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A major challenge facing structure-based drug discovery efforts is how to leverage the massive
amount of experimental (X-ray and NMR) and virtual structural information generated from
drug discovery projects. Many important drug targets have large numbers of protein-inhibitor
complexes, necessitating tools to compare and contrast their similarities and differences. This
information would be valuable for understanding potency and selectivity of inhibitors and could
be used to define target constraints to assist virtual screening. We describe a profile-based
approach that enables us to capture the conservation of interactions between a set of protein-
ligand receptor complexes. The use of profiles provides a sensitive means to compare multiple
inhibitors binding to a drug target. We demonstrate the utility of profile-based analysis of
small molecule complexes from the protein-kinase family to identify similarities and differences
in binding of ATP, p38, and CDK2 compounds to kinases and how these profiles can be applied
to differentiate the selectivity of these inhibitors. Importantly, our virtual screening results
demonstrate superior enrichment of kinase inhibitors using profile-based methods relative to
traditional scoring functions. Interaction-based analysis should provide a valuable tool for
understanding inhibitor binding to other important drug targets.

Introduction

The rapid growth in the number of protein-small
molecule complexes from X-ray crystallography and
NMR has helped drive the success of structure-based
drug design (SBDD) and virtual screening (VS) ap-
proaches for lead discovery.1-5 The application of SBDD
to the discovery and optimization of drug candidates has
led to a tremendous number of protein-ligand com-
plexes for targets6 including HIV protease, carbonic
anhydrase, thrombin, and neuroamidase.

With such large amounts of data being generated,
fully leveraging this information hinges on the ability
to organize, analyze, and mine the structural data in
order to derive knowledge that may be applied to drug
discovery. To this end we have developed the structural
interaction fingerprint (SIFt) methodology and in a
recent paper demonstrated how it could effectively
organize, visualize, and analyze protein-ligand com-
plexes.7 SIFt was also shown to be an effective molecular
filter to improve the results obtained from VS.

In this paper we extend the SIFt methodology to
derive an interaction profile-based approach we term
profile-SIFt, or p-SIFt. The p-SIFt is derived from a
collection of SIFts that measures the conservation of
interactions observed in clusters of protein-ligand
complexes. The p-SIFt approach is analogous to profile-
based techniques that have proven to be very useful in
the analysis and database mining of groups of protein
sequences8-10 and structures.11-13 The sequence profile
is constructed from a set of multiply aligned sequences
or structures of a probe family and is used to identify
distant relationships to a database of target proteins.

The profile is essentially a sequence position-specific
scoring matrix encoding the probability of finding any
of the 20 amino acid residues at that position in the
target. In the case of p-SIFt, the SIFts derived from a
set of probe structures are used to derive a position-
dependent profile encoding the probability that a given
interaction at that position is present. The probe set of
structures may correspond to entire gene families, e.g.,
kinases, or to subfamilies of structures representing
ligands with a particular activity or selectivity profile.

To address the limitations inherent in traditional
scoring functions,14-20 a variety of “knowledge-based”
or “target-biased” approaches have been developed that
impose constraints based on ligand or receptor phar-
macophores thought to be required for activity.19,21-27

The tractability of knowledge-based VS for lead dis-
covery3,28-31 is highlighted by recent papers reporting
the identification of potent lead (nM) compounds, using
receptor-based docking in the case of Chk1 kinase,22 and
ligand-based VS for the discovery of a 25 nM inhibitor
against TGFâ-RI.32 In both of these examples, the
success of the VS strategy was dependent on the
application of constraints derived from knowledge of
how small molecule inhibitors bind at the ATP site of
protein kinases. These constraints typically filter virtual
libraries based on the presence of kinase binding motifs,
or on the ability to satisfy key interactions with the
receptor. However, the ability to apply constraints
during VS that predict the selectivity of inhibitors for
one kinase over another is a much more challenging
problem that has not been widely addressed.

The protein kinase family exemplifies the challenges
faced with the large amount of structural data being
generated not only on specific drug targets but also at
the gene family level.33-35 For example, there exist over
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100 protein kinase small molecule complexes36 that have
been deposited in the public domain, which comprise
examples from 34 different kinase family members.
Since the majority of kinase inhibitors bind to a
conserved ATP site on the enzyme,36 the ability to
understand the selectivity profile for an inhibitor is
critical to avoid downstream toxicity issues as well as
enable “target-hopping”, where an inhibitor to a given
kinase is used to discover a lead inhibitor for a new
target.32

In this paper we describe the application of p-SIFt to
analyze the similarities and differences between ATP,
p38, and CDK2 inhibitors binding to the protein kinase
family. In addition, we demonstrate the ability of p-SIFt
to not only enrich for p38 and CDK2 inhibitors, but also,
importantly show how it can enrich selectively. Finally,
we will demonstrate how p-SIFt can serve as a frame-
work to generate target-specific knowledge-based filters
for VS as well as provide an understanding of the
interaction patterns responsible for inhibitor selectivity.

Methods

1. Structure Preparation and Docking Method-
ology. The work reported in this study is based on
experimentally determined X-ray cocrystal structures
of protein kinases complexed with ATP, ATP analogues,
and small molecule inhibitors. A panel of 93 X-ray
crystal structures of protein kinase-ligand complexes
was selected from the PDB. The selection criteria
included the following: (i) the structures must be
complexed with small molecules (either ATP, ATP
analogues, or inhibitors) present in their ATP binding
pockets; and (ii) most of the ATP binding site residues
are visible and present in the crystal structures.

