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Abstract
This work analyzes how effectively virtual
screening performance on test datasets predict
prospective real world performance. This analysis
shows that even on relatively large test sets, such
as DUD with 40 system, the statistical power of
the results to predict future performance is low.
This work concludes that test sets with 100+
systems are needed to reliably determine
performance of most virtual screening tools.   Such
a large number of systems is needed because,
statistically, predictive power varies by 1/√Nsystems.

Requirements

•The virtual screening tool can not have been
trained on the test set.
•The test set cannot be modified using the
knowledge of the actives and decoys.
•The test systems must be a randomly selected.

Making better predictions

GSK Dataset
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DUD Dataset
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Virtual screening is a commonly used tool to
improve the drug development process.  Many
virtual screening program are available.  While the
choice of which virtual screening tool to use in a
specific circumstance is often narrowed by the
available data (e.g., structure based drug design
requires the protein structure), knowing how a
virtual screening tool is likely to perform is
extremely useful when multiple tools can be used
with the data available or when making purchasing
decisions.

The performance of a virtual screening tool on a
new system (i.e., the prospective performance)
can be estimated based on its historical
performance.  This is often done informally by
modelers as they use virtual screening tools over
time and get a “feel’” for how well they work.
More formally, a test set can be generated that is
comprised of multiple systems each with a set of
know actives and inactives.  Since the actives and
inactives are known when a virtual screening tool
is run on the dataset, performance metrics (e.g.,
enrichment factor, A.U.C., etc..) can be calculated.
As the number of systems in the test set increases
the likelihood that the metrics predict performance
on prospective systems increases.

This work looks at how many systems are
needed in a test dataset to confidently
predict future performance.

Introduction

Several factors affect our ability to say how well a
virtual screening tool’s performance is predictive of
performance on future dataset.

Figure 1: Results of running Fred 2.2, Glide 2.5 and Rocs
2.3 on the GSK test set with 8 target systems.  Median
Area under the ROC curve (AUC) values are shown.  Error
bars are 95% confidence limits on future (i.e., prospective)
performance.

Requirements for predictive
testing
Test datasets have several requirements if they
are to be used to predict future (i.e., prospective)
performance.  If any of these criterion are not met
the test dataset should not be used as a predictor
of future performance.

Test results
Performance using three virtual screening tools on
two test sets (DUD and GSK datasets) are shown
below.  The total number of systems in the DUD
and GSK datasets are 40 and 8, respectively.

Figure 1: Results of running Fred 2.2 and Rocs 2.3 on the
DUD test set with 40 target systems.  Median Area under
the ROC curve (AUC) values are shown.  Error bars are
95% confidence limits on future (i.e., prospective)
performance.
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GSK : Absolute Performance

DUD : Absolute Performance

GSK : Relative Performance

0.29Rocs better than Glide

0.36Fred better than Glide

0.45Rocs better than Fred

P-valueAssertion

DUD : Relative Performance

0.42Rocs better than Fred

P-valueAssertion

Analysis
The statistical significance, in terms of predicting
future performance, is very low in all cases.
Absolute performance of interval tools is reported
in terms of median AUC with a 95% confidence
interval.  For both the GSK and DUD datasets the
95% confidence intervals are quite large, although
with the DUD dataset confidence intervals are
tighter due to larger number of test systems in
DUD.  Relative performance between any two
screening tools is measured in terms of p-value
(i.e., the likelihood that one tool is outperforming
the other by random chance).  The P-value range,
which vary from 0.29  to 0.45, are much larger
than the typically desired values of 0.05 or less.

•The number of test systems.
Statistical error varies by 1/√Nsystems. Therefore

more tests sets mean more statistical
confidence and greater predictive power.

•Consistency of performance.
If a virtual screening tool performs very
consistently across all systems of the test set
then there is more predictive power.
Unfortunately most virtual screening tools tend
perform inconsistently from system to system.

Important Factors

Number of test systems
The virtual screening results from the test set
examined here cannot reliably distinguish the
relative performance of any two virtual screening
tool with 95% confidence.  We can however
estimate how many system the dataset would
hypothetically need to have to reliably distinguish
between the two methods.

Number of systems hypothetically required to
distinguish virtual screening tools

73Rocs and GlideGSK

DUD

GSK

GSK

Test
Set

307Rocs and FRED

180Fred and Glide

1394Rocs and Fred

Number of
systems*

Distinguish with 95%
confidence

Conclusions

Much larger virtual screening test datasets than
have traditionally been used are needed in order
to reliably evaluate both the relative and absolute
performance of virtual screening tools.  This work
estimates that test datasets with 100+ systems
are needed.

*These numbers are estimates because they
assume the average and variance of the difference
in performance do not change as new systems are
added.


