Equilibrium fluctuations of a single folded protein
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he degree to which standard, rational drug design protocols
ignore protein-conformational changes is a potentially major
flaw. Most assume that proteins are frozen in their crystallographic structures because we do not understand the intrinsic
dynamics of proteins well enough to include them. Once this assumption is made, the only way to manipulate a protein’s activity
is with inhibitors that bind more tightly to the protein’s active site
than the molecule’s natural ligand. Unfortunately, only approximately 15% of proteins have a sufficiently deep pocket coinciding
with their active site to make this strategy feasible (1).
Accounting for conformational heterogeneity could greatly expand the repertoire of available drug targets by revealing cryptic
sites—transient pockets that are not readily visible in experimental structures, yet can inhibit enzymatic activity via allostery or
block protein–protein interactions (2–5). For example, they may
provide previously undescribed druggable pockets on proteins
that are already considered viable targets, or even make it possible to target proteins that are currently considered undruggable.
Targeting these sites may be easier than targeting the active site if
there is no natural ligand to outcompete. Finally, cryptic sites
open up the possibility of enhancing desirable activity (6).
As their name implies, identifying cryptic sites with conventional experimental techniques is a challenging task. Cryptic sites
are not visible in ligand-free structures of proteins and often have
only been discovered serendipitously when crystal structures of
ligand-bound proteins reveal that the small molecule binds in a
www.pnas.org/cgi/doi/10.1073/pnas.1209309109

cryptic pocket. Based on this pattern, many have drawn the conclusion that cryptic ligands operate via an induced-fit mechanism
—the ligand triggers conformational changes that open the pocket
the molecule ultimately binds to. Regardless of the binding mechanism, a site-directed screening method called tethering (7)
can, in principle, be used to discover cryptic sites and ligands.
However, even tethering can benefit greatly from foreknowledge
of the structures and locations of cryptic sites to avoid the need to
exhaustively enumerate all possible pocket locations and ligands.
Therefore, computational methods could prove valuable for
finding new cryptic sites and guiding experiments to verify their
existence.
We hypothesized that regions where transient pockets coincide
with structural elements coupled to the active site are likely to be
viable cryptic sites and developed computational methods for
detecting these signature fluctuations. This approach was inspired
by the fluctuation-dissipation theorem and an ensemble view of
allostery, (8, 9) which suggest that allosteric sites must be detectable in a protein’s natural fluctuations at equilibrium. Our methods draw on kinetic network models—called Markov state models
(MSMs)—built from extensive molecular-dynamics simulations to
describe a protein’s intrinsic dynamics (10). Like a map of a molecule’s free energy landscape, an MSM provides a reduced view
of the ensemble of spontaneous fluctuations the molecule undergoes at equilibrium. These models capture both thermodynamic
and kinetic properties of the system being considered. Therefore,
we can identify transient pockets, calculate how often they are
open, and look for structural couplings between different regions
of a protein with MSMs. Our approach builds on a number of existing methods for detecting cryptic pockets and allosteric sites
(11–22). Important advances made here include (i) capturing
events on much longer timescales (i.e., microseconds and beyond)
and (ii) accounting for the requirement that residues surrounding
a binding pocket are significantly (though perhaps indirectly)
coupled to the active site. These methods lead to a number of unique insights into the ubiquity and mechanism of cryptic allosteric
sites that are the focus of this work.
We apply these methods to three systems: TEM-1 β-lactamase,
interleukin-2 (IL-2), and RNase H. We primarily focus on β-lactamase, an enzyme capable of conferring antibiotic resistance by
hydrolyzing β-lactam antibiotics. Besides its relevance to antibiotic resistance, this target was chosen because it has one known
cryptic site to validate our approach on. This site is invisible in
the apo crystal structure (Fig. 1A) (23) and was only discovered
when a small molecule thought to bind the active site turned out
to bind between helices 11 and 12 (Fig. 1B) (2). We also analyze
IL-2 and RNase H to assess the generality of our results from
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Cryptic allosteric sites—transient pockets in a folded protein that
are invisible to conventional experiments but can alter enzymatic
activity via allosteric communication with the active site—are a
promising opportunity for facilitating drug design by greatly expanding the repertoire of available drug targets. Unfortunately,
identifying these sites is difficult, typically requiring resourceintensive screening of large libraries of small molecules. Here, we
demonstrate that Markov state models built from extensive computer simulations (totaling hundreds of microseconds of dynamics)
can identify prospective cryptic sites from the equilibrium fluctuations of three medically relevant proteins—β-lactamase, interleukin-2, and RNase H—even in the absence of any ligand. As in
previous studies, our methods reveal a surprising variety of conformations—including bound-like configurations—that implies a role
for conformational selection in ligand binding. Moreover, our analyses lead to a number of unique insights. First, direct comparison
of simulations with and without the ligand reveals that there is still
an important role for an induced fit during ligand binding to cryptic
sites and suggests new conformations for docking. Second, correlations between amino acid sidechains can convey allosteric signals
even in the absence of substantial backbone motions. Most importantly, our extensive sampling reveals a multitude of potential
cryptic sites—consisting of transient pockets coupled to the active
site—even in a single protein. Based on these observations, we
propose that cryptic allosteric sites may be even more ubiquitous
than previously thought and that our methods should be a valuable means of guiding the search for such sites.
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Fig. 1. Crystal structures of TEM-1 β-lactamase (A) in the absence of ligand
and (B) in the presence of an allosteric inhibitor that reveals a cryptic binding
site between helices 11 and 12. The backbone is colored from blue to red
starting at the N terminus, a key active site residue (Ser70) is highlighted
in green, and the allosteric inhibitor is shown in cyan (with helix 12 to its left
and helix 11 to its right).

