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AnAlySiS
Lessons from 60 years of
pharmaceutical innovation
Bernard Munos

Abstract | Despite unprecedented investment in pharmaceutical research and development
(R&D), the number of new drugs approved by the US Food and Drug Administration (FDA)
remains low. To help understand this conundrum, this article investigates the record of
pharmaceutical innovation by analysing data on the companies that introduced the
~1,200 new drugs that have been approved by the FDA since 1950. This analysis shows that
the new-drug output from pharmaceutical companies in this period has essentially been
constant, and remains so despite the attempts to increase it. This suggests that, contrary to
common perception, the new-drug output is not depressed, but may simply reflect the
limitations of the current R&D model. The implications of these findings and options to
achieve sustainability for the pharmaceutical industry are discussed.
New molecular entity
(NME). A medication
containing an active ingredient
that has not been previously
approved for marketing in any
form in the United States. NME
is conventionally used to refer
only to small-molecule drugs,
but in this article the term
includes biologics as a
shorthand for both types of
new drug.

Prescription Drug User
Fee Act
A US law passed in 1992 that
allows the US Food and Drug
Administration to collect fees
from drug manufacturers to
fund the new-drug approval
process.
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From 1950 to 2008, the US Food and Drug Administration
(FDA) approved 1,222 new drugs (new molecular entities
(NMEs) or new biologics). However, although the level of
investment in pharmaceutical research and development
(R&D) has increased dramatically during this period —
to US$50 billion per year at present 1 — the number of
new drugs that are approved annually is no greater now
than it was 50 years ago. Indeed, in 2008, only 21 new
drugs were approved for marketing in the United States,
which is well below the level required to secure the future
of the pharmaceutical industry.
With the aim of investigating this issue, this article
analyses the output of new drugs — NMEs or new biologics approved by the FDA — from the companies
responsible during the past 60 years (see BOX 1 for details
of the methodology). This analysis shows that the rate of
production of new drugs by these companies has been
constant (although the rates differ for each company)
since they began producing drugs. Surprisingly, nothing
that companies have done in the past 60 years has
affected their rates of new-drug production: whether
large or small, focused on small molecules or biologics,
operating in the twenty-first century or in the 1950s,
companies have produced NMEs at steady rates, usually well below one per year. This characteristic raises
questions about the sustainability of the industry’s R&D
model, as costs per NME have soared into billions of
dollars. It also challenges the rationale for major mergers
and acquisitions (M&A), as none has had a detectable effect on new-drug output. Finally, it suggests that
drug companies need to be bolder in redesigning their

research organizations if they are to escape the increasing
pressures created by linear new-drug output and rapidly
rising R&D costs.

Rate of new drug introduction
Of the 1,222 NMEs that have been approved since 1950,
1,103 are small molecules and 119 are biologics. FIGURE 1a
shows the timeline of these approvals. Although at first
glance there are no obvious patterns, on closer observation subtle trends emerge. For the 30 years between
1950 and 1980, the trend line is basically flat. Then
for the next 15 years, the curve slopes gently upwards,
culminating in 51 approvals in 1996, 4 years after the
enactment of the Prescription Drug User Fee Act (PDUFA).
Since 1996, approvals have returned to their historical range. There has been speculation that the peak in
1996 was caused by the FDA processing a backlog of
applications with the help of the recently approved user
fees. Although this may have played a part, other factors were involved, as discussed below. A second trend
is that approvals of biologics are not taking off as might
be expected from a new technology.
Many players, but few winners
At present, there are more than 4,300 companies that are
engaged in drug innovation2, yet only 261 organizations
(6%) have registered at least one NME since 1950. Of
these, only 32 (12%) have been in existence for the entire
59-year period. The remaining 229 (88%) organizations
have failed, merged, been acquired, or were created by
such M&A deals, resulting in substantial turnover in the
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Box 1 | Data collection and analysis
Definitions
• For the purpose of this study, an innovation is a new molecular entity (NME) or a new biologic approved by the US Food
and Drug Administration (FDA), and excludes non-drug compounds such as imaging agents and cosmetics. This article
uses NME as shorthand for both types of drugs.
• Biologics are all therapeutic proteins, regardless of their approval route.
• A blockbuster is defined here as an NME the peak sales of which exceed $1 billion, expressed in year-2000 dollars
equivalent. Figures have been adjusted for inflation using the US Bureau of Labor Statistics’ Drug Inflation Index.
• A large pharmaceutical company is one of the top 15 drug companies, or their predecessors and joint ventures
(for example, Ciba, SmithKline and DuPont–Merck). All other companies, including biotechnology companies, are
categorized as small pharmaceutical companies.
Data sources
• NME data were obtained from the FDA under a freedom-of-information request, and were cross-checked against Lilly’s
own record, as well as lists of FDA approvals that are routinely published in the press. When several companies have
collaborated on the development of a drug, or the ownership of the compound has changed before approval, the
company receiving FDA approval has been credited with the innovation.
• Sales and patent data were obtained from the EvaluatePharma Database (see Further information).
• Inflation data were obtained from the US Bureau of Labor Statistics.
Tools
• All statistical calculations were done with the JMP software, version 5.1.1, or Excel 2007.
exclusions
• 11 organizations out of 261 (accounting for 13 NMEs out of 1,222) are non-commercial entities (non-profit and
governmental organizations) or companies that no longer exist and have been omitted from most of the analysis.
Of the remaining 250 companies, 26 (accounting for 63 NMEs) had fewer than 10 data points and were also excluded
from most of the analysis.
Potential limitations
• It could be argued that defining innovation as NMEs approved by the FDA does not give due credit to innovation
originating outside the United States. However, because the pharmaceutical industry is global, and the United States
is by far its largest market, most NMEs are eventually submitted to the FDA for approval.
• There is some debate about the number of NMEs that were approved prior to the US Kefauver–Harris amendment of
1962, which requires proof of effectiveness and safety before a drug can be registered. Data that were compiled at the
time by de Haen and used in a congressional testimony by FDA Commissioner Alexander Schmidt in 1974 show that 360
NMEs were approved between 1951 and 1962, or ~30 per year. It seems that this figure was subsequently revised by
the FDA, and reduced to 227. As this occurred a long time ago, it is difficult to reconstruct what happened. However, the
editing seems to have been careful, as the data provided by the FDA meticulously listed each drug by its brand name and
active ingredient, as well as its dosage form, sponsor and exact date of approval. The 133 missing potential NMEs were
evidently excluded for a reason and, lacking evidence to challenge it, the data were used as provided.
• It might be argued that NMEs are an inappropriate measure of innovation because a molecule with little therapeutic
value can conceivably be approved, provided it meets FDA requirements. However, given the costs of drug research
and development, this is unlikely to occur in practice. A drug that is innovative may nevertheless fail to generate
substantial sales revenues, raising questions about the value of its innovation (for example, as with Pfizer’s inhaled
insulin product Exubera). This article considers that these molecules represent genuine advances and should count
as innovation, as their market failure can be explained by several factors that are unrelated to innovation, such as
mispricing, reluctance on the part of physicians or patients to change from established drugs, and competition.
• The decision to credit the company that secures a drug approval with the corresponding innovation could be
questioned, because that molecule may have been licensed from another company that receives no credit.
As licensees are often thought to be large companies, and licensors smaller ones, this could potentially bias the
analysis by giving certain companies more, or less, credit than warranted. However, this concern does not seem
to be justified. Over the past 20 years, a thriving market for innovation has developed, involving thousands of
collaborations each year — including licensing, cross-licensing, sublicensing, joint discovery, co-development,
buy-back options, loans, equity stakes, outsourcing, warrants and joint ventures — which often makes it impossible
to assess the precise contribution made by a company to the approval of a new drug. In addition, small companies
are eager participants in this market, in which they collaborate with other small companies more frequently than
with large ones. Between 1980 and 2004, small companies had a slightly greater share of discovery projects than did
larger companies (47% versus 38%), but both shared equally in the number of development projects (45% versus
46%)42. The view that the division of labour might allow large companies to capture a greater share of development
projects and FDA approvals is therefore not supported by the data. In addition, as innovation networks spread, the
locus of innovation tends to shift from individual companies to the network43. So, the decision to credit the company
at the centre of that network with the innovation that it creates seems to be justified, especially given that, by
organizing and managing the network to gain FDA approval, that company often makes the greatest contribution
to the process.
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industry (FIG. 1b). Of the 261 organizations, only 105 exist
today, whereas 137 have disappeared through M&A and
19 were liquidated.
Despite this intense turnover, the fact that 32 companies have survived the entire period suggests that
there are ways to innovate that are sustainable. This
group includes 23 companies that have found unique
ways to thrive despite their smaller size. Some are highly
focused on a particular disease area or therapeutic
strategy (Novo Nordisk, Ferring, Grifols, Ucb, Endo
and Purdue); some sell products and services in addition to drugs (bausch and lomb, and Allergan); some
are entrenched in their home-country market (Takeda,
Santen, Eisai, Angelini and Orion); some are conglomerates (boehringer–Ingelheim, Solvay, baxter and carter–
Wallace); and some concentrate on generics (Teva and
Mission Pharmacal).
At the high end of the innovation scale, 21 companies have produced half of all the NMEs that have
been approved since 1950, but half of these companies
no longer exist. FIGURE 1c shows that Merck has been
the most productive firm, with 56 approvals, closely
followed by lilly and Roche, with 51 and 50 approvals, respectively. Given that many large pharmaceutical
companies estimate they need to produce an average of
2–3 NMEs per year to meet their growth objectives, the
fact that none of them has ever approached this level of
output is concerning.

The dynamics of drug innovation
The timelines of cumulative NME approvals for the three
most productive companies in the industry are shown in
FIG. 2a. Surprisingly, the plots are almost straight lines,
indicating that these companies have delivered innovation at a constant rate for almost 60 years. The outputs
from less productive companies, some of which are
plotted in FIG. 2b, show a similar linear pattern, although
it is more erratic and with smaller slopes. The stable
rates of output that are apparent in FIGS 2a,b suggest that
NME production at a pharmaceutical company follows
a Poisson distribution. This hypothesis is confirmed
by the statistical analysis described in Supplementary
information S1 (box)).
Importantly, as Poisson distributions are characterized by a constant but stochastically variable rate of
occurrence, this implies that the average annual NME
output of drug companies is constant, and has been so
for nearly 60 years. This is consistent with the fact that
the drug industry produces no more NMEs today than
60 years ago, which has important implications. If nothing that drug companies have done in the past 60 years
has succeeded in raising their mean annual NME output,
there is not a high probability that established strategies
will change this now. FIGURE 2c shows that the industry’s
NME output has tracked its expected values. This suggests that the output may not be depressed, as commonly
thought, but may simply reflect the innovative capacity
of the established R&D model. As the integrated corporate laboratory is one of the few features shared by companies during the 60-year period, it is possible that the
constant NME output is a fixture of that model. If this is

true, the industry’s efforts to embrace new approaches to
innovation, such as open innovation3, are of particular
importance.
Another surprising finding is that companies that do
essentially the same thing can have rates of NME output
that differ widely. This suggests there are substantial differences in the ability of different companies to foster
innovation. In this respect, the fact that the companies
that have relied heavily on M&A (FIG. 2b) tend to lag
behind those that have not (FIG. 2a) suggests that M&A
are not an effective way to promote an innovation culture
or remedy a deficit of innovation.
If the NME output of drug companies is constant,
the only way to increase the overall industry output is to
increase the number of companies, which runs counter
to the surge of M&A activity of the past 12 years. Indeed,
FIG. 2c suggests that there may be a correlation between
the expected NME output for the industry (on the basis of
the analysis described in Supplementary information S1
(box)) and the number of companies involved. A closer
examination of this relationship (FIG. 2d) confirms that the
expected NME output and the number of companies are
closely correlated in a nonlinear relationship that explains
95% of the changes in expected NME output by changes
in the number of companies. As the number of companies increases, the expected NME output increases more
than proportionally. One possible interpretation is that a
larger number of companies accelerates the acquisition
of knowledge, creating what economists call a spillover
— an industry-wide benefit that enables all companies to
be more productive. This has important implications for
the design of new R&D models.
As can be seen in FIG. 2c, actual NME output for
1996–1997 clearly lies outside the 95% confidence
band of its expected value, suggesting that an external
factor temporarily boosted the number of NMEs that
were approved. Several explanations have been offered,
most of which centre on the impact of the PDUFA of
1992. They include a clearing of the backlog of new drug
applications that were submitted before 1992; the setting of performance goals that required swift action on
post-1992 submissions; a surge of post-1992 submissions
to take advantage of PDUFA before it might expire; and a
temporary acceleration of drug R&D across the industry
to try to increase NME output. These hypotheses are not
amenable to statistical testing, but the last two can be
readily dismissed, as they are not consistent with the way
the industry works. The factor relating to performance
goals may have played a part, but much of the surge can
probably be ascribed to the clearing of the backlog of
new drug applications.
As the output of new biologics also follows a Poisson
distribution, its pattern is similar to that for NMEs, in
which approvals fluctuate around a constant, low level
(FIG. 1a). This has led to the suggestion that biotechnology is
not delivering on its promise to increase the rate of innovation because it has co-opted the pharmaceutical industry’s
ageing business model instead of crafting its own4.
lastly, further statistical analysis (see Supplementary
information S2 (box)) can be used to calculate the probability that a company’s NME output will exceed 2 or
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Figure 1 | origins of new drugs. a | Timeline of approvals of new molecular entities (nMEs) and new biological
entities (nBEs) by the US Food and Drug Administration (FDA) between 1950 and 2008. b | Characteristics of the 261
Reviews | Drug
Discovery
organizations that have produced the 1,222 nMEs approved since 1950. c | 21 companiesNature
have produced
half of
all the
nMEs that have been approved since 1950, although half of these companies no longer exist . in parts b and c, both
new small molecules and new biologics are grouped as nMEs for simplicity. M&A, mergers and acquisitions. For details
of the analysis, see BOX 1.

3 per year, which are 0.06% and 0.003%, respectively. It
is therefore unlikely that most companies will succeed in
raising their NME output above what they consider to be
their threshold of sustainability. It is equally unlikely that
the industry will achieve an overall output that is much
greater than the current one.

The cost of NMEs
The cost per NME has been increasing for decades.
FIGURE 3a displays 12 independent NME cost estimates5–14 spanning 48 years, and FIG. 3b plots the same
data on a logarithmic scale. both charts show that NME
costs have been growing exponentially at an annual rate
of 13.4% since the 1950s.
According to the Pharmaceutical Research and
Manufacturers of America (PhRMA), the members of

which are mostly large drug companies, R&D spending has been growing at an average compounded rate of
12.3% since 1970 (REF. 1). Although the overall output
of NMEs has therefore stagnated, the industry is producing them more efficiently as it has been able to meet
the increase in the cost per NME with a less than commensurate increase in R&D spending. In other words,
the industry is better at what it does than it was previously, much of which is to generate data to meet FDA
requirements. However, this increased efficiency has not
translated into a sustained increase in the discovery of
new treatments.
DiMasi has estimated that the average cost per NME
was $802 million in 2000 for small molecules8, and
$1,318 million in 2005 for biologics11. These averages,
however, do not include post-approval costs for Phase Iv
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Figure 2 | The dynamics of drug innovation. a | The cumulative number of new molecular entities (nMEs) originating
from the three most productive companies over the period studied: Merck, lilly and Roche. b | The cumulative number
of nMEs from selected companies that have been heavily involved in mergers and acquisitions, with lilly included for
Nature Reviews | Drug Discovery
comparison. c | The nME output of the industry closely tracks the expected value on the basis of the analysis described in
Supplementary information S1 (box), suggesting that output is not depressed at present, but simply reflects the innovative
capacity of the established research and development model. d | The expected nME output and the number of companies
are closely correlated in a nonlinear relationship that explains 95% of the changes in expected nME output by changes in
the number of companies.

studies that might be required by the FDA; they also omit
costs to gain regulatory approval in non-US markets or
obtain additional label claims for new indications. Most
importantly, they assume that the probability that a
molecule will successfully emerge from clinical trials is
about 21.5%, whereas recent industry data suggest that
this value is 11.5%. When DiMasi’s figures are adjusted
for these items as well as for inflation and other cost
increases (for example, owing to more stringent regulatory requirements), the cost per NME increases considerably, as summarized in FIG. 3c. These averages also
conceal potentially large differences between companies.
For example, between 2000 and 2008, Pfizer spent a total
of $60 billion on R&D, and received FDA approval for
nine NMEs. by contrast, Progenics, which received FDA
approval for methylnaltrexone bromide (Relistor) in
2008, spent $400 million on R&D over the same period,
suggesting a cost per NME that is substantially lower
than Pfizer’s.
Estimating the cost of NMEs is complex because the
money spent on R&D is returned in revenue over several
years. R&D expenses should therefore be depreciated

over that period. However, the duration of this period
is unclear, and has probably changed over time, as science and regulations have transformed drug research.
Practically, there is little consensus among experts on
how to capitalize and depreciate drug R&D. Published
studies have used periods ranging from 4 to 12 years.
However, the finding that drug companies produce
NMEs at a constant rate makes it possible to develop
simple estimates of NME costs at a company level by
dividing each company’s annual R&D spending by its rate
of NME production. FIGURE 3d shows the distribution of
NME costs across the industry for 2008. Only 27% of
companies have costs per NME below $1.0 billion. The
magnitude of these figures is worrying and calls for more
research to fully understand the implications.

Does regulation hinder innovation?
The growth in R&D spending is needed to offset inflation and the increasing burden of regulation, as well as
other factors that could be contributing to greater costs,
such as higher failure rates. As inflation has been ~3.7%
since 1950 and the annual growth in R&D spending has
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Figure 3 | The cost of new drugs. a | A plot of twelve independent estimates of the cost of a new molecular entity (nME)
Nature
Reviews
DrugaDiscovery
spanning 48 years5–14. b | The same data plotted on a logarithmic scale. The exponent in the line
equation
in |part
and the
gradient of the line in part b show that the cost per nME has grown at an annual compound rate of 13.35% since the late
1950s. c | Adjusted costs per nME: 2000 versus 2008. d | Distribution of costs per nME for the industry in 2008.

been 12.3%, one can infer that regulatory and other
costs have been growing at ~8.3% annually, which
translates into a doubling every 8.5 years. This increase
has often been attributed to the increasing prudence
of regulatory bodies following the high-profile withdrawals of drugs such as rofecoxib (vioxx; Merck),
cerivastatin (baycol; bayer), troglitazone (Rezulin;
Warner-lambert) and cisapride (Propulsid; Janssen
Pharmaceutica).
The evidence available on the effect of regulation on
innovation is more nuanced. It is interesting that a 1983
study of the drug industry by the National Academy of
Engineering 15 had already noted the increasing regulatory burden, and voiced concern that the resulting
higher cost of innovation in the United States was undermining the competitiveness of the US drug industry and
putting it at a disadvantage compared with its European
and Japanese competitors. In fact, the opposite happened: since that report was published, US pharmaceutical companies have outperformed their international
competitors and emerged as the dominant force in the
industry.
A possible reason for this paradox can be found in
other research published at about the same time16. It
shows that countries with a more demanding regulatory apparatus, such as the United States and the UK,
have fostered a more innovative and competitive pharmaceutical industry. This is because exacting regulatory requirements force companies to be more selective
in the compounds that they aim to bring to market.
conversely, countries with more permissive systems

tend to produce drugs that may be successful in their
home market, but are generally not sufficiently innovative to gain widespread approval and market acceptance
elsewhere. This is consistent with studies indicating that,
by making research more risky, stringent regulatory
requirements actually stimulate R&D investment and
promote the emergence of an industry that is research
intensive, innovative, dominated by few companies and
profitable17,18.

Is bigger better?
A puzzling trend of recent years has been the gradual
erosion in the share of innovation that is captured by
NMEs sponsored by large pharmaceutical companies
(see BOX 1 for definitions). Since the early 1980s, their
share of NMEs has declined from ~75%, a level that had
been constant since 1950, to ~35% (FIG. 4a). At the same
time, the share of NMEs that is attributable to small biotechnology and pharmaceutical companies has almost
trebled, from ~23% to nearly 70%. Since 2004, small
companies have consistently matched or outperformed
their larger competitors. The expected share of NMEs
generally follows these trends until 2004, when they
stabilize at about 50% each.
The increase in the NME output from small companies has been driven by two factors. The first is a rise in
the number of small companies that have produced an
NME, which nearly doubled from 78 to 145 during the
1980s and 1990s. This was facilitated by the growth of venture capital that has funded much of the ‘biotech boom’.
Second, the mean annual NME output of small companies
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Figure 4 | is bigger better? a | Actual versus expected
shares of new molecular entities (nMEs) for large and small
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pharmaceutical companies. b | Mean annual nME output
for small companies. See BOX 1 for definitions.

Orphan drug
A drug that is specifically
developed for a disease that
affects a patient population of
fewer than 200,000 people in
the United States. The Orphan
Drug Act provides financial
incentives to develop such
drugs, including marketing
exclusivity for that indication
for 7 years after approval.

has increased from ~0.04 to ~0.12 since 1995, owing to the
emergence of new, more productive companies (FIG. 4b).
conversely, the decline in the output of large companies
has been driven by the dwindling number of large pharmaceutical companies, which has decreased by 50% over
the past 20 years.
It is too early to tell whether the trends of the past
10 years are artefacts or evidence of a more fundamental transformation of the drug innovation dynamics that
have prevailed since 1950. Hypotheses to explain these
trends, which could be tested in the future, include: first,
that the NME output of small companies has increased
as they have become more enmeshed in innovation networks; second, that large companies are making more
detailed investigations into fundamental science, which
stretch research and regulatory timelines; and third,
that the heightened safety concerns of regulators affect
large and small companies differently, perhaps because a
substantial number of small firms are developing orphan
drugs and/or drugs that are likely to gain priority review
from the FDA owing to unmet medical needs.
According to a recent report 2, the 4,300 biotechnology companies spend ~$28 billion annually on R&D,

compared with $50 billion for large pharmaceutical
companies1. by virtue of their number, small firms collectively can explore far more directions, and investigate
areas that their larger, more conservative competitors
avoid. However, only a small fraction of these small
companies will be rewarded with an FDA approval.
Individually, they are a much less reliable source of
NMEs than large companies, but collectively, they produce more, for less. In this strange equation lies perhaps
one potential avenue for renewing the pharmaceutical
R&D model. The innovation crisis of the pharmaceutical
industry is occurring in the midst of a new golden age
of scientific discovery. If large companies could organize
innovation networks to harness the scientific diversity of
biotechnology companies and academic institutions, and
combine it with their own development expertise, they
might be able to reverse the forces that are undermining
their research model; that is, they might be able to lower
their costs and increase their output.

