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Thermodynamic and kinetic specificities of ligand
binding†
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Binding affinity and specificity are crucial for biomolecular recognition. Past studies have focused on

binding affinity while the quantification of specificity has remained an elusive challenge. The

conventional specificity measures the discrimination of the specific receptor against others for a ligand

binding. It is difficult to explore all the possible competing receptors for the ligand. Here, we quantified

the thermodynamic intrinsic specificity of discriminating the “native” binding mode against the “non-

native” binding modes. Intrinsic specificity is relatively easy to compute since one doesn't need to

explore all the other receptors. We found that the thermodynamic intrinsic specificity correlates with

the conventional specificity. This validates the statistical equivalence of conventional and intrinsic

specificities for receptors at reasonable size. We also computationally quantified the residence time of a

ligand on the receptor target as the kinetic specificity. We found that the kinetic specificity correlates

with the thermodynamic intrinsic specificity and the binding affinity, suggesting the kinetics and the

thermodynamics can be simultaneously optimized for biological activities. With the thermodynamic and

kinetic specificities in addition to affinity, we carried out a drug screening test on the target

cyclooxygenase-2 (COX-2). We showed that multidimensional (two- and three-dimensional) screening

has higher capability than affinity alone to discriminate the drug target (COX-2) from the competitive

receptor (COX-1), and the selective drugs from the non-selective drugs. Our work suggests a new way of

multidimensional drug screening and target identification, which has significant potential applications

for drug discovery and design.
1 Introduction

Biomolecular recognition is the basis of all biological processes
in living organisms. Understanding of biomolecular recogni-
tion at the molecular level is one of the most important prob-
lems in modern molecular biology and has direct applications
in drug discovery and design.1–5 Thermodynamically, highly
efficient and specic receptor–ligand binding requires two
features. One is the affinity related to the stability of the
binding. The other is the specicity which discriminates the
“good” specic binding complexes from the “bad” non-specic
binding ones.6–11 While tremendous efforts have been devoted
into the study of the affinity, the quantitative description of the
binding specicity is still challenging.
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The conventional thermodynamic specicity concerns about
the differences in affinity of the same ligand binding with
different receptors6–11 (Fig. 1A). The high specicity gives the
discrimination of one receptor target from others. The concept
of conventional thermodynamic specicity is clear, but the
actual practice of quantication is challenging. In practice, to
design a drug, one needs to design a lead compound binding to
a specic target receptor rather than others to avoid side
effects.12,13 According to the denition of conventional speci-
city, one needs to compare all the competitive receptors in the
human body binding with the same ligand. This makes the
practical drug design for specicity impossible since it is
impractical in vitro to evaluate binding affinity of one ligand
binding to all possible competing targets. The structures of
potential competing targets are not all readily available for the
evaluation of the affinity, and even with the known structures,
not all the affinities can be measured easily.

