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Abstract 

 

Allostery describes altered protein function at one site due to a perturbation at 

another site. One mechanism of allostery involves correlated motions, which can occur 

even in the absence of substantial conformational change. I present two novel 

information-theoretic molecular dynamics simulation analysis methods, one based on the 

mutual information and another based on the Kullback-Leibler divergence, to identify 

statistically significant correlated motions from equilibrium molecular dynamics 

simulations and statistically significant torsional population shifts when comparing sets 

of simulations under different conditions. These methods have been implemented in the 

MutInf software package using Python and inline C code. I next describe applications of 

these methods, and then novel experiments and kinetic modeling regarding the 

enzymology of caspase-1. These experiments were performed after MutInf suggested that 

additional residues near the dimmer interface were important for allostery (a study to be 

described subsequently). I show that caspase-1’s robust cooperativity requires substrate 

or inhibitor-assisted dimerization, and that even within the dimer, the enzyme is more 

active when two substrates are bound than when one substrate is bound.  
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Chapter 1. Introduction 

Biological organisms are made of cells, and these cells are composed of DNA, 

RNA, protein, water, lipids (fats), dissolved salts (ions), and organic molecules. DNA 

provides genetic information, RNA carries information and catalyzes some chemical 

reactions, lipids encapsulate the cell from its surrounding and provide boundaries for 

compartments within the cell, and proteins perform a much wider variety of tasks from 

catalyzing a plethora of reactions, sensing, carrying, and receiving signals, providing 

structural integrity, etc. The present work explores single proteins or complexes of 

proteins transmitting signals from one place on the molecule or complex to another place. 

Such intra-molecular or intra-molecular-complex phenomena are most generally referred 

to as “allostery”, the topic of the present work. Suppose an enzyme has a particular active 

site to catalyze a reaction. A potential drug molecule that would work by inhibiting this 

enzyme could block the active site directly, or it could alter how the enzyme works by 

binding somewhere else and altering how the enzyme works or interacts with other 

molecules.  

Allostery describes functional cooperativity between sites on a macromolecule or 

complex. It’s Greek roots allo (“other”) and stereos (“shape”) are appropriate because 

allostery is a property of the set of shapes a macromolecule takes on – it’s conformational 

ensemble. Allostery is of paramount importance to biological processes because it 

enables biomolecules to integrate physical and chemical signals such as binding and post-

translational modification and convert them into changes in physiologically relevant 

outputs such as binding and catalysis. Furthermore, allostery is an important avenue for 

drug discovery, where allosteric drug binding sites can be used to modulate protein 
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function in a more specific fashion than competitive inhibition at an active site shared by 

many similar proteins, and in a more chemically feasible way than using highly charged 

active site inhibitors, which can present difficult ADME/Tox challenges. 

Allostery describes altered protein function at one site due to a perturbation at 

another site. One mechanism of allostery involves correlated motions, which can occur 

even in the absence of substantial conformational change. I present a novel method, 

“MutInf”, to identify statistically significant correlated motions from equilibrium 

molecular dynamics simulations. Our approach analyzes both backbone and sidechain 

motions using internal coordinates to account for the gear-like twists that can take place 

even in the absence of the large conformational changes typical of traditional allosteric 

proteins. I quantify correlated motions using a mutual information metric, which I extend 

to incorporate data from multiple short simulations and to filter out correlations that are 

not statistically significant. Applying our approach to uncover mechanisms of 

cooperative small molecule binding in human interleukin-2, I identify clusters of 

correlated residues from 50 ns of molecular dynamics simulations. Interestingly, two of 

the clusters with the strongest correlations highlight known cooperative small-molecule 

binding sites and show substantial correlations between these sites. These cooperative 

binding sites on interleukin-2 are correlated not only through the hydrophobic core of the 

protein but also through a dynamic polar network of hydrogen bonding and electrostatic 

interactions. Since this approach identifies correlated conformations in an unbiased, 

statistically robust manner, it should be a useful tool for finding novel or “orphan” 

allosteric sites in proteins of biological and therapeutic importance.  
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Next, I present a novel thermodnyamical approach to identify changes in 

macromoluecular structure and dynamics in response to perturbations such as mutations 

or ligand binding given molecular dynamics simulations of the unperturbed and perturbed 

constructs, using an expansion of the Kullback-Leibler Divergence that connects local 

population shifts in torsion angles to changes in the free energy landscape of the protein. 