We used the crystal structures of p38 in complex with
a pyridinyl imidazole inhibitor SB203580 (PDB code
1a9u) and of CDK2 complexed with 4-[3-hydroxy-
anilino]-6,7-dimethoxyquinazoline (PDB code 1di8) for
our docking studies. In each case the ligand-binding site
was defined from the bound ligand using a cutoff of 10
Å. Bound waters were removed from the binding sites,
and the receptors were protonated at pH 7.4.

The set of known inhibitors of p38 was chosen to span
several major p38 inhibitor chemotypes and selected
from those reviewed by Adams and Lee.37 Inhibitors of
CDK2 were 54 actives collected from the literature.27

These known actives for p38 and CDK2 were combined
with 1000 small molecules compiled internally. To
ensure diversity, the decoy set was selected on the basis
of structural and property diversity using the extended
connectivity fingerprints (ECFP), molecular weight, and
LogP in Pipeline pilot.38 A 3D version of the ligand
database was generated with the program Omega,39

with options set to generate flexible ring conformers.
The docking program FlexX 40,41 in Sybyl42 was used

to dock onto the crystal structures of p38 and CDK2.
In each study 30 ligand poses generated by FlexX were
retained for subsequent analyses. The FlexX scoring
function was used for scoring the docking.

2. Construction of SIFts. SIFt is a method for
representing and analyzing 3D protein-ligand binding
interactions. Key to this approach is the generation of
an interaction fingerprint that translates 3D structural

binding information from a protein-ligand complex into
a one-dimensional binary string. The SIFt protocol and
implementation reported previously were used to gener-
ate the interaction fingerprints utilized in this study.
A uniform list of 56 residues involved in ligand binding
was used for both kinase structure analysis and docking
studies.

3. Calculation of the p-SIFts. A structural interac-
tion fingerprint profile (p-SIFt) represents the degree
to which interactions are conserved across a set of
ligand-receptor complexes. The p-SIFt, P(r), is derived
from an array, denoted below as b, of SIFt patterns, and
its derivation from a set of SIFts is shown in Figure 1a.
The array has length N for the total number of protein-
ligand complexes and width K of SIFt fingerprints bits.
The value of each element of P(r) is derived by averaging
the elements in each column of the SIFt matrix, yielding
a numerical interaction frequency that varies from 0 to
1 for unobserved to always present, respectively. The
SIFt array, b, and resulting P(r) are given by,

and

where bi,r is the binary bit value in the SIFt i)1,N at
position r)1,K. The value in the p-SIFt at position r is
given by,

4. Measurement of Similarity between SIFts
and/or p-SIFts. We have used the Tanimoto43 coef-
ficient to measure the similarity between two SIFts,
between two p-SIFts, and between a SIFt and a p-SIFt.
The Tanimoto coefficient (Tc) between a p-SIFt, P(r), and
SIFt, a, is defined as,

where K denotes the number of bits defining the SIFt
and p-SIFt. Other similarity metrics were tested, in-
cluding the cosine coefficient, Pearson’s correlation
coefficient, Dice coefficient, and city block distance, and
were found to not affect the relative rankings.44-47 As
has been described previously, a set of SIFt patterns
can be clustered using the Tanimoto similarity measure
by applying standard hierarchical clustering algo-
rithms.45,48

The statistical Z-score was employed to measure how
significant the similarity between a SIFt and a target
p-SIFt (i.e., a group of structures) is above a certain
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background. The Z-score is an indication of how many
standard deviations an observation differs from the
mean. In the present context, the Z-score indicates how
far and in what direction the Tanimoto coefficient
deviates from the background distribution’s mean value,
expressed in units of this distribution’s standard devia-
tion. A Z-score of 1.0 and 2.0 corresponds to a level of
significance (one-tailed probability) of 0.16 and 0.02,
respectively. For our purposes the Z-score is defined as,

where target ) CDK2 or p38, xtarget is the Tanimoto
coefficient of the SIFt against the target p-SIFt, and
<xb> and σb are the mean and standard deviation of
the Tanimoto coefficients of all the SIFts in the back-
ground set, respectively, against the same target p-SIFt.

An artificial kinase set of SIFt patterns was used to
define a reference background distribution upon which
the comparisons were based. For the kinase crystal
structures analysis, we generated a set of dummy SIFts
based on the distribution given by an all kinase p-SIFt.
The p-SIFt from all 93 kinase crystal structures was
calculated first (shown in Figure 1b). We then generated
a background set of 2000 bit-strings of the same length,
such that each position within these bit-strings was

randomly assigned either 1 or 0, with a probability of
assigning a value of 1 equal to the value in the all kinase
p-SIFt. For the database enrichment experiment, we
used all the docking poses as the background set.

5. Virtual Screening Protocol and Postprocess-
ing. In this paper, we explored three strategies for VS
postprocessing. For all three strategies a list of docking
poses was generated using the program FlexX, and the
top 30 poses were retained using the FlexX scoring
function.40 The output obtained from docking N ligands
is then an NxM matrix consisting of M poses (here, M
) 30) for each docked ligand. The aim of postprocessing
the docking results was to arrive at a rank ordered list
of N ligands, consisting of a single pose per ligand, which
is enriched with actives. The degree of enrichment will
depend on the success of the postprocessing strategy.