We proposed a novel concept to circumvent the chal-
lenge14–16 (Fig. 1B). If the N- and C-terminus of multiple protein
receptors are linked together with one another, then the
resulting multiple connected receptors are equivalent to a
single large receptor; i.e. the denition of the conventional
thermodynamic specicity is transformed to the discrimination
that a ligand binds to a specic site more favorably than other
Chem. Sci., 2013, 4, 2387–2395 | 2387
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Fig. 1 Illustration of the equivalence of conventional and intrinsic specificities with three-dimensional view (top panel), two-dimensional view (medium panel) and
corresponding energy spectrum (bottom panel). (A) A ligand (yellow circles) binding to multiple different receptors (P–Pn marked with different colors) showing the
conventional specificity as the gap in binding affinity of the ligand binding to the specific receptor (Pn) in discrimination against other receptors. (B) Multiple different
bindingmodes (M1–Mn) of a ligand (yellow circles) on a large receptor showing the intrinsic specificity as the gap in binding affinity of the “native” bindingmode (Mn) in
discrimination against other bindingmodes. The large receptor can be thought as themultiple different receptors linked together. (C) Multiple different ligands (N1–Nn)
binding to the different or the same sites on the large receptor. The specificity here is the gap in binding affinity of a specific ligand (Nn) binding to the large receptor in
discrimination against other ligands.
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binding sites of this large receptor (Fig. 1A and B). Therefore the
thermodynamic specicity becomes the existence of a gap in
the binding free energy between the “native” and the rest for the
ligand binding with different sites (binding modes) of the
receptor or in other words the discrimination of “native”
binding state (mode) from the rest. For the same reason, one
receptor protein with different sites binding with a ligand is
similar to the case of the whole universe of different ligands
binding with the same receptor (Fig. 1B and C). If the target
receptor protein is large enough, then this analogy should be
2388 | Chem. Sci., 2013, 4, 2387–2395
exact. In other words, if the receptor protein is large enough,
then probing the interactions of binding through different parts
of the same target protein (Fig. 1B) and probing the interactions
through the sequences (different receptors in Fig. 1A or
different ligands in Fig. 1C) are equivalent. Under the
assumption of large target protein (large enough to effectively
represent the sequences of the receptor universe), we can term
the new criterion for the specicity as the intrinsic specicity
compared to the conventional denition of thermodynamic
specicity. Thus, the thermodynamic specicity issue becomes
This journal is ª The Royal Society of Chemistry 2013
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the determination of intrinsic specicity of a ligand binding
onto its receptor (Fig. 1B).

The process of protein–ligand binding can be physically
quantied and visualized as a funnel-like energy landscape
towards the native binding state with local roughness along the
binding paths.14,15,17–24 The “native” conformation of the
complex is the conformation with the lowest binding energy.
The energies of the decoy conformations follow a statistical
Gaussian-like distribution (Fig. 1B). According to the theory of
energy landscape for ligand binding,14–16,25,26 the intrinsic
specicity ratio (ISR ¼ dE/DEOS), where dE is the energy gap
between the energy of “native” conformation and the average
energy of decoy ensemble, DE is the energy uctuation or the
width of the energy distribution of the decoys, and S is the
conformational entropy) is dened to quantify themagnitude of
intrinsic specicity. The ISR indicates the capability of
discriminating the “native” binding mode from other “non-
native” modes for a particular ligand on its receptor, which can
be readily quantied. Therefore, ISR physically provides a
quantitative measure of the thermodynamic specicity without
evaluating the conventional specicity through exploring the
whole set of receptor universe.

Besides the signicance of the thermodynamic specicity for
ligandbinding, there is an issueofkinetic specicity. A ligandcan
bind tomultipledifferent receptorswith very similar affinitiesbut
with different kinetics of on and/or off rates.27,28 Essentially, the
effectiveness and the duration of the biological activities are not
only related to the thermodynamic stability and specicity, but
also determined by the kinetic residence time that the ligand
resides in the receptor. The longer the ligand is in residence at its
receptor, the longer the biological effect endures in vivo. For the
drug–target system, the residence time of a drug with its target is
increasingly recognized to play a pivotal role in determining both
the efficacy and toxicity of a drug and being as a critical predictor
for drug efficacy and safety.29–32 The residence time can discrim-
inate different receptors even when the binding affinities to the
same ligand are very close. Therefore the residence time can be
used as a quantitative measure of the kinetic specicity and the
selection criteria of the drug activity in vitro. However, the kinetic
specicity is hard to be incorporated into drug screening in silico
for lead compounds discovery. This is due to the fact that the
computation of the residence time of a ligand on its receptor
through molecular dynamics is very time-consuming, especially
for the screening of a large library of ligands.33,34Herewedescribe
the binding/unbinding kinetics as the diffusion process on the
statistical bindingenergy landscape; the residence timeaskinetic
specicity can be directly computed and quantied by the kinetic
time through diffusion (see Methods).