While the Kullback-Leibler Divergence is a known formula from information theory, the 

novelty and power of our approach lies in its formal developments, connection to 

thermodynamics, built-in statistical filtering, ease of visualization of results, and 

extendability by adding higher-order terms.  I present a formal derivation of the 

Kullback-Leibler Divergence expansion and then apply our method at a first-order 

approximation to three protein systems where ligand binding or pH titration is known 

from experiments to cause an effect at an allosteric site. Our results on these systems are 

qualitatively in agreement with experimental approaches measuring local changes in 

structure or dynamics such as NMR chemical shift perturbations and hydrogen-deuterium 

exchange mass spectrometry. As our method produces easy-to-analyze results with low 

backgroud, it has the potential to become a routine analysis when molecular dynamics 

simulations in two or more conditions are available. 

Additionally, I describe a model of the kinase PDK1 bound to an allosteric 

activatior peptide. This model was constructed by a novel approach using homology 

modeling with constraints and restraints from disulfide trapping on a panel with PDK1 

cysteine mutants reacted with peptide with a cysteine incorporated at various positions.   

This work on developing methods to study allostery was inspired by previous 

experimental studies showing cooperativity in caspase-1 that was robust against a number 
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of single mutations. Applying our MutInf approach to caspase-1, I identified correlated 

motions across dimer interface as potentially playing a role in the cooperativity. In order 

to understand how mutations affected cooperativity, I needed to dissect the contributions 

of binding at one active site promoting binding at another active site from binding at one 

site promoting activation through promoting dimerization. Thus, I developed novel 

chemical kinetic models for caspase-1 and performed biophysical and enzymological 

experiments to test and restrain this model, and applied simplifications of the model to 

interpret existing data provided by Dr. Debajyoti Datta (UCSF thesis, 2010). 

Targeting allosteric sites and the interfaces between proteins has huge therapeutic 

potential, but discovering small-molecule drugs that disrupt protein-protein interactions 

or work allosterically is an enormous challenge. Several success stories in the area of 

disrupting protein-protein interactions, however, indicate that protein-protein interfaces, 

and moreover allosteric sites on the surfaces of proteins, might be more tractable than has 

been thought. These studies discovered small molecules that bind with drug-like 

potencies to 'hotspots' on the contact surfaces involved in protein-protein interactions. 

Remarkably, these small molecules bind deeper within the contact surface of the target 

protein, and bind with much higher efficiencies, than do the contact atoms of the natural 

protein partner. Some of these small molecules are now making their way through 

clinical trials, so this high-hanging fruit might not be far out of reach. 
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Chapter 2. Quantifying correlations between allosteric sites  

in thermodynamic ensembles 

Abstract 

 Allostery describes altered protein function at one site due to a 

perturbation at another site. One mechanism of allostery involves correlated motions, 

which can occur even in the absence of substantial conformational change. We present a 

novel method, “MutInf”, to identify statistically significant correlated motions from 

equilibrium molecular dynamics simulations. Our approach analyzes both backbone and 

sidechain motions using internal coordinates to account for the gear-like twists that can 

take place even in the absence of the large conformational changes typical of traditional 

allosteric proteins. We quantify correlated motions using a mutual information metric, 

which we extend to incorporate data from multiple short simulations and to filter out 

correlations that are not statistically significant. Applying our approach to uncover 

mechanisms of cooperative small molecule binding in human interleukin-2, we identify 

clusters of correlated residues from 50 ns of molecular dynamics simulations. 