Is consolidation good for innovation?
M&A activity is often seen as a strategy to tackle a thinning pipeline. Using the data collected for this study, this
strategy can be tested by measuring the ‘before and after’
Poisson parameters of companies that have engaged in
these transactions (as the expected NME output of a
group of companies is equal to the sum of their Poisson
parameters). The population in this study has 24 acquisitions and 6 mergers with a minimum of 10 years of data
before and after each transaction. FIGURE 5a summarizes
the collective expected annual NME output of the companies involved. Only small companies show a slight,
but significant, increase in NME output at the 95% confidence level. For large companies, M&A do not seem to
create or destroy value. In fact, one can summarize the
impact of M&A in the pharmaceutical industry on R&D
as ‘1+1=1’. This is consistent with a recent analysis19.
A more detailed analysis adds interesting nuances.
FIGURE 5b looks separately at M&A involving large and
small companies. For large companies, half of the six
mergers analysed increased NME output (by 44%),
whereas the other half reduced NME output (by 36%).
For small companies, nearly 80% of acquisitions increased
NME output (by 118%), whereas the rest reduced NME
output (by 33%). For large companies, the proportions
were reversed: 70% of acquisitions reduced NME output
(by 20%), whereas 30% of acquisitions increased NME
output (by 41%). caution should be taken in interpreting
these numbers because of the small sample size. In addition, many companies involved in M&A since 2000 were
not included in the analysis because they did not meet
the inclusion criteria of 20 years of data. This analysis
will need to be repeated as more data become available.
For now, the evidence suggests that M&A can help small
companies, but are not an effective means to boost NME
output among larger companies.
What next?
Scaling patent cliffs. Not only is the discovery of NMEs
elusive, but their sales prospects are highly skewed
towards zero, further reducing the likelihood of obtaining
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Figure 5 | impact of industry consolidation. a | impact
of mergers and acquisitions (M&A)
new molecular
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entity (nME) output. For small companies, there is a 95%
probability that M&A has increased nME output slightly.
However, for large companies, and for the total sample,
there is a 95% probability that M&A did not increase nME
output. b | Value created by M&A. See BOX 1 for definitions.

Open-source R&D
A broad-based participatory
research model in which a
virtual network of volunteers
use online tools to address a
problem in which they share
an interest.

Disruptive innovation
A process to turn cutting-edge
science into novel products
with such superior features
that they create vast new
markets, which unsettles
established products and
technology.

a return on investment in R&D. FIGURE 6a plots the frequency distribution of peak sales for NMEs. It is based
on 329 of the more recent NMEs for which such data are
available. The underlying data show that the probability
that an NME will achieve blockbuster status is ~21%, a
success rate that has not changed in 20 years despite considerable investment to improve the chances of success.
This low probability is seen even though large pharmaceutical companies and venture capitalists will seldom
proceed with the development of a molecule unless it
has blockbuster potential, supported by sophisticated
forecasts and reviews by experienced executives.
More worryingly, it also suggests that the industry’s
most hallowed competencies — customer knowledge,
disease expertise and decades of experience — do not
seem to be of much help in predicting success20. This
forces the industry to navigate without a reliable road
map, which is a challenge it shares with other blockbuster-dominated businesses such as motion pictures or
oil and gas exploration. This has important implications
for the management of innovation, which is discussed in
the next section.
It is now possible to combine knowledge of drug
innovation and new-product sales with patent expirations to model how drug companies might survive the
large upcoming revenue losses caused by the expiration of patents on key blockbuster drugs, something
often referred to as ‘patent cliffs’ (see Supplementary

information S3 (box) for a description of this simulation tool). FIGURES 6b,c summarize the results for the
13 largest pharmaceutical companies, created by using
this tool to generate probability distributions for sales
and net income that reflect the stochastic nature of drug
innovation at the company level. The results indicate
that continuing with the current business model may
result in a reduction of 5–10% in sales and 20–30% in
net income in 2012–2015. Sales should subsequently
recover to their 2011 peak, but net income may remain
down by 15% — a performance that is unlikely to please
stakeholders.
Choosing a course. If the performance of the current
business model cannot satisfy stakeholders, M&A are
not a solution, and the process improvements and costcutting measures that are commonly used cannot make
a sufficient difference, perhaps the industry ought to
embrace more radical change and seize the opportunity
to redesign the model. Four points to consider in discussions on such a redesign can be put forward on the basis
of the analysis in this article.
First, the industry needs to change its innovation
dynamics to move beyond constant NME output. This is
a daunting task. As nothing that the industry has done in
the past 60 years has substantially affected mean output,
it must venture further away from its comfort zone as it
rebuilds its R&D model. As was noted by the previous
chief Executive Officer of GlaxoSmithKline, Jean-Pierre
Garnier 21: “R&D productivity is the number one issue”.
If it is not fixed, nothing else can work.
Second, there are radical and successful experiments
that can be used as building blocks or for inspiration; for
example, Innocentive22,23, chorus24, public–private partnerships25–27, open-source R&D28–30, X Prize31, innovation
networks32, FIPNet 33, consortia and various combinations of these and other initiatives34. These efforts aim
to harness the ‘global brain’ to access the best science
and ideas wherever they may be. Such open architecture
for R&D has key advantages: it heightens competition,
reduces costs and increases agility by making it easier
to initiate and terminate projects. More importantly, it
makes it easier to manage ‘disruptive innovation’ by locating it outside the corporate walls, where it can thrive
unencumbered.
Third, in many organizations, short-term priorities
encourage marginal innovation, which provides more
reliable returns on investment, at the expense of major
change. Therefore, organizations that depend on breakthrough discoveries need a separate, protected area
the sole purpose of which is disruptive innovation. In
the past, this was provided by independent laboratories, such as bristol–Myers Squibb’s Pharmaceutical
Research Institute or Merck Research labs. However,
these units were never quite able to free themselves
from corporate attempts to increase the number of
blockbusters by making scientists more responsive to
market needs. The result has usually been a greater
emphasis on imitative research, fewer breakthroughs
and drugs that miss the blockbuster mark 80% of
the time.
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Figure 6 | sales of new molecular entities (NMes).
a | Frequency distribution of peak sales for nMEs.
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companies from 2009–2018. c | Predicted net income for
the top 13 pharmaceutical companies from 2009–2018.

Fourth, the industry must rethink its process culture. Success in the pharmaceutical industry depends on
the random occurrence of a few ‘black swan’35 products.
common processes that are standard practice in most
companies create little value in an industry dominated by
blockbusters36. These include developing sales forecasts for
new products, which are inaccurate nearly 80% of the time.
Another example is portfolio management, which has
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tool, but has failed to protect it from patent cliffs. During
the past couple of decades, there has been a methodical
attempt to codify every facet of the drug business into
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Conclusion
In the past 60 years, the pharmaceutical industry has
delivered over 1,220 new drugs that have played an
important part in improving public health and extending life expectancy by an average of 2 months each year38.
The R&D model that has powered that success, however,
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Abstract
Accurate methods of computing the afﬁnity of a small molecule with
a protein are needed to speed the discovery of new medications and
biological probes. This paper reviews physics-based models of binding, beginning with a summary of the changes in potential energy,
solvation energy, and conﬁgurational entropy that inﬂuence afﬁnity,
and a theoretical overview to frame the discussion of speciﬁc computational approaches. Important advances are reported in modeling
protein-ligand energetics, such as the incorporation of electronic
polarization and the use of quantum mechanical methods. Recent
calculations suggest that changes in conﬁgurational entropy strongly
oppose binding and must be included if accurate afﬁnities are to be
obtained. The linear interaction energy (LIE) and molecular mechanics Poisson-Boltzmann surface area (MM-PBSA) methods are
analyzed, as are free energy pathway methods, which show promise
and may be ready for more extensive testing. Ultimately, major improvements in modeling accuracy will likely require advances on
multiple fronts, as well as continued validation against experiment.
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INTRODUCTION

Ligand: in general,
any molecule that
binds another; used
here for a drug-like
organic molecule,
typically of
molecular weight
less than ∼600 Da

22

Molecular recognition is central to biology,
forming the foundation for precise hormonal
control of distant organs, immune targeting
of nonself proteins, and the speciﬁcity of enzymatic catalysis, for example. It also offers a
powerful mechanism for exogenous control of
biological systems, and many medications and
biological probes act by binding and usually
inhibiting a speciﬁc macromolecular target.
Indeed, the discovery of a ligand that binds
a targeted protein with high afﬁnity is a major preoccupation of early-stage drug discovery and also of chemical genomics projects
seeking small-molecule inhibitors to elucidate gene function. However, discovering a
small molecule that binds a speciﬁc protein
tightly, while retaining favorable pharmacological properties, can be a major and costly
challenge.
Computation can speed this process (62)
by artiﬁcial intelligence and machine-learning
technologies and through simulation and
modeling. In particular, structure-based mod-

Gilson

·

Zhou

eling uses the three-dimensional atomic coordinates of the targeted protein to calculate
the binding free energy of a proposed ligand, or at least to rank candidate ligands according to their predicted afﬁnities for the
target. This information is then available to
guide molecular design and synthesis. Ideally, computational methods would be as accurate as experiment, with binding afﬁnities correct to within 1 kcal mol−1 , but this
goal has not been achieved. Indeed, calculating protein-ligand afﬁnities is difﬁcult.
One reason is that the free energy of binding is typically a small difference between
large numbers, namely the interactions of the
ligand and protein with each other versus
their interactions with water and counterions in their unbound state. Also, the interatomic forces are strong and short ranged,
making for an energy function sharply dependent on the details of molecular conformation. Finally, the protein and the ligand
are ﬂexible and have many degrees of freedom; therefore exploring all potentially relevant conformations is a large computational
task.
Despite these difﬁculties, computer modeling has enormous potential to make accurate predictions and provide insights that can
guide molecular design. In this paper, we review recent progress and discuss prospects for
further advances. We begin with a discussion
of the forces involved in molecular recognition and how they are modeled. In particular, many approaches to calculating binding afﬁnities can be analyzed by identifying
how they treat the potential energy of the
protein and ligand as a function of conformation, the inﬂuence of the aqueous solvent,
and the conformational ﬂexibility of the two
molecules. This discussion provides the basis
for a review of approaches to modeling binding, which are broadly categorized as docking and scoring and free energy methods.
A short conclusion touches on the prospects
for further progress. Space limitations preclude addressing many interesting topics, such
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as the treatment of protonation equilibria,
the possible consequences of macromolecular
crowding on binding, the automated design
of ligands, and the special challenges posed
by nucleic acid targets. For the same reason, the literature is summarized with a broad
brush, using representative, rather than exhaustive citations, in hopes of conveying in
a few pages the structure of the ﬁeld and providing a framework that helps the reader make
sense of a range of papers.

MODELING THE PHYSICAL
CHEMISTRY OF BINDING:
FORCES AND FLEXIBILITY
Perhaps someday there will be computers fast
enough to compute binding afﬁnities from
ﬁrst-principles quantum mechanical simulations of all the nuclei and electrons in a femtoliter solvent droplet, with dissolved protein and ligand molecules. For now, however, one must rely on a theoretical framework that yields the afﬁnity from calculations
on just one protein and one ligand, and on
approximations that allow energies and forces
to be computed more rapidly than does an
ab initio quantum mechanical treatment. In
general, such approximations entail reducing the number of degrees of freedom that
are treated explicitly and replacing them with
new forces that account for the implicit degrees of freedom. For example, one can model
the water around a protein by explicitly simulating the motions of thousands of water
molecules, allowing the properties of water
to emerge automatically from the simulation.
Alternatively, one can discard the explicit water molecules and instead use an implicit water model consisting of new energy terms for
the hydrophobic effect and dielectric screening. Such models can provide a useful intuitive understanding of the system, but it is also
important to remain alert to their potential
weaknesses.
Below we outline current thinking on key
energy components that drive or oppose bind-

ing, breaking them into potential energy (as
if in vacuo) and the effects of solvent. Then
a theoretical framework for computing afﬁnities based on these forces is described, followed by some of the implications of the
theory for binding thermodynamics, such as
strain and entropy.

Strain: the energy
cost of adopting the
bound conformation

Potential Energy
The potential energy of an isolated molecule
or complex in a given conformation can be
computed by quantum mechanical methods
that explicitly account for the electronic structure. Such quantum calculations can be done
in various ways, but a central division is
that between more time-consuming ab initio methods and faster semiempirical methods, which substitute ﬁtted parameters for
quantities that would otherwise need to be
calculated. The details of these approaches
are beyond the scope of this review. Quantum methods in principle are broadly applicable, but they are time-consuming relative to the force-ﬁeld models discussed in
the next paragraph, typically requiring minutes to months of computer time, depending upon the size of the system and the
level of the calculation. Therefore, it is difﬁcult to use them in methods that calculate the energy of many different conformations. It is also important to be aware that
many ab initio methods markedly underestimate the attractive forces due to electronelectron correlations between atoms, i.e., dispersion forces, the attractive part of the van
der Waals forces.
Empirical force ﬁelds (8) represent a
computationally fast alternative to quantum
mechanical calculations of the potential energy, because they encapsulate the chief consequences of electronic structure in a few
energy terms that are easily calculated, often in well under 1 s for one conformation of a system. Current examples include
CHARMM (15), AMBER (30), and GROMOS (121). A typical functional form is given
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it can be difﬁcult to generate trustworthy
parameters.
Newer force ﬁelds are becoming more
complex in order to achieve greater accuracy.
Thus, more detailed models of the charge distribution can be employed, as touched on below (87, 102, 115), and there is also great interest in accounting for electronic polarization,
the redistribution of atomic charges induced
by changes in the electrical ﬁelds to which the
molecule is subjected (66, 77).

by Equation 1:
U =

Electronic
polarization:
induced
redistribution of
electronic charge in
an atom or molecule

N
bonds


kb,i (b i − b 0,i )2

i=1



Nangles

+

kθ,i (θi − θ0,i )2

i=1

+

Ndihedrals


kφ,i (cos(ni φi − φ0,i ))

i=1



Nimprp−dhd

+

kω,i (ωi − ω0,i )2
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Effects of Water, Dissolved
Electrolytes, and pH
1.

The ﬁrst two terms treat bond stretching and angle bending by harmonic springs
with large force constants. The third term
accounts for bond torsions (dihedrals), and
the fourth, improper dihedral, term is used
to keep planar groups planar. The ﬁfth term
accounts for the van der Waals interactions
among atoms with a short-ranged hard repulsion that prevents atoms from overlapping
and a slightly longer-ranged weak attraction
attributable to correlated motions of the electrons (dispersion forces). The ﬁnal term accounts for Coulombic interactions between
atoms, which result from the fact that electrons tend to concentrate around atoms with
large electronegativities and become depleted
elsewhere, leading to negative and positive
partial atomic charges; those with charges of
large magnitude are polar atoms. It is evident from Equation 1 that an empirical energy
function contains many parameters, such as
the spring force constants k, the van der Waals
parameters A and B, and the atomic charges
qi . These parameters can often be obtained by
ﬁtting to high-level quantum calculations, but
it is best if they can be tested and adjusted by
computing physical properties, such as solvation energies of model compounds, and comparing them with experimental data. When
suitable experimental data are not available,
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Protein-ligand binding normally occurs in a
salt-water environment, which has a strong
effect on energetics. Water has a dielectric
constant (D in Equation 1) of about 80,
whereas the dielectric constant of vacuum is
1. This leads to a new, one-body solvation energy for each atomic charge, which arises from
the favorable interaction between the charge
and the high-dielectric environment (12). As a
consequence, there can be a substantial energy
penalty for moving the polar part of a ligand
out of water and into the binding site. In addition, water screens the charge-charge interactions of fully hydrated atoms by ∼80-fold,
as indicated in the Coulombic term in Equation 1. However, atoms in the protein-ligand
interface are sequestered from the solvent and
therefore interact with an effective dielectric
constant between 1 and 80. In general, atoms
that are further apart are more likely to interact through solvent, and this idea led to the
introduction of a crude screening model consisting of a distance-dependent dielectric. For
atoms i and j in Equation 1, Dij = Crij , where
C is a constant often set to 4 and rij is the interatomic distance. This model allows one of the
chief effects of the solvent to be accounted for
in a computationally efﬁcient manner, and it
is used in a number of ligand-protein docking
algorithms. However, it fails to account for
the one-body solvation energy of each atom.
In addition, the electrostatic interaction of
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two atoms actually depends not only on their
distance, but also on the positions of all the
protein and ligand atoms, because these determine where the high-dielectric solvent can
penetrate.
These additional complexities can be captured by continuum electrostatics models,
which treat the protein and ligand as lowdielectric regions with embedded atomic
charges, surrounded by the high-dielectric
aqueous solvent (55). In particular, numerical solutions of the Poisson-Boltzmann (PB)
equation offer a reasonably efﬁcient method
of accounting for the subtleties of molecular electrostatics, including the additional
electrostatic screening produced by dissolved
salts. The PB equation usually can be solved
for a protein in seconds to minutes of computer time for a biomolecular system, and it
yields the interaction energy of the protein,
ligand, or complex with the water in which
it is immersed. This electrostatic part of the
solvation energy can be added to the potential energy obtained by a force ﬁeld or other
method to provide a more complete accounting of conformational energetics. When many
conformations need to be processed, faster
generalized Born (GB) models are valuable as
approximations to the full PB model (34, 51,
58, 59, 80, 97). These are based on a recognition that dielectric screening of a chargecharge interaction correlates with the degree
to which each charge interacts with surrounding water (43).
Water also gives rise to the hydrophobic effect, the tendency of water molecules
to drive nonpolar solutes together (68). This
promotes the association of nonpolar surfaces of the ligand and the protein. The hydrophobic effect is often accounted for by an
additional solvation energy term that is proportional to molecular surface area, with a
positive coefﬁcient. The effect is to add a positive (unfavorable) solvation energy to conformations with more surface area and thus
to favor binding, which reduces surface area.
Combining the PB or GB electrostatics mod-

els with such a surface area term yields the
PBSA (112) and GBSA (97) solvation models, respectively. These are called implicit solvent models because they do not treat any
water molecules explicitly. Once parameterized, the PBSA and GBSA models provide
rather good agreement with experimental solvation energies of small model compounds
(10, 112), but they may be less accurate for
more complex molecules, such as proteins,
that can bind or completely sequester individual water molecules. Unfortunately, it is not
straightforward to generate experimental data
that directly address this issue, but computational studies are beginning to be applied to it
(50, 83, 91, 118).
The inﬂuence of solvent on binding can
also be treated with molecular dynamics (MD)
or Monte Carlo (MC) simulations that include thousands of explicit water molecules
modeled with an empirical force ﬁeld (6, 64,
102). Dielectric screening, the solvation of
polar groups, and the hydrophobic effect all
emerge automatically with this approach. In
addition, it should provide a better treatment
of bound and sequestered water molecules, at
least in principle. However, an explicit treatment of solvent is substantially more costly
computationally than an implicit model, by
perhaps an order of magnitude, depending on
the speciﬁcs of the comparison.
Physiological solutions also buffer protons
at a speciﬁc pH and thus control the electrical charges of acidic and basic groups of
both the protein and the ligand. As a result, the pH can strongly inﬂuence conformational preferences and binding afﬁnities.
Indeed, protonation and binding are thermodynamically linked, so that the pH affects the
apparent binding afﬁnity and binding in turn
affects protonation states. The potential for
many drug-like molecules to exist in multiple tautomeric states poses similar challenges.
A number of research groups are working
on methods of predicting protonation states,
which will undoubtedly be important for computing accurate afﬁnities.
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Theoretical Framework for
Calculating Affinities
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Given a method of computing the potential
and solvation energies of a protein, a ligand,
and their complex, a theory of binding is still
needed to compute their afﬁnity. One widely
used approach (42) is based on recognition
that the free energy of binding is the change
in free energy when one protein and one ligand react to form one complex. The change in
free energy of a solution when one complex is
added to the system is deﬁned as the complex’s
chemical potential, μ P L ; similarly, the change
in free energy when one protein and one ligand are removed is −μ P − μ L . Thus, the free
energy of binding is G = μ P L − μ P − μ L .
Statistical thermodynamics provides an ex-

(A mass-dependent prefactor that cancels in
the ﬁnal expression for the binding afﬁnity has
been omitted, as has a small pressure-volume
term.) The Boltzmann factor in the integral
is larger for more stable conformations of the
protein, so that the more low-energy conformations the protein can adopt, the greater the
integral and the more negative its standard
chemical potential, implying greater stability
and less reactivity. Also, the higher the concentration CP , the more positive the standard
chemical potential, implying greater reactivity, consistent with the law of mass action.
Supplying analogous formulae for the
chemical potentials of the ligand and the
complex allows the free energy of binding to
be written as


 −(U(r )+W(r ))/RT
PL
PL
dr P L
e
1 C P CL


.
G = −RT ln
8π 2 C P L
e −(U(r P )+W(r P ))/RT dr P
e −(U(r L )+W(r L ))/RT dr L


pression for the chemical potential of the protein, for example, as


Q NP +1,NS
μ P = −RT ln
Q NP ,NS



8π 2
= −RT ln
e −(U(r P )+W(r P ))/RT dr p ,
CP
2.
where R is the gas constant; T is the absolute temperature; Q NP +1,NS and Q NP ,NS are
the canonical partition functions of solutions
of NP + 1 proteins and NS solvent molecules
and NP proteins and NS solvent molecules, respectively; the factor of 8π 2 results from the
fact that overall rotation of the protein does
not affect the integral over the other coordi-

3.

For the most part, the integrals in this expression are considered to range over all conformations, but only conformations that are low
in energy actually require attention; for example, conformations with highly stretched
bonds can be neglected. However, a subtlety
arises for the protein-ligand complex, because
the integral should include only conﬁgurations in which the ligand is considered bound
to the protein. For tight complexes, any integration domain that includes the lowestenergy conﬁgurations and not too much more
sufﬁces (42); for weak binding, a more involved deﬁnition is needed (88).
Replacing each concentration in Equation
3 by the standard concentration C◦ (1 M)
yields the standard free energy of binding:




 −(U(r )+W(r ))/RT
PL
PL
dr P L
e
Co


G = −RT ln
.
8π 2
e −(U(r P )+W(r P ))/RT dr P
e −(U(r L )+W(r L ))/RT dr L
o

nates of the system; CP is the concentration
of the protein; U(rP ) is the potential energy of
the protein as a function of its internal coordinates rP and thus of its conformation; and
W(rP ) is the corresponding solvation energy.
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The factor of C◦ makes it apparent that the
higher the standard concentration, the more
negative the standard free energy of binding,
again consistent with the law of mass action.
The relationship of Go to the equilibrium
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constant K is established by recognizing that
G = 0 when the system is at equilibrium.
Equation 3 then gives the equilibrium ratio
of concentrations as:

Annu. Rev. Biophys. Biomol. Struct. 2007.36. Downloaded from arjournals.annualreviews.org
by CENTRO BIOLOGIA MOLECULAR on 03/13/07. For personal use only.