In this work, in order to accurately compute ISR as quanti-
ed intrinsic thermodynamic specicity and the residence time
as quantied kinetic specicity, we employed our scoring
function SPA (SPecicity and Affinity) which was developed
recently by simultaneously optimizing the specicity and
affinity.16 SPA outperformed the current available scoring
functions. By studying the ligands binding to the drug target
model system of cyclooxygenases (COX-2 and COX-1), we found
the statistical correlation between the intrinsic specicity and
This journal is ª The Royal Society of Chemistry 2013
the conventional specicity. This validates the equivalence of
intrinsic thermodynamic specicity and conventional thermo-
dynamic specicity with a reasonable size receptor target
protein. Furthermore, we found that the residence time as
quantied kinetic specicity is correlated with the ISR of the
thermodynamic specicity, and the binding affinity. This
implies that thermodynamics and kinetics to some extent are
cooperatively optimized in nature to ensure efficient and
specic ligand binding, as well as the biological activity. With
the quantied thermodynamic and kinetic specicities as
selection criteria in addition to affinity for drug screening and
target identication, we suggest a way of multidimensional
(two- and three-dimensional) drug screening and target identi-
cation with affinity, thermodynamic intrinsic specicity and/
or kinetic specicity. Our new strategy has important implica-
tions for drug discovery and design.
2 Results and discussion
2.1 Reliability of SPA scoring

In the structure-based drug discovery, scoring function
describing protein–ligand interactions is responsible for the
goodness of ranking in virtual screening. Docking programs as
well as scoring functions have been developed over the past few
decades for studying ligand binding. Successes in structural
prediction and screening applications have been reported in
some systems. However, accurate prediction of the binding
affinities still remains challenging.35–39 Furthermore, the speci-
citywasnever quantitatively addressed and implemented in the
scoring function. To achieve a relatively reliable prediction of
binding affinity and specicity, in this work, we employed our
novel scoring function SPA in which affinity and intrinsic spec-
icity were both taken into account for optimization16 (see ESI†).
In terms of the performance of testing the benchmark set, SPA
outperformed other 16 popular scoring functions in academia
and industry on the capability of identifying “native” binding
conformation from “non-native” ones, as well as of predicting
the binding affinities.16 It demonstrates that the incorporation of
the specicity to the strategy of developing scoring function
greatly improves the performance over those given by the exist-
ing scoring functions that focused solely on affinity for devel-
opment. SPA appears to be the best choice so far to calculate the
energetics of protein–ligand interactions for affinity and the
discrimination for specicity. To explore the reliability of SPA
predictions on both affinity and specicity of COXs with small
molecules, we performed docking studies of estimating binding
affinities for a set of 20 drugs available on the market for the
target COX-2 with known experimental affinities40 (Table S1 of
the ESI†). SPA gives a reasonable correlation coefficient of 0.71
between experimentally observed and predicted affinities
(Fig. 2). Therefore, SPA canbe reliably applied for further study of
ligand binding and affinity prediction for COXs.
2.2 Connection of intrinsic and conventional specicities

As postulated in Fig. 1A and B, exploring binding interactions in
the different binding sites of a receptor is equivalent to
Chem. Sci., 2013, 4, 2387–2395 | 2389
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Fig. 2 Validation of SPA scoring. The statistical correlation (statistical significance
P < 0.001) between experimental and predicted affinities of 20 drugs binding to
COX-2 suggests the reliability and accuracy of SPA scoring for protein–ligand
interactions.
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exploring the interactions through the different receptors, if the
target receptor is large enough to be thought as many smaller
receptors linked together. Here, we tested this assumption by
taking COX receptors as our example for docking, with 600
ligands from National Cancer Institute (NCI) diversity set. The
correlation is shown (Fig. 3) between the conventional speci-
city (the affinity difference between COX-2 and its iso-form
COX-1 with the same ligand) and intrinsic specicity ratio (ISR)
for COX-2. The result indicates that the conventional specicity
and intrinsic specicity quantied by ISR of COX-2 have
signicant correlations with each other. This validates the
equivalence of conventional specicity and intrinsic specicity
of a given ligand binding with a reasonable size receptor target
(Fig. 1A and B). It also demonstrates that the readily available
Fig. 3 Connection of intrinsic and conventional specificities. The statistical
relationship between the conventional specificity (affinity difference between
COX-2 and COX-1, DDG ¼ DG2 � DG1) and intrinsic specificity ratio (ISR) of COX-2
binding with 600 ligands, validates the equivalence of conventional and intrinsic
specificity.