Interestingly, two of the clusters with the strongest correlations highlight known 

cooperative small-molecule binding sites and show substantial correlations between these 

sites. These cooperative binding sites on interleukin-2 are correlated not only through the 

hydrophobic core of the protein but also through a dynamic polar network of hydrogen 

bonding and electrostatic interactions. Since this approach identifies correlated 

conformations in an unbiased, statistically robust manner, it should be a useful tool for 

finding novel or “orphan” allosteric sites in proteins of biological and therapeutic 

importance.  
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Introduction 

Originally, allosteric proteins were those where multiple subunits achieved 

cooperative binding through ligand-mediated shifts in conformational equilibria, for 

example in hemoglobin, a protein that carries oxygen in the blood, whose activity is 

regulated by the concentration of oxygen around it. Nowadays, allostery is broadly 

defined as any case in which an event at one site on a protein or complex impacts 

function, dynamics, or distribution of conformations of another site (for recent reviews 

see 1, 2). This broader definition includes single-domain proteins as well as proteins or 

complexes where cooperativity occurs without substantial conformational change. Given 

this broader definition, it has been suggested that allostery is a property of many 

proteins3-5, but is only relevant when a localized event precipitates a change in function. 

Recently, there has been renewed interest in uncovering allosteric mechanisms of protein 

regulation and in discovering new allosteric sites, which are of significant interest in 

biological mechanisms of protein regulation and as novel sites for drug discovery6-8. 

Typically, sites are identified as allosteric after mutational, structural, and 

thermodynamic characterization with allosteric protein, peptide, or small-molecule 

modulators, which are frequently found serendipitously9. As such, there has been much 

interest in computational approaches to identify novel allosteric sites. One of the most 

extensively used approaches has been the Statistical Coupling Analysis approach 

pioneered by Ranganathan and co-workers10-13, where pairs of residues that tend to be 

mutated together in multiple sequence alignments suggest coupling between protein sites. 

This approach has recently been used to engineer a novel allosteric network by 

combining predicted allosteric pathways from a light sensor and an enzyme14.  However, 
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this approach requires large multiple sequence alignments and the predicted couplings 

may or may not be relevant to particular proteins in the alignment15.  Alternative methods 

to identify allosteric networks using sequence comparisons have also been described16.  

Other computational methods to study allosteric mechanisms and identify 

potential sites for allosteric regulation focus on a protein’s structure and dynamics.  

Cooper and Dryden showed that the free energy of cooperativity could be separated into 

two terms: one that accounts for changes in the protein’s conformational distribution (i.e. 

by population shifts), and one that accounts for changes in the amplitudes and/or 

frequencies of protein vibrational motions. One approach to studying allostery is to focus 

on protein vibrations17-20 around a static structure, often by a coarse-grained normal mode 

analysis21-24, in which case allosteric effects of perturbations can be calculated 

analytically.  However, these approaches are unable to capture the anharmonicity and 

multi-well nature of flexible degrees of freedom in proteins. Another approach is to infer 

groups of residues important for a given allosteric process by analyzing structures trapped 

in different conformations25-27.  

Dynamical approaches to studying allostery generate an ensemble of structures 

and then analyze the ensemble using cross-correlations28, contact correlations29, principal 

components29, or local unfolding correlations30.  One widely adopted approach uses a 

quasi-harmonic metric for correlations that assumes an “average” structure28, 29, 31-33.  

This approximation may be appropriate for small backbone fluctuations but may not aptly 

describe conformational changes that involve basin-hopping, such as loop or side-chain 

motions. To overcome this quasi-harmonic limitation, Lange and Grubmuller34, 35 used a 

mutual information method to account for both quasi-harmonic and anharmonic 
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correlations in atoms’ motion in Cartesian space.  Still other methods introduce 

mechanical perturbations and monitor the subsequent motions of residues36, 37.  The latter 

approach can detect substantial population shifts or structural changes following the 

induced local perturbations, as the added energy facilitates barrier crossing.   

 Our MutInf approach for identifying allosteric networks quantifies correlations 

between the conformations of residues in different sites. We use an entropy-based 

approach to analyze ensembles of protein conformers, such as those from molecular 

dynamics or Monte Carlo simulations. The method is applicable even in cases where 

conformational changes are subtle, e.g., when the coupling is mostly entropic in nature38, 

39.  Unlike the approaches described above, our approach uses internal coordinates and 

focuses on dihedral angles, which are responsible for most low-frequency motions, in 

order to capture correlated changes in side chain rotamers, a highly anharmonic type of 

correlated motion. The most closely related previously published method is a study that 

examined side-chain correlations using a mutual information metric and Monte Carlo 

simulations of side-chains40 on a set of fixed protein backbones.  