All three of our strategies required the selection of a
single pose per ligand and then subsequent ranking of
those ligands. The first approach utilized energy-based
scoring functions for both selecting the top pose per
ligand, and for ordering the ligand list (traditional
scoring). The second approach involved using a p-SIFt
(instead of an energy-function) to both select the single
best pose per ligand and order the ligand list (p-SIFt
scoring). The final approach was a hybrid of the two
approaches, in which the p-SIFt was used to filter out
undesirable poses, and then an energy-based scoring

Figure 1. The procedure used to generate a p-SIFt from a set of SIFts is illustrated in panel (a). The profile shown in panel (b)
corresponds to the p-SIFt generated from the 93 kinase structures using all 7 bits to compute the SIFts, where the x-axis denotes
the bit index. The p-SIFt is annotated with a topmost bar delineating the general kinase structural features for that portion of
the fingerprint; the bar below consists of alternating blocks corresponding to each residue (site in the uniform PKA numbering
scheme) in the kinase used to construct the fingerprint; finally the third bar consists of blocks for each bit representing the
interaction features at that site.

Ztarget )
xtarget - 〈xb〉

σb
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function was used to select the best pose per ligand and
to create an ordered list of ligands (hybrid scoring).

In all three cases, the overall postprocessing scheme
used to triage ligand placements, or poses, generated
from docking consisted of four general steps, namely,

A. rescoring: each pose generated (Nx30) is scored
using standard scoring functions and p-SIFts

B. filtering: unrealistic poses are removed from the
pool to be considered further.

C. final pose selection: a single pose per ligand is
selected.

D. ranking of ligand list: the N ligands are rank
ordered.

The three scoring and postprocessing strategies we
have applied utilized different strategies to carry out
steps A-D as summarized in Table 1. For the tradi-
tional scoring and hybrid scoring schemes, docked poses

were rescored using several widely applied scoring
functions computed using the Cscore49 utility in Sybyl.42

For the p-SIFt scoring and hybrid scoring protocols we
also computed Z between the SIFt for the pose and the
target p-SIFt, Ztarget , where target ) CDK2 or p38.

The filtering step B applied in the hybrid scoring
scheme involved filtering out any poses having ZCDK2
< 4.5 and Zp38 < 5.0, for VS against CDK2 or p38,
respectively. The Ztarget cutoffs were chosen to be at the
lowest value of the Ztarget distribution observed for the
CDK2 and p38 X-ray structures. In addition, a canonical
interaction filter was applied to each pose such that
SIFts not satisfying the subset of interactions having
an interaction frequency of 1 in the all-kinase p-SIFt,
shown in Figure 1b, were filtered out (see section 2).

It is during the filtering step that incorrect ligand
poses can be eliminated from the pool of poses that will

Table 1. Postprocessing Schemes Applied in this Paper To Score the Ligand Poses Generated from the Docking Experimentsa

Postprocessing Method

traditional scoring p-SIFt scoring hybrid scoring

A. rescoring ChemScore, Gscore,
PMF Score, Dscore,
and Consensus Score

Ztarget ChemScore, Gscore,
PMF Score, Dscore,
and Consensus Score
Ztarget

B. filtering none none ZCDK2 < 4.5
Zp38 < 5.0
canonical interactions

C. final pose selection scoring function Ztarget scoring function

D. ligand ranking scoring function Ztarget scoring function
a In Table 1, scoring function refers to either ChemScore,55 Gscore,56 PMF Score,57 Dscore,58 or Consensus Score.59 For both the traditional

scoring and hybrid scoring schemes, the same scoring function was used for final pose selection (step C) and ligand ranking (step D).

Table 2. Summary of the Raw Frequencies Observed for Contact Interactions Only, Where Residues Having a Frequency Greater
than 0.4 for Any Subgroup Are Listeda

a Residues are colored according to interaction conservation: conserved g 0.7 (green), 0.4 e intermediate < 0.7 (yellow), variable < 0.4
(red). Highlighted cells in the annotation columns indicate that the frequency was defined as conserved (g0.7) for all subgroups
independently. Wherever possible, information on the context of the interaction in binding ATP or inhibitors is included as an annotation.
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be considered for final selection. The aim is therefore
to reduce the number of false positive poses while
retaining the plausible true positive poses. The filtering
step is optional and for comparison purposes was
omitted in order to generate results based only on
functions (traditional scoring) and only on p-SIFTs (p-
SIFt scoring).

Step C involves selecting a single pose per ligand from
the set of poses that have passed all of the filters, if any,
applied in step B. Enrichment curves and factors were
computed by rank ordering (step D) the final set of
ligand poses using the schemes outlined in Table 1.

Results
1. Implementation of the SIFt Methodology for

the Kinase Family. The work presented in this paper
is based on 93 X-ray structures representing 21 different
protein kinases complexed with ATP, ATP analogues,
and a variety of small molecule inhibitors. Of the 56
ligand binding site residues used to construct the SIFts,
those playing a significant role in interactions with
ligands are listed in Table 2, along with their uniform
protein kinase A (PKA) residue numbering.

The results of the hierarchical clustering of SIFts
computed for the 93 kinase structures were described
in the original SIFt paper7 and revealed three major
clusters representing three dominant interaction pat-
terns present in the ligand-kinase complexes. Cluster
1 is composed of nine structures of small molecule
inhibitors interacting with p38 kinase (herein referred
to as the p38 cluster). Similarly, Cluster 2 is composed
of 20 structures for complexes involving inhibitors of
CDK2 kinase (denoted as the CDK2 cluster). The largest
distinct group, Cluster 3, is made up of nine ATP and
16 ATP analogues complexed with different kinases,

which will be termed the ATP-group (ATPg) cluster. The
remaining 42% of the structures do not belong to any
particular cluster. It is noteworthy that the hierarchical
clustering procedure, based solely on ligand-receptor
interaction features, is able to group structures into
meaningful clusters where variable ligands have similar
interactions with a fixed receptor (p38 and CDK2
clusters) and where very similar ligands interact in a
highly conserved way with a diverse set of kinase
receptors (ATPg cluster).