2390 | Chem. Sci., 2013, 4, 2387–2395
ISR can be applied to explore the thermodynamic specicity of
ligand binding. The non-perfect correlation may result from the
fact that the number of target receptors are limited, with only
COX-2 and COX-1. This is far fewer than the whole receptor
universe, leaving the denition of the conventional specicity
used here approximate and incomplete. The COX-2 protein is
not large enough for the exact equivalence of the intrinsic
specicity and the conventional specicity. A recent work on
molecular dynamics of a ligand to search binding sites on the
receptor also validates this assumption.33 In that work, Shaw
et al. carried out the longest explicit molecular dynamics
simulations of protein–ligand binding so far, where the inhib-
itor PP1 was initially placed at a random location to search the
binding sites on the protein Src kinase. Persistent and note-
worthy intermediate conformations that the inhibitor locates
diversely on the surface of the kinase were observed in the
binding process, indicating competing binding modes do exist
on the same receptor (Fig. 1B).
2.3 Connection of kinetics and thermodynamics

Essentially, the effectiveness and duration of biological activi-
ties are not only related to the thermodynamic stability and
specicity, but also more directly determined by the kinetic
residence time that the ligand resides on the receptor (off
time).27,28 The kinetic residence time can measure the duration
of the drug on the target and directly determine the drug effi-
cacy. With the same affinity, the kinetic residence time can be
different and therefore provides another indicator of discrimi-
nating the binding of different receptors or different ligands. It
is interesting to see how the kinetic specicity of the biomo-
lecular recognition relates to the thermodynamic specicity
quantied by ISR of the underlying binding energy landscape,
as well as the thermodynamic stability. This is important for the
eld of drug discovery and design. First, residence time as
kinetic specicity is increasingly characterized as the predictor
of target selectivity and drug activity in addition to the affinity
for thermodynamic stability.31,32 Second, the theory of binding
energy landscape quantifying the ISR provides a possible algo-
rithm for designing ligands that can efficiently bind to the
receptor.14–16

By describing the binding/unbinding kinetics as the diffu-
sion process on the statistical energy landscape, we computa-
tionally quantied the residence time of a ligand on the
receptor target as the kinetic specicity. The predicted kinetic
specicity shows consistence with the experimental determined
kinetic specicity for the COX-2 drugs with available residence
times (Fig. 4A). This demonstrates the accuracy of our compu-
tation of residence time. A statistical correlation between the
kinetic specicity (logarithm of residence time) and intrinsic
thermodynamic specicity ISR is observed with the correlation
coefficient 0.66 (Fig. 4B). This shows that the protein–ligand
complex with a high ISR generally has a slow kinetics of
unbinding. The correlation between kinetic specicity and ISR
implies that the intrinsic thermodynamic specicity can be
used as an indicator of residence time. The kinetic specicity
and thermodynamic specicity are of different signicance for
This journal is ª The Royal Society of Chemistry 2013
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Fig. 4 Consistence of predicted and experimental kinetic specificities, and connection of the kinetic and thermodynamic specificities. (A) The predicted kinetic
specificity (logarithm of RTpred/RTpred0 , RTpred is the relative predicted residence time and RTpred0 is the constant weighting factor) has relative high correlation (statistical
significance P < 0.01) with the experimentally determined kinetic specificity (logarithm of RTexp, RTexp is the experimental residence time) for 22 drugs with available
residence times. (B) The statistical relationship between the predicted thermodynamic specificity and kinetic specificity for 600 ligands of diversity set binding to COX-2,
large ISR generally corresponds to long residence time.
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biomolecular recognition, yet are correlated, suggesting the
kinetics and thermodynamics of biomolecular recognition can
be simultaneously optimized in nature for biological activities.