Our MutInf method builds upon and extends previous work by 1) directly 

connecting correlated conformations to the molecular configurational entropy, 2) 

incorporating more robust entropy estimators, 3) correcting for undersampling using data 

from multiple simulations, 4) testing statistical significance to filter out correlated 

motions that are not significant, and 5) analyzing both backbone and sidechain torsions, 

which are frequently coupled41, 42.  The theoretical underpinnings of our approach are 

described in detail in Methods.  Briefly, we use second-order terms from the 

configurational entropy expansion, the mutual information43, to identify pairs of residues 
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with correlated conformations in an equilibrium ensemble. In calculating mutual 

information, it does not matter whether two residues move at the same time or whether 

one moves, and then the other; what counts is whether these residues’ conformational 

distributions are correlated.  In this work we use the terms correlated motions and 

correlated conformations interchangeably.  

Because we look for correlated conformations in an unbiased, statistically robust 

manner, we believe that MutInf will be a useful tool in the discovery of novel, “orphan” 

allosteric sites, where endogenous protein or small molecule allosteric modulators have 

yet to be discovered.  As a proof-of-principle, we used our approach to identify 

correlations between the conformations of protein residues lining two small-molecule 

binding sites in human interleukin-2 (IL-2). This single-domain protein exhibits 

cooperative ligand binding without substantial conformational change, and to date no 

follow-up work has been done to uncover the mechanism for this cooperativity. We 

discuss the rationale behind our approach and compare its strengths and weaknesses to 

those of other methods and then discuss the mathematical details of our method and our 

novel results on IL-2.   

 

Methods  

Theoretical Underpinnings of the Model  

When an equilibrium ensemble of states is altered by small perturbations, the 

fluctuation–dissipation theorem relates equilibrium fluctuations to the system’s response, 

which will be proportional to equilibrium pair-correlations of the degrees of freedom and 

linear in the applied perturbations. This linear response theory suggests that external 
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forces, such as those due to ligand binding, cause the largest indirect changes in the 

degrees of freedom that are most correlated (at equilibrium) with those directly perturbed 

by the external forces.  As has been previously noted29, this also means that the response 

to small perturbations involves the same fluctuation pathways activated by random 

solvent collisions at equilibrium. Elastic network models have identified a 

correspondence between low-frequency normal modes and pathways used in several 

protein conformational changes22, 44, suggesting that correlations observed in equilibrium 

simulations may propagate perturbations in structure and/or dynamics due to ligand or 

protein binding. 

A perturbation at one site can couple to another site directly, through electrostatic 

or steric interactions, or indirectly, through solvent reordering, or through a network of 

residues with correlated conformations. When the conformation at one site depends on 

the conformation at another site, the sites’ conformations are correlated. When the 

conformations are correlated, perturbations at one site can cause population shifts in 

conformations at other sites. Correlated conformations are then signals that can be used to 

identify allosteric mechanisms and predict new sites for allosteric inhibition by proteins 

or small molecules. 

Our MutInf approach uses equilibrium molecular dynamics simulations to 

identify correlations in residues’ conformations, from which functional coupling between 

sites is inferred. Approaches such as ours that infer allostery from equilibrium 

simulations assume that the allosteric phenomena of interest (i.e. ligand binding, protein 

binding, protonation state changes, etc.) make perturbations to the energy landscape that 

are relatively small, i.e. at most a few kT. For example, proteins and ligand binders with 
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fast on-rates will satisfy this assumption, while proteins and ligand binders with slow on-

rates may not.  Furthermore, equilibrium approaches that infer allostery assume that there 

are no large barriers to conformational changes required for allostery. If such barriers 

existed, they would prevent pairs of residues from sampling relevant correlated shifts in 

conformation when perturbations of interest are applied. Along these lines, these 

equilibrium approaches also assume that there is sufficient sampling along the degrees of 

freedom relevant to the allosteric phenomena, so that productive or “on-pathway” 

correlated motions can be observed.  

