potency (which occurs ~10% of the time)
but simply maintaining potency (which occurs >50% of the
time) while other properties are optimized. Second, while enrich-
ment factors at 1% are reported in Fig. 6b, it is our experience that
chemists tend to make far more than 1 compound out of 100
synthetic proposals that are computationally evaluated. As
shown in Fig. 6b, the actual benefit of any model decreases
rapidly as larger fractions of the potential set of compounds
are experimentally pursued. Thus, there are significant strategic
(i.e. applying models only in situations where they are expected
to produce real benefit) and cultural (i.e. prosecuting LO in such a
way that maximizes the utility of computational models) barriers
to realizing the full impact that even robust computational
models can have on LO.

In comparing the enrichments observed for the two different
scenarios in the top 1% of the ranked list, almost the entire range
of prediction errors exhibit enrichments roughly tenfold greater
for HTS than for LO. This is a reflection of the substantially larger
tolerance of errors in HTS predictions, which seek to discriminate
actives with potencies 4 log units above random noise. In the case
of LO correct classification requires identifying actives in the range
of 1-2 log units greater potency. While HTS has intrinsically larger
tolerance for prediction error, it also requires intrinsically greater
computational throughput. In LO projects it might be possible to
realize impact by processing in the order of 100 molecules. This
can be contrasted with HTS, for which the number of molecules is
in the order of hundreds of thousands to millions. In comparing
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the cases of LO and HTS, it can be seen that each case requires
different tradeoffs in negotiating the line between speed and
accuracy.

Conclusions

In closing, the impact of experimental and prediction errors has
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