β-lactamase. These proteins have completely different folds from
β-lactamase and are also medically relevant targets.
Using our methods, we address questions like: Are known
cryptic sites detectable as transient pockets in the absence of
ligands? How do small molecules bind cryptic sites—via induced
fit or conformational selection? How is this information transmitted to the active site? How common are cryptic sites?
Results and Discussion
To better understand cryptic allosteric sites, we constructed
MSMs of the conformational space each protein explores. MSMs
serve as maps of the free energy landscapes that ultimately control a protein’s structure and dynamics (10, 24). They have been
successfully employed to understand processes like protein folding (25, 26), ligand binding (27–29), and functional dynamics
(30–32). One powerful feature of these models is that they can
combine many simulations to capture processes occurring on
much longer timescales than a single simulation could ever address. For example, they have previously been used to capture
protein folding on 10 millisecond timescales based on thousands
of microsecond timescale simulations run on commodity hardware (33). Moreover, one could capture even longer timescales
with MSMs by simply running a larger number of simulations
in parallel. This is extremely attractive given that capturing such
timescales in computer simulations is an enormously difficult task.
Our models for β-lactamase reveal atomistic details of functional dynamics within the native state on timescales as slow
as a millisecond (SI Text). These models are built from hundreds
of atomistic molecular dynamics simulations with explicit solvent,
each up to 500 ns in length, for an aggregate of over 100 μs of
simulation. As discussed shortly, this extensive sampling reveals
important dynamic processes that could not have been identified
with the much smaller data sets often used to infer structure and
function from simulation. Kinetic clustering of this data with
MSMBuilder (34, 35) is used to create a partitioning of conformational space with states akin to minima in the free energy landscape and the probabilities of transitioning between them in a 2 ns
time interval (Fig. S1 and Fig. S2). Using these models, we survey
the variety of structures β-lactamase visits, their equilibrium probabilities, and the transition times between pairs of states. We also
assess how ligands modulate the protein’s free energy landscape
by comparing models in the absence or presence of the small molecule. Finally, we calculate experimental observables to validate
our models and make predictions. Similar analyses are performed
for IL-2 and RNase H. More details are given in SI Text.
β-Lactamase’s known Cryptic Site Opens Transiently during the Protein’s Natural Fluctuations, but there is Still a Role for Induced Fit
in Ligand Binding. It has previously been proposed that ligands