To quantify correlations between residues’ conformations from equilibrium 

simulations, we take advantage of a connection between information theory and 

thermodynamics.  Inspired by the use of mutual information by Killian, Kravitz, and 

Gilson in calculating configurational entropies from conformational ensembles using 

internal coordinates43, we use second-order terms from the configurational entropy 

expansion, i.e. the mutual information, to identify pairs of residues with correlated 

conformations. This approach directly and quantitatively connects correlations in 

conformation to configurational entropy. Using internal coordinates to calculate the 

mutual information has the twofold advantage of 1) capturing the rotameric, flipping, and 

gear-like nature of correlated side-chains; and 2) removing potentially spurious 

correlations that can arise due to structural alignment.  The latter effect occurs because 

minimization of the r.m.s. error in aligning structures in Cartesian space can yield 

correlated displacements in many atoms’ positions as some atoms are fit better than 

others. An overview of our approach is presented in Scheme 1. 
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In applying entropy and mutual information to studying allostery, we sought to 

obtain a measure of the statistical significance of our results and filter out noisy and 

artifactual correlations. To accomplish this, we extended established methods for 

calculating entropies and examining correlations via mutual information to handle finite 

sample sizes, to incorporate data from multiple simulations, to account for the variability 

between simulations, and to correct for the fact that multiple simulations do not, in 

practice, represent independent samples of the macromolecular ensemble.   

 

 

Scheme 1. A schematic of the MutInf approach for identifying correlated residue 
conformations shows how the observed mutual information is statistically filtered and 
corrected before being summed over residues pairs. The resulting matrix is then clustered 
as in a microarray experiment in order to identify groups of residues showing similar 
patterns of correlations. 
 
Calculation of Mutual Information  
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The configurational space of a molecule can be described in a standard Cartesian 

coordinate system or in an internal coordinate system of bond lengths, bond angles, and 

torsion angles (BAT)43. For proteins, key torsion angles include the φ, ψ, and ω torsion 

angles of the protein backbone and the χ torsion angles of the amino acid side-chains. In 

the present work, we consider only the φ, ψ, and heavy-atom χ torsion angles (only the 

first χ angle for proline) and neglect changes in bond lengths, bond angles and omega 

backbone torsion angles, as we believe that the dynamics of the first three are the most 

relevant to describing motions of biological importance43.  

Small sample sizes are notoriously challenging for entropy and mutual 

information-based approaches, so we use robust estimators and correct for bias using 

simulated data. 

 

Configurational Entropy Expansion and Correlations Between Degrees of Freedom 

We wish to quantify correlations between residues’ torsions. Following the works 

of Matsuda45 and of Killian, Kravitz, and Gilson43, we connect correlated torsions to 

thermodynamics using an expansion of the molecular configurational entropy into terms 

over single torsions, pairs of torsions, etc. The total torsional entropy is given by:  

  (1) 

where indices i and j are residues’ torsions, and n is the number of torsions (φ, ψ, and χ 

torsion angles in the present work). The second-order term here represents a sum of the 

mutual information of each pair of torsions. The mutual information describes 

correlations between degrees of freedom, and gives a measure of how much information 

about one degree of freedom is gained by knowledge about another46. Because the mutual 
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information values are terms in the entropy, which is related to free energy, the mutual 

information in Eq. 1 is in units of kT. The mutual information has been a popular, 

distribution-free analysis method, and more recently has been used in the context of 

molecular conformational ensembles40, 43.  

As an example, consider the distributions of the χ1 torsion angles for two side 

chains. For concreteness, we use an example from interleukin-2, which is described in 

greater detail below and involves two aromatic residues in close proximity (Figure 1). 

The expected joint distribution of these torsion angles under the null hypothesis (Figure 

1A) of independence is merely the outer product of the marginal distributions. However, 

the joint distribution from the observed simulations (Figure 1B) show that these torsion 

angles are correlated (I = 0.203 kT), because a cross-peak (indicated by a gray box) 

appears in the simulations that would not be expected if these torsions were independent.   
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 Figure 1. Joint distributions of correlated torsions are different from what would be 
expected if they were independent. (A) Distributions of two χ1 torsion angles are shown 
along with the joint distribution expected if they were independent, i.e. the product of the 
marginal probabilities. (B) Distributions of the same two χ1 torsion angles are shown 
along with the observed joint distribution from molecular dynamics simulations. Grey 
boxes highlight a cross-peak with substantial height in the observed simulations (B) but 
with negligible height under the null hypothesis of independence (A).  