2. Interaction Profiles and Profile-Profile Analy-
sis. Each SIFt cluster represents a set of structures
having similar conserved and variable interactions. One
approach to represent the degree of interaction conser-
vation for any set of structures is to define a p-SIFt from
the SIFts of those structures, where the p-SIFt mea-
sures the degree of conservation of an interaction
feature at that residue. The p-SIFts may be derived
using a reduced set of interaction features to represent
each interaction. Thus, while the standard SIFts utilizes
7 bits to characterize the interaction at each residue, a
simplified p-SIFt may be derived from only the interac-
tion frequencies of the contact bit at each residue.

To simplify the analyses, results presented in this
section were based on contact-only p-SIFts. The upper
panel of Figure 1 illustrates the general methodology
used to derive a p-SIFt from a set of SIFts.

As an initial application, p-SIFts provide a useful tool
to overview the interaction patterns observed between
ligands and protein kinases. For this purpose, it is
convenient to define categories from the contact-only
p-SIFts to characterize the observed interactions, e.g.,
conserved g 0.7, 0.4 e intermediate < 0.7, variable <
0.4, as denoted by dashed lines on the plot in Figure
1b. It should be noted that the p-SIFts themselves are

Figure 2. The contact-only p-SIFts for ATPg (top panel), p38 (middle panel), and CDK2 (bottom panel) are plotted as a function
of PKA residue numbering. The unshaded outline shown in the ATPg panel corresponds to the p-SIFt derived from the nine
ATP-only structures. A decrease in conservation when ATP analogues are introduced is clearly visible by the proportion of the
bar that is shaded. Interactions that exploited by ATP analogues beyond those utilized by ATP alone are labeled by (*) for clarity.
The blocks above the ATPg p-SIFts denote residues making up the hydrophobic pocket of the kinase.
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not particularly sensitive to minor variations in the
cutoffs used for binning the interaction frequencies. The
overall distribution of conserved, intermediate, and
variable interactions observed overall and for the ATPg,
p38, and CDK2 clusters are summarized in Table 2.

Conservation in ATP and ATP Analogues. The
25 members of the ATPg cluster consist of nine struc-
tures of ATP complexed with three different kinases and
16 structures of ATP analogues complexed with six
kinases. The ATPg p-SIFt computed from the ATPg
cluster SIFts is shown in the top panel of Figure 2. For
comparison we have also plotted the p-SIFt derived
using only the 9 ATP structures in the ATPg cluster.
For the nine ATP complexes, 18 out of 23 contacts are
classified as conserved between the kinases and the
ribose, triphosphate, and adenine moieties. Moreover,
for the nine ATP structures there are no completely
variable positions. Interestingly, even for these ATP-
only structures, four interactions lie in the intermediate
conservation range. Interactions between the γ-phos-
phate and residues 54 and 55, making up the tip of the
glycine-rich loop in the kinases, are dependent on the
conformation of this flexible region of the binding site
and are observed only in approximately half of the
structures. Contact between the â-phosphate of ATP and
residue 171 is primarily determined by the conformation
of the ATP phosphate groups. In approximately 60% of
the structures, the R-â phosphate pyrophosphate bond
is rotated such that the â-phosphate is oriented away
from residue 171 and toward the glycine-rich loop
(Figure 3; PDB code 1atp). It is noteworthy that in
several of these structures a water molecule is observed
to take the place of the rotated â-phosphate and form
water-mediated interaction between ATP and residue
171.50 Finally, contact between the adenine ring of ATP
and residue 183 is largely a function of the side-chain
identity. No contact is observed for the ATP structures
that have Ala at this position (50%) whereas Thr and
Val side-chains are able to contact the adenine ring
either directly or via water-mediated interaction.

When the ATP analogues are considered in addition
to the ATP complexes, the degree of variability in-
creases. In particular, interactions with residues 104,
122, and 168 shift from conserved to variable. The
extent of variability is clear when the ATPg p-SIFt is
compared to the ATP only p-SIFt, as shown in Figure
2. The contacts that are not fully conserved for the ATPg
cluster are colored yellow in Figure 3a and fall into the
intermediate (∼21%) and variable (∼33%) ranges. Nev-
ertheless, the ATPg p-SIFt reveals a high degree of
interaction conservation as annotated in Table 2 and
colored green in Figure 3a. Of the 33 contacts observed
across the ATPg, ∼46% are classified as conserved (see
Table 3). The patterns of conserved interactions for
ATPg ligands define an ATP-like binding signature and
provide a baseline for comparison when analyzing non-
ATP small molecule inhibitors

Non-ATP p-SIFts and Difference Profiles. The
contact p-SIFts derived for the ATPg, CDK2, and P38
clusters plotted in Figure 2 measure the degree of
interaction conservation for each group of structures.
From the p-SIFts, it is evident that CDK2 and p38
inhibitors share some common binding interactions as
observed between ATP and some regions of the kinase

domain while displaying marked differences in others.
A convenient way to compare directly the p-SIFts is to
define a difference profile computed by the direct
subtraction of one p-SIFt from another. The difference
profiles provide insight into how the interaction patterns
observed for known kinase inhibitors differ from those
detailed above for ATP. To this end, we have defined
difference profiles p38-ATPg, p38-CDK2, and CDK2-
ATPg, plotted in Figure 4.