bind cryptic sites via an induced-fit mechanism because these
sites are invisible in ligand-free crystal structures. If this were
the case, then observing cryptic sites in the absence of ligands
would be impossible and designing drugs to target them would
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require extensive screening. However, the fluctuation–dissipation
theorem—which relates fluctuations at equilibrium to the system’s response to a perturbation—mandates that cryptic sites
must open in the course of equilibrium dynamics, if only transiently, even in the absence of a ligand. Identifying such transient
pockets could provide a starting point for rational drug design.
By applying a pocket-detection algorithm to each of the approximately 5,000 states in our MSM for ligand-free β-lactamase,
we assess how frequently the known cryptic site opens in solution.
Specifically, we have employed LIGSITE (36) to identify pockets
within representative structures from each state of our MSM.
Discarding pockets visible in the apo crystal structure allows us
to identify transient pockets that could potentially serve as cryptic
allosteric sites. Similar methods have previously been used to
search for small, transient pockets (13). Our MSM enhances the
power of such analyses by allowing us to quickly quantify properties like the probability of a pocket being open and the timescale
for opening (SI Text). For example, the probability that a pocket is
open is simply the sum of the equilibrium populations of all the
states in which it is open. Moreover, we scale to much larger data
sets and capture motions on significantly longer timescales (microseconds and longer compared to nanoseconds). This MSM
approach does not remedy systematic errors in the force field
used to generate trajectories, but its applicability extends to any
model potential.
This analysis reveals that β-lactamase’s known cryptic site does
indeed open transiently in solution (Fig. 2). This pocket is at least
partially open 53% of the time, making it the most accessible
transient pocket in β-lactamase. The site is not visible in apo crystal structures because the closed conformation is also quite common and is likely further stabilized by crystal packing.
The observation of a transient pocket coinciding with the
known cryptic site suggests a conformational selection (or population shift) binding mechanism, but there could still be a role for
induced fit. As imagined in the conformational selection model,
β-lactamase samples both unbound and bound conformations
even in the absence of ligand. Ligands are thus able to bind to
pre-existing bound conformations, causing their population to increase relative to unbound conformations. This observation, however, does not preclude a role for induced fit. A number of studies
have now demonstrated an interplay between conformational selection and induced fit(27, 37–41), supporting an extended model
for binding that combines the two traditional mechanisms (42).
To assess the roles of conformational selection and induced
fit, we built an additional MSM for the ligand-binding process.
First, we ran simulations with one of the known cryptic ligands
present [N,N-bis(4-chlorobenzyl)-1H-1,2,3,4-tetraazol-5-amine,
also called CBT]. We then evaluated rate constants for transitions
among the same set of states determined for the ligand-free pro-

Fig. 2. The three most frequently open pockets (yellow spheres), two of
which coincide with the known allosteric ligand (cyan). Each sphere represents
a pocket with a radius of up to 5 Å (SI Text). The spheres are overlaid on the
apo crystal structure with the backbone colored from blue to red starting at
the N terminus and a key active site residue (Ser70) highlighted in green.
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tein. Reusing the state space allows a quantitative comparison
of the thermodynamics and kinetics of the two systems.
Visual inspection of binding pathways alone is insufficient to
distinguish between conformational selection and induced fit. For
example, Fig. 3 shows the highest flux binding pathway from a
particular unbound state calculated following refs. (26) and (43).
In this pathway, the cryptic ligand binds against the cryptic site,
then the cryptic site opens more widely than in the holo structure
while the ligand inserts into the cryptic site, and finally the protein
closes around the ligand. Since the ligand binds against the protein before the protein opens, it is unclear from this depiction
alone whether the ligand caused the protein to open or had to
wait for the cryptic site to appear spontaneously.
Quantitative comparison of β-lactamase’s dynamics in the absence and presence of the cryptic ligand suggests that induced fit
plays an important role in ligand binding. If binding were entirely
due to conformational selection, then one would expect the binding rate to be no faster than the opening rate of the cryptic site in
the absence of ligands. However, we find that the cryptic site
opens more rapidly in the presence of the allosteric ligand. For
example, on average, it takes 16 μs to transition from the apo to
the holo conformation with the ligand compared to 26 μs without
the ligand. Therefore, we conclude the ligand modulates the free
energy landscape in a manner that promotes its own binding by
stabilizing protein conformations along the binding pathways. This
finding may not surprise many experts; however, our method’s
ability to reveal details of the binding mechanism (like this interplay) is an important result that may prove useful for drug design
in the future. For example, the highest flux binding pathway shows
that the cryptic site opens more broadly than in the bound conformation and then closes around the ligand. This broad opening
could be important for providing sufficient space for the ligand to
bind, in which case docking against these highly open conformations may be more fruitful for discovering new ligands than docking against bound-like conformations. Furthermore, despite an
important role for induced fit, considering conformational selection alone still allows potential cryptic sites to be identified.
Communities of Coupled Sidechains Link β-Lactamase’s Active and
Cryptic Sites. Understanding how cryptic sites work—and ulti-
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mately predicting new ones—also requires determining how they
are coupled to the active site. The ability to detect transient pockets that coincide with the known cryptic site suggests we can auto-