 

In practice, we compute the mutual information, I, between two degrees of 

freedom as the difference between the self-entropies and the joint entropy, using the 

relation, I = S(1)+S(2)─S(1,2), and a corrected histogram entropy estimate47 over 

adaptive partitions46: 

 (2) 

where r and s are the number of marginal bins, ni, nj, and nij are the histogram counts, N 

is the number of data points, and Ψ is the digamma function. Adaptive partitions make 
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efficient use of discrete bins, preserve correlations between variables, and normalize each 

joint distribution to a reference distribution in which marginal counts are as uniform as 

discretization allows46. In this work we used 24 bins per dimension. Furthermore, 

adaptive partitions enable accurate mutual information values to be calculated whether 

torsional motions are large or small. Note also that we account for the two-fold symmetry 

in the χ2 angle of Asp, Phe, and Tyr and in the χ3 angle of Glu.  

The histogram entropy estimator above assumes that histograms are populated by 

a Poisson process (nij<< N) and so is especially appropriate for sparse joint histograms.  It 

also implicitly includes finite bin and data size corrections used in other discrete entropy 

estimators48. As a statistic for examining correlations between variables, the mutual 

information (with corrections discussed below) is far more robust against small sample 

sizes than the χ2 statistic, which assumes nij≥5. While the nearest-neighbor approach49 

could have been used instead to compute these integrals, it can require N≈50,000 data 

points50 or more to yield a converged estimate of the mutual information for pairs of 

torsions. Nearest-neighbor approaches are accurate for very large datasets but have biases 

under finite sample sizes that depend on the topology of conformational space sampled in 

simulations50. As our goal was to extend mutual information calculations to handle 

smaller sample sizes, we chose instead to use adaptive partitioning in combination with 

the corrected histogram mutual information estimate above (Eq. 2), so that each pair of 

degrees of freedom could be compared against the same empirically-generated reference 

distribution and evaluated for significance. 

 

 



 17 

Correction for Nonzero Mutual Information in Independent Datasets  

In a number of applications using mutual information, it has been found that samples of 

two variables that are independent can yield nonzero mutual information in calculations46, 

51-53. We empirically observe the same in simulated data (data not shown), and this is not 

surprising because errors in estimates of the true mutual information are a consequence of 

finite samples. To correct for this, one approach is to create P permutations of the 

original data, so that the marginal probability distributions remain the same while 

correlations between the data are scrambled. One can use these permutations to establish 

a test of significance of the observed mutual information with a null hypothesis of 

independence versus a one-sided alternative. The  approximate p-value is then the 

percentage of mutual information values from different permutations that are greater than 

the observed mutual information from the original data46, 53. Also, the average mutual 

information for the permuted data, the “independent information”, can be subtracted from 

the observed mutual information to yield the “excess mutual information”, a more 

reliable estimate of the true mutual information51, 52.  

When adaptive partitioning is not used (and hence the marginal densities are not 

normalized), permutation approaches are inefficient in sampling the distribution of the 

mutual information under the null hypothesis, because permuted values are likely to fall 

into bins overrepresented in the marginal densities; adaptive partitioning fixes this 

inefficiency by normalizing marginal densities without altering correlations between 

variables. One can apply the permutation approach above to nearest-neighbor estimates 

as well, as these also will have bias due to finite sample sizes. For example, a combined 

K-fold resampling/permutation test was found to be useful in conjunction with nearest-
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neighbor mutual information estimates to discriminate between relevant and independent 

features in feature selection53. A major drawback to the permutation approach is that it is 

computationally demanding in processing time and in memory.  Moreover, permutations 

introduce random error because not all N! permutations can be made53.  