CPL
C P CL


=
eq

depend on standard concentration. On the
other hand, a model that omits standard concentration can legitimately provide the difference between two binding afﬁnities, because

 −(U(r )+W(r ))/RT
PL
PL
dr P L
e
1


2
−(U(r
)+W(r
))/RT
P
P
8π
e
e −(U(r L )+W(r L ))/RT dr L
dr P

Multiplying both sides by Co and using Equation 4 yields that


CP LC o
o
K = e −G /RT =
6.
C P C L eq
Equation 4 can be used to derive various
methods of computing binding afﬁnities, including Double Decoupling and Mining Minima (23, 52). Furthermore, Equation 4 can be
manipulated into the form
Go = UP L  − UP  − UL  + WPL 
o
− WP  − WL  − TSconﬁg
,

7.

where UP L  and WP L , for example, are
the Boltzmann-averaged potential and solo
vation energies of the complex; and Sconﬁg
,
the change in conﬁgurational entropy, is the
change in the entropy associated with ligand
and protein motions, including translational
motion, for binding at standard concentration. The solvation terms are actually solvation free energies and include both energetic
and entropic components. Equation 7 is recognizable as the basis of most physics-based
scoring functions as well as the molecular
mechanics Poisson-Boltzmann surface area
(MM-PBSA) method.
Some methods of computing binding
afﬁnities yield predicted values of Go that
do not depend on the standard concentration. This is problematic because the standard concentration is arbitrary. Indeed, if it
were changed from 1 M to 1 nM, for example,
then every experimental standard free energy
of binding would be reported as RT ln 109 =
12 kcal mol−1 more positive. Therefore, a case
can be made that the success of a model is
fortuitous if the model’s predictions do not

Configurational
entropy: the
entropy associated
with motions of the
ligand and/or protein

5.

the standard concentration cancels in such
differences.

Strain, Configurational Entropy,
and Preorganization
Equations 4 and 7 not only provide a basis for
computational models, but also have important implications that can be understood intuitively. In particular, they lead directly to the
concepts of strain, conﬁgurational entropy,
and preorganization. If the ligand adopts a
strained conformation in the bound state,
the rise of its internal energy on binding
will make a positive contribution to UP L  −
UP  − UL  and thus oppose binding. Alternatively, if the ligand accesses a wide range of
equally stable conformations in the free state,
but only a narrow range of conformations in
the bound state, its conﬁgurational entropy
will drop and thus oppose binding. Finally, if
the bound conformation of the ligand corresponds to an especially stable conformation,
then the ligand is preorganized for binding,
and both the strain and entropic penalties will
be low. The same considerations apply to the
protein.
Changes in conﬁgurational entropy upon
binding are the subject of a literature too complex and extensive to be summarized here; a
key problem has been the lack of a method
to compute these quantities. The Mining
Minima technique does allow such calculations, and applications to host-guest model
systems (23, 26) and a protein-ligand system (22) indicate that the entropic penalty of
Equation 7 is large, opposing binding nearly
as strongly as the energy changes favor it.
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Thus, the loss in conﬁgurational entropy cancels most of the binding energy, and the net
binding free energy is a small difference between larger numbers. Importantly, leaving
out the conﬁgurational entropy, and thus focusing only on energy, leads to signiﬁcantly
worse correlation with experimental free energies of binding. Nonetheless, there is significant entropy-energy correlation, and scaling
the energy terms by a factor of perhaps 0.1 to
0.2 yields numbers in the experimental range.
Similar results should hold for protein-ligand
binding.
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APPROACHES TO
CALCULATING AFFINITIES
Docking and Scoring
Docking methods try to identify the most
stable conformation of the ligand-protein
complex using a simpliﬁed energy model, frequently an empirical force ﬁeld with a simple solvent model for the sake of computational speed. The ﬁnal conformation can
then be used to assign an energy, or score,
to the ligand, sometimes using the same energy model that was used during docking
and sometimes with a more sophisticated and
time-consuming model. Reliance on a single
bound conformation in effect assumes that
this conformation is the only one that is signiﬁcantly occupied, so that it dominates the
averages in Equation 7. Pioneering initial approaches (32, 45, 76) have been followed by
further advances from the same groups and
many others, as recently reviewed (14, 113),
and a number of methods are actively used for
computer-aided drug discovery (110).
The proliferation of docking and scoring methods also has inspired evaluations and
comparisons (25, 69, 125, 127), which are of
particular interest to drug companies making
purchasing decisions. Some of the most commonly used criteria are a method’s ability to
reproduce the correct bound conformation of
a ligand-protein complex, its ability to assign
better energy scores to known high-afﬁnity
28
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ligands than to a large set of decoy compounds (enrichment), and the ability to generate scores that correlate with measured binding afﬁnities of known ligands. Overall, existing methods frequently yield accurate bound
complexes and can usually provide signiﬁcant
enrichment. However, the results are system
dependent, and different methods perform
better on different systems. In addition, scores
are at best weakly predictive of afﬁnities across
a series of known ligands. Carrying out a fair
evaluation poses its own challenges (29); for
example, enrichment studies provide different
results when the known ligands have nanomolar versus micromolar afﬁnities. Docking results also depend on procedural details outside
the actual docking protocol, such as the choice
of protonation sites on the ligands (75, 120).
Results are sometimes improved when multiple scoring functions are combined in a single
consensus score, with the idea that a ligand
that ranks high on multiple scoring functions
is more likely to bind tightly (7, 24, 90). Nevertheless, the gains of this approach are limited by the simplicity of typical scoring functions, which are designed for computational
throughput.
As a consequence, there is great interest in
more sophisticated and hence more accurate
scoring functions. If these prove to be slow, it
will still be possible to prescreen compounds
with a fast scoring function and apply a more
accurate method only to compounds that pass
the screen. The fast method also can provide
initial docked conformations to initiate calculations with the slower one. The following
subsections review efforts to increase the sophistication of docking and scoring methods.
Improved potential energy models. One
important direction involves using potential
energy models that are more advanced than a
typical empirical force ﬁeld. A particularly interesting study provides evidence that docking accuracy is substantially better when the
energy model accounts for the redistribution of ligand charges due to the electric
ﬁeld of the binding site, i.e., for electronic
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polarization (28). The procedure involves iteratively adjusting partial atomic charges via
quantum mechanical calculations during a
docking procedure. Rather large shifts in
charge were observed, up to an average of 0.4
e across all atoms for some ligands. A number of other studies also explore force ﬁelds
with more detailed treatments of electrostatics (31, 37, 87), and a different style of force
ﬁeld, designed for use with metalloenzymes,
has now been used to model protein-ligand
systems (48).
Another approach has been to use a quantum mechanical treatment of the ligand, and
even the protein, rather than rely on an empirical force ﬁeld (47, 71, 98, 122). Because such
methods capture dispersion forces poorly, a
van der Waals dispersion term has been combined with the quantum approach, as done in
an intriguing trial application to 165 proteinligand systems (99). A recent review provides
a useful perspective on the use of quantum
calculations in structure-based drug discovery
(95).
Improved solvent models. Many scoring
functions have relied on simple models of the
solvent, such as the distance-dependent dielectric. These fail to capture the sensitivity
of the interactions between atomic charges to
the details of their locations relative to the
solvent, as well as the fact that polar groups
have strong, favorable interactions with the
solvent that may be lost upon binding. This
issue has been addressed by incorporating
PBSA and GBSA solvation models into docking and scoring, and a number of papers report improvements in accuracy (56, 84, 86, 87,
111, 135, 136). However, increased accuracy
in some systems requires careful assignment
of protonation and tautomer states (38, 56).
It seems that, in these cases, removing one
source of error exposes another one.
Several studies also address the formation
of water binding sites during docking (41, 100,
123, and references therein), but the methods
tried so far do not seem to markedly improve
accuracy. In addition, it is not yet clear how to

adjust the score of a ligand if it is predicted to
bind with a water molecule.
Accounting for conformational changes of
the receptor. The ﬁrst docking algorithms
typically treated the protein as rigid, although
binding sites in reality adjust to accommodate
different ligands. This simpliﬁcation can be
problematic, because even a small steric overlap can make a good ligand look like a misﬁt
if it is docked into a single conformation of
the receptor that was solved with a different
ligand bound. However, because the receptor possesses many internal degrees of freedom, treating it as ﬂexible can vastly expand
the problem of discovering the most stable
conformation of the protein-ligand complex.
Moreover, as the number of candidate energy
minima rises, the energy model must become
increasingly accurate in order to identify the
global minimum correctly. A wide variety of
approaches have been devised to address this
problem, as previously reviewed (18). Methods range from using a single conformation of
the receptor, but softening it to approximate
the consequences of ﬂexibility (60); to docking into a single representation of the binding
site obtained by averaging across multiple receptor structures (16, 74, 93); to docking into
multiple discrete receptor conformations (1,
20, 39, 130, 131); to reoptimizing the conformation of the binding site during the docking
calculation itself (65, 70, 108, 133, 134). The
relative merits of the various approaches are
not yet clear, though one study provides evidence that soft docking yields worse enrichment of known ligands than does docking into
multiple structures of the receptor (39).
Configurational entropy. Even if a docking
algorithm always identiﬁes the global energy
minimum of a protein-ligand complex with
a perfectly accurate potential and solvation
energy function, it will not yield an accurate
binding free energy. One reason is that the
binding free energy includes a loss in conﬁgurational entropy due to the decrease in
freedom of the ligand and the protein upon
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binding. As noted above, the loss of conﬁgurational entropy is nearly as large as the gain
in favorable binding energy and correlates
roughly with the energy change. Therefore,
it is expected that a model that accounts for
changes in potential and solvation energy, but
neglects the loss of conﬁgurational entropy,
will tend to overestimate binding afﬁnities.
In fact, the energy terms in a physics-based
scoring function (89) had to be scaled down
roughly 10-fold to bring the results into range
with experiment, as previously noted (26); and
a similar result is observed in calculations with
the MM-PBSA method when conﬁgurational
entropy is neglected (17).
A number of scoring methods use the
rigid-rotor/harmonic-oscillator formalism to
separate the ligand’s loss of entropy into a
rotational and translational part that results
from trapping in the binding site and another
part associated with the ligand’s loss of ﬂexibility. It is generally assumed that that any entropy change associated with the hard degrees
of freedom (bond stretches and angle bends)
is negligible. This is reasonable, because bond
lengths and bond angles are unlikely to be perturbed much by the noncovalent forces that
drive protein-ligand binding. It is also widely
assumed that changes in rotational and translational entropy are either negligible or constant across all binding reactions, but this view
is not well founded. In fact, the translational
and rotational motions of a bound ligand depend on exactly how tightly it is held (23, 26),
and this can vary not only from one complex
to another, but also among alternative bound
conformations of a single complex (26). This
topic poses nontrivial theoretical issues and is
now the subject of increasing computational
scrutiny (2, 33, 78, 85, 117). For example a
recent study reports improved docking accuracy with a novel method of estimating the
entropy of a bound ligand from the ranges
of rotational, translational, and torsional coordinates associated with multiple docked
conformations (107).
Changes in entropy due to the decreased
ﬂexibility of the ligand upon binding are com-
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monly regarded as resulting from a reduction
in the number of energetically accessible ligand rotamers upon binding and are often accounted for with empirical terms proportional
to the number of rotatable bonds of the ligand
affected by binding (9, 36, 44, 101, 124). The
corresponding free energy penalties are typically on the order of 0.4 kcal mol−1 torsion−1
but run at least to 1 kcal mol−1 torsion−1 (99).
However, a simple argument suggests that
such estimates markedly overestimate the loss
of entropy due to the drop in accessible rotamers. For a ligand with 10 rotatable bonds,
the torsional penalty would be 4 kcal mol−1 ,
corresponding to a drop of e−4/RT = 800fold in the number of equally stable ligand
rotamers upon binding. This implies a minimum of 800 equally stable, rotamerically distinct ligand conformations in the free state.
This number seems improbably large. It is
not clear whether the literature has directly
addressed this issue, but programs designed
to generate a large number of diverse ligand
conformations typically yield far fewer conformations (13, 72). Moreover, of these conformations, only a few are likely to be within
1 kcal mol−1 of the global energy minimum.
Therefore, it is unlikely that rotamer counting accounts for much of a ligand’s entropy
loss upon binding. Recent studies of model
systems do reveal substantial losses in conﬁgurational entropy upon binding, but they
attribute these losses to the fact that the energy wells of a bound complex are narrower
than those of the free species, rather than to
a reduction in the number of stable rotamers
(22, 26). Overall, it appears that a deeper understanding of changes in conﬁgurational entropy upon binding could lead to improved
accuracy in docking and scoring.

Free Energy Methods
Free energy methods use conformational
sampling to generate thermodynamic averages, in contrast with docking methods,
which focus on a single bound conformation. The use of conformational averaging is
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advantageous because it removes sensitivity to
the details of the single representative conformation relied on by docking methods. On the
other hand, free energy methods need more
computer time in order to generate unambiguous, converged results. Also, the conformational searches tend not to be wide ranging
and thus may need to be seeded with several
plausible docked conformations. Two general
approaches are considered here: end-point
methods, which generate conformations of
only the free and bound species and compute
the binding free energy by taking a difference, and pathway methods, which compute
the sum of small changes along a multistep
pathway connecting the initial and ﬁnal states.
End-Point methods. The linear interaction
energy (LIE) method (3) involves running
two MD simulations with an empirical force
ﬁeld: one for the ligand in solution, and the
other for the ligand in the protein binding site. Snapshots saved from the simulations represent Boltzmann ensembles of conformations and are used to compute the
Boltzmann-averaged electrostatic (Uelec ) and
van der Waals (Uvdw ) interaction energies of
the ligand with its environment in the bound
and free states. The binding free energy is
then estimated as
G o ≈ β(Uelec bound − Uelec free )
+ α(Uvdw bound − Uvdw free ),

8.

where the angle brackets indicate Boltzmann
averages. Changes in the internal energy of
the solvent and the protein are considered to
be accounted for by the factors α and β, on
the basis of their reorganization energy in response to the ligand (3). As recently summarized (19), good correlations between calculation and experiment have been reported in
a number of publications, both with the standard coefﬁcients α = 0.18 and β = 0.33 (19)
and with system-speciﬁc values of these coefﬁcients (126). An additional surface-areadependent term has also been incorporated
(61), and more recent variants speed the MD

calculations by using implicit treatments of
the solvent (19, 135). In general, it does not
seem that a single set of coefﬁcients can be
applied to all systems; therefore some experimental binding data for the system of interest
may be needed before this method can be used
effectively.
Nonetheless, the quality of the results is
somewhat surprising, because LIE does not
account explicitly for standard concentration
or for changes in the conﬁgurational entropy
or the internal energy of the ligand. The LIE
method may be successful in part because it
is generally used to compare ligands within a
single chemical series. Entropy-energy compensation (23, 26), and cancellation of the
neglected drop in solute entropy by the neglected rise in the solvation entropy, may also
play a role.
A second end-point approach, the
MM-PBSA method, along with its GB variant (MM-GBSA), uses MD simulations of the
free ligand, free protein, and their complex
as a basis for calculating the average potential
and solvation energies in Equation 7 (46,
114). The MD runs typically use an empirical
force ﬁeld and an explicit solvent model.
The resulting snapshots i are postprocessed
by stripping them of their explicit solvent
molecules and computing their potential
energies Ui with the empirical force ﬁeld
and their solvation energies Wi with either
the PBSA or GBSA implicit solvent model.
Averaging over each trajectory allows the
changes in mean potential and solvation
energy to be calculated, as per Equation 7.
The change in conﬁgurational entropy is
then estimated by energy-minimizing a few
snapshots of the free and bound molecules,
computing their entropy with the rigidrotor/harmonic-oscillator
approximation,
and obtaining the average entropy change
over these snapshots. This approach neglects
any contribution to the entropy change that
may result from a change in the number
of thermodynamically accessible energy
minima. The quasiharmonic approximation
(67) also has been used to estimate the change
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in conﬁgurational entropy from the MD simulations (57, 79), despite concerns regarding
its accuracy (21). It is not always clear from
the literature whether or how the standard
concentration has been incorporated into
MM-PBSA or MM-GBSA calculations, but
a correct approach is available (equation 3
in Reference 96); therefore the MM-PBSA
method allows a clear connection with the
theory of binding.
Although early applications of MM-PBSA
appeared promising, it apparently is difﬁcult
to converge the energy averages reliably. One
reason for this difﬁculty may be that they
encompass energy ﬂuctuations not only of
the ligand and the binding site, but also of
parts of the protein remote from the binding site, which are less relevant to binding.
Convergence has been accelerated by a singletrajectory approach (17, 79), in which only one
MD simulation of the protein-ligand complex
is carried out. Conformations of the nominally free ligand are then derived simply by
deleting the protein from the resulting snapshots, and likewise for the “free” protein. In
this single-trajectory approach, only ligandprotein distances contribute to the computed
change in energy, because all other interatomic distances stay exactly the same. The
single-trajectory approach resembles LIE because it similarly neglects changes in internal
energy and conﬁgurational entropy of both
ligand and protein. However, it differs from
LIE in that it assumes the same conformational distribution for the free and bound ligand, whereas these change in LIE.
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Free energy pathway methods. The
change in free energy between two states of
a system, such as before and after binding,
can be written formally as −RT ln e −U/RT ,
where U is the change in the energy
function between the initial and ﬁnal states,
and the angle brackets indicate a Boltzmann
average taken in the initial state (137). For
binding, U would reﬂect the introduction
of interactions between the protein and
ligand, and the average could, in principle,
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be obtained by MD or MC simulations. In
reality, such a simulation is extraordinarily
difﬁcult to converge unless the initial and
ﬁnal states are similar. The free energy
perturbation method solves this problem
by breaking the change into N small steps
δU (perturbations) and running a separate
simulation for each resulting energy function
Ui to obtain the stepwise free energy changes
−RT ln e −δU/RT i associated with each step,
where i indicates a Boltzmann average with
the energy function Ui . Thus, the initial and
ﬁnal states are linked by a pathway of small
steps for which the small free energy differences can be computed. Another pathway
approach, thermodynamic integration (TI)
(73, 116), uses MD or MC to compute the
ﬁrst derivative of the free energy with respect
to the distance along the path and then
estimates the total change in free energy via a
numerical integral of the derivative along the
path. Because the ﬁrst derivative of the free
energy is effectively a force, TI effectively
involves a work integral. Either free energy
perturbation or TI can be applied to a given
free energy calculation, and both methods
are widely used.
The ﬁrst applications of such methods to
binding did not seek to compute the standard free energy of binding, but rather to
compute the difference between the binding
free energies of two similar ligands, Go ,
by a method termed computational alchemy
(119). This involves using pathways to compute the change in free energy when ligand
A is changed to ligand B within the binding site, as well as in solution. A free energy cycle shows that the difference between
these two free energy changes equals the difference between the binding free energies
of the two ligands. The calculations typically employ lengthy MD or MC simulations
(hours to many days, depending on the calculation) with an empirical force ﬁeld and
an explicit treatment of solvent. Relative to
computing full-ﬂedged standard free energies
of binding, in which a ligand must be removed from the binding site, computational
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alchemy has the merit of focusing on a relatively small perturbation, in which one ligand
is changed to another similar one, and thus of
converging relatively rapidly. Computational
alchemy also avoids the problem of accounting for standard concentration, because it can
be shown from Equation 4 that C o cancels
in Go . The method is theoretically sound
and is supported by a literature reporting relatively accurate results, often within 1 to 2 kcal
mol−1 of experimental data. Still, computational alchemy has not yet been subjected to
extensive validation studies like those used to
evaluate docking and scoring methods.
The use of computational alchemy has
been limited in part by the amount of computer time it requires, especially when ligand
A and ligand B are markedly different. However, advances in computer technology and
simulation algorithms allow practical application of this method to drug discovery (4, 27,
49, 104). Also, a clever extension of computational alchemy by TI yields the relative afﬁnities of multiple similar ligands from a single
simulation run, at least for rigid ligands (92).
At least two studies suggest that the method
is more accurate than MM-PBSA (46, 94), as
noted above. Its convergence properties also
may be better than that of the original implementation of MM-PBSA because unlike MMPBSA the work terms it computes are not directly inﬂuenced by ﬂuctuations far from the
binding site.
Pathway methods can also be used to compute the standard binding free energy of a protein and ligand. The Double Decoupling approach (42), which was in effect ﬁrst used to
compute the afﬁnity of xenon for myoglobin
(54), draws on related approaches (53, 106),
notably the double annihilation method (63).
It involves using a pathway technique to compute the work of gradually decoupling the ligand from the binding site and then effectively
coupling it with an energy well or trap of deﬁned size in bulk solution. The work of allowing the ligand to escape from the trap into a
volume equal to 1/C o can be computed analytically, so that the simulation results can be

connected with the appropriate standard state.
This approach has been further developed and
applied to several protein-ligand systems (11,
35). A computationally massive application of
the similar but nonrigorous (42) double annihilation method (63) to the association of
eight ligands with the protein FKBP is also of
considerable interest (40).
It has been argued that double decoupling
is difﬁcult to converge for highly charged ligands because the ﬁnal result must accurately
balance strong interactions between the ligand and the solvent against similarly strong interactions between the ligand and the protein
(57). Alternative approaches compute the free
energy of binding via a pathway in which the
ligand is gradually extracted from the binding
site. Preliminary results from techniques of
this type appear promising (57, 79), though
their applicability to ligands that bind in a
closed cavity within the protein is not yet
deﬁned.
Because the pathway methods are so
promising and yet so difﬁcult to run to convergence, there is great interest in accelerating them or developing useful shortcuts, as
recently reviewed (105). Approaches include
improved methods of extracting free energies
from the simulations (109, 132), novel sampling methods to speed convergence (82, 103),
and hybrid implicit/explicit solvent models
that reduce the computational load (5, 81).

PROSPECTS AND CHALLENGES
Accurate calculation of protein-ligand binding afﬁnities is an important and still unsolved
problem. Nonetheless, signiﬁcant progress is
being made through a deepening understanding of the physical chemistry and the implementation of tractable algorithms based
on this understanding. Advances in computer hardware also continue to extend the
level of detail that can be modeled. There
is room for improvement in many aspects
of existing methods, including models of the
potential energy and of solvent, treatment
of protonation and tautomer equilibria, and
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algorithms and heuristics for conformational
sampling. Indeed, one should not expect
marked improvement in afﬁnity calculations
from progress against any single part of the
problem because the remaining parts still generate large errors. Rather, success likely requires a concerted effort on all fronts. Understanding the nature of the approximations
used is essential in this process, so that successes or failures will be interpretable and a
path of improvement can be discerned. Otherwise, model development risks devolving to
trial and error.
Comparison with experimental data remains indispensable. Validation studies are
easier for computationally faster approaches,
such as docking and scoring, but are also
needed for the more time-consuming methods. Simple model systems can play an
important role in validation. For example,
artiﬁcial binding sites that bind small, rigid
ligands allow a focus on intermolecular interactions rather than on issues of ligand ﬂexibility (128, 129). Similarly, mining minima
studies of host-guest model systems (23, 26)

have provided insights into conﬁgurational
entropy that bear on the development of improved scoring functions. Experimental data
also are necessary as a basis for improving speciﬁc components of binding models, and expansion of certain data sets would be welcome
and valuable. For example, solvation models
cannot be applied conﬁdently to many candidate ligands because the existing database of
solvation free energies does not include many
of the chemical moieties that frequently appear in drug-like compounds.
Finally, today’s understanding of the physical chemistry of molecular recognition may
prove to be incomplete. Speciﬁc issues likely
to be of continuing interest include changes
in ligand, protein, and solvent entropy upon
binding; the puzzling and apparently erroneous tendency of many binding models to
yield afﬁnities that correlate strongly with the
molecular weight of the ligand; electronic polarization; the modeling of metal-containing
binding sites; and the thermodynamic implications of water binding sites at the ligandprotein interface.