For the p38-ATPg and p38-CDK2 difference profiles,
the key distinctions are determined in part by the
identity of the residue at position 120. Referred to as
the “gatekeeper” residue, it controls the relative access
to the hydrophobic pocket of the ATP site, a region not
occupied by ATP. Bulky residues at position 120, such
as the Phe in CDK2, restrict access to the hydrophobic

Figure 3. In panels a-c the binned contact-only p-SIFts for
ATPg, CDK2, and p38, respectively, are mapped onto the
structure of the complex between ATP and PKA (PDB code
1atp) using the values and color scheme introduced in Table
2. Panel d highlights key areas of difference in the interaction
patterns observed for ATP, CDK2, and p38 identified from the
difference profiles.

Table 3. Summary of Conserved, Intermediate, and Variable
Interactions Observed across All of the 93 Kinase Structures
and for Each of the ATPg, P38, and CDK2 Structure Clustersa

cluster

ALL ATPg P38 CDK2

contact residues 56 33 26 29
conserved 11 (19.6%) 15 (45.5%) 10 (38.5%) 12 (41.4%)
intermediate 6 (10.7%) 7 (21.2%) 8 (30.8%) 5 (17.2%)
variable 39 (69.6%) 11 (33.3%) 8 (30.8%) 12 (41.4%)
unique conserved 5 (8.9%) 9 (27.3%) 4 (15.4%) 6 (20.7%)

a Total number of residues interacting with ligands in each
group is denoted as “contact residues”. The number of conserved
interaction beyond the canonical set observed for all ligands
appears in the row labeled “unique conserved”.
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pocket, limiting the contacts available to a putative
inhibitor. The small Thr “gatekeeper” in p38 renders
the residues making up the hydrophobic pocket acces-
sible to small molecule inhibitors. The fact that small
molecule inhibitors of p38 exploit these interactions is
clearly evident from the p38 p-SIFt (Figure 2), which
indicates a set of intermediate and conserved interac-
tions corresponding to hydrophobic pocket residues
colored magenta in Figure 3(c). The contrast in interac-
tion with the hydrophobic pocket observed between p38,
ATPg, and CDK2 is clearly delineated by the distinct
positive differences visible in the p38-ATP and p38-
CDK2 difference profiles.

In contrast, the CDK2 p-SIFt is more similar to the
ATPg p-SIFt as can be observed in the CDK2-ATP
difference profile. Unlike p38, in CDK2 the Phe “gate-
keeper” residue blocks access to the hydrophobic pocket.
As a result, many of the residues accessible to CDK2
inhibitors will be those that also interact with ATP. In
fact, of the conserved residues observed in the CDK2
p-SIFt, there are none that are not also conserved in
the ATPg p-SIFt. The main positive difference regions
of the CDK2-ATP difference profile, corresponding to
intermediate level conserved interactions in the CDK2
p-SIFt that occur with low frequency in the ATP p-SIFt
are colored white in Figure 3d.

Unlike contacts with the hydrophobic pocket, several
interactions conserved in the p38 cluster are common
to CDK2, as well as other non-ATP inhibitors, and are
colored red in Figure 3d. Finally, several interactions
are conserved for ATPg and are observed with relatively
low frequency for CDK2 and p38. These ATPg specific
contacts are colored yellow in Figure 3d and involve
residues at positions 50-55, which interact with the
ribose and phosphate moieties of ATP, and with residues

at positions 168, 170, and 171, in the vicinity of the
catalytic loop.

Canonical Interactions. Approximately 20% of the
contact interactions are conserved in each of the ATPg,
CDK2, and p38 p-SIFts as well as over the 93 structures
as a whole. These are denoted in Table 2 by the
highlighted annotations and comprise a canonical set
of interactions that are evidently fundamental for
kinase binding at the ATP site. Further analysis of the
full length SIFts revealed that among this set are
interactions with residues at positions 121 and 123,
which are involved in hydrogen bonding to the adenine
moiety of ATP, the “gatekeeper” residue, position 57 in
the glycine rich loop, position 70 that for ATP involves
hydrophobic interactions between adenine and â3, and
position 72 involving the ATP phosphates interacting
with â3. The residues involved in the canonical set of
interactions are colored green in Figure 3d.

The canonical interactions comprise an essential
kinase-binding signature for compounds targeting the
ATP binding site. Although as noted in Table 2, ad-
ditional conserved interactions exist for the ATPg, p38,
and CDK2 clusters, the canonical interactions are
common to all inhibitors and may be used as a basic
kinase like binding filter in VS.

3. Subclustering of p38 SIFts. Hierarchical cluster-
ing of the SIFts computed from the 93 kinase X-ray
structures resulted in the identification of the p38 and
CDK2 clusters because they represent two fundamen-
tally different sets of small molecule inhibitors in terms
of interactions with the ATP binding site. However, the
SIFts within each cluster are not homogeneous. In
particular, the p38 cluster reveals interesting details
on the relationship between interaction patterns and
inhibitor selectivity.