In practice, the thermodynamic intrinsic specicity ratio ISR
is relatively easy to compute but difficult to experimentally
measure. The kinetic specicity is relatively easy to experi-
mentally measure but difficult to computationally quantify.
Both the thermodynamic and kinetic specicities are related to
the efficacy of drugs since the specicities of how well a drug
discriminates the other compounds to a target in affinity and
how long the drug interact with the target are major concerns
for the effectiveness of the drug. The connection of residence
time, as quantied kinetic specicity, and ISR, as quantied
thermodynamic specicity, bridges the understanding and
predicting of thermodynamics and kinetics of drug efficacy, and
will undoubtedly be helpful for the eld of drug discovery and
design.

The thermodynamic view of funneled binding energy land-
scape14,15 also implies that the specic protein–ligand
complexes are at its global free energy minima relative to all
other states. The binding affinity (or free energy) in vitro
between a receptor and ligand is quantitatively assessed by the
equilibrium measures of the ratio of the kinetic rate constants
of complex association and dissociation. In equilibrium, there
is an intimate link between the thermodynamic equilibrium
constants and the kinetics. In vivo, however, the condition is
oen not in equilibrium and the effectiveness or the biological
activity may no longer be determined by the affinity but by the
residence time which can only be inferred by the kinetic
measurement of rate of dissociation (off-rate constant).28 It is
important to know the correlation between the residence time
and binding affinity. This can bridge the gap between in vitro
measurements and in vivo biological efficacy. We observed that
This journal is ª The Royal Society of Chemistry 2013
the predicted kinetic specicity quantied by the residence time
is correlated to the affinity with certain statistical spread or
dispersion (Fig. 5A), which is consistent with the correlation
observed from experimental measurements for the COX-2
drugs with available residence times and affinities41 (Fig. 5B and
Table S1 of the ESI†). The correlation implies that the dissoci-
ation kinetics can be modulated by the specic interactions that
inuence the affinity.
2.4 Drug screening and target identication with
thermodynamic and kinetic specicities

The funneled binding energy landscape14,15 leads to the coop-
erative optimizations of thermodynamics and kinetics.
However, we observed that the kinetic specicity has signicant
dispersion or spread at the same intrinsic specicity ratio
(Fig. 4) or at the same affinity (Fig. 5A), and vice versa. In drug–
target complex formation,32 the residence time of a drug on its
target results from the difference in binding free energy
between the “native” and transition states. Efforts to improve
the binding affinity of “native” states may reduce in vivo drug
efficacy if stabilization of the “native” state is offset by the
correspondingly larger stabilization of the transition state. Also,
the improvement of binding stability could weaken the ther-
modynamic specicity if the energy gap between the specic
and non-specic modes is decreased. This reinforces the
importance of incorporating the intrinsic thermodynamic
specicity ISR and kinetic specicity as additional probes for
the biological activities.

Most oen, whether experimentally or computationally,
efforts for the identication of new lead compounds in drug
discovery focused solely on the optimization of receptor–ligand
affinity. This neglects the selection of kinetic and
Chem. Sci., 2013, 4, 2387–2395 | 2391
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Fig. 5 Connection of the kinetic specificity and binding affinity. (A) The statistical relationship of kinetic specificities and affinities predicted by SPA for COX-2 binding
with 600 ligands. (B) The statistical relationship (statistical significance P < 0.05) of kinetic specificities and affinities from available experimental measurements of 15
COX-2 drugs40,41 (Table S1 of ESI†).