SUMMARY POINTS
1. Recent evaluations show that docking methods have considerable success in correctly
identifying bound conformations and in enriching known ligands against a background of decoy compounds, but yield less impressive results for ranking known
ligand according to afﬁnity.
2. Important advances are being made in calculating the potential energy as a function
of conformation, through more sophisticated force ﬁelds and the incorporation of
quantum mechanical treatments in ligand-protein modeling.
3. Recent calculations suggest that changes in conﬁgurational entropy on binding are
large, cancel much of the energy change that drives binding, and must be accounted
for to obtain good correlations with measured afﬁnities.
4. Free energy pathway calculations with explicit solvent appear to yield good agreement
with experiment, and it may be time to undertake more comprehensive validation
studies.
5. Achieving accurate afﬁnity calculations will likely require advances on multiple fronts:
potential energy functions, solvation models, and the treatment of conformational
ﬂexibility.
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1 Introduction
2

The docking problem: definition

The interaction between molecules (proteins, nucleic acids, small molecules [hereafter
simply referred to as ligands]…) constitutes the basic language of biological systems.

The docking problem can be stated as follows: given a) the 3D structure of a target of

Many diseases are related to the malfunctioning of these interactions, and therefore it is

interest, and b) the 3D structure of a ligand, find the correct (experimentally deduced)

of the utmost importance to know how they occur. This knowledge would allow us to

3D configuration of the target-ligand complex. As the ligand can adopt many different

interfere and manipulate them through the search and design of new specific ligands to

poses within the binding site of the target, docking entails two major components: a) a

decrease, or even to abolish, the effects associated with a given illness.

sampling method to produce an exhaustive enumeration of all these poses (the structurerelated issue), and b) a mathematical function, called scoring function, to account for the

Finding and bringing a new ligand to the market is certainly a daunting task that

goodness of the fit between both entities, that is, to quantify the binding strength (the

requires tremendous efforts in research, development and money investment (on

energy-related issue).

average, 15 years and around 800 million dollars per approved molecule). In the last 30
years the use of combinatorial chemistry and high-throughput screening has yielded a

2.1 The structure-related issue

ratio between the number of new drugs and the funds invested in their generation that is
well below the initial expectations. Some researchers thought that these techniques

Docking belongs to a much wider class of techniques generally known as Structure-

would be the solution to the drug discovery bottleneck, and to a certain extent, this

Based methods, and so, it is implicitly assumed that a previous knowledge of the 3D

unsuccessful attempt has fuelled the development of theoretical techniques that attempt

structure for the target and the ligand is at hand. On one side, the structures of the

to rationalize and accelerate the initial steps in the drug design cycle.

targets can be obtained either from experiments (mainly X-ray and Nuclear Magnetic
Resonance) or theory (from homology modelling), and can be accessed through the

Theoretical methods, if correctly derived, allow the medicinal chemist to pinpoint the

Protein Data Bank (PDB). On the other hand, the structures of the ligands are also

more promising candidates (hits) out of pools of thousands or even millions of

accessible through databases such as the Cambridge Structural Database (CSD), or can

molecules (chemical libraries). This reduced set can then be subjected to experimental

be easily built with a molecular modelling package. On top of that, there are also many

analysis, and any promising compound can be subsequently optimized to attain the

3D structures of target-ligand complexes in the PDB, and this is a valuable resource to

desired pharmacokinetic and pharmacodynamic profile and become a lead.

test the performance of a docking algorithm since the final result is already known.

From a theoretical perspective different scenarios can be envisaged depending on the

The most interesting part in the structure of the target, as far as docking is concerned, is

structural data available. The most favourable one, to be discussed here, is when the

the ligand binding site, also known as binding pocket, binding cavity or, in the case of

structures of both the target and the ligand(s) are known. In this case docking and

enzymes and orthosteric inhibitors, the active site (see Fig. 1A). The binding site is the

Virtual Screening (VS) techniques are the methods of choice.

cavity to which the ligand would bind, triggering or inhibiting the expected
physiological response from the target. It can be located on its surface or be buried

Simply stated, docking tries to identify, out of the large number of conformations and

inside the protein core, and is usually formed at the same time the protein is folding.

orientations that a given ligand can adopt within the binding site of a target, the one

The three-dimensional arrangement of the side chain and backbone of the residues that

closest to its experimental structure in the complex. VS is the extrapolation of this same

make it up determines the specificity of the ligand for this particular target (see Fig. 1

procedure to a large database of molecules to try and identify putative binders.

B). Finally, some residues at the binding sites tend to be conserved through evolution,

2.2 The energy-related issue

mainly those related to the activity of the target.
The stability of a molecular complex, as well as the stability of a single molecule, relies
on basic physical principles that can be modelled either quantum-mechanically or
classically, using Newton’s mechanics. In what follows we will always be referring to
this latter approach. When a binding event occurs, the target and the ligand turn on
specific molecular interactions that are responsible for the stability of the complex as a
whole. A proper knowledge and implementation of the driving forces that take place in
the binding event is the only route to achieve success in docking-related techniques. In
particular, several decisions and approximations are made at different steps in the
docking protocol based on quantifying the binding event (the so-called binding energy)
ranging from first selecting a set of appropriate poses to lastly refining the solutions and
choosing the best one. A brief description of the main molecular interaction types
follows, whereas a more detailed view of the binding event and the definition of some
scoring functions to calculate the binding energy will be given in the next section.
2.2.1 The van der Waals (vdW) interaction. When two molecules come into close
contact, vdW interactions account for two different forces: a) repulsion, which
acts at small distances between the partners and is due to the overlap of electron
clouds, and b) attraction, which emerges at longer intermolecular distances and
is due to correlations between electrons in different atoms (London’s dispersion
forces). It is a shape (or volume) concern, rather than a pure electrostatic matter.
Both forces depend inversely on the distance and modelling them is relatively
Fig. 1. The docking and scoring process: A. The ligand bound into the target’s binding site; B. close-up

straightforward. The most widely used model is the well-known Lennard-Jones’

view of the binding site, highlighting ligand-target interactions (dashed lines); C. the binding site of the

potential, where the repulsion term depends on r-12 and the attractive part on r-6, r

target being sampled by different ligand conformations; and D. a scoring function (represented as f(x) in
the picture) is used to assess the strength of the interactions. A good docking/scoring combination should

being the separation between the atom centers.

recover as its best solution the one that better resembles the experimental structure, as shown in B.

2.2.2 The electrostatic interaction. These interactions are the most ubiquitous of all,
As can be inferred from the above paragraph, knowing where the binding site is placed

taking place in a great number of binding events (i.e. pure charge-charge

(from a target-ligand complex 3D structure) means we can guide the docking algorithm

interactions, hydrogen bonding, π-π stacking, hydrophobic interactions,

to focus on that particular region of the target, instead of looking through its entire

solvation…). They are also said to fine-tune selectivity, a key aspect in the

structure (blind docking).

development of new, more specific, drugs to avoid off-target effects. However,
its accurate calculation still represents a major challenge nowadays. The
simplest approach is the Coulomb’s model (the product of the charges over

distance screened by a simple dielectric function), but more complicated, and

water molecules are released and this interaction (the so-called hydrophobic

accurate, models are available, and will be mentioned below.

effect) makes a positive contribution to the overall stabilization energy.

2.2.3 Hydrogen bonding. It is a highly selective interaction established between a

2.2.6 The entropic contribution. The concept of entropy is always related to the idea

hydrogen atom attached to an electronegative atom, the so-called hydrogen bond

of order. An isolated molecule is free to translate, rotate, and vibrate. When an

donor, and other electronegative atom, the so-called hydrogen bond acceptor,

intermolecular complex is formed, some of these motions are lost. As a

and how strong it is depends on the relative position of the three atoms involved,

consequence, more order is introduced into the system and this entails a decrease

due to their geometrical preferences of distances and angles. Its role in

in its entropy. Apart from the solvent entropy, the solute entropy (or

molecular recognition is quite important.

configurational entropy) is usually divided into conformational and vibrational
parts. The conformational part has to do with the reduction in the number of

2.2.4 The effect of the solvent. All relevant interactions in biology take place in an

energy wells that the ligand and the target can visit once the binding has

aqueous environment. When molecules are isolated in solution, they are

occurred whereas the vibrational part refers to motions within a single well.

completely surrounded by water molecules. However, when the process of

Entropy has been considered as an elusive property to calculate, and although its

binding occurs, many of those water molecules are displaced. Such a

leading role in the estimation of binding free energies is well known, it is often

displacement bears an energetic cost that should be counterbalanced by the new

ignored.

interactions being formed. Besides, a gain in entropy from the released solvent
molecules also takes place. From a theoretical perspective there are two extreme

2.2.7 Other interactions. These include formation of covalent bonds between ligand

models that are used to account for solvent effects: a) explicit models, where the

and target (giving rise to irreversible inhibitors; since a proper description of

solvent molecules are explicitly represented in atomic detail, and b) implicit

these interactions requires quantum mechanics calculations and they are seldom

models, where a mathematical function is built to mimic the behaviour of the

considered in classical docking studies), as well as interactions mediated by

whole solvent. It is also possible to consider mixed models in which some

discrete water molecules, metal ions or halogens atoms. These are also important

relevant solvent molecules are treated explicitly whereas the rest are considered

interactions and in some cases determinant to correctly predict ligand binding.

implicitly. Implicit models are usually employed in docking procedures because

However, they are rarely taken into account, or if they are, very often the

they are fast enough to allow many calculations to be carried out in a short

theoretical level used in their implementation is far from being accurate.

period of time. However, a compromise has to be reached between accuracy and
speed, as these two aims are usually inversely related. Popular methods that

3

The docking problem: theoretical considerations

solve the Poisson-Boltzmann equation or the Generalized Born model belong to
this category.

This section deals with the theoretical tools commonly employed in docking. But before
going into further details, it is worth commenting on the underlying physical model of

2.2.5 The hydrophobic interaction. Some amino acids have hydrophobic side chains
(leucine, valine, proline…) and many ligands also possess hydrophobic
moieties. This means that these functionalities do not get along well with the
aqueous environment in which all the interesting biological processes take place.
If, by any chance, two hydrophobic moieties get into contact, the surrounding

binding.

conformation for binding from an ensemble of fluctuating conformations (see Fig.2 for

3.1 The physical model of binding

a pictorial representation of the three models).
The main magnitude that one wishes to determine here is the free energy of binding,
defined as the difference in free energy when one target and one ligand find each other
and form a complex in equilibrium with their respective isolated species (Eq. 1),
ΔGbinding = − RT ln K

(1)

where R is the gas constant, T the temperature, and K the equilibrium constant. These
equilibrium constants can be measured experimentally and compared to those estimated
by Eq. 1.
As in any other chemical equilibrium, the key characterizing property is the chemical
potential, which can be estimated from statistical thermodynamics through the partition
function. A common derived expression in terms of potential energy (simulating
vacuum) and solvent effects is shown in Eq. 2,

ΔGbinding = U PL − U P − U L + WPL − WP − WL − TΔS conf

(2)

where PL refers to the complex, P is the target, and L the ligand. U is the potential
energy and W represents the solvent. All these magnitudes are Boltzmann-averaged
energies as indicated by the symbol

. The last term is related to the change in the

configurational entropy, as only one configuration is being considered as representative
of the bound state.
There are currently three models to represent ligand-target binding. The first one traces
back to 1894 and was postulated by Emil Fisher. It is the well-known lock-and-key
model: only the correct key would fit into its lock. It can be viewed as a very rigid
approach, as no mutual adaptation is considered. A more flexible approach, known as
the induced fit model, was later proposed by Daniel Koshland in 1958. Induced fit
considers that the intrinsic flexibility of the target translates into a reshaping of its
binding site to accommodate the incoming ligands. Finally, the conformational

Fig. 2. The definition of Root Mean Square Deviation (RMSD) as a figure of merit to assess performance

selection model (1999), postulates that the ligand selects the more appropriate target

in docking studies. An illustration of a good docking solution is given.

are then converted into free energies using the inverse Boltzmann formula and defining

3.2 The scoring function

reference states where the interactions are not present (Eq. 4). This last point is precisely
Simply stated, a scoring function is a mathematical equation that gives us a number

the main weakness of these methods.

encoding the strength with which a ligand binds to its target. The binding energy
landscape is often extremely corrugated, with many hills and valleys (see Fig. 1C). It is
expected from the scoring function to be able to walk through it and locate the global

⎛ g ij (r ) ⎞
⎟⎟
ΔGbinding = ∑ Aij (r ) = −kT ∑ ln⎜⎜
kl
ij
⎝ g (r ) ⎠

(4)

minima corresponding to the real situation (see Fig. 1D and 1B). In doing this, it should
be fast enough to allow a large number of potential locations on the energy landscape to

where Aij(r) is a function that describes the interactions between atoms types i and j

be assigned a binding energy value. An ideal scoring function should be both

(summed over all ligand-target atoms as a function of the distance r), gij(r) is the

computationally efficient and reliable. Scoring functions are widely used at many stages

probability for atom i and j being at a distance r, g(r) is the probability of the reference

within the drug discovery process (from hit identification in VS to lead optimization)

state, k is the Boltzmann constant, and T the temperature. These functions are also

with the aims of evaluating poses, identifying new higher-affinity ligands, and

known as potential of mean force or statistical potential.

predicting binding affinity differences.
Force field-based scoring functions decompose the ligand binding energy into a sum of
The three main types of scoring functions differ on the data that are used in their

individual interaction terms such as van der Waals energy, electrostatic energy, bond

derivation: empirical, knowledge-based, and force field-based. A brief comment on

stretching/bending/torsional energies, etc… using a set of molecular mechanics

each one follows.

parameters. The same problems present in force fields are then translated directly onto
these scoring functions insofar as they rely their performance on the goodness of the

Empirical scoring functions are derived from multilinear regression analyses between

parameters. A commonly used function is shown in Eq. 5, where only van der Waals

experimental measures of activity and several molecular properties that are considered

and electrostatic interactions are considered,

as fundamental for binding (e.g. hydrogen bonds, ionic interactions, polar/non-polar
contacts…, Eq. 3). The fact that a training set must be employed to derive the weighting
factor for each individual property makes these functions of limited applicability
beyond the training set.
ΔGbinding = ΔG0 + ΔGhb f (hb) + ΔGionic f (ionic) + ΔGlipo f (lipo) + ΔGrot f (rot )

(3)

where each f(int) is a function that models a type of interaction (int), and ΔGint is a

⎡ Aij Bij qi q j ⎤
ΔGbinding = ∑ ⎢ 12 − 6 +
⎥
εrij ⎥⎦
rij
ij ⎢
⎣ rij

(5)

where Aij and Bij are the van der Waals parameters of the atom types to which atom i
and j belong, rij is the distance between the ith atom in the protein and the jth from the
ligand, qi and qj are the partial charges of atom i and j, respectively, and ε is the
dielectric constant for the solvent.

regression coefficient that weighs the relative contribution of each type of interaction,
with ΔG0 being a constant.

3.3 The docking process

Knowledge-based scoring functions take advantage of 3D structural databases to search

To cope with the great number of degrees of freedom that take place in docking, a large

for commonly occurring types of interactions and represent them as frequencies, which

number of methodologies have been developed. These methods encompass three

different approximations: rigid body docking, rigid protein-flexible ligand docking, and

3.3.3 Fully flexible docking

fully flexible docking.
With respect to the target, and provided that ligand flexibility has been included, the
3.3.1 Rigid body docking

methods are classified depending on the degree of flexibility they allow. A limited
flexibility is considered when the degrees of freedom of the protein are reduced in some

The rigid body approximation considers both target and ligand as static components.

way as done in soft docking (relaxing the interaction potentials), which results in a

This reduces the complexity of the problem only to rotations and translations of the

larger binding site simulating the induced-fit effect. More flexibility is added through

ligand in the binding site of the target. However, this early approximation is too

the use of a Monte Carlo algorithm or a rotamer library to sample side chain changes

simplistic as both species are inherently flexible entities. Nevertheless, it is used quite

upon binding. If several structures are available for the target, the Relaxed Complex

often as a first test for new docking programs.

Scheme can also be used, which consists of performing separate docking experiments
and averaging out the results. This process is also employed with structures generated

3.3.2 Rigid protein-flexible ligand docking

by molecular dynamics simulations or normal mode analyses. Both techniques have
also been employed to account for full flexibility displacing the target while, at the same

Assuming that the lock-and-key model is a reasonable approach for the ligand binding

time, docking the ligand.

process, the flexibility of the target can be neglected. In doing so the conformational
search of the ligands becomes the most important problem to be solved. Since a

3.4 The re-scoring step

systematic exploration is not always possible due to the combinatorial explosion effect
(the enumeration of all the possible rotations of each torsional angle in the ligand) some

It is well-known that ranking docking poses according to regular scoring functions does

approaches are used instead. There are plenty of methods/algorithms implemented in

not always guarantee that the best solution on the list turns out to be the correct one. So,

docking programs and these can be broadly classified into three main categories:

it is advisable to consider more detailed descriptions of the binding event by including

incremental construction, pre-computed ligand conformations, and in situ generation.

more accurate scoring functions at a later stage to bypass the initial approximations.

Incremental construction involves the conformational analysis “on the fly” within the

Some methods use a scaling approach, by means of which the original score is scaled

restraints of the binding pocket by dividing the ligand into fragments and joined them

with a factor that depends on geometrical aspects or drug-like properties; others rely on

sequentially afterwards; pre-computed conformations, ligand conformation are

the consensus scoring approach, which uses multiple scoring functions and selects those

generated before the docking operation and are stored in a database for further use; and

ligands with the highest score in all of them; and still others add selected accuracy-

in situ generated conformations, which adapt the whole ligand to the target’s binding

oriented energy terms, such as solvent effects or results from quantum

site. Some of these techniques are: a) shape complementary (based on the evaluation of

mechanics/molecular mechanics treatments. Molecular dynamics simulations have also

the match between a pose and the binding site in terms of molecular geometry); b)

been used to consider flexibility after the docking process. Simulating the selected

genetic algorithms (based on Darwin’s evolution theory or on Lamark’s theory of

docking pose for a few nanoseconds can help to elucidate if the solution is stable

inheritance); c) Monte Carlo algorithm (generating random groups of rotation,

enough over the time.

translation, and orientation of ligands and then evaluating them with a scoring function);
d) tabu search (based on random generation of poses keeping track a list of already
sampled places or conformations); and e) bio-inspired algorithms (based on swarm
intelligence or ant colonies strategies).

4 The docking problem: how to assess the validity of the results

the asterisk represents a rigid interaction previous to target relaxation; and C. the conformational selection
model.

The evaluation and ranking of the multiple poses predicted on the basis of the search
algorithm is, by far, the most critical aspect in every docking protocol. The scoring

4.2 The energetic part

function should represent the thermodynamics of binding adequately enough to be able
to distinguish the true binding mode among the others.

This is by far the most complicated part in docking. The scoring function should be able
to discriminate among all the poses and pick out the one with the lowest RMSD with

At least, two things are needed to test the accuracy of a new docking/scoring program: a
test set of complexes with known 3D structures (usually from X-ray experiments), and a
metric to quantify how the docking results resemble the known structures (to this end
the Root Mean Square Deviation, RMSD, is of widespread use). We refer to this as the
structural part of the docking problem. Besides, if experimental affinity/activity data for
the complexes are available we can evaluate how well the scoring functions reproduce
these values. This is the energetic part of the docking problem.

respect to the crystal structure as the best solution. It is generally assumed that the
sampling problem (the structural part in docking, finding the correct binding pose) is
more or less solved, but the low correlation found between the energy values calculated
with the scoring function and the RMSD alert us about the inadequacy of their use.
Even more challenging is trying to predict affinity/activity data. A rather extensive
study employing different protein targets and docking/scoring combinations
demonstrated the lack of a significant correlation between experimental affinity/activity
data and the calculated “free binding energies”. This means that the scoring functions,

4.1 The structural part

while being able to accurately reproduce experimental structures in many cases, are not
good enough for affinity prediction mainly due to the fact that they are sacrificing

In a typical docking study ligands are extracted from their complexes and re-docked.
Then, the RMSD between equivalent atom pairs in each solution provided by the
docking program and in the experiment structure is calculated. RMSD values below 1 Å
represent an acceptable result although many authors extend this cutoff to 1.5 Å or 2.0
Å (see Fig. 3). Above this value the results are considered to be incorrect. Another
parameter to test the efficiency of a docking method is the success rate, defined as the
percentage of structures predicted with an RMSD ≤2 Å. The average value for most
docking programs is 70-75%, although higher figures can be found depending on the
program and the test set.

Fig. 3. The three binding models used to describe the target-ligand association. P represents the target, L
the ligand, and PL the target-ligand complex: A. the lock-and-key model; B. the induced-fit model, where

accuracy in favour of speed. In other words, the underlying physical principles that
govern ligand-target interactions are not properly implemented. In fact, entropy, solvent
effects, and target flexibility are still taken into account only rarely or are used at a very
low level of theory, despite current rates of increasing computer power. Nevertheless,
improvements in this area are to be expected in the near future.

5 The docking problem: future challenges

libraries. In doing so, VS uses computer-based methods to screen these libraries looking
for new putative ligands on the basis of 2D or 3D molecular structures. It is an

Despite considerable success, the accurate and rapid prediction of protein-ligand

alternative to the experimental approach known as high-throughput screening (HTS),

interactions is still a major challenge in molecular docking. It is evident from the

but with substantially reduced costs and needed resources. VS is gaining acceptance and

docking literature that accounting for target flexibility and a successful scoring function

becoming a major source of lead molecules in drug discovery. However, this technique

still are main concerns, and to a lesser extent, also ligand flexibility.

is not mature enough, although some very promising advances and good results are
being produced nowadays.