Figure 4. The contact-only difference profiles between p38-ATPg (top panel), p38-CDK2 (middle panel), and CDK-ATPg (bottom
panel). The difference plots range from -1 to 1, where a value of 0 indicates that the interaction is conserved to the same degree
in the two sets of structures, whereas a value of -1 or 1 denotes that a conserved interaction in one set of structures is not
conserved in the other.
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Clustering of the nine structures comprising the p38
cluster identifies three distinct SIFt subclusters repre-
senting two distinct classes of inhibitors (shown in
Figure 5) displaying overall similar yet unique binding
signatures at the ATP binding site. The contact only
difference profile plotted clearly shows that while the
two structurally different classes of inhibitors share a
common set of interactions with the kinase, each class
has marked regions where the p-SIFts differ. In par-
ticular, subcluster 2 has additional contacts with â5, the
hinge region, Mg loop, and catalytic regions of the
kinase, clearly visible in the difference profile. Of
particular interest are members of subcluster 2 that are
more potent inhibitors of p38 and have been reported
to exhibit improved selectivity against Erk and Jnk.51,52

Scapin et al. have rationalized that the improved
selectivity of the subcluster 2 inhibitors is due to a
peptide bond flip between Met109 and Gly110 in the
hinge induced by the inhibitors and accommodated by
the small side chains in p38 relative to Erk and Jnk.
The difference profile clearly shows the resulting ad-
ditional interactions at positions 110, 111, and 112 (p38
numbering) exploited by the subcluster 2 inhibitors. In
addition to the interactions reported previously as the
structural basis for improved subcluster 2 inhibitor
potency and selectivity, the p-SIFts also reveal ad-
ditional contacts with the Mg-loop and catalytic loop
regions of p38.

Results from the analysis of the p38 cluster illustrate
the power of the p-SIFt approach, namely, the ability
to quantify the similarities and differences in the
interaction patterns of inhibitors to a given target.
Moreover, the ability to derive p-SIFts and difference
profiles that quantify key conserved interactions can
form the basis for inferring the structural basis for
inhibitor potency and selectivity. The detailed binding
signature information encoded in the p-SIFts make
them ideal filters for screening virtual libraries, dis-
cussed below in Section 4.

4. Virtual Screening. In the previous sections we
have identified clear conservation patterns of interac-
tions observed for ATP, p38, and CDK2 clusters as well

as a canonical set of conserved interactions common to
all ligands bound to kinases at the ATP binding site.
We now apply these binding signatures to VS for protein
kinase inhibitors.

The success of VS methodologies is typically cast in
terms of enrichment studies designed to measure the
percentage of known actives identified as a function of
the fraction of the database screened. Often, the results
of these studies indicate that the performance of scoring
functions is target specific, for example, leading to
significant enrichment of actives for docking against the
estrogen receptor but performing poorly against kinase
targets.53 Unfortunately, knowledge of the optimal
scoring function to apply in a virtual screen against a
novel target is not available a priori. As a result, it is
often necessary to undertake lengthy validation studies
to select a suitable scoring function, or alternately,
construct a customized scoring scheme optimized for the
target of interest. These problems are compounded
when VS is carried out against multiple targets.

Some of these difficulties can be addressed by apply-
ing p-SIFts to the ranking and filtering of VS results.
p-SIFts are in essence target specific molecular filters
encoding binding signatures that are consistent with a
particular target specific group of known active inhibi-
tors. Moreover, by comparing the SIFt for each docked
solution with a kinase specific, or binding mode specific,
p-SIFt, each p-SIFt is in effect a target specific scoring
function. In this section we will demonstrate how the
p-SIFt can be applied in a VS workflow that can be
tailored to a specific target without having to rely on
the ambiguities of energy-based scoring.

To this end, we have tested the performance of p-SIFt-
based scoring in a typical database enrichment applica-
tion using p38 and CDK2 as targets. In addition, the
degree to which the ATP, CDK2, and p38 p-SIFts are
selective toward observed kinase inhibitor binding
modes was also assessed. Finally, for the generation of
enrichment curves and selectivity assessment tests, full-
length p-SIFts derived from 7-bit SIFts were used.

Database Enrichment. A database containing known
inhibitors of both p38 and CDK2, in a background of

Figure 5. Difference profile plot derived from the clustering of p38 inhibitors. Subcluster 1 (SC1) corresponds to the well-known
pyridinyl imidazole class of inhibitors whereas subcluster 2 (SC2) contains several more recently reported inhibitors. Residues
showing key interaction differences between the two classes of inhibitors, as discussed in the text, are labeled on the plot.
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1000 diverse commercially available compounds was
docked against the X-ray structures of CDK2 (PDB code
1di8) and p38 (PDB code 1a9u). The ability of our p-SIFt
VS protocol to identify known actives was quantified by
computing enrichment curves plotting the percentage
of actives recovered as a function of the percentage of
the database screened.

p38. In this section we present database enrichments
for p38 obtained from VS using the traditional and
p-SIFt scoring methods detailed in the Methods section.
Enrichment curves and cumulative enrichment factors
for p38 are presented in Figure 6a comparing the
traditional and p-SIFt scoring approaches.

From Figure 6a it is clear that the enrichment
obtained by applying p-SIFt scoring provided markedly
superior results over those obtained using traditional

scoring using the Chemscore and PMF functions. More-
over, there is little difference between these functions
over the first 15% of the database. In contrast, p-SIFt
scoring performs close to the ideal enrichment curve
over the first 2% of the database, meaning that 14 of
the 16 known p38 actives were in the top 20 ranked
ligands. Upon examination of the docking poses, it was
discovered that for two inhibitors correct poses were
never generated in the initial pose pool. The p-SIFt
scoring method requires a pose having a correct docked
binding mode to generate a high Zp38 value, unlike
traditional scoring which can generate high scores even
for poses that bind incorrectly. Generating enrichments
for the right reasons is a built-in advantage of the p-SIFt
scoring approach. For p38, the hybrid scoring scheme

Figure 6. (a) Enrichment curves obtained for VS against p38. The enrichment curves were derived using the scoring methods
described in the Methods section. The ChemScore and PMF curves were obtained using the traditional scoring scheme, using the
ChemScore and PMF scoring functions, respectively, for both final pose selection and ligand ranking. Other scoring functions
performed similarly under the traditional scoring scheme. (b) Enrichment curves obtained for VS against CDK2. The enrichment
curves were derived using the scoring methods described in the Methods section. The traditional PMF, ChemScore, GScore, and
DScore curves were obtained using the traditional scoring scheme, using the indicated scoring function, respectively, for both
final pose selection and ligand ranking. The hybrid PMF, ChemScore, Gscore, and DScore curves were obtained by applying the
hybrid scoring scheme using the indicated function for both final pose selection and ligand ranking.
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was found to offer no improvement in enrichment over
that obtained from using p-SIFt scoring.