matically identify such sites even when they are invisible in experimental structures. However, binding of a small molecule to a
transient pocket could have no effect on activity if there is no coupling between the cryptic and active sites. Therefore, it is also important to identify regions of the protein that are somehow coupled
to the active site in addition to containing transient pockets.
The allosterically inhibited structure of β-lactamase suggests
that the active and cryptic sites are not coupled through the protein’s backbone, though there is evidence other systems may
behave differently (44). First, the Cα rmsd between the apo and
holo structures is only 0.96 Å and the Cα rmsd between active site
residues [defined as Ser70 to Lys73, Ser130 to Asn132, Glu166 to
Asn170, Lys234 to Ala237, and Arg244] (45) is 0.68 Å. Our simulation results also show little variability in the backbone structure.
The Cα rmsd of active site residues compared to the apo structure
is 0.7  0.3 Å in ligand-free simulations and 0.9  0.2 Å when
the cryptic ligand is present, so the ligand’s effect on the backbone structure is statistically insignificant. This conclusion is also
consistent with recent studies of cytochrome P-450, which show
that there is little coupling between the dynamics of the active site
backbone and the rest of the protein (46).
Despite the fact that the backbone is relatively static, recent
studies have suggested that there can be significant heterogeneity
in sidechain rotameric states even in the context of a fixed backbone structure (47, 48) and that couplings between these rotameric
states can allow long-range communication (12, 15, 49). Indeed,
our simulations reveal a great deal of heterogeneity in sidechain
rotameric states (Fig. S3). Communication via coupling between
sidechain rotameric states would also be consistent with the fact
that one of the most significant differences between the apo and
holo structures of β-lactamase is that the sidechain of a key active
site residue, Arg244, becomes disordered in the holo structure.
To explore the possibility that coupled sidechains are responsible for allosteric communication in β-lactamase, we used spectral clustering based on the mutual information between the
rotameric states (χ1 dihedral angles) of pairs of amino acids to
identify communities of coupled residues. The mutual information—defined in Eq. 1 of Materials and Methods—is a statistical
measure of the interdependence between two random variables
that has been used successfully in previous studies of allostery
(12, 15). Examining the mutual information alone reveals extensive coupling between both nearby and distant residues (Fig. S4).
Nearly equivalent results are obtained with the excess mutual