Because ligand flexibility matters, better results in terms of accuracy are usually
achieved when multiple conformations are used as input in preference to single

6.1 VS scenarios

conformation, provided that they represent adequately the conformational landscape of
the ligand. On the other hand, because protein flexibility is strongly dependent on the

Depending on the structural information at hand, VS can be broadly divided into

extent of conformational changes occurring during the binding event, the degree of

structure-based VS (SBVS), when the 3D structure of the target is known, and ligand-

allowed motion will vary from one target to another. When large motions are involved

based VS (LBVS), when only the structure of a set of ligands acting at the target is

the problem is still virtually insurmountable, mostly due to the computational cost even

known. For the former, docking is the most widely used technique while for the latter

though some progress is currently being made.

the methods are mainly based on selecting common features among the active
molecules (or the inactives) to define a pharmacophore, and then conducting similarity

With respect to scoring, although numerous functions have been developed in the past

calculations against the compounds in the chemical library. Due to the fact that more

few decades, docking performance is still highly dependent on the specific

accurate methods require more computational time, it is customary to introduce some

characteristics of both the binding site and the ligands. Consequently, the goal of

filters to reduce as much as possible the list of candidates to be subjected to the more

developing a universal scoring function might be too ambitious as none of them could

computationally demanding approaches. Time here is crucial, as chemical libraries can

perform consistently well in all cases. Nonetheless, tailor-made scoring functions are

contain a few millions of molecules. Recent studies have shown that, in comparison, the

very promising alternatives when enough information on the target and the ligands is at

number of published applications on SBVS outnumbers by three-fold that on LBVS

hand. As demonstrated in several comparative studies, today’s evaluation methods are

methods, although the latter identify hits that are, on average, more potent than those

generally more capable of predicting binding modes than binding affinities. Thus,

found with SBVS.

improving the performance of scoring functions in binding affinity prediction seems to
be a more urgent goal for further developments. This requires continuous efforts in

The best approach would be to combine, whenever possible, SBVS and LBVS

designing better algorithms for polar interactions, solvation/desolvation energies,

techniques so that advantage can be taken of all the available information for a specific

configurational entropies, etc without compromising efficiency in terms of execution

problem. This strategy should undoubtedly enhance our likelihood of success. In fact, in

times.

many of those VS studies in which both methods have been combined, the hits obtained
have resulted to be the best in terms of potency. A general protocol for VS is depicted in
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Virtual screening of chemical libraries

The main objective in virtual screening (VS) is to set up a protocol able to discriminate
between wanted (actives) and unwanted (inactives) molecules within large chemical

Fig. 4.

studies is the Directory of Useful Decoys (DUD). This collection contains a total of
2950 active compounds against 40 different targets, where each active has topologically
dissimilar 36 decoys that share similar physical properties.
A reliable statistical metric should: a) be independent on extensive variables (number of
actives, decoys, targets); b) be robust enough; c) posses a straightforward way to assess
the error bounds; d) not contain any free parameters; and e) be interpretable and easily
understood. The most common metrics are the Enrichment Factor (EF) and the Area
Under the Curve (AUC) of a Receiver Operating Characteristic (ROC) plot (see Fig. 5).
EF measures the hit rate (actives recovered) at specific percentages of the database
scanned relative to random selection. The AUC of a ROC plot (bound between 0 and 1)
represents the fraction of times that a randomly selected active molecule would have a
higher score than a randomly selected inactive one.

Fig. 4. Representation of a typical virtual screening protocol. It is valid for SBVS (in this case one of the
steps entails the preparation of the target) and LBVS. A database is used to store molecular information
and VS results (for each step in the protocol). The screening part (using docking or ligand-based
techniques) is preceded and followed by filter steps, to eliminate undesirable molecules (not fulfilling
common drug physicochemical properties) and to choose the best candidates after re-scoring the
screening solution list. Finally, chemical and/or biological intuition would guide the final selection of
compounds to be experimentally validated.

6.2 Retrospective and prospective VS studies
Retrospective VS studies employ benchmark calculations on already known datasets.
The results depend largely on the choice of actives and decoys (drug-like compounds
which are not active against the target but are included to test the ability of the method
to differentiate them from the actives) as well as the target. As in docking, we need an
adequate dataset and a metric to assess the performance of the methods.

Fig. 5. Graphical definition of ROC, AUC, and EF. A. Theoretical distribution of the scores after
performing a VS test. A cutoff (long vertical black line) is chosen to separate actives from inactives. Due
to the overlap between the tails of the distributions, false positives (FP) and false negatives (FN)

Usually, a dataset consists of a carefully chosen set of actives and a much larger number

predictions are obtained, besides true positives (TP) and true negatives (TN). On the basis of these

of decoys, which must fulfil certain properties to avoid possible biases in the results so

figures, two magnitudes are defined: true positive rate (TPR) and false positive rate (FPR). B. The ROC

they should not be selected randomly. A well-established resource of datasets for VS

plot represents TPR (the signal, y axis) vs. FPR (the noise, x axis). A perfect model (thick line from [0,1]
to [1,1] coordinates), would recover all the actives while simultaneously discarding all the inactives. A

random guess would produce the diagonal line shown across the graphic. Between these two lines is a

plugins that have been released lately. A step ahead are the so-called platforms, i.e.

curve that represents the performance of a typical VS test; the closer to the thick line this curve is, the

more sophisticated programs that integrate many different pieces to enable more

better the discrimination. Finally, the AUC is the area under the curve of a ROC plot: 1 for the perfect
model, 0.5 for a random model, and some value in between for a VS test (although values below random

complicated VS protocols than those mentioned above. A platform should be able to

performance can also be obtained). C. The EF plot represents the percentage of known actives at each

cope with the data in the most efficient way to be helpful. This entails the inclusion of a

percentage of the screened database (subset). A perfect model (light grey line), would recover all the

database engine underneath the VS operations. Although this issue seems to be of

actives first. A random guess would produce the diagonal line shown across the graphic. Between these

general knowledge and interest, very few platforms include such a database. Finally, we

two lines is a curve that represents the performance of a typical VS experiment; the closer to the light

can also find an interesting example (DOCK Blaster) where a complete VS study can be

grey line this curve is, the better the model.

On the other hand, Prospective VS does not start with a previous knowledge on what
kind of compounds would bind to a particular target, but instead, tries to find them by
screening the chemical library. These studies are considered the ultimate proof of the
value of any VS method, as only the experimental evidence of binding and activity
would validate them. Prospective studies are clearly dominated by docking techniques
but, due to the computational burden, ligand-based similarity methods are used to prescreen the database and reduce it in size. It is worth noting here that in docking-based
VS experiments the scoring function is challenged for its ability not only to distinguish
between active and inactive compounds by assigning the right scores to each docking
pose but also to recover as many chemotypes (different chemical scaffolds) as possible
to achieve diversity.

6.3 Performing VS studies: tools and infrastructures
The amount of data that need to be handled in today’s VS studies is enormous.
Consequently, the traditional way to work with a target, a few ligands, a docking
program, and several files is certainly inappropriate. A first step towards the automation
of the tasks involved in VS is to provide the docking program with a Graphical User
Interface (GUI) that facilitates the definition of the different steps: target and/ligand
preparation, docking, and visualization of the results. The simplest GUIs give access to
the main capabilities implemented in the docking programs in a user-friendly way, and
most of the currently employed docking software has a built-in GUI. Another
alternative consists of developing plugins (a software component that adds specific
abilities to a larger software application) that can implemented in a graphical interface
such as PyMOL, and this seems to be the current trend in light of the amount of these

accomplished starting just with the PDB code of a desired target, with all the needed
tools implemented in a web-based platform.
But besides defining a protocol and being able to implement it in a GUI or a platform,
the real challenge now is how to screen a chemical library containing millions of
compounds in a reasonable time period with a certain degree of confidence. It is
possible to perform LBVS in present-day desktop computers, as several million of
comparisons per CPU and day are feasible. However, we have to resort to high
performance computing (HPC), grid computing, and cloud computing for more
elaborated protocols. In HPC the most straightforward approach is to process the
ligands using a parallelization scheme where the input ligands (or database) are divided
into N equal partitions corresponding to the number of CPUs available. Grid computing
(GC) is a form of distributed computing where a virtual computer is composed of many
networked and loosely coupled computers acting together to perform very large tasks.
GC differs from HPC mainly in that the grid tends to be more heterogeneous and
geographically dispersed, taking advantage of the huge amount of connected computer
throughout the Internet and providing virtually infinite computational power far beyond
the scope of any supercomputing centre. Well-known GC projects are SETI@home and
FOLDING@home. There are also examples related to docking and VS such as the
Screensaver-Lifesaver project (where more than 1.5 million PC’s were used to screen
3.5 billion compounds against key targets related to cancer disease), Docking@Home
(focus on finding new medicines to target Human Immunodeficiency Virus [HIV]) or
WISDOM (to find new inhibitors for malaria related targets). Finally, cloud computing
(CC) is emerging as the computer technology in the near future. CC refers to the
provision of computational resources on demand via a computer network, and the main
advantage is that it frees the users from certain hardware and software dependences.

7 Summary
Docking and virtual screening are commonly employed in drug design and discovery. A
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Abstract: Docking is one of the most commonly used techniques in drug design. It is used for both identifying
correct poses of a ligand in the binding site of a protein as well as for the estimation of the strength of protein–
ligand interaction. Because millions of compounds must be screened, before a suitable target for biological testing
can be identiﬁed, all calculations should be done in a reasonable time frame. Thus, all programs currently in use
exploit empirically based algorithms, avoiding systematic search of the conformational space. Similarly, the scoring
is done using simple equations, which makes it possible to speed up the entire process. Therefore, docking results
have to be veriﬁed by subsequent in vitro studies. The purpose of our work was to evaluate seven popular docking
programs (Surﬂex, LigandFit, Glide, GOLD, FlexX, eHiTS, and AutoDock) on the extensive dataset composed of
1300 protein–ligands complexes from PDBbind 2007 database, where experimentally measured binding afﬁnity values were also available. We compared independently the ability of proper posing [according to Root mean square
deviation (or Root mean square distance) of predicted conformations versus the corresponding native one] and scoring (by calculating the correlation between docking score and ligand binding strength). To our knowledge, it is the
ﬁrst large-scale docking evaluation that covers both aspects of docking programs, that is, predicting ligand conformation and calculating the strength of its binding. More than 1000 protein–ligand pairs cover a wide range of different protein families and inhibitor classes. Our results clearly showed that the ligand binding conformation could be
identiﬁed in most cases by using the existing software, yet we still observed the lack of universal scoring function
for all types of molecules and protein families.
q 2010 Wiley Periodicals, Inc.
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Introduction
Finding a molecule that can potentially bind to a target protein
is essential in the drug discovery process. Nevertheless, using
only experimentally based techniques, makes it an expensive
and time-consuming task. This is one of the reasons why computational methods were introduced. They are used primarily in
virtual high-throughput screening of large molecular libraries
(like ligand.info1) to identify new bioactive compounds (lead
identiﬁcation). Secondly, modiﬁcations of the molecule structure
are possible, to better ﬁt the pharmacological purpose (lead optimization). Because the crystallography and multidimensional nuclear magnetic resonance (NMR)2 provide a wealth of structural
information about various biological targets, collected in protein
data bank (PDB) database,3 structure-based techniques in drug
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Evaluation of Seven Docking Programs

design gained more ground. Among them is the docking of
small organic compounds to given protein targets using known
ligand and receptors structures4–9 (proteins from different structural and functional classes during docking are often referred to
as receptors, although they are not real receptors in strict biological sense). Other methods like protein–protein10–12 or ligand–
nucleic acid10,13 docking are also reported. Still the most popular
programs ﬁt a small chemical molecule to a protein and consider
only ligand ﬂexibility with the receptor treated as rigid, because
of its size, complexity, and high-computational costs. Techniques currently used to simulate protein ﬂexibility (like docking
to protein ensemble,14 using rotamer libraries or molecular dynamics (MD) simulation15) will probably be replaced gradually
by new approaches that allow for full protein movements.
During the last two decades, a large variety of over 60 different docking programs have been proposed for both commercial
and academic use (DOCK,16 AutoDock,17 FlexX,18 Surﬂex,19
GOLD,20 ICM,21 Glide,22 Cdocker,23 LigandFit,24 MCDock,25
and many others). Although they exploit different strategies in
the ligand placement, all of them can be categorized into four
broad categories: stochastic Monte Carlo, fragment-based, evolutionary-based, and the shape complementary methods. None of
those programs use a systematical search to fully explore all
degrees of freedom in the ligand molecule because of the enormous computational cost of such a procedure.5 If a molecule is
placed in a cubic active site of 103 Å3, and energy evaluation is
performed every 108, the change of the angle between the ligand
and the protein, as well as a rigid movement every 0.5 Å for a
molecule with four rotatable bonds—there are 6 3 1014 conformations to be sampled. It would take roughly 20,000 years to
probe all of them when computing 1000 conformations per second. Although avoiding systematic search and using simplistic
scoring considerably shorten the amount of time needed for
docking, this may often lead to signiﬁcant errors.
In this article, we evaluated the performance of seven docking programs to predict the correct three-dimensional structures
of complexes, and simultaneously seven scoring functions provided by those programs to calculate the docking score for the
proposed poses. As new versions of programs are frequently
released, docking software must be evaluated by the community
almost every year. Some excellent works providing important
benchmarks were published before 200926–28 and their summary
is included in the paper by Moitessier et al.5 Although analyzing
those studies, several observations can be made. First of all, a
benchmarking dataset is usually limited to several dozen of protein–ligand complexes.29 However, those sets are usually
randomized with the protein selected from various protein folds,
their number is insufﬁcient to cover the full diversity of known
polypeptide structures. Second, only a limited number of programs are tested, usually from 2 up to 5, with no particular software being successful in all performed tests. Third, once a
newer version of the previously presented program is released,
the authors frequently provide their own evaluation. Because of
their deep knowledge of the program algorithm, those tests usually result in much higher docking accuracy than those performed by the docking community. Independent authors in most
cases use default settings in benchmarking. Finally, the tests carried out by different groups on the same dataset can give differ-
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ent results, despite the use of similar methodology and identical
docking software.8 Fortunately, similar results are also reported.
For example, a recent evaluation performed by Cheng et al.30 on
11 scoring functions on 195 complexes selected from the
PDBbind 2007 database conﬁrms previous results obtained by
Wang et al.31 Both authors identify X-score as the most successful function with the Spearman correlation around 0.66. Those
two papers focus on the evaluation of scoring functions, however, neglecting the ability of individual programs to predict correct binding poses. In most cases, to overcome certain drawbacks of the individual scoring functions, the consensus
approach is proposed. The combination of different scoring
functions with assigned weights is becoming an increasingly
popular computational technique, yet working only for speciﬁc
protein families.32,33
The aim of our studies was to evaluate the commonly used
docking programs and their scoring abilities. Programs were
chosen based on their popularity and their implementation in
molecular modeling packages, namely, Sybyl, Discovery Studio,
and Maestro. At least one representative of each class of docking algorithms was selected. The total number of seven programs were extensively tested on 1300 complexes, which to our
knowledge comprises the most populated testing dataset to be
published as of 2010. Knowing the key role of docking software
in drug design, we focused here on both aspects of docking programs, i.e., the ability to recreate the ligand binding conformation, and second, the proper measurement of binding strength of
the molecules. Additionally, we checked the inﬂuence of the
ligand starting conformation on ﬁnal docking results. To do so,
we created different input structures of the ligand using popular
Corina34 and Omega235 software. Additionally, we explored the
proper posing and scoring, when different benchmarking subsets
are created based on some physicochemical properties of
ligands. The results of investigations presented here represents
in our opinion the most extensive and at the same time the most
detailed evaluation of the docking software performance.

Materials and Methods
Docking Software

Seven docking programs were used in our benchmark and can
be categorized into four distinctive categories based on the algorithm used to generate the active conformation. A fragmentbased incremental method is represented by Surﬂex (ver. 2.2),19
eHiTS (ver. 9.0)36 (SimBioSys), and FlexX (ver. 2.2.1)18 (BioSolveIt). In this approach, a ligand is split into fragments which
are docked independently and then their molecule structure is recreated typically in an incremental way. The evolutionary methods are used in GOLD (ver. 3.2)20 (CCDC) and AutoDock (ver.
4.2.1)17 (The Scripps Research Institute). These two programs
use genetic algorithms to perform the conformational search.
Force ﬁeld-based methods, like Glide (ver. 4.5)22 (Schrodinger),
implement Monte Carlo based engine. Finally, the shape complementarity methods, like LigandFit (ver. 2.3)24 (Accelrys Software), exploits grids to ﬁt the shape of a ligand into an active
site of the target combined with Monte Carlo sampling (for a
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block diagram presenting how those algorithms work see Supporting Information Fig. S1)
GOLD

The program was developed by Jones et al.20 and uses a genetic
algorithm, with the adopted island model, to generate the ligands
conformers in an active site. Four scoring functions implemented
in this software are force ﬁeld-based GoldScore and piecewise
linear potential (PLP), empirically based ChemScore and knowledge-based Astex statistical potential (ASP).37 Various levels of
accuracy can be chosen. In our test, it was set to 100%, i.e.,
around 30,000 genetic algorithms (GA) operations could be performed during docking. Conformations were scored using only
GoldScore function. The active site was chosen based on native
ligand placement in the considered complex. In our evaluation,
we used version 3.2 of the program, instead of newest 4.1. However, in our opinion, no new features regarding docking using
only GoldScore functions were added, thus results obtained
using those two versions of the program should be virtually
identical.
AutoDock

Similarly to GOLD, AutoDock uses a genetic algorithm to generate the poses of the ligand inside a protein active site. Developed by Morris17 it utilizes the Lamarckian version of GA,
where the changes in conformations adopted by molecules after
in situ optimization are used as a make up for offspring poses.
In our tests the population size was 150, with the number of
generations set to 27,000. The elitism parameter was chosen to
1, i.e. only one best ﬁtted conformation was transferred from the
parental to the offspring conformation without any change. Similar to GOLD, an active site was selected based on the position
of native ligand structure in the active site.
FlexX

Docking engine of FlexX works as in all other fragment-based
tools. The choice of the ligand base fragment was the key step
because it makes the ligand core responsible for principal interactions with a target protein. The torsion angle database38 was
used to generate different poses of a fragment that was considered as rigid in further steps. Subsequently, the selected fragment
was placed in the active site of the protein and alignment procedure attempted to establish favorable interactions. Once a single
fragment was docked and all steric distortions were removed, the
interaction energy was estimated with Böhm’s algorithm.39 This
procedure was repeated for other fragments of the ligand, reconstructing them in an incremental manner. FlexX was docked with
standard parameters allowing the program to automatically choose
the core fragment and ring ﬂexibility turned off. The ligand torsion angle model was taken from MIMUBA.40
Surﬂex

Surﬂex analyzes the protein active site to recreate possible contacts between a protein and a ligand. The idealized ligand structure for a speciﬁc protein is called a protomol, because it

describes all active site contacts. Three different types of molecular fragments were used to create it: CH4, C¼
¼O, and N
H.
Then the ligand was fragmented into 1 up to 10 molecular fragments and each of them could have several rotatable bonds.
Then, they were placed into the active site and underwent further conformational search to maximize the molecular similarity
to the protomol. Finally, the ligand was recreated in an incremental way from the core fragments chosen by the program during fragment docking run. In our test the, protomol was generated based on ligand placement with threshold values set to 0.5.
No additional starting conformations were generated and ring
ﬂexibility was not considered. Ten poses were saved to output
the ﬁle per each ligand, the same as for other docking programs.
LigandFit

LigandFit program was developed by Venkatachalam et al.24 Its
major steps of docking include: identifying an active site, creating its grid using the cavity detection algorithm, and ﬁtting a
given ligand to a speciﬁed binding site through the Monte Carlo
conformational sampling procedure and matching the ligand to
grid points. Finally, those conformations undergo the rigid body
energy minimization using the DockScore energy function. For
each given complex, the binding site for docking was deﬁned
using the native binding pose of the ligand. The Monte Carlo
parameters depended on the number of rotatable bonds in
docked molecules. If there were two rotatable bonds the maximal number of trials to perform (per number of torsions), and
the number of consecutive failed trials was 1000 and 240,
respectively. If the molecule had 10 of those bonds the number
increased to 20,000 and 5000, respectively. The number of poses
that undergo rigid minimization was set to 100.
Glide

The docking process consists of four major steps. During the
ﬁrst 2 stages, the program uses a series of ﬁlters to search for
possible locations of the ligand in the active site, and then to
generate the best ligand binding poses through a coarse screening. The ﬁlter examines steric complementarity of the ligand to
the protein and evaluates various ligand–protein interactions
with the Glide Score function, which is a modiﬁed version of
the ChemScore scoring function. Next, the ligand binding poses
selected by the initial screening are minimized in situ with the
OPLS-AA force ﬁeld.41 Finally, the composite score is used to
rank the resulting ligand binding poses and select the ones to
report by considering GlideScore. In our tests, we used the
standard precision (SP) mode, as in others only modiﬁcations of
GlideScore are made, not effecting docking algorithms. It should
be noted that the number of atoms in the ligand cannot exceed
200 and the maximal number of rotatable bond is equal to 35.
eHiTS

The eHiTS program, unlike other fragment-based docking programs, does not use the incremental model, where the ligand is
expanded by adding new fragments to the core. Instead, it
attempts to ﬁnd a global optimum based on individually docked
fragments. The procedure consists of several steps. At the begin-
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ning, the grid is created inside the active site of the protein with
equal spacing of 0.5 Å. Then the ligand is divided into a number
of rigid fragments connected by ﬂexible linkers, each of the
fragments is independently docked to every possible place in the
active site using geometrical criteria. For each docked fragment,
the scoring is performed, but at this early point no fragments are
discarded even if they do not ﬁt well into the active site. Next,
the hyper-graph detection algorithm matches compatible rigid
fragments. Based on these results, the best-suited combination of
fragments is chosen for further studies. Then the algorithm
attempts to recreate the ligand structure by connecting ligand
fragments with ﬂexible linkers. Finally, the energy minimization
is performed in the given active site of the receptor. Both torsion
angles changes and rigid translation of the ligand are possible.
eHiTS is the only program in our test that uses knowledge-based
scoring functions to predict the ligand binding afﬁnity. In our
test, the number of cavity modes was between 200 and 600
points. The number of candidates to be selected as the cavity
node center was no less than 200. The limit on the number of
LigNode position in the cavity was 250 and the number of poses
considered in each step of GraphMatch was 600.
Scoring Functions

During the docking procedure, a large number of poses is generated, thus the fast and reliable function that can estimate the
strength of the interaction between the protein and the ligand is
required. It is also crucial to select those conformations that are
close to the native structure, so that contacts between the ligand
and the protein are recreated with the same geometry as in the
crystal. Scoring functions express the geometric matching of the
two interacting molecules and the strength of this interaction,
based on the physicochemical parameters of the system. The
main complication of those functions is the estimation of the
binding energy as the sum of used terms. Thus, a signiﬁcant dependence between the size of the ligand and its score can be
observed. In fact, large molecules that are able to create many
more speciﬁc interactions like hydrogen bonds, usually obtain
higher docking score.
More than 30 different scoring functions have been developed until 2009,32,42–45 and they can be grouped in three major
categories: force-ﬁeld based methods,43 empirical methods,46
and knowledge-based (statistical) methods.47 A short description
of each class is provided below. In this work, we evaluated
default scoring functions of the tested docking programs. They
are: GoldScore for GOLD, LigScore for LigandFit, GlideScore
in SP for Glide, Surﬂex score, eHiTS score, AutoDock score,
and FlexX score. Description of each scoring functions categories as well as more detailed information about function used in
this test is provided with Supporting Information.
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the protein structure is extracted from X-ray crystal of a protein–ligand complex, because it allows one to omit protein structural changes during the process of binding the same ligand.
Additionally, the position of the active site is easy to determine.
The collection of 1300 protein–ligand complexes from reﬁned
PDBbind 200748,49 was used as a test set in this evaluation
(description of the reﬁned set is given in the Supporting Information Table S1). The complete version of the database contains
more than 3100 complexes, for which apart from structural data
also data concerning ligands activity is provided, but the
‘reﬁned’ set is ideal for our purpose. This is because there are
several criteria that each complex must fulﬁll to be accepted for
the reﬁned set. Below, we present a brief description of those
criteria.
1. Resolution of the protein–ligand complex must be below 2.5
Å. Previous studies by Jones et al.20 showed that when using
poor resolution structures, more incorrect conformations of
ligands were generated. Proteins with chain breaks and
unsolved region were also excluded. Also no structures
solved using NMR were chosen for the reﬁned set.
2. Activity of the complexes should be given as either pKi (an
inhibition constant) or pKd (a dissociation constant).
3. Complexes with ligands containing other than standard atom
types (like Be or Si) and those that are covalently bound with
protein were excluded from the reﬁned set. Moreover, ligand
mass should not exceed 1000 amu. A complex was rejected
if the distance between its ligand and the protein heavy atoms
was closer than 2 Å.
4. The complex should have only one ligand in the active site.