CDK2. Enrichment curves were derived using tradi-
tional scoring, p-SIFt scoring, and hybrid scoring, are
presented in Figure 6b for docking against CDK2. A
striking feature of these curves is that all of the hybrid
scoring scheme variants performed better than the
traditional and p-SIFt schemes irrespective of what
scoring function was used for pose selection and rank-
ing. It would appear that once the majority of the
incorrect poses that contribute to false positive scores
are filtered out, the differences between scoring func-
tions visible in the results using these functions alone
(traditional scoring) is factored out. Enrichments ob-
tained using p-SIFt scoring are comparable to tradi-
tional scoring up to 6% of the database screened and
significantly better at higher levels.

Attaining database enrichments for CDK2 compa-
rable to those obtained for p38 is a considerably more
challenging task for VS. The large gatekeeper residue
in CDK2 restricts the number of residues accessible in
the ATP binding site. The p-SIFt for CDK2 samples
fewer residues compared to p38 and conserved interac-
tions are distributed over a relatively small spatial
region. As a result, in the CDK2 there are fewer
constraints to generate ligand placements and it is
therefore easier to generate poses that satisfy conserved
interactions in CDK2 compared to p38 where the
residues of the hydrophobic pocket are accessible. In
effect, the CDK2 p-SIFt is less selective against false
poses as evidenced by the superior performance of
p-SIFt scoring for p38 versus CDK2.

Selectivity Assessment. The difference profiles
presented in Section 2 exhibit clear regions where ATPg,
CDK2, and p38 inhibitors bind to kinases in unique
ways. These observations suggest that p-SIFts can be
used to model the selectivity of inhibitors based on the
types of interactions they are able to satisfy when
binding to the kinase. To validate the use of p-SIFts as
selectivity filters, we have carried out self-recognition
experiments using the set of 93 X-ray structures as a
test data set. For this purpose, ATPg, CDK2, and p38
validation p-SIFts were derived. For CDK2 and ATPg
∼50% of the structures in each group were selected
randomly to derive the p-SIFt, whereas for p38, only
the SIFts corresponding to subcluster 1 were used. The
remaining ATPg, CDK2, and p38 structures were not
used to derive the validation p-SIFts. For each p-SIFt,
Ztarget values were then computed against each of the
93 kinase structures in order to assess the ability of
p-SIFts to recognize members of their own group. For
the p-SIFts to serve as effective molecular filters, the
p38 p-SIFt needs to generate statistically significantly
higher Zp38 against the p38 cluster X-ray structures
relative to the remaining structures, whereas the CDK2
and ATPg p-SIFts should perform well against the
CDK2 and ATPg structures, respectively.

It is clear from Figure 7 that for each p-SIFt, the
distribution for the corresponding set of target struc-
tures is shifted toward higher Z-scores. Considering
ATPg first, the top scoring 26% of the total 93 structures
are ATPg cluster members, making up approximately
65% of all of the ATPg. The remaining ATPg structures
fall into a region of the distribution that overlaps with

the distribution for CDK2, p38, and the remaining
structures. Interestingly, the overlap in the distributions

Figure 7. Box plots of Ztarget distributions obtained for the
ATPg, p38, and CDK2 cluster subsets described in the text
are shown for all kinases in the 93 X-ray structure set in
panels a-c, respectively. The right and left arrows indicate
the mean and the median, respectively, of the distribution; the
vertical error bars delineate the upper and lower adjacent
values of the data; the square markers represent individual
data points. The box outlines the second and third quartiles
of the distribution.
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may be rationalized in terms of the p-SIFt similarities
discussed in Section 3. The similarity between the ATPg
and CDK2 p-SIFts, discussed previously, has the con-
sequence that 90% of the CDK2 structures overlap in Z
with the lowest scoring 35% of the ATPg. This overlap
exists primarily because the ATPg p-SIFt is in essence
derived from a subset of the interactions sampled by
CDK2. However, the differences between the ATP and
CDK2 interaction patterns are captured in the CDK2
p-SIFt. Consequently, the highest segment in the dis-
tribution shown in Figure 7c contains 19 of 20 CDK2
structures and overlaps with only 2 ATPg structures.

The greatest separation in Z-score distributions is
obtained for p38, due primarily from p-SIFt features
reflecting conserved residues in the hydrophobic pocket
of the ATP binding site. The p38 structures fall into two
groups in the distribution, dividing neatly between the
highest scoring subcluster 1 structures, used to derive
the p-SIFt, and slightly lower scoring subcluster 2
examples. The latter set overlaps in Zp38 with 1qpe,
1pme, and 3erk. Both 1pme and 3erk are examples of
complexes between pyridinyl imidazole compounds com-
plexed with variants of Erk2, whereas 1qpe is a struc-
ture of PP2 complexed with Lck. As in p38, the “gate-
keeper residue” in Lck is also Thr, and the two kinases
have relatively similar ATP binding sites. These ex-
amples highlight the fact that the p-SIFts are able to
capture similarities in interaction patterns arising, on
one hand from ligand similarity (1pme and 3erk), and
on the other, from binding site similarity. Finally, we
find that that using a multistructure p-SIFt rather than
a single structure (1a9u) yields improved separation
between Z-score distributions.