Chemical Science Edge Article

Pu
bl

is
he

d 
on

 0
4 

A
pr

il 
20

13
. D

ow
nl

oa
de

d 
by

 P
en

ns
yl

va
ni

a 
St

at
e 

U
ni

ve
rs

ity
 o

n 
17

/0
9/

20
16

 0
0:

16
:2

5.
 

View Article Online
thermodynamic specicities we discussed above. We have seen
(Fig. 6) that the compounds with both higher affinity and larger
ISR are more likely to reside on the receptor with longer resi-
dence time. Likewise, the compounds with both higher affinity
and longer residence time have more discrimination ability
with a larger ISR. Whereas, residence time or ISR can be
different at the same affinity, and vice versa. Thus, it is necessary
to carry out multidimensional (two- or three-dimensional) drug
screening and target identication by incorporating the kinetic
and thermodynamic specicities as selection criteria, rather
than affinity alone.

We chose two COX receptors as the model targets for drug
screening and target identication test. Two COX isoenzymes
(COX-2 and COX-1) are both responsible for the inammation
Fig. 6 Histogram of the residence time as a function of ISR and affinity. The
values of these three parameters are extracted from the docking of 600 ligands
onto the COX-2. Residence time or ISR can be different at the same affinity, and
vice versa, suggesting the importance of incorporating both thermodynamics and
kinetics into the drug screening and target identification.

2392 | Chem. Sci., 2013, 4, 2387–2395
and pain.42 Traditional nonsteroidal anti-inammatory drugs
(NSAIDs), are considered nonselective because they inhibit both
COX-1 and COX-2. The inhibition of COX-2 by traditional
NSAIDs accounts for the anti-inammatory effect of the drugs
while the inhibition of COX-1 can lead to NSAID toxicity and
associated side effects, such as peptic ulceration. Thus inhibi-
tion of COX-1 is sometimes undesirable while inhibition of
COX-2 is considered desirable. COX-2 selective drugs are a new
form of NSAIDs that blocks just COX-2, leaving COX-1 to
perform its essential jobs. These drugs are selective pain-killers
and fever reducers, without the unpleasant side-effects.43

To show the importance of incorporating thermodynamic
and kinetic specicities into the drug screening and target
identication, the discriminations of the selective drugs
binding to the specic target COX-2 from its isoform COX-1, as
well as the discriminations of the selective drugs from the non-
selective drugs when binding to the COX-2, is quantied by
statistical method Kolmogorov–Smirnov test (KS test, ESI†). The
discrimination performance are compared among the single
parameters (affinity (E), ISR or residence time (RT)) and the
combined parameters through logistic regression (Fig. 7). The
KS statistics (Fig. 7A) clearly shows that the single parameters
can characterize the discriminations between the binding of
selective drugs to specic target COX-2 from non-specic COX-
1, with signicant differences over 60%. It validates that ther-
modynamic specicity and kinetic specicity are important
features of drug–target system, and are appropriate predictors
for drug screening and even better than affinity. Furthermore,
multidimensional screenings with the combinations of affinity
and specicity (E + ISR, E + RT, or E + ISR + RT) exhibit more
potential than any single parameter to discriminate the binding
of COX-2 with selective drugs from COX-1. It is worth
mentioning that three-dimensional screening is superior to
two-dimensional screening to discriminate COX-2 from COX-1.
The result of discrimination performance suggests that incor-
poration of thermodynamic and kinetic specicities can
This journal is ª The Royal Society of Chemistry 2013
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Fig. 7 Drug and target screening with thermodynamic and kinetic specificities.
(A) The KS statistic of discrimination between the COX-2 and COX-1 when
complexation with the selective drugs of COX-2. (B) The KS statistic of discrimi-
nation between the selective drugs and non-selective drugs upon complexation
with COX-2.
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effectively increase the discrimination between target receptor
and other competitive receptors for a drug.