Fig. 3. The highest flux binding pathway, depicted as a series of configurations exemplifying intermediate Markov states. The crystallographically
determined structure of helix 11 in the holo state is superimposed in yellow, emphasizing movement in this part of the protein during binding. One interesting
feature of the pathway is that the two helices surrounding the cryptic site open 2–3 Å more widely than in the holo structure (particularly in states
D and E) and then close around the ligand. The backbone is colored from blue to red starting at the N terminus, and the allosteric inhibitor is shown in
cyan. The number associated with each structure quantifies progress along the binding pathway. Specifically, it indicates the probability that a trajectory
initiated in the corresponding state reaches the bound state (F) before first reaching the unbound state (A).
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information, which accounts for the spurious correlation expected from finite sampling (SI Text). Spectral clustering was chosen over other clustering methods as it provides a natural means
of determining an appropriate number of clusters to construct
based on the eigenvalue spectrum of the similarity matrix being
clustered (SI Text and Fig. S5). Based on the gap between the fifth
and sixth eigenvalues in this spectrum, we chose to construct five
clusters.
Applying this procedure to our model for ligand-free β-lactamase reveals a potential mechanism for allosteric communication: A community of coupled residues encompassing the allosteric site and a substantial portion of the active site that may
be altered upon ligand binding (Fig. 4). Specifically, one of our
clusters contains all residues within 3 Å of the cryptic ligand in the
holo structure and 7 out of the 15 residues in the active site with
distinguishable rotameric states. Arg244, the active site residue
that displays the greatest change between the apo and holo structures, is one of the active site residues in this community. Therefore, we suggest that the known cryptic site in β-lactamase is
opening and closing in solution but that this has little to no effect
on the protein’s activity. Once a ligand binds this site, however, it
alters the rotameric states of neighboring residues that are part of
a cooperative community. This change is quickly propagated to
other members of this cooperative community, including Arg244
and other active site residues. Thus, binding at the allosteric site
alters the active site structure and, ultimately, inhibits enzymatic
activity.
Coupling between rotameric states can communicate information over large distances, as seen in studies of coupling between
local folding and unfolding events (9, 50) and a simple model for
sidechain variability in proteins (15). For example, Fig. 4 shows
that the residues in the community encompassing the known
cryptic site span a large portion of β-lactamase. While many of
the residues form contiguous groups—as seen in other systems
(17)—there are large structural separations among others. For
these discontinuous groups of residues, communication is likely
achieved through an ensemble of pathways, none of which have
strong enough pairwise correlations to appear in this analysis. A
simple model that exhibits similar behavior despite only including
local interactions supports this conclusion (15). Long-range interactions like electrostatics that are included in our model and energetic correlations that do not require a pathway may also
contribute.
Our model for β-lactamase with its cryptic ligand further
supports the mechanism inferred from fluctuations of the apo
protein. First, the small molecule does alter the rotameric states
of nearby residues (Fig. S6). The pattern of coupling between
residues is also mostly conserved, demonstrating that our simula-

Fig. 4. A structure highlighting the community of coupled residues encompassing the known cryptic allosteric site. Side chains in this community are
shown as sticks and are colored green if they are in the active site, cyan if
they are in the allosteric site (i.e., within 3 Å of the cryptic ligand in the holo
structure), and blue otherwise. The backbone is colored from blue to red
starting at the N terminus.
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tions have converged to local equilibrium within the native state.
The Pearson correlation coefficient between mutual information
values obtained from our models with and without the ligand is
0.55, showing that the degree of coupling differs slightly but that
the catalog of strongly coupled residues is mostly conserved. Finally, this coupling alters the rotameric states of a subset of active
site residues (Fig. S6).
A Single Protein Contains a Multitude of Prospective Cryptic Allosteric
Sites. An important next step is to investigate how common cryp-