Discussion and Conclusion

This paper introduces interaction profiling (p-SIFt)
as a new and powerful approach to understand small
molecule protein interactions. Sequence profile ap-
proaches have previously been shown to successfully
detect remote protein sequence and structural relation-
ships. Our results are the first demonstration, to our
knowledge, that this approach seems well suited to
analysis of protein-inhibitor complexes.

The implementation of the p-SIFt methodology and
underlying SIFts is very flexible. The SIFts themselves
can be constructed from any number of interaction
features or bits, whereas the p-SIFts can be derived to
capture very general interaction patterns, for example,
a canonical kinase binding signature, or rather, capture
a very focused set of interactions, as in the example of
the p38 subcluster difference profile. We used simple
averaging of the bit values to construct the profiles,
although more sophisticated weighting schemes, as
described extensively in the literature,54 can also be
used in order to improve the sensitivity of the p-SIFt.
The weighting scheme may be useful to reduce the
contribution of highly correlated bits in the profile or
to add weight to bits that are most correlated with
inhibitor activity. In addition to the Tanimoto coef-
ficient, several other well-known similarity metrics can
be applied to compare the bit-strings, such as the cosine
coefficient and measures of the Euclidean distance.44-47

The results from the profile analysis of ATP, p38, and
CDK2 show that these profiles can be useful to quickly

define similarities and differences between groups of
small molecule inhibitors and these can be applied to
VS. We believe that these examples are generally
applicable to other important protein-drug targets. It
is apparent that in order to be competitive with ATP,
small molecule inhibitors must satisfy a set of canonical
interactions, common to those made by the adenine
moiety of ATP, along the hinge and â3-â5 regions of
the kinase. In contrast, conserved interactions involving
the ATP-phosphates and ribose ring are not a require-
ment for small molecule inhibition. With few exceptions,
small molecule inhibitors and ATP share the same
“anchoring” interactions at the hinge region of the
binding site, but not necessarily the interactions key to
metal binding and phosphorylation. Our profile-profile
comparisons also reveal that, unlike ATP, on average,
small molecules interact with the kinase in the region
of the hydrophobic pocket when accessible and extend
further along the hinge toward the solvent interface of
the ATP binding site.

We find that when comparing the overall conserved
and variable interactions observed in different kinase
subgroups, the coarse-grained contact-only p-SIFts pro-
vide a clear and uncluttered analysis. However, for
detailed analyses and in VS applications, the full-
featured interaction p-SIFt is most useful.

Virtual screening, in general, suffers from a signal-
to-noise problem: the true ligand binding mode is more
often than not buried in a background of high scoring
incorrect ligand placements.22 Because of this high false
positive problem inherent in VS, the ability to filter out
“bogus” poses is critical.27 Our results show that the
Z-score computed against a p-SIFt is a sensitive mea-
sure, able to separate ligands that are binding to a
receptor with a required interaction pattern from high
scoring VS poses that are binding inconsistently with
known ligands to the desired target. Of course, p-SIFt
filtering may also miss out novel inhibitor binding
modes (false negatives). However, the p-SIFt approach
may be also used to identify novel binding modes by
retaining poses that are most dissimilar to the p-SIFt
derived from known binding modes. This approach could
be extended in order to select a diverse set of binding
modes spanning a range of similarity with the p-SIFt.

Cross-docking experiments present a particularly
challenging problem for VS. Docking tends to generate
many bogus poses per ligand, creating the daunting task
of detecting the correct poses from many incorrect ligand
placements. To further complicate matters, in cross-
docking some of the incorrect poses will correspond to
inhibitors of another kinase and therefore contain
kinase-binding motifs, increasing the probability that
they will score as false-positive hits in the VS. However,
our results demonstrate that the p-SIFt-based scoring
scheme can serve as a flexible and transferable target
specific approach to VS lead discovery.

Given the rapid growth in the number of available
X-ray structures, it should be possible to eventually
construct and screen against a virtual selectivity panel
of p-SIFts for multiple drug targets in much the same
way that inhibitors are routinely tested against a panel
of in vitro inhibition assays. The resulting virtual
selectivity panel could be precomputed for ligands in
virtual libraries, thus providing an annotation that
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could be mined when selective inhibitors to any target
are desired. In addition, predicted cross-reactivity to a
given drug target could be an effective starting point
for lead discovery for novel targets, an approach that
has been demonstrated to be fruitful for protein kinases.
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Appendix

The abbreviations of common amino acids are in
accordance with the recommendations of IUPAC. Ad-
ditional abbreviations: ATP, adenosine triphosphate;
ATPg, adenosine triphosphate group; CDK2, cyclin
dependent kinase 2; Chk1, checkpoint kinase 1; EFCP,
extended connectivity fingerprint; Erk, extracellular
signal-regultaed kinase; Jnk, c-Jun N-terminal kinase;
NMR, nuclear magnetic resonance; p38, p38 mitogen-
activated protein kinase; PKA, protein kinase A; PDB,
protein databank; p-SIFt, profile structural interaction
fingerprint; SBDD, structure-based drug design; SC1,
subcluster 1; SC2, subcluster2; SIFt, structural interac-
tion fingerprint; TGFâ-RI, transforming growth factor
beta receptor I; VS, virtual screening.

Supporting Information Available: A table listing the
93 X-ray structures and corresponding ligands used in this
paper is available free of charge via the Internet at http://
pubs.acs.org.
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