Proteins extracted from crystal structures undergo the following preparation steps.
1. Hydrogen atoms were added with the protonation state simulated to pH 5 7. Therefore, aspartate and glutamate amino
acids were negatively charged, histidine was neutral and arginine and lysine amino acids were positively charged.
2. The terminal carboxyl groups were deprotonated, whereas
amine groups were protonated.
3. Atoms and bonds types were inspected using Sybyl software,
yet no geometry optimization was performed.
4. After performing initial tests, we decided to remove all water
molecules and metals ions form the pdb input ﬁles for the
purpose of our studies, since no signiﬁcant change in docking
accuracy was observed (more details concerning the status of
the metal ion are given in the supplementary materials Table
S2)).

Benchmarking Dataset

Ligand Preparation

To perform effective redocking procedure, several conditions
have to be fulﬁlled. The structure of a target protein solved
experimentally at the atomic resolution should be found, or
three-dimensional high-quality structural model based on only
its sequence of amino acids should be prepared. In many cases,

In our work ﬁve distinctive cases were taken into consideration.
First, Redocking where the input structure of a selected ligand
was identical with that obtained using crystallographic methods.
In principle, it is the easiest task for docking engines, because
the correct conformation of the ligand is given directly to
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Figure 1. Histogram presenting distribution of ligands with speciﬁc
number of rotatable bonds in PDBbind database. PDBbind database
is diverse when it comes to distribution of rotatable bonds in
ligands. As can be seen, most of them have between four and six rotatable bonds. Still the contribution of more rigid molecules with
less than two bonds and more ﬂexible ones with more than 15 bonds
is quite signiﬁcant. [Color ﬁgure can be viewed in the online issue,
which is available at wileyonlinelibrary.com.]

programs as the input. The second case called Corina one was
implemented using Corina (ver. 3.4)34 software to generate single
lowest energy conformations. The same procedure was repeated
using the Omega2 (ver. 2.3.2)35 tool creating Omega one case.
Those three cases address the question: has a ligand starting conformation any effect on docking results, as in the previously published results, docking X-ray native conformation usually resulted
in a more accurate posing of the ligand. We also wanted to ﬁnd
out what would happen if we increase the number of input structures from 1 up to 10. To answer this problem of ensemble docking, we used once again Corina and Omega2 to generate 10 lowenergy conformations analyzing two additional Corina ten and
Omega ten cases. The total number of input conformations was
chosen as a compromise between computational cost and quality
of the obtained structures. We observed that docking 100 lowenergy conformations did not improve the quality of docking for
any method under consideration (unpublished results). In those
four experimental setups, the converted 2D representation of the
given ligand in SMILE50 format was used as the input for prediction of the three-dimensional ligand structure.

able value, easy to recreate by others. Moreover, given the single input ligand many solutions are proposed by docking programs. Therefore, in our study, we decided to check not only
the conformation with the highest docking score (called top
score) but also the one that is the closest to the native structure
(best pose). To evaluate the programs, the mean RMSD of those
two poses obtained on the entire testing set was calculated.
However, the average value of the RMSD can be heavily inﬂuenced by some ‘‘off the scale’’ results, thus we also calculated
the number of successfully docked pairs. It is deﬁned as the ratio of pairs for which top score or best pose conformations are
below the given threshold in comparison with all evaluated
pairs. In our case, the RMSD must be below 2 Å, which is the
widely accepted4,27 accuracy in docking predictions.
Another goal was to assess the quality of scoring functions
predictions. There are two basic ways to identify the quality of
those functions. We decided to compare the experimental values
of binding afﬁnity with the docking scores by calculating both
Pearson and Spearman rank correlations. The character of our
study does not allow us to calculate the second possible measurement of scoring functions quality, namely, the enrichment
factors, as performing this type of experiment for all proteins in
our test with sufﬁcient randomized ligand database would be
impossible within limits of our computational resources.
Biological and Chemical Diversity

Our test set composed of 1300 protein–ligand complexes shows
that both protein and ligand properties are greatly diversiﬁed.
The number of ligand rotatable bonds varies from 0 to 45, as
can be seen in Figure 1, and its activity spans over 10 orders of
magnitude, which is presented in Figure 2. Moreover, protein
sequence demonstrates high redundancy as more than 400 protein clusters can be obtained when clustering the entire database
at 90% sequence identity with the cd-hit tool.52 Beside sequential diversity, also functional diversity can be observed, with different classes of enzymes and receptors participating in the test.

Evaluation Methods

Performing the benchmark of docking software is a challenging
task not only because there is a great number of programs available but also because of the countless data that needs to be processed. Another difﬁculty consists in applying different methods
to interpret the results. Several research groups decided to use
visual inspection of the obtained ligand conformations51 to judge
the docking tools performance. However, the empirical approach
makes it difﬁcult to compare their results with those obtained by
others. That is why the majority of researchers decide to choose
root mean square deviation (or root mean square distance)
(RMSD) as the main parameter describing docking accuracy. It
may not be ideal, but it is the only widely acceptable and reli-

Figure 2. Distribution of ligands binding afﬁnities in PDBbind database. Occurrence of binding afﬁnities in PDBbind database shows that
most of the ligands are bound to their protein target with moderate
strength. However, in database, very strong binders can be observed
with log Ka value over 10 as well as molecules whose binding to protein is quite weak with log Ka below 3. [Color ﬁgure can be viewed
in the online issue, which is available at wileyonlinelibrary.com.]
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Diversity in ligands structures on the primary set leads us to
create various smaller benchmarking subgroups. First, the subset
based on ligands rotatable bonds was created. Usually, the worst
results in docking are obtained for large and more ﬂexible molecules, due to the fact that conformational space increases exponentially with every new bond. Docking algorithms try to speed
up the searching process by using different methods, for example, by applying ﬁlters, or using stochastic approaches like
genetic algorithms. Yet, in the majority of evaluations, larger
ligands perform signiﬁcantly worse than smaller, more rigid
molecules.53 To conﬁrm those previous observations that were
usually reported on a limited number of complexes, we created
two subsets called small and large. Ligands were qualiﬁed to the
ﬁrst category if they had no more than ﬁve rotatable bonds.
Those two groups contained 651 and 649, respectively, protein–
ligand complexes.
The other important distinctive features of ligands are their
hydrophobic and hydrophilic characteristics. These are related to
many important aspects of ligand behavior, mostly the ability to
create hydrogen bonding with protein as well as forming interactions with hydrophobic cavern in the active site. The ability to
cross the cell membrane by a molecule is a consequence of
those properties. Therefore, we divided the entire dataset based
on log P value (octanol/water partition coefﬁcient), and calculated it using CLOGP program54 that is the part of TRIPOS
Sybyl software. We identiﬁed 645 hydrophilic and 655 hydrophobic ligands. The selected threshold, i.e., the value deciding
where to classify each molecule, was set as 0, describing a molecule for which the concentrations in water and octanol are
equal. In both cases, the proportions between small and large
molecules within both hydrophobic and hydrophilic subsets were
similar.
Third, we divided the ligands from PDBbind into three
groups according to the strength of binding to the corresponding
protein target. The ﬁrst group (‘‘strong’’) contained the ligands
for which the concentration necessary to inhibit the protein activity was lower than 45 nM, the second group (‘‘medium’’)
which had their pKa between 45 nM and 3.6 lM, and ﬁnally the
inhibitors (‘‘weak’’) for which the concentration of the compound to inhibit protein was greater than 3.6 lM. For those
three groups, we calculated how many small and large molecules fall to each category to check if the results of the benchmarking procedure are based purely on the ligand binding
strength and not on its size. The results showed that in the case
of strong dataset there were 271 large ligands and 159 small
ones, for medium dataset there were 213 large ligands and 222
small ones, whereas for weak dataset there were 165 large
ligands and 270 small ones, respectively. That is why we additionally divided each of the previously created sets depending
on the size of the ligands and in this way six independent categories were ﬁnally created.
Our last subset contained the complexes with proteins with
co-crystallized short peptides or other protein-like molecules. To
determine if the ligand can be classiﬁed to that category, we
manually inspected all candidates. The molecule must have at
least one peptide bond between alpha amino acids, sometimes
not identical with those observed in living organisms. Structures
with nonstandard atoms (all types except oxygen, hydrogen, car-
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bon, and sulfur) were discarded, all except 14 complexes when
phosphate atoms were present, and six complexes, when some
ﬂuorine atoms were found. In all cases, the presence of these
atypical atoms was the result of cap treatment to prevent covalent bonding between the ligand and the receptor.
In our opinion creating the above subsets not only illustrates
well the diversity of PDBbind database but also allowed us to
fully evaluate the docking algorithms and to show in more detail
their individual advantages and drawbacks.

Results and Discussion
In this section, we will present the results of our investigations
on seven docking programs: AutoDock, eHiTS, FlexX, Glide,
GOLD, LigandFit, and Surﬂex. First, we will discuss the ability
of programs to predict the ligand binding pose. It is one of the
crucial aspects of docking, as the better three-dimensional binding pose will be proposed, the contacts between the ligand and
the receptor will be recreated in a more realistic way. Second,
we will analyze the ability of the programs to correctly calculate
in vitro binding afﬁnity. Other capabilities of scoring functions,
like the ability to correctly rank poses based on their RMSD
value will also be mentioned.

Evaluation of Pose Prediction Capabilities of the Examined
Programs
General Performances on the Entire Dataset

In this section, we will report the performances of seven docking
programs on the entire dataset to show their general docking accuracy. In general, we can describe our test as the ﬁvefold
repeated redocking experiment, each time using different threedimensional input ligand structure. Therefore, the repetition of
experiments minimizes the errors that result from using stochastic approach when poses are generated. We will discuss here the
inﬂuence of starting three-dimensional ligand conformations and
the number of those initial conformations on ﬁnal docking
results.
The entire docking database proved to be a tough challenge
for all the programs and in fact none of them produced output
conformations for all 1300 pairs. The performance of Surﬂex,
FlexX, LigandFit, eHiTS, and GOLD was reasonable, with no
more than 30 failed complexes. Glide had problems with automation of the process of protein preparation (it additionally
required the change of formats from pdb to mae), and with the
limitation as concerns the number of rotatable bonds of the
ligand, which was limited to 35, and the ligand size, which was
limited to 200 atoms. Only 1170 (90% of the entire database)
complexes overcame those restrains. AutoDock failed to dock
nearly 90 pairs. Therefore, all statistics presented here for individual programs were calculated on complexes for which the
results were obtained. The distribution of the mean RMSD value
of top score conformations and percentage of successfully
docked pairs, i.e., complexes for which top score RMSD was
below 2 Å threshold, are shown in Figure 3.
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of top score conformation may not result in drastic improvement
of pose RMSD, as it was pointed by Li et al.53
The Inﬂuence of Starting Conformations

Figure 3. Docking accuracy of programs on 1300 protein–ligand
complexes from reﬁned set PDBbind 2007 database for top score
conformations.

On the basis of those results, we can order programs in the
following way: GOLD  eHiTS [ Surﬂex [ Glide [ LigandFit
[ FlexX  AutoDock. The best programs have the average
RMSDtop score around 2.7 Å, and it increases to nearly 4.5 Å for
the weakest FlexX. As expected, better results were observed for
best pose conformations (Fig. 4). For those poses, the mean
RMSD value was even below 2 Å for GOLD, eHiTS, and Surﬂex. For other programs, meaningful improvements were also
observed in comparison with top score poses results. Nevertheless, the ability of correct posing by programs was measured
rather by top score than best pose, which seems quite inadequate. The value of 3 Å for mean RMSDtop score may result in
a situation where important contacts between the ligand and the
protein would be missed or at least their geometry signiﬁcantly
changed. Moreover, the percentage of pairs for which top score
conformation is below 2 Å shows that even for the best programs the success rate is below 60%, and in some cases even
below 40%. This means that for almost 600 different complexes
most docking programs failed. Because no correct pose could be
picked up in the ﬁrst place, also the scoring function was unable
to predict true binding afﬁnities of ligands, as their contacts with
the protein would be recreated incorrectly.
Although the results for best pose that are acceptable in the
case of a few programs, yet this cannot change our negative
opinion about the software, as the native pose is obviously not
known before docking. It is virtually impossible to choose it
manually, as millions of poses are generated during a typical
virtual screening experiment. Moreover, top score conformations
are rarely classiﬁed simultaneously as best pose, also their position is rather randomly distributed among all generated poses ordered by the docking score. It is not clear why there is such a
signiﬁcant difference between those two types of conformations.
It could be the result of imperfection of the docking algorithm
or the scoring function itself, which cannot correctly select the
conformation of all generated conformations. It should also be
emphasized that performing time consuming in situ optimization

Even more interesting results were observed when different
starting conformations were used. It is common belief that if the
input structure is similar to the native one, the better poses are
predicted by docking programs.27 To verify this opinion, we
repeated our experiment using the following conformations: one
identical with that from X-ray (case called redocking) and two
others generated using popular software Corina and Omega2
(cases called Corina one and Omega one, respectively).
Although those two were designed to recreate the three-dimensional structure of a ligand, however, not its bound conformation, sometimes output poses can be very similar to the conformation of a ligand in the protein complex. Figure 5 presents a
histogram of RMSD values obtained for all conformers generated by all docking programs. The RMSD distribution for the
generated poses is preserved for all cases regardless of the type
of used input structure. Interestingly, most conformations fall
into RMSD category between 0 Å and 2 Å, which is the positive
tendency because the mean RMSDtop score values on the entire
set fall rather between 3 Å and 5 Å. This seems to support the
opinion that programs are more accurate in probing search space
than it was concluded previously. In the case of redocking, the
majority of conformations have RMSD between 0 and 1 Å, but
there were more conformations with much higher RMSD (of
over 10 Å) than when Corina and Omega2 input conformations
were used. Yet, in our opinion, this can be explained by the fact
that an old version of eHiTS was used in that case, which failed
to produce valid conformations. For eHiTS, when older 6.2 version of program was used mean RMSDtop score exceeded 10 Å.
That situation would place eHiTS as worst software in our
work. However, for four other cases, i.e., Corina one, Corina
ten, Omega one, and Omega ten, eHiTS 9.0 was used. New version introduces many new features one most important in our

Figure 4. Docking accuracy of programs on 1300 protein–ligand
complexes from reﬁned set PDBbind 2007 database for best pose
conformations.
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Table 1. Inﬂuence of Starting Conformation on Mean RMSDtop

score

Value.

eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

Figure 5. RMSD histogram of all conformations predicted by seven
docking programs. To investigate the inﬂuence of using different
starting conformations on docking algorithm accuracy, we used
three different input structures. One of them was identical to that
from X-ray (Redocking), and two others were generated using either
Corina (Corina) or Omega2 (Omega) software. For all generated
conformations by seven docking programs, we calculated RMSD to
native ligand structure. This histogram presents the distribution of
that RMSD for all conformations. No signiﬁcant improvement can
be observed when using X-ray conformations, so the programs
seem to be unaffected by different starting conformations.

opinion new knowledge-based scoring function. New version of
program is proven to be one among best in our evaluation. It
seems that in fact using X-ray structure may provide better sampling of conformational space, yet it does not necessarily transfer into obvious boost of software overall performance. Analyzing the averaged deviations from the mean RMSD of the top
score conformations for Corina, Omega2, and X-ray datasets
(Table 1), it can be concluded that using the native conformation
does not necessarily result in much higher accuracy. The deviations from the mean value are usually not greater than 0.3 for
most programs. Only two of them seem to be strongly affected,
namely, AutoDock and LigandFit. For the ﬁrst 1, this dependence can be observed probably because of changing default parameters of the genetic algorithm. In the case of Corina and
Omega2 runs, we decreased the number of allowed genetic operations to speed up the docking process. In the case of LigandFit,
strong dependence on the quality of the input structure had already been reported by others.53 The nature of the algorithm,
which is based on shape complementarity between the ligand
structure and the active site, would suggest strong dependence
between the quality of input three-dimensional structure and the
docking results.
Docking Ensemble of Ligand Conformations

The ﬁnal experiment addressing the quality of input structure
was to increase the number of docked conformations from a single 1 up to 10. We asked if the docking of such ensemble

Mean value

Corina

Omega

Redocking

2.80a
4.37
3.64
2.77
3.84
3.36
3.84

0.05
0.17
0.19
0.03
20.08
0.05
0.81

0.04
0.04
0.10
20.08
0.71
0.12
0.71

7.36b
20.22
20.30
0.06
20.63
20.17
21.53

We present here the mean RMSDtop score value for all programs when
different starting conformation were used. Mean value is obtained by
calculating mean arithmetical value for those three cases, namely, Corina, Omega, and Redocking. Numbers in column Corina, Omega, and
Redocking were calculated by subtracting RMSD value for particular
column from mean value. Gray color indicates situation were number is
greater than 0.3 value or smaller than 20.3.
a
Calculated for Corina and Omega cases using 9.0 version of eHiTS
program.
b
Obtained using older 6.2 version of eHiTS program.

instead of the single lowest energy ligand conformation would
produce better docking results. Additionally, we wanted to ﬁnd
out if the ensemble docking procedure, obviously allowing for

Figure 6. RMSD histogram of all conformations predicted by
GOLD. To investigate the inﬂuence of ligands on docking ensemble,
we once again used Corina and Omega2 programs to generate this
time 10 different lowest energy conformations for all ligands in
PDBbind database and those creating ﬁve distinctive cases. First
Redocking with one ligand identical to native structure, Corina one
and Omega one where the lowest energy conformation was used as
an input, and ﬁnally Corina ten and Omega ten where the ensemble
of structures was used using Corina and Omega software, respectively. As can be seen, no signiﬁcant improvement on the quality of
poses can be observed when more input conformations are used.
The number of poses with acceptable RMSD between 0 Å and 2 Å
is very similar. Thus, using the ensemble for docking with only one
program seems to give no beneﬁt.
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Table 2. Results for Docking Programs Top Score Conformations on Various Subsets Created Based on

Physicochemical Properties of Ligands.
Small

eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

Large

Hydrophilic

Hydrophobic

Proteins

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

1.96
3.04
2.91
1.96
2.79
2.71
2.11

64.80
49.03
49.58
67.11
51.31
53.94
61.05

3.59
5.64
4.39
3.50
5.23
3.95
5.43

37.71
26.04
34.49
48.45
28.44
41.28
27.46

2.62
3.73
3.61
2.30
3.97
2.88
3.70

50.96
43.76
43.78
65.67
38.42
51.29
50.43

2.91
5.07
3.81
3.06
4.22
3.61
5.48

48.33
31.40
40.73
50.28
42.76
44.17
37.00

4.51
6.12
4.03
4.78
6.28
4.06
8.99

34.95
32.71
46.50
36.29
23.57
46.86
7.77

Here we present results for docking programs on various subset created from PDBbind database based on various
physicochemical properties of ligands. Two measurements are used: RMSD, which is mean ‘‘RMSD’’ value of all
1300 top score poses generated and ‘‘%,’’ which informs about percentage of pairs for which top score conformation
had RMSD below 2 Å. The created subsets are based on number of ligands rotatable bonds (small and large), hydrophobic properties (hydrophilic and hydrophobic), and separately for ligands that are small proteins, or peptides.

better searching over the conformational space by probing it
from different starting points, is worth the extra computational
time, as the docking takes 10 times more in this case. We used
Corina and Omega2 software to create up to 10 conformations
per each ligand. Surprisingly, even before docking for more than
80% of the complexes at least one conformation of the ligand
itself generated by those programs was found to be very close to
the native one with the RMSD value below 2 Å.
To estimate if the better conformational space searching was
achieved, we created RMSD histograms for each program. Figure 6 presents the results obtained for GOLD. To easily compare
the results of various testing cases, the column of histograms
represented the percentage of conformation to fall for a speciﬁc
RMSD category. It is clear that no signiﬁcant improvement in
quality of the generated poses can be observed. Most conformations have RMSD between 0 Å and 2 Å, the same as when
using only a single structure as the input. Only a small decrease
in the number of incorrectly generated conformations can be
observed. Yet, in general following that procedure, all programs
were able to further decrease both the mean RMSD top score
and the percentage of successfully docked pairs. Unfortunately,
the results for each docking case and those presented in Figure 3
in most cases differ only slightly and are not signiﬁcant enough
to change the overall programs performances. Only Surﬂex was
gaining much from the increased number of input structures
with more than 10% increase of successfully docked pairs. However, we are not sure what part of the algorithm is responsible
for this change, especially because other fragment-based methods did not provide such boost in docking accuracy. More
encouraging results for all the programs were observed for the
best pose conformation (Fig. 4), where in most cases the mean
RMSD values decreased dramatically in comparison with the
cases when only a single input structure was used. This can be
explained in two ways. One of the possible explanations is that
using more structures results in better conformational space
searching. Another explanation that seems very probable is that
for each docking input we saved 10 output conformations, therefore, a 100 predicted conformations instead of 10 were available

for each protein–ligand pair. This may result in preserving conformations that would be discarded when only 10 output conformations were saved, because of their low docking score. Nevertheless, best pose conformations, as mentioned before, cannot be
used as the objective measurement of docking accuracy especially because their positions within the ordered list of poses are
usually random. The analysis of top score suggests that the
increased number of input structures does not produce better
results even though conformational space is searched more
extensively.
Results for Physicochemical Subsets