tic allosteric sites are. Typically, allosteric sites—and especially
the cryptic variety—are assumed to be rare. However, the serendipitous discovery of the known cryptic site investigated here (2)
and a variety of others (51–54) suggest that they may actually be
quite common. Previous computational work focusing on transient pockets has even hinted that a single protein could conceivably contain multiple cryptic sites (13, 20), but this argument would
be significantly strengthened by demonstrating that there is also
coupling to the active site since both elements are needed for a
cryptic allosteric site. Finally, the mechanisms of many drugs remain unknown, so elucidating their modes of action may reveal
yet more cryptic allosteric sites.
We first investigated whether β-lactamase could contain more
than one cryptic site. We can rationalize the accidental discovery
of the known cryptic site in terms of it being the most common
transient pocket and the surrounding residues having some of the
greatest coupling to the active site. Other pockets may be open
less frequently and have weaker coupling to the active site, yet
still serve as viable cryptic sites. Our success with identifying
and understanding the known cryptic site in β-lactamase suggests
that the methods we present here can predict whether there are
additional sites.
Indeed, we have identified a number of other transient pockets
in β-lactamase that may be viable drug targets. Some of these
pockets may be detectable with techniques like NMR, which has
revealed partially closed conformations with equilibrium populations as low as approximately 5% (55). Based on this precedent,
we can estimate that pockets in β-lactamase that are open more
than 5% of the time at equilibrium may be visible with techniques
like NMR. With this assumption, there are numerous pockets that
are open sufficiently often to be detectable (Fig. S7). For example,
the 50 pockets that are most likely to be open are all accessible
more than 10% of the time. They are also distributed across the
protein (Fig. 5A), and therefore, there are numerous distinct sites.
While harder to detect, many of the pockets that are open less
often may still be viable drug targets. For example, a pocket that
is open 1% of the time is only about 1 kcal∕mol less stable than
one that is open 10% of the time. This difference could easily be
overcome by binding a sufficiently high-affinity ligand.
Almost all of these transient pockets could exert allosteric control over activity. Four out of five of the communities of coupled
residues identified here contain portions of the active site. Therefore, a small molecule that targeted any of these communities
could alter the conformational ensemble in a manner that affects
function. Together, these communities encompass 212 out of the
263 residues in β-lactamase, so it is not surprising that almost
every transient pocket is adjacent to a residue in at least one of
these communities. Interestingly, 28 of the 50 most frequently
open pockets could exert allosteric control through the same community that encompasses the known cryptic site. These pockets
may be particularly attractive targets because we already know this
community can exert allosteric control over the protein’s activity.
Many of the pockets may also exert allosteric control to varying
extents through multiple communities due to interactions with
multiple clusters, as well as interactions among the communities.
In fact, 48 out of the 50 most accessible pockets are adjacent to
residues from multiple communities and, therefore, are particularly likely to exert allosteric control through multiple routes.
Bowman and Geissler

Fig. 5. A multitude of potential cryptic allosteric sites in (A) β-lactamase, (B) IL-2, and (C) RNase H. The 50 most frequently open pockets are shown as yellow
spheres, each representing a pocket with a radius of up to 5 Å (SI Text). Sidechains within each coupled community are rendered in the same color. They are
depicted as spheres if they are in the active site and as sticks otherwise. There are five communities for β-lactamase, six for IL-2, and four for RNase H. Almost every
community contains at least one active site residue in each protein, so the vast majority of transient pockets could serve as cryptic sites. The light-blue, dashed circles
encompass the known allosteric sites in β-lactamase and IL-2 and the backbone of each protein is colored from blue to red starting at the N terminus.
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Conclusions
The primary result of this work is that single proteins contain a
multitude of potential cryptic allosteric sites that could greatly
expand the repertoire of available drug targets. This insight was
made possible by (i) recognizing that cryptic allosteric sites require both the formation of a transient binding pocket and coupling to the active site and (ii) developing methods to detect these
elements in the equilibrium fluctuations of a folded protein even
in the absence of any ligand. Our methods achieve this by combining MSMs built from extensive molecular dynamics simulations with quantitative statistical measures like the mutual information. We first validated this approach on a known cryptic site in
β-lactamase and then demonstrated that this single protein contains numerous other potential cryptic allosteric sites. Application of these methods to two other systems—IL-2 and RNase
H—supports the generality of these conclusions. In addition to
discovering that cryptic allosteric sites may be even more ubiquitous than previously thought, we also found that ligand binding to
these sites occurs via a combination of conformational selection
and induced fit. In particular, ligands can bind to highly open proteins and then stabilize more closed, bound conformations.
Therefore, it may be fruitful to dock against these more open conformations. In addition, allosteric signals can be transmitted over
large distances via coupling between amino acid sidechains even
in the absence of substantial backbone motions. Based on these
results, our approach should be a powerful means of providing
further understanding of cryptic allosteric sites and guiding experimental efforts to identify new sites.
Materials and Methods
Molecular dynamics simulations were run at 300 K with the GROMACS software package (58) deployed on the Folding@home distributed computing
environment (59). Atomic interactions were described with the Amber03
force field (60) and the TIP3P explicit solvent model. MSMBuilder was used
to construct MSMs from this data (34, 35). LIGSITE (36) was used to identify
pockets in representative structures for each state and the mutual information was used to quantify correlations between the rotameric states of pairs
of residues. The mutual information (MI) between two residues is