Also, signicant differences between the selective drugs and
non-selective drugs binding to COX-2 are also identied with
the parameters (Fig. 7B). Collectively, multidimensional
screening with a combination of affinity and specicity has
higher capability than single parameter to discriminate the
selective drugs from non-selective drugs. The enhanced
discrimination performance by multidimensional screening is
helpful to identify the selective drugs and increase the hit rate of
lead compounds from compound library.
3 Conclusions

We have computationally quantied the thermodynamic and
kinetic specicities of ligand binding. Experimentally, it is
impractical to evaluate binding affinity of one ligand binding to
all possible competing targets, and the structures of potential
competing targets are not all readily available for evaluation of
affinity. This limits the consideration of the conventional de-
nition of the specicity for drug screening. ISR as quantied
thermodynamic specicity is feasible to compute with fast
docking and scoring methods in silico by generating the
ensemble of docking decoys. It provides a practical way to select
and optimize the leads by considering thermodynamic speci-
city in addition to affinity. The kinetic specicity is relatively
easy to experimentally measure but difficult to computationally
quantify. The residence time as quantied kinetic specicity is
computed in our work with the kinetic unbinding time through
diffusion on the statistical binding energy landscape. Based on
This journal is ª The Royal Society of Chemistry 2013
the relationship between kinetics and thermodynamics quan-
tied in our calculations, the computational two-dimensional
virtual drug screening of ISR and affinity can greatly help to
select drugs with longer residence time which is critical for the
drug potency. Furthermore, one can combine the affinity,
thermodynamic specicity and kinetic specicity for three-
dimensional screening to increase the hit rate of discovering the
optimized lead compounds and searching the receptor target of
interest.

Our proposed concepts and methods on specicity have
been tested on the drug–target system of COXs. COX-2 and COX-
1 together provide an appropriate model system for validating
our concepts and methods. The COX-2 and COX-1 are isoen-
zymes and competitive in binding to the small molecules. They
have common non-selective drugs, and also uncommon selec-
tive drugs on the market. This makes COXs ideal for testing the
equivalence of conventional specicity and intrinsic specicity,
as well as for the virtual screening test. More importantly, the
experimental data of binding affinities and residence times for
some drugs are available to be compared with the predictions by
our concepts and methods. The consistences with the available
experimental measurements validate the accuracy of our
predictions. Further, for the drug–target system of COXs, the
remarkable performance on drug screening and target identi-
cation with quantied thermodynamic and kinetic specic-
ities as screening criteria in addition to affinity is encouraging.
This selection strategy can overcome the limitations of the
screening through only the binding affinity. Our proposed
concepts and methods, such as two- or three-dimensional
virtual screening, provide a novel way to search the potential
lead compounds. It is promising to apply our concepts and
methods to other drug–target systems seeking for the
inhibitors.
4 Materials and methods
4.1 Preparation of model system

The enzyme cyclooxygenase-2 (COX-2) was chosen as the model
receptor protein which is the target of nonsteroidal antiin-
ammatory drugs (NSAIDs) for reducing fever and inamma-
tion, such as the most taken drug aspirin. 600 small molecules
were selected from the National Cancer Institute (NCI) Diversity
Set database having molecular weights similar to that of the
reference compound SC-558, with which the crystal structure of
the COX-2 complex is available (PDB code 1CX2).44,45 30 COX-2
selective and 20 non-selective drugs (Table S1 of the ESI†) of
NSAIDs were taken for the test of drug screening and target
identication. COX-2 selective drugs are specic to inhibit only
COX-2, while COX-2 non-selective drugs inhibit both the COX-2
and its isoenzyme COX-1 (PDB code 1Q4G).
4.2 Molecular docking and SPA scoring

Each ligand was docked to COX-2 and COX-1 by molecular
docking with soware AutoDock4.2.46 Given that enough
sampling of binding decoys is needed to generate the binding
energy landscape, the grid box for ligand docking should be
Chem. Sci., 2013, 4, 2387–2395 | 2393

http://dx.doi.org/10.1039/c3sc50478f


Chemical Science Edge Article

Pu
bl

is
he

d 
on

 0
4 

A
pr

il 
20

13
. D

ow
nl

oa
de

d 
by

 P
en

ns
yl

va
ni

a 
St

at
e 

U
ni

ve
rs

ity
 o

n 
17

/0
9/

20
16

 0
0:

16
:2

5.
 