The results discussed above show the general performance of
docking software on the entire PDBbind database. Because of
the diversity of ligands structures in the primary dataset, the
number of subsets, based on physicochemical properties of the
molecules, could be created as discussed above. Exploring features like ligand ﬂexibility or hydrophobic potential may give a
more detailed insight into the docking algorithm, pointing out
desirable software to solve practical biological problems.
In the ﬁrst test, we created two subsets: one consisting of
small molecules, which were quite rigid (up to ﬁve rotatable
bonds), and the other consisting of large molecules with more
than ﬁve rotatable bonds. In the majority of previously published
evaluations,4 it was pointed out that the main problem that has
to be addressed is to increase the successful rate for docking of
ﬂexible molecules, because the signiﬁcant disproportion between
ﬂexible and rigid molecules is observed. Our results summarized in Tables 2 and 3 clearly support this conclusion, as the
docking programs still lack that important ability. The mean
RMSDtop score was increased by almost 2 Å for large molecules,
and the percentage of successfully docked pairs decreased in
some cases by nearly 30%. Unfortunately, the success rate for
the set of large molecules, for all programs, was always below
50%. It seems that ﬂexible ligands still pose quite a challenge for
docking software. Surprisingly, the program that suffered less
from transition between those two subsets is the fragment-based
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Table 3. Results for Docking Programs Best Pose Conformations on Various Subsets Created Based on

Physicochemical Properties of Ligands.
Small

eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

Large

Hydrophilic

Hydrophobic

Proteins

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

1.2
2.0
1.74
1.31
1.58
1.50
1.43

83.3
68.2
73.01
81.07
76.65
78.66
77.58

2.9
4.3
2.66
2.01
2.66
2.42
3.92

59.6
39.6
54.80
66.38
52.33
64.82
37.23

1.6
2.6
2.0
1.4
2.1
1.71
2.59

72.3
60.7
66.9
79.1
62.0
74.58
63.74

1.7
3.7
2.3
1.8
2.1
2.04
3.93

72.4
47.3
61.5
68.7
68.3
69.04
49.77

3.0
4.9
2.6
2.7
2.8
2.82
8.63

45.1
40.6
61.8
49.9
38.7
62.84
12.04

Surﬂex, with only 12% change in the number of pairs for which
top score conformation has RMSD below 2 Å. Incremental recreation of ligands from smaller fragments seems to be working for
fragment-based programs, as also eHiTS results did not decrease
so dramatically. We can also conﬁrm that quality for Glide,
which had already been reported by Perola et al.4
Inability of programs to predict correct poses for ﬂexible
ligands inﬂuences directly the docking of protein-like molecules
(column peptide in Tables 2 and 3). Oligopeptides are usually
large polymer-like structures, with a great number of rotatable
bonds. On this speciﬁc subset, described above, dramatically
low results can be observed. Some programs like AutoDock
were completely missing true conformations for all given cases.
Yet, Surﬂex and Glide, conﬁrming previous observations, once
again achieved the only acceptable accuracy.
The second test analyzed the impact of hydrophobic properties of ligands on docking results. Usually, a small number of
hydrogen bonds can be created with the protein by hydrophobic
molecules, and those are used as the leading feature, whereas
conformations are predicted by docking programs. In fact, it is
commonly accepted that docking hydrophobic molecules and
predicting their activates using docking are quite a challenging
task. The log P value calculated using CLOGP software available in Sybyl was chosen to approach this problem. The results
presented in Tables 2 and 3 clearly conﬁrm those observations.
However, the drop in accuracy is not so dramatic at it might be

suggested by the common opinion. Even in the case of LigandFit, the overall performance on lipophilic molecules is very similar to the lipophobic ones. Similarly, only a slight transition
was observed for eHiTS and Glide. GOLD was more inﬂuenced,
yet this is clearly the consequence of its algorithm that puts special emphasis on hydrogen bonds during docking. The lack of
this crucial component reduced the algorithm effectiveness by
almost 15%.
The ﬁnal dataset was selected using the ligand binding
strength to its corresponding protein target, with further dividing
them by the ﬂexibility of molecules (results in Tables 4 and 5).
Each of three original categories—strong, medium, and weak—
was therefore further divided into small and large subsets. Our
primary objective for this procedure was to determine if there is
a single preferable class of ligands, for example, small strongly
bound ones. Surprisingly, the predictions of poses were similar
for all strong, medium, and weak datasets. For Surﬂex, eHiTS,
Glide, and FlexX, the mean RMSD values did not change much
regardless of the molecule falling to small or large classes of
ligands. The difference for those programs was less than 0.4 Å
for small molecules, and not more than 0.8 Å for large ones.
The larger changes could be observed in the percentage of successfully docked pairs, but the divergence was not more than
6% for the small subset and 8% for the large one. The most
unaffected program of those four was again Surﬂex where the
differences were even smaller. Interestingly, the results for the

Table 4. Results for Docking Programs Top Score Conformations Based on Strength of Ligand Binding to its

Corresponding Protein.
Strong

Medium

Small

eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

Large

Weak

Small

Large

Small

Large

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

2.0
3.4
3.0
2.2
2.6
2.5
2.7

66.4
48.6
50.4
61.9
58.1
57.6
52.1

3.6
6.1
4.7
3.8
6.0
4.2
7.4

44.6
23.5
33.2
45.0
19.2
38.9
16.2

2.0
3.0
2.9
1.7
2.5
2.5
2.6

62.9
50.4
47.8
73.6
52.9
53.9
49.5

3.7
5.6
4.0
3.6
6.1
3.9
6.7

41.7
27.9
35.5
48.3
16.9
40.2
19.2

1.9
3.0
3.2
2.0
2.8
2.5
2.5

68.6
46.9
44.6
66.4
50.0
52.3
54.5

3.5
5.3
4.8
2.8
4.8
3.8
5.0

40.7
24.1
25.8
56.6
33.0
39.1
29.2
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Table 5. Results for Docking Programs Best Pose Conformations Based on Strength of Ligand Binding to its

Corresponding Protein.
Strong

Medium

Small

eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

Large

Weak

Small

Large

Small

Large

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

RMSD

%

1.2
2.4
1.7
1.4
1.3
1.5
1.4

88.3
68.1
75.7
79.6
85.0
79.7
80.3

2.1
4.7
2.7
2.1
2.9
2.4
5.6

64.2
36.0
54.3
65.1
44.6
64.7
22.1

1.2
1.9
1.7
1.1
1.4
1.4
1.7

85.6
69.7
74.8
85.3
80.9
80.6
75.5

2.3
4.4
2.4
2.1
3.1
2.4
4.7

60.0
42.1
56.6
65.9
43.5
65.6
23.4

1.2
1.9
1.8
1.4
1.6
1.4
1.6

85.7
66.9
69.5
80.3
73.9
81.8
77.2

2.1
3.6
2.6
1.7
2.4
2.1
3.2

63.3
39.7
51.5
72.5
57.1
65.7
43.8

small subset of ligands in the case of strong, medium, and weak
subsets were identical. GOLD and LigandFit follow a similar
trend, i.e., for large ligands the weak ones are better predicted
than the strong and medium ones, with almost 10% increase in
docking accuracy and drop of the mean RMSD larger than 1 Å.
Unfortunately, GOLD seems to prefer weak and medium binding
ligands to the strongly bound ones, also for the small dataset.
The results showed that for strong small ligands the drop in successfully docked pairs in comparison with medium small or
weak small was nearly 10%. For LigandFit, this trend was much
more preferable with small strong ligands achieving nearly 60%
of docking accuracy, whereas medium and weak ones achieved
only 50%. Summing up, the results in this ﬁnal tests showed
that the ligand binding strength did not differentiate docking
software. Molecules with a similar number of rotatable bonds
were predicted with the same accuracy regardless of their binding strength.
Evaluation of the Scoring Functions
Correlation with the Experimental Binding Afﬁnities

The second important ability of docking programs is to predict
the strength of binding the ligand to the protein target; preferably as in vivo to perform this challenging task, the scoring functions are used. As mentioned previously, many types of them
were proposed, but still all of them use relatively simple equations to calculate a docking score. The main advantage of this
approach is its speed, due to relative simplicity of the functions.
However, when comparing the experimentally derived binding
afﬁnities with the calculated docking score, weak correlations
were usually obtained.31 This drawback is the reason why docking software is only a supporting tool in the drug design process.
Our goal was to determine the current status of scoring functions
that are distributed together with docking software. Recently,
some promising results were reported in evaluation by Cheng
et al.30 on the dataset of 195 protein–ligand complexes. In that
study, X-Score functions achieved high correlations close to 0.7
and correctly predicted three-dimensional conformations for
more than 70% of the complexes. Similar percentage of the successfully predicted pairs was, however, achieved also by Gold-

Score function that resulted in relatively weak correlation with
the experimental binding afﬁnities close to 0.3. Thus, it seems
that there is no direct transition from good ‘‘score prediction’’ to
good ‘‘pose prediction.’’
In our study, we evaluated scoring functions using three quality parameters for the entire set of 1300 protein–ligand complexes. First, Pearson correlation was calculated between docking score and experimental binding afﬁnities, as PDBbind collects those values for all complexes. Second, Spearman
correlation coefﬁcient was calculated that is determined based
on rank obtained by the ligands rather than the actual values of
the score. This situation is similar to virtual screening experiments, where crucial is the position of compounds within the ordered list rather than their relative activity. All correlations were
calculated for both top score and best pose conformations.
Finally, we compared all scores for each ligand conformations
that were generated, usually 10 up to 100, with their RMSD values. In that way, we checked if the high-scored conformations
have smaller RMSD value. We were interested to ﬁnd out if the
ability of the scoring function can explain the order of programs
in the ‘‘pose prediction’’ test reported above. All data given by
seven functions are collected in Table 6. Because ﬁve distinctive
cases for input structure preparation were studied, the presented
numbers are the average values of the results obtained on each
of them. It was previously reported that there is a strong correlation between the obtained results for scoring functions, and the
properties of the molecules.31 Thus, subsets from the ‘‘pose prediction’’ study, grouping ligands based on different physicochemical properties, were also used in the ‘‘scoring prediction’’
test. Here, only Pearson correlation between the docking score
and binding afﬁnity was calculated.
Three distinct groups of scoring functions emerge from our
study based on their performance. The ﬁrst one is composed of
functions implemented in eHiTS and in Surﬂex, which gave
Pearson correlation 0.38 and 0.33, respectively. Moreover, for
eHiTS scoring functions very high-Spearman correlation was
obtained, proving good ranking ability of that function, which is
the quality useful in virtual screening experiment. The results
from the small and large subsets show that both functions, as
well as all others in this test, prefer small, rather rigid molecules. Their Pearson correlations are much higher than for large
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Table 6. Results for Scoring Functions Used in This Work.

Top score

Best pose

Pearson
Spearman
Pearson
Spearman
correlation correlation Small Large Hydrophobic Hydrophilic correlation correlation Small Large Hydrophobic Hydrophilic
eHiTS
FlexX
Glide
GOLD
LigandFit
Surﬂex
AutoDock

0.38
0.10
0.25
0.17
0.11
0.33
0.25

0.47
0.06
0.26
0.18
0.04
0.34
0.27

0.43
0.11
0.37
0.26
0.11
0.32
0.50

0.31
0.01
0.09
0.08
0.06
0.18
0.15

0.35
0.13
0.30
0.24
0.20
0.33
0.27

0.29
0.30
0.28
0.21
0.04
0.34
0.21

0.29
0.09
0.23
0.06
0.08
0.22
0.19

0.39
0.07
0.23
0.12
0.07
0.31
0.20

0.40
0.12
0.36
0.24
0.09
0.28
0.50

0.23
0.02
0.10
0.07
0.08
0.12
0.14

0.26
0.11
0.24
0.12
0.21
0.22
0.20

0.26
0.31
0.24
0.14
0.10
0.32
0.20

hri
0.28
0.14
0.23
0.17
0.10
0.19
0.32

Here, we present results for scoring functions used as defaults in seven programs we tested. As ﬁve distinctive cases
were studied in pose prediction test, with different starting conformation we were able to calculate average performance of function in all this tests and those values are present in this table. Performance on entire test set for both top
score and best pose conformations are put in Pearson and Spearman correlations column. Second, Pearson correlation
was calculated in regard to speciﬁc type of ligands, namely, more rigid ones (small), more ﬂexible (large), and for
hydrophobic (hydrophobic) and hydrophilic (hydrophilic).

molecules. This can be explained by the fact that all functions
calculate the ﬁnal score as the sum of all contacts between the
ligand and the receptor. Thus, higher scores are usually obtained
for large ligands, which obviously can create more contacts with
a protein target. This may lead to overestimation of the docking
score of that type of ligands in comparison with smaller ones.
Additionally, scoring functions do not include ADME properties
of ligands, which is the crucial aspect of in vivo ligand activity.
It is much harder for large molecules to cross cell membranes
and get to its protein target, which can considerably decrease
their real activity. Those reasons probably push the docking
score even further from reality. Interestingly, hydrophobic properties of ligands seem to have a smaller effect on scores correlation than it might be expected. For most functions, the lipophilic
ligands activity was predicted with similar accuracy as the
hydrophilic one. It seems that adding various parameters
describing hydrophobic contacts during scoring functions development is indeed a good strategy.
To sum up, the scoring functions can measure hydrophobic
interactions, at least as well as for typical hydrophilic ones—
hydrogen bonds and electrostatic contacts. Similar scoring quality does not result in better prediction of hydrophobic ligands
conformations, as we have already pointed out. Nevertheless, the
best functions in the presented evaluation achieved relatively
weak correlations, and therefore, using either of them would
probably lead to wrong conclusions regardless of ligands properties. The scores of conformations with the lowest RMSD value,
which are de facto most similar to native, also correlate poorly
with the experimental binding afﬁnity. Moreover, it is even
worse than that of the top score. This suggests that even if programs were able to recreate the ideal active site conformation, it
would not have much effect on the predicted binding afﬁnity,
and in consequence on in silico drug development process.
The second group of scoring functions is the modiﬁed ChemScore function used in Glide in SP mode, GoldScore from
GOLD, and AutoDock scoring function. They achieve correlation between 0.17 and 0.25 for the entire dataset. No signiﬁcant

improvement can be observed when only ranks are taken under
consideration, which proves that those functions have only limited usefulness in real life virtual screening experiments.
The last group consists of LigScore and FlexX score that produced dramatically low overall results below 0.1, probably
because both functions prefer speciﬁc types of molecules.
LigandFit produced correlation at the level of 0.2 for hydrophobic molecules, even though the function was based only on van
der Waals and polar interaction between the ligand and the protein. Thus, the entire scoring contribution for those speciﬁc
ligands was based only on steric ﬁtness to protein. FlexX is
more puzzling because of its strong hydrophilic ligands preference, as the terms typical of other empirical functions were
explored, but also hydrophobic contribution was part of the
score.
Correlation with the Quality of Poses

Finally, we wanted to check if the functions could order conformations correctly based on their RMSD value to the native
structure, therefore, higher score would be obtained for better
poses. The higher was that correlation the better those programs
should perform in the pose prediction test, because scoring functions were used not only to evaluate output conformations but
also to guide algorithms during the docking process. For example, although genetic algorithms are used to generate new conformations, it is the scoring function score that decides which of
them will be accepted for the next run, whereas the weak-scored
ones are discarded. In the case when only a single output conformation was generated for a given protein–ligand complex,
such a pair was excluded from this part of evaluation. This was
done to avoid artiﬁcial improvement of results for such programs as for those pairs an ideal correlation would be calculated. The results are summarized in Table 4 in column named
hri.
Unfortunately, there is no single function that was able to
rank the generated poses with sufﬁcient accuracy based on
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ligands RMSD. However, the position of programs in the pose
prediction test is similar to the position of function in this
experiment. AutoDock achieved the highest 0.32 correlation,
although performing only moderately in the previous two ‘‘pose
prediction’’ and ‘‘score prediction’’ tests. The best correlations
were obtained in the redocking case (0.38 for detailed results for
each case; see Supporting Information), conﬁrming that after
expanding sampling time AutoDock performance improves considerably. The second program was not surprisingly eHiTS, with
averaged correlation close to 0.3, proving that with the increased
value of that score, better conformations are usually produced.
The worst correlation of FlexX and LigandFit functions might
be the reason for their poor performance in previous ‘‘pose prediction’’ tests. Unfortunately, this paragraph points out another
defect of functions that is their inability to choose from predicted conformations the closest to the native one.
Concluding, we conﬁrm that scoring functions cannot recreate ligands true binding afﬁnities and rank them according to the
RMSD to the native structure. Scoring functions presented in
this evaluation achieved similar, yet only moderate results. This
is not surprising, because all of them belong to the same class
of empirically based scoring functions. They explore similar parameters, like van der Waals repulsive hydrogen bonds and electrostatic terms. Although the authors of those functions claim to
obtain much higher correlations for their functions on their training datasets, yet functions perform signiﬁcantly poorer on our
large and diverse group of protein–ligand complexes. The performance of eHiTS and AutoDock scoring functions in our test
is also discouraging, as neither of them achieved the correlation
between docking score and experimental binding afﬁnity above
0.5. Even more, those functions are used as default ones in most
of the popular modeling software packages used by many
research groups, like Surﬂex that is now part of SYBYL platform. Although those programs allow one to use other functions
like F-Score or ChemScore; however, they were evaluated30
with similar conclusions as in our tests. Thus, using them
instead of Surﬂex default scoring function would probably produce similar misleading results on the ligand binding afﬁnity.
On the other hand, in the evaluation of scoring functions on the
representative set of PDBbind 2007 by Cheng et al.,30 the distinct class of knowledge-based functions were tested with better
results, which might suggest that they are presently the leading
candidates for a more universal score. The weak RMSD/score
correlations suggest that the additive nature of scoring functions
and the quest to maximize preferable contacts, like hydrogen
bonds, over other terms may result in less effective scoring and
pose prediction.

Conclusions
Summing up, our goal was to perform extensive large-scale
docking software benchmark that has substantial improvement
over previously published studies. First, seven programs were
compared under the same conditions, providing valuable data
that may be helpful to choose the optimal software. It is well
known that evaluations performed by different groups, even on
the same set of pairs and using the same software might result

in dramatically different conclusions thus making it hard to
choose the optimal program. The software that we benchmarked
is typically part of popular molecular modeling platforms like
Sybyl, Maestro, or Discovery Studio, making it very likely to be
considered by various research groups. Second, the set of 1300
protein–ligand complexes allows us not only to compare performance on the diverse dataset but also to create various subsets based on physicochemical properties of the ligands. Moreover, the entire database was redocked ﬁve times to check the
inﬂuence of different starting conformations on ﬁnal docking
results.
In our study, both pose prediction and scoring capabilities
were measured. Two most successful programs were eHiTS and
GOLD for which nearly 60% of the complexes have their top
score conformations below 2 Å threshold. Programs like Glide,
AutoDock, and Surﬂex achieved results around 50%. Interestingly, it made practically no difference if the starting conformation was or was not close to the native pose extracted from crystallographic data. Unfortunately, there is very weak correlation
between the docking score and in vitro measured activity of
ligands. A comparison of those two values provides the correlation of about 0.4 for the best program, namely, eHiTS. Other
software provides even worst results, like AutoDock with the
correlation close to 0.1. Functions also have poor ability to order
the same compounds based on their RMSD to the native structure. Here, the performance was similar across all functions with
the correlation value close to 0.5.
There was no single program that consistently outperformed
all others. Good pose prediction did not always correlate with
good scoring. Programs that use genetic algorithms seem to be
the best choice for the pose prediction. Yet, due to the nature of
the algorithm, docking takes much longer time (for GOLD
almost 305 s/ligand) than other types of algorithms. Both GoldScore and AutoDock scoring are very weak in recreating experimental binding afﬁnities.
Thus, can we trust docking programs? The answer must be
given individually for two aspects of docking programs. In terms
of pose prediction, we can say that GOLD and eHiTS performance is accurate enough but still there is ground for improvement. Nevertheless, 60% docking accuracy is a reasonable number. In the case of scoring functions, the answer must be negative, as virtually no correlations could be observed between the
docking score and in vitro binding afﬁnities. Using terms as
they are now implemented in scoring functions would seem to
be a good direction. Yet, the empirically derived functions have
now reached the saturation of year-to-year improvement,
because their performance has not changed dramatically in the
last few years. The future direction should be either to use statistical approach based on increasing number of X-ray protein–
ligand complexes, as can be determined from the results
obtained by eHiTS scoring functions, or to develop completely
new approaches in terms of predicting in vivo activity of the
ligand.
We would like to point out that the best solution in future
would be to combine various techniques into a single consensus
approach that could beneﬁt from using different approaches proposed by single docking methods. In the second part of our
work, we will describe in detail the new algorithm, VoteDock
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for combining the results from multiple docking resources into a
single and consistent prediction. VoteDock can substantially
increase both the number of correctly predicted conformations
(by at least 10%) and their scoring capabilities (by more than
0.2).
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Introduction
Virtual screening (VS ) of compound databases has become
a popular hit identification technique and a major playground
for computational method development.1 Relevant methods
are typically classified as structure-based virtual screening
(SBVS), predominantly docking, or ligand-based virtual
screening (LBVS) methods, which are based on concepts of
ligand similarity. Currently popular similarity-based and
docking methods had their scientific origins in the 1970s
and 1980s, respectively,2-6 but the first time the term
“virtual screening” appeared in a peer-reviewed publication was in 1997.7 Since then the VS field has experienced
ever increasing popularity and rapid growth. In fact, new
and conceptually diverse VS methods are introduced on a
regular basis and benchmark investigations to evaluate
various VS approaches dominate the VS literature.1 Here,
the lack of commonly accepted community standards for
method evaluation and comparison currently presents a
major bottleneck for the further development of this
field.8,9 Hence, in the case of “retrospective” VS studies
that employ benchmark calculations on preselected compound activity classes, it is difficult to judge the performance of newly introduced methodologies, reproduce
benchmark calculations, compare different methods on
the basis of literature data, and put VS performance into
scientific context.
In addition to retrospective analyses, VS studies are often
carried out “prospectively”, i.e., by computational selection
and experimental evaluation of candidate compounds in
order to identify novel hits. The primary goal of prospective
VS typically is to find structurally diverse compounds (previously unknown chemotypes) having a desired biological
activity.10-13 Because of the intrinsic link to experimental
evaluation, prospective VS applications are often considered
the “ultimate proof” of the value of SBVS and LBVS methods. However, as with retrospective VS analysis, prospective
applications are also not free of caveats.14 For example, the
identification of active compounds does not per se “validate”
a particular VS recipe as long as it is not proven that much
simpler approaches would not have produced similar results.
Furthermore, VS hits are often insufficiently experimentally
a
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characterized to confirm specific target binding and inhibition. In addition to these methodological caveats, there are
also “strategic” issues to consider that complicate the assessment of applied VS. For example, only “positive” results (i.e.,
successfully identified hits) are reported in the scientific
literature. Currently, there is little, if any, opportunity or
incentive to communicate “negative” results, which would
certainly help to evaluate the failures and successes of prospective VS campaigns and compare the performance of
alternative approaches. Last but not least, many VS applications carried out in industrial environments are kept confidential, and compounds of interest are not disclosed. Hence,
whether or not VS publications from industry provide a
representative view of applied VS in pharmaceutical research
is not certain.
We have been interested in obtaining a detailed picture of
the applied VS field to better understand the state-of-the-art in
prospective VS. A number of questions have been asked:
Where are prospective VS studies published? What are the
utilized methods? How successful are they? What are preferred targets? How potent are newly identified compounds?
Obtaining answers to these and other questions ultimately
meant that we needed to carry out a comprehensive survey
of the currently available scientific literature. Although certainly not all successful applications are documented in peerreviewed publications, these publications do present the most
reliable source for relevant information. The systematic analysis of original research publications has been a labor-intensive, yet highly educational effort. Because we individually
extracted applied VS information from original reports, our
analysis has a high degree of confidence. Herein we present
the results of this analysis. On the basis of our findings, we
comment on the performance of different prospective VS
approaches and provide a perspective of the field.
Literature Survey
We have systematically queried chemical, computational,
and life science journals using the keyword “virtual screening”. Journals containing “virtual screening” papers were only
considered if they still exist and if they obtained an impact
factor of at least 2 in 2009. We focused on journals where
VS studies frequently appear (e.g., Journal of Chemical
Information and Modeling, Journal of Medicinal Chemistry,
and Bioorganic Medicinal Chemistry) and, in addition, journals with particularly high impact factors where studies
involving VS are occasionally published (e.g., Nature Chemical Biology and Angewandte Chemie, International Edition).
pubs.acs.org/jmc
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Table 1. Prospective Structure- and Ligand-Based Virtual Screening
Studiesa
journal

no. SBVS

no. LBVS

Journal of Medicinal Chemistry
Bioorganic Medicinal Chemistry Letters
Bioorganic Medicinal Chemistry
Journal of Chemical Information and Modeling
ChemMedChem
European Journal of Medicinal Chemistry
Chemical Biology & Drug Design
Journal of Computer-Aided Molecular Design
ACS Chemical Biology
ChemBioChem
Nature Chemical Biology
Angewandte Chemie (International Edition)

129
74
43
24
19
8
7
6
3
3
2
2

33
26
10
9
12
4
2
2
2
2
3
2

a
For each journal, the number (no.) of prospective SBVS and LBVS
studies is reported. Journals are ranked by the total number of VS
publications.