MIðX; Y Þ ¼

∑∑

pðx; yÞ log

x∈x y∈y
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face of the protein (Fig. 5C). Moreover, there are two large communities of coupled residues (blue and green residues in Fig. 5C)
that contain portions of the active site. Together, these communities encompass 90 out of 155 residues, a remarkably large portion of the protein given that RNase H contains 32 Gly and Ala
residues that cannot participate in sidechain coupling because
they have indistinguishable rotameric states. Again, many of the
transient pockets are adjacent to at least one of these communities and, therefore, could serve as cryptic allosteric sites. Some
of the most promising candidates lie roughly between His62 and
Gln113, Tyr28 and Leu59, and Lys86 and Leu111.

CHEMISTRY

Other transient pockets actually coincide with the active site, so
they could be valuable for the design of competitive inhibitors that
extend into these pockets to increase the drug’s affinity.
Based on these observations, a reasonable starting point for
experimentally screening for cryptic sites is to target the transient
pockets that are open most often and are adjacent to communities of residues with coupling to the active site. These sites
should be the most accessible for ligand binding and, therefore,
the most promising for rational drug design. Furthermore, the
frequency with which these pockets are open in our simulations
lends confidence to our model-based conclusions. Besides the
known cryptic site, some of the best candidates in β-lactamase
are found between Gly238 and Met272, between Gly245 and
Ile279, between Ala42 and Phe66, and between Leu81 and
Ala202. However, we note that our results also demonstrate an
important role for induced fit, so starting with the pockets that
are open most often may not be the optimal search strategy, as
it assumes conformational selection is dominant. Feedback from
experiments could allow us to develop a more efficient search
strategy in this case.
To test the generality of our β-lactamase results, we applied our
methods to two other proteins with different folds: IL-2 and
RNase H. IL-2 was chosen because it plays an important role
in regulating immune responses. Its relevance to human health
has led to many experimental and theoretical investigations, including the discovery and characterization of a cryptic allosteric
site coupled to a competitive site at IL-2’s binding interface for its
α-receptor (IL-2Rα). RNase H is a similarly well-studied system
because an RNase H domain in HIV reverse transcriptase plays a
crucial role in HIV infection. There are no known drugs targeting
this domain, so the discovery of cryptic sites could render it druggable for the first time. Both proteins are also known to have conformational heterogeneity in their native states (56, 57) that could
result in cryptic allosteric sites.
Our results for IL-2 are consistent with those from β-lactamase. First, there are transient pockets coinciding with the known
allosteric site (Fig. 5B), amongst others. Moreover, these pockets
are connected by a community of coupled residues (magenta
sidechains in Fig. 5B). Coupling between these sites was also
observed in a previous simulation study (12). One important
addition made in this work is that our more extensive sampling
allows us to find many more residues with statistically significant
coupling to the competitive site—which we will treat as the active
site for this system. Residues from the blue and cyan communities
are also adjacent to the competitive site. Together, these communities encompass the vast majority of the protein (98 of 128 residues). Therefore, as in β-lactamase, there are many transient
pockets that could serve as cryptic sites exerting allosteric control
over the competitive site. Some of the best candidate cryptic
allosteric sites lie roughly between Leu53 and Lys97, Met23
and Leu85, and Lys48 and Ile89.
RNase H also contains a multitude of potential cryptic sites.
First, there are numerous transient pockets spread across the sur-

where pðx; yÞ is the joint probability distribution function of residues X and
Y, and pðxÞ is the marginal probability distribution function of residue X. For
our particular application, X denotes one potential rotameric state of residue
X. Protein structures were visualized with PyMOL (61). More details are available in SI Text.
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