View Article Online
sufficiently large to cover the active site as well as signicant
portions of the surrounding surface. The box size of docking
was set as 100 � 100 � 100 grids centered at the active site with
a grid spacing of 0.375. The box size is large enough to cover the
active site as well as the surrounding surface. Within the grid
box, Autodock4.2 stochastically generates a population of
conformational, rotational, and translational isomers from the
starting structure of the ligand and docks them with the
conformational search method of Lamarckian genetic algo-
rithm. During the search, the ligand was considered con-
formationally exible with its torsional bonds dened by
AutoDock4.2 according to their chemical features. Other
parameters were set as the default values of AutoDock4.2. An
ensemble of 2000 decoy conformations for each ligand were
sampled. The energetics of decoys were scored by our developed
scoring function SPA whose development strategy takes into
account both specicity and affinity of protein–ligand
complexes.16 By clustering the decoys as the method imple-
mented in AutoDock soware in terms of their SPA scores and
structural features, the decoy with the lowest energy in the
largest population cluster was considered as the “native”
conformation for the complex.
4.3 Computation of intrinsic specicity ratio

The intrinsic specicity ratio (ISR) for a given ligand with its
receptor is calculated as

ISR ¼ a
dE

DE
(1)

where a is a scaling factor which accounts for the contribution
of the entropy to the specicity.14 Here, it approximately
depends on the number of torsional bonds of the ligands
a � ffiffiffiffiffiffiffiffiffiffiffi

1=ntb
p

. dE is the energy gap between the energy of native
conformation EN and the average energy of ensemble of decoys
hEDi, and DE is the energy uctuation or the width of the energy
distribution of the decoys, namely

dE ¼ |EN � hEDi| (2)

DE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
ED

2
�� hEDi2

q
(3)

h i means the average over the ensemble of decoys.
4.4 Computation of residence time

To study the kinetics of ligand receptor binding, an order
parameter is needed to describe the progress of binding/
unbinding on the statistical energy landscape. In this work, the
RMSD was employed as the order parameter (RMSD is the root
mean square deviation relative to the “native” binding structure
that represents the similarity to “native” state on the statistical
energy landscape). Thermodynamically the energy landscape is
characterized by the free energy which acts as a driving force for
the binding process.47–50 The kinetics of binding/unbinding on
the thermodynamic energy landscape can be described by
diffusion equation
2394 | Chem. Sci., 2013, 4, 2387–2395
v

vt
Pðr; tÞ ¼ v

vr

(
DðrÞ

"
vPðr; tÞ

vr
þ Pðr; tÞ vðFðrÞ=kBTÞ

vr

#)
(4)

where P(r, t) is the probability of the biomolecular binding
complex with specic r (RMSD) at time t, D(r) is the diffusion
coefficient projected to r, and F(r) is the free energy of the
system at a given r. In terms of the order parameter RMSD, the
problem becomes one-dimensional diffusion. The diffusion
equation can be integrated to give unbinding time or residence
time (RT) for the “native” binding mode by:

RT ¼
ðru
r

dr

ðr0
rn

dr0
exp

"
FðrÞ � Fðr0Þ

kBT

#

DðrÞ (5)

The boundary conditions are set as a reecting one at rn ¼ 0,
where system is in “native” state, and an absorbing one at ru,
where the system is in the “non-native” states. The choice of ru
depends on the system. For simplicity, D�1(r) was set as
constant and the order parameter RMSD was normalized and
discretized into a set of bins. By using the discrete form of the
full double integral, the residence time is calculated as:

RT ¼ 1

D

XM
m

Xm0

0

exp

"
FðmÞ � Fðm0Þ

kBT

#
(6)

where M is the total number of bins and set as 20.
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