Figure 1. Prospective virtual screening applications. The total number of prospective VS publications that have appeared between 1997
and 2010 (through July 15th) in the 12 surveyed journals is reported.

This ultimately led to the selection of 12 journals as a source
for our analysis, listed in Table 1. From these journals, we
extracted a total of 2995 “virtual screening” papers that were
then inspected for prospective VS applications. A publication
only qualified for further analysis if candidate compounds
were selected on the basis of VS calculations and experimentally tested in a clearly specified assay. If computational
selection and/or experimental testing were unclear, the paper
was no longer considered. Our initial survey identified 429
publications that met our criteria and qualified for further
analysis (Table 1). This was a relatively large number of source
publications, but it was still possible to study all of these
papers in detail. Of the VS calculations we analyzed, ∼16%
originated from the pharmaceutical industry, ∼68% originated from academia, and ∼16% were collaborations between industry and academia.
We first monitored the history of prospective VS applications. As shown in Figure 1, the first prospective VS study was
published in 19977 and beginning in 1999, there has been a
steady and significant increase in the annual number of such
investigations. In 2010, a total of far more than 100 relevant
publications are expected to appear. As reported in Table 1,
essentially five journals were found to dominate the prospective VS field, Journal of Medicinal Chemistry (where relevant
publications occur most frequently), followed by Bioorganic
Medicinal Chemistry Letters and Bioorganic Medicinal Chemistry and, with lower frequency of occurrence, Journal of
Chemical Information and Modeling and ChemMedChem. In
the remaining seven journals, prospective VS papers appear
only occasionally.
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Preferred Virtual Screening Methods
We then divided the publications into SBVS and LBVS
studies, as also reported in Table 1. Many docking studies
utilized ligand-based similarity methods to prescreen a compound database and reduce it in size. These studies clearly fall
into the structure-based category because the hits were ultimately identified via docking. In addition, a limited number of
studies used X-ray structural data of target proteins (active
sites) to derive different types of queries for LBVS; e.g., active
ligand conformations for 3D similarity searching were taken
from X-ray structures. Accordingly, these investigations were
also categorized as structure-based. By contrast, if docking
was exclusively used to determine binding modes of hits
identified via similarity searching, these studies were naturally
classified as ligand-based virtual screens.
We found that prospective SBVS applications were much
more frequent than LBVS applications, with a total of 322
compared to only 107 publications. As reported in Table 1,
this distribution is determined by publications in the most
popular journals. For example, in Journal of Medicinal Chemistry, the ratio of SBVS to LBVS applications is 4:1, in
Bioorganic Medicinal Chemistry Letters it is ∼3:1, and in
Bioorganic Medicinal Chemistry it is ∼4:1.
SBVS and LBVS studies were then further classified on the
basis of specific scientific approaches, as reported in Figure 2.
SBVS categories include docking into X-ray or NMR structures, docking into homology models, and “implicit use” of
3D structural information including, for example, the development of target structure (active site) based pharmacophore
models for database searching. With 215 published studies,
docking into X-ray structures clearly dominates the SBVS
field, but 73 publications also report the successful use of
homology models as docking templates. By contrast, NMR
structures have thus far only been rarely utilized. LBVS
studies are further divided into 2D approaches (e.g., 2D
fingerprint similarity searching), 3D approaches (e.g., 3D
pharmacophore searching), and combinations of 2D and
3D methods. With 55 reports, LBVS studies utilizing 3D
methods are more frequent than 2D methods (37) and 2D/
3D combinations (15).
Target Distribution
Next we analyzed which proteins were targeted by VS and
which protein families were targeted by either SBVS or LBVS.
For this purpose, we followed the target classification scheme
of the ChEMBL15 database of bioactive compounds. As shown
in Figure 3, enzymes present by far the largest target class (273
studies), followed by membrane receptors (59). This distribution can be rationalized by taking into account the overall
dominance of SBVS approaches where active sites of enzymes
represent the prime targets. An abundance of structural data
on enzymes is available, in contrast, to membrane receptors
where structural data is still sparse. However, as shown in
Table 2, a number of studies also report docking into molecular models of G-protein-coupled receptors (GPCRs), which
have traditionally been mostly investigated by LBVS methods. Among enzymes, protein kinases are most frequently
targeted, followed by proteases (Figure 3). For kinases and
proteases, many highly resolved structures of enzyme-inhibitor complexes are available in addition to SAR data, which
provides a knowledge base that substantially supports SBVS
approaches because predicted ligand poses can be related to
experimentally observed ones and key interactions can be
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Figure 2. Classification of virtual screening applications. Reported VS applications were classified according to the computational methods
that were utilized. The total number of VS applications falling into each category is reported in parentheses.

Figure 3. Protein families targeted by virtual screening. Target families are categorized following the ChEMBL classification scheme (left pie
chart), and enzymes are further divided into families (right).

analyzed. However, despite the strong focus on kinases and
proteases, more than half of the targeted enzymes do not belong
to the five major families, illustrating that there is considerable
diversity among enzymes selected for VS investigations.
Potency Distribution of Hits
In general, hits with low nanomolar potency are only rarely
identified by VS12 that, similar to biological screening, predominantly provides hits for further chemical exploration
(but not optimized leads). We have studied the potency
distribution of VS hits by dividing the spectrum of reported
potencies into four value ranges, i.e., <1, 1-10, 10-100, and
>100 μM. For potency analysis, only hits with defined
potency end points (IC50, EC50, Ki, or Kd) were considered
and from each publication, the most potent hit was selected.
Hits for which measures such as “percent relative inhibition”
were reported were not taken into account. On the basis of
these criteria, 286 SBVS and 93 LBVS publications qualified
for potency analysis. When we monitored the potency of
reported hits over time for LBVS and SBVS methods, no
obvious trends were observed. Figure 4 shows a global
comparison of SBVS and LBVS methods. Only 11 publications reported hits with >100 μM potency, which would be
considered borderline active, but a total of 85 studies reported
weakly active compounds falling into the 10-100 μM range.

Figure 4. Potency distribution of virtual screening hits. Reported
VS hits discovered by SBVS (blue) or LBVS (green) approaches
were assigned to four potency (p) ranges.

Interestingly, although many more successful SBVS than
LBVS applications are reported to date, the potency of hits
identified by LBVS is on average considerably higher than for
SBVS. Most of the LBVS hits fall into the <1 μM potency
range, whereas the majority of SBVS hits populate the 1-10
and 10-100 μM ranges. Table 3 reports the hit distribution
for different LBVS and SBVS methods (according to
Figure 2). Here, these trends are also evident. Moreover,
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Table 2. Virtual Screening Targetsa
SBVS
LBVS

enzyme

membrane receptor

transcription factor

ion channel

transporter

other targets

238
35

24
35

20
4

9
11

1
6

27
17

a
The number of successful SBVS and LBVS applications directed against different target classes is reported. Targets were classified according to the
ChEMBL scheme.

Figure 5. Distribution of potent hits for different virtual screening
methods. The fraction of hits with potency of <1 μM among all hits
is reported for different VS approaches.

perhaps also surprisingly, the distribution of hits identified by
ligand docking into homology models is shifted toward higher
potency values than the distribution of hits identified by docking
into experimental structures. In addition, the distributions of
hits identified by 2D and 3D LBVS methods are similar, but
combinations of 2D and 3D approaches predominantly identify
hits with <1 μM potency. These combinations typically apply
machine learning methods in combination with 2D and 3D
molecular descriptors (i.e., molecular representations derived
from 2D molecular graphs and 3D conformations) and also
sequential combinations of 2D ligand similarity and 3D pharmacophore searching. Figure 5 reports the fraction of hits
with <1 μM potency identified with different approaches,
which reveals that docking methods yield the lowest fraction
of potent hits, although they represent by far the largest number
of prospective VS applications.
We also calculated average hit potency values for all VS
studies from the pharmaceutical industry, academia, and
collaborations between industry and academia. The average
potency of a hit from an industrial and academic laboratory
was ∼4 and ∼19 μM, respectively. The average potency of a
hit resulting from collaboration was ∼16 μM. The significant difference in average hit potency between industry and
academia might have several reasons. For example, industrial
laboratories are primarily focused on drug discovery, whereas
academic institutions are usually much more focused on
method development and application. Also, it can be expected
that researchers in the pharmaceutical industry often have
more target and compound information available than investigators in academia. Another possible reason might be
that internal compound collections of the pharmaceutical
industry grow over time with a particular focus on therapeutic
areas of interest and usually contain more advanced compounds than publicly available screening collections.
The potency distribution of hits for the major target
families was also studied. The results are shown in Figure 6.
Among the three most frequent target families (kinases,
GPCRs, and proteases), the largest fraction of potent hits
(<1 μM) is obtained for GPCRs (∼61%) that are mostly
targeted by LBVS approaches, followed by kinases (∼46%).

Figure 6. Potency distribution of hits for major target families. The
number and potency (p) ranges of VS hits are reported for the five
major target families according to Figure 5.

Interestingly, for proteases, a comparably small fraction of
potent hits is reported (only ∼17%). For the less frequent
transcription factor and ion channel targets, approximately
half of the hits fall into the <1 μM potency range.
Finally, we analyzed the potency distribution of hits reported in different journals (Table 4). Among the three journals
with most reported validated hits, Journal of Medicinal Chemistry contains the largest fraction of hits with potency falling
into the <1 μM and 1-10 μM ranges (∼82%), followed by
Bioorganic Medicinal Chemistry Letters (∼76%). Only ∼59% of
the hits reported in Bioorganic Medicinal Chemistry fall into the
<1 and 1-10 μM ranges (Table 1). In ChemMedChem and
Journal of Chemical Information and Modeling where considerably fewer practical VS applications have thus far
been reported, the corresponding hit fractions are ∼64%
and ∼75%, respectively. Thus, there are some notable
differences in the potency of VS hits that are reported in
different journals.
Summary
Our analysis has revealed that the majority of prospective
VS studies have thus far been reported in only a small number
of journals. In addition, we have found that docking investigations clearly dominate the prospective VS field at present.
We see an increasing number of successful VS studies that are
based on docking into homology models, and the potency of
such identified hits is on average higher than for hits identified
by docking into X-ray structures, although model-based
docking calculations are more approximate in nature. In this
context, it is interesting to note that NMR structures have thus
far only rarely been used in practical VS applications. Currently there are three times more SBVS than LBVS applications available, but LBVS methods identify hits that are on
average more potent. In particular, nearly all of the still
limited number of LBVS investigations that combine 2D
and 3D components yield potent hits. Furthermore, kinases,
GPCRs, and proteases are the most popular VS targets. For
kinases and GPCRs, potent submicromolar VS hits are
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Table 3. Potencies of Hits Identified Using Different Virtual Screening Approachesa
VS approach

<1 μM

docking into X-ray/NMR structures
docking into homology models
implicit use of 3D structures

48
25
16

2D LBVS
3D LBVS
combination of 2D and 3D LBVS

16
27
12

1 μM e pot e 10 μM

10 μM < pot e 100 μM

>100 μM

77
22
9

57
15
5

9
1
0

11
15
2

4
4
0

1
1
0

SBVS

LBVS

a
The number of published VS hits per potency (pot) range is reported for different SBVS and LBVS approaches. Only VS hits with defined potency
end points were considered, and the most potent hit per publication was selected.

Table 4. Potencies of Virtual Screening Hits Reported in Different Journalsa
journal

<1 μM

1 μM e pot e 10 μM

10 μM < pot e 100 μM

>100 μM

Journal of Medicinal Chemistry
Bioorganic Medicinal Chemistry Letters
Bioorganic Medicinal Chemistry
ChemMedChem
Journal of Chemical Information and Modeling
European Journal of Medicinal Chemistry
Chemical Biology & Drug Design
Journal of Computer-Aided Molecular Design
ACS Chemical Biology
ChemBioChem
Nature Chemical Biology
Angewandte Chemie (International Edition)

60
38
14
11
10
5
2
1
1
1
3
2

55
33
15
7
11
4
1
4
2
0
1
2

24
19
16
9
7
2
2
1
2
3
0
0

2
3
4
2
0
0
0
1
0
0
0
0

a
The number of published VS hits per potency (pot) range is reported. Journals are ranked by the total number of VS hits with defined potency end
points (the most potent hit per publication is considered).

frequently obtained, in contrast to proteases, where the majority of reported hits are only weakly potent. However, protein
kinases and proteases only represent ∼36% of all enzymes
targeted by VS, and more than 50% of these enzymes do not
belong to the five major families. Taken together, the results of
our analysis have provided us with a rather detailed view of
the prospective VS landscape and there have certainly been a
few surprises.
Virtual Screening Perspective
The steadily growing number of successful VS applications
that are reported mirrors general progress made in this field.
Whether this apparent progress is mostly due to methodological advances and a deeper understanding of potential problems with VS, technical, and computational infrastructure
progress or merely due to wider availability of VS technology
is a different question. Regardless, there is a clear trend that
successful applications are increasingly published.
During our survey, we have observed additional trends that
are more difficult to highlight on the basis of simple statistics.
For example, most of the VS studies we analyzed involved
more or less subjective compound selection steps. Without
doubt, assigning priorities to compounds on the basis of
intuition, experience, or knowledge plays an important role
in VS. This is good news from the point of view that investigators who successfully apply VS methods do not ultimately
rely on approximate and in part questionable scoring and
compound ranking schemes but is bad news from the point
of view that our computational methods are still limited in
their ability to reliably predict biological activity from
chemical structure. However, the role of expert knowledge
in VS is not only crucially important at the level of compound selection but already much earlier. Simply put,

required expertise scales with increasing complexity of
VS approaches.
Methodological Complexity and Expert Knowledge. The
complexity of VS methods generally increases from 2D to 3D
approaches. By use of a state-of-the-art molecular modeling
package, a 2D fingerprint search is as straightforward to
carry out as a docking calculation, even for a nonexpert user,
although the complexity of docking is much higher than of
fingerprint searching and involves many more critical parameters. How to prepare a docking template, define the
binding site, and prioritize intermolecular interactions is at
least as challenging as the interpretation of the actual screening results on the basis of ligand posing and approximate
scoring (and goes much beyond the magic of “default”
parameter settings). Essentially at each stage of the process,
expert knowledge and experience are highly beneficial.
Taking this into account, what about the rather puzzling
observation, at least at first glance, that docking into homology models produces on average hits with higher potency
than docking into X-ray structures? In our survey, we have
certainly seen a number of docking studies producing highly
potent hits but many others where hits were only weakly
active. Preparing a homology model for LBVS adds yet
another layer of complexity to the process, and even more
expertise is required to utilize the model in a careful and
appropriate manner. So we should assume that investigators
who are able to successfully dock into homology models
(again, only successful applications are published) must
know quite well what they are doing at each level of the
process. This might perhaps explain why more potent hits are
often identified in such cases than in “average” X-ray
structure-based docking exercises (the emphasis being “average” because a meaningful use of X-ray data for SBVS is far
from being simple).
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Weakly Active Compounds. Many prospective VS studies
identify only weakly active compounds, at least by medicinal
chemistry standards. However, a weak hit is not just like
another. We have found that several studies published in
leading journals report weakly or borderline active VS hits
against novel targets, for which only little ligand information
is available. By contrast, there are other cases where reporting weakly active compounds might indeed be questionable.
Protein kinase inhibitors are a good example. State-of-theart kinase inhibitors are active in the low nanomolar range,
and the kinase field is already (one would be tempted to say)
“littered” with weakly potent compounds. How difficult is it
really to find yet another one? Are elaborate virtual screens
required to identify weak hits if so much is already known?
Probably not. It is therefore not surprising that computational and medicinal chemists might often have different
views about the value of computational hit identification, at
least in cases such as kinases. However, if a “first-in-class” hit
is identified against a novel target, even if only weakly
potent, the situation is different.
Method Validation. This also points at the problematic
issue of how to prospectively “validate” VS methods and
protocols. It should be easy to understand that a complex
multicomponent VS effort is not rigorously validated if it
ultimately yields, for example, one or a few weakly active
kinase inhibitors. However, problematic issues associated
with VS method validation go much deeper. For example, we
have observed that many studies that employ fully flexible
ligand docking utilize 2D filters and other LBVS methods to,
in some instances, dramatically reduce the number of candidate compounds. In such cases, it often remains unclear what
the (enrichment) contribution of the docking step has been
and to what extent the final results were dependent on the
ligand-based preselection. This is especially the case because
compounds are usually hand-selected to provide a final
candidate list, as mentioned above. The “sequential” nature
of such applications is also related to another question that is
often raised: What is better, and what is worse? For example,
there continues to be much debate in the VS field whether 2D
or 3D approaches would generally be superior, and different
investigations promote different views, depending on methodological preferences. However, on the basis of currently
available literature data, this question simply cannot be
answered. In our analysis, we have been able to highlight
statistical trends concerning the distributions of successful
LBVS and SBVS applications or potency values of hits.
However, these statistical trends do not provide ultimate
answers. There are currently no studies available that report
“parallel” prospective applications of different ligand- and/
or structure-based methods with consistent experimental hit
evaluation. Such studies might be suitable for a more rigorous comparison of prospective method performance. It is
one of the future challenges for the VS field to establish a
framework for such comparisons.
Needles in Haystacks? The capacity of VS calculations to
enrich active compounds can also be discussed in the context
of another obvious trend. Essentially all of the studies we
surveyed focus on small or very small compound selection
sets, often tens to on the order of a hundred candidates.
Given the accuracy limitations of current computational
screening methods, this type of search for “needles in haystacks” does not necessarily play into the strength of VS
methods (of course, making successful applications even
more interesting). Rather, for a fair assessment of VS
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potential, it should also be important for the field to increasingly focus on the enrichment ability of VS methods. For
example, selecting by VS ∼1% of a sizable compound
database for a limited biological screening campaign might
often lead to significant increase in hit rates compared to
random screening.16,17 The integration of computational and
experimental screening is still an underdeveloped application
area of prospective screening, albeit with probably significant
potential, provided a number of technical (e.g., compound
handling) and cultural hurdles (e.g., rational selection versus
high-throughput mentality) can be overcome.
Assay Conundrum. We have also observed that the biological activity of VS hits is often evaluated in very different
assay formats (even for related targets) that do not necessarily prove specific binding or inhibition. Considering the fact
that many only weakly active VS hits are reported, it is
conceivable that there might be a significant number of false
positives involved. Clearly, as much as VS method development would benefit from the availability of well-defined and
generally applicable benchmark community standards, prospective VS applications would very much benefit from
establishing general minimal requirements for hit validation
including, for example, proof of specific inhibition and doseresponse behavior. Here, Chief Editors of the leading publication venues for prospective VS studies are called upon to
synchronize their efforts and establish consistent hit validation criteria. Currently, only a few journals have considered
these issues and formulated appropriate guidelines.
Compound Novelty. In addition to in part inconsistent
experimental evaluations that are reported, claims are made
in many publications concerning the structural novelty of
newly identified hits (in accord with the popular scaffold
hopping paradigm). However, SciFinder18 or similar search
calculations reveal that this is not always the case. We are
aware of a number of instances where previously known
active compounds have essentially been “rediscovered” by
computational means. Why do the authors not know? This is
a critical issue for the credibility of VS efforts. Hence, we
would propose that retrospective substructure and/or similarity search results of the scientific and patent literature
should be required as an additional hit validation criterion
such that the most similar known active compounds can be
directly compared with new VS hits. This would be expected
to further strengthen the scientific rigor of prospective VS
applications and help to balance claims if appropriate,
another potentially important step for the future development of the VS field. Again, it would be best if leading
journals would take the lead and implement additional
requirements for VS applications in their guidelines.
Outlook. In conclusion, we have presented a thorough
analysis of currently available prospective VS applications
on the basis of literature data to better understand the stateof-the-art in this field. On the basis of our findings, we have
highlighted a number of trends, put them into perspective,
and pointed out a few critical issues. However, the global
outlook is fairly positive. Within the past ∼15 years, the VS
field as we see it today has become established in pharmaceutical settings. As in any scientific field, there are unsolved
problems here, concerning both the development and retrospective evaluation of VS methods and their prospective
applications. But these problems can be readily addressed,
as discussed for exemplary cases herein, and it is hoped that
further progress will be made in these and other areas as the
VS field continues to grow.

Perspective
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