Instead, since adaptive partitioning is used in this work, we noted that the same 

distribution of the “independent information” is appropriate for all pairs of degrees of 

freedom. The distribution of the mutual information for independent variables for given 

data size N and number of marginal bins r and s has not yet been analytically solved, 

though in some cases can be empirically fit52.  However, because an analytical, 

parametric approach is not available, we perform Monte Carlo sampling to obtain the 

reference distribution of the “independent information” for all pairs of torsions.  With 

adaptive partitioning, the marginal counts are nearly uniform and in any case are 

equivalent for different pairs of torsions. Thus, all pairs of torsions will have the same 

distribution in histogram bin space under the null hypothesis of independence. To 

construct the reference distribution for a pair of independent torsions, we first make a 

copy of the marginal distributions for a given pair of torsions (it doesn’t matter which 

pair we choose). Then, we choose ordered pairs of bin indices at random from these 

marginal distributions and place them into a 2-D histogram without replacement. The 

mutual information is calculated according to Eq. 2  above, and this procedure is repeated 

1000 times to create a distribution of the mutual information under the null hypothesis of 

independence for the given number of datapoints N and number of bins r. 

We use this distribution of “independent information” for a significance test of 

observed mutual information values, and we subtract the average “independent 
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information” from the observed mutual information to yield the “excess” mutual 

information; this filters out insignificant mutual information values and corrects for finite 

sample size bias. Because this analysis empirically generates a distribution under the null 

hypothesis, the false positive rate for keeping a nonzero mutual information value for 

torsions that are truly independent is α, the significance level (in our case, 0.01). This 

false positive rate will be further reduced by consideration of the alternative hypothesis. 

 

Bayesian Filter to Remove False Positives 

Most approaches that filter mutual information values using tests of statistical 

significance do so according to whether the null hypothesis of independence can be 

rejected using descriptive statistics. One disadvantage of these approaches is that they do 

not consider the distribution of the mutual information under the alternative hypothesis. 

In Bayesian statistics, the mutual information is a random variable with a distribution, 

and the probability that the mutual information is greater than a a given value can be 

calculated. Approximations to the distribution of the mutual information have been 

described that account for uncertainties in the estimates of the probability density 

functions54. The first two central moments of the distribution, the expectation E[I] and 

variance Var[I] of the true information given the data and prior, are given as follows: 

   (3) 

  (4) 
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where nij=nij(observed)+nij(virtual), and the virtual counts come from a noninformative 

Dirichlet prior (nij=1 for the uniform prior, which was used in this work). 

Approximations for the leading order terms for the third and fourth central moments have 

been reported54, and could be used in an Edgeworth expansion to approximate the 

distribution, but for robustness we chose instead to simply use a Gaussian with the above 

mean and variance, which fit reasonably well to simulated data in a model system54. We 

then use this approximate distribution of the mutual information to calculate P(I<E[Iind]), 

the probability that the true mutual information is below that expected for independent 

torsions (calculated using Eq. 3 averaged over 1000 simulated independent datasets). 

Pairs of torsions with P(I<E[Iind]) > α are not significant and are discarded. 

 

Corrections to the Mutual Information Accounting for Incomplete Sampling 

To obtain accurate entropies and mutual information values up to second order, 

simulations must be run many times longer than the slowest autocorrelation and pair 

correlation times, and data points should represent independent observations. Due to 

limited computing power, this is rarely the case, and molecules in simulations carry with 

them some memory of their initial states. For example, consider a salt bridge. Salt bridges 

can form strong electrostatic interactions, and hence it can take a long time to sample 

their full conformational space (long autocorrelation time) and even longer to sample all 

populated pairwise conformations (long pair correlation times). Thus, a salt bridge may 

retain some memory of its initial conformation, which will fade away on the timescale of 

the pair decorrelation time (approximately). In practice, we decided to use data from 

multiple simulations to penalize this kind of undersampling in a novel way. 
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First, we first aggregate the counts for two degrees of freedom from a set of 

simulations (sample ensembles) of size nsims, and calculate the mutual information for all 

the simulations taken together. Intuitively, two torsions in different simulations should 

not be correlated, as they should sample their probability distributions independently. 

Any non-zero (excess) mutual information between these torsions is a measure of 

conformational undersampling bias that we can subtract from the mutual information 

between the torsions for the set of simulations.  To correct the mutual information for 

artifactual correlations due to incomplete sampling, we calculate the excess mutual 

information and then subtract the average excess mutual information between two 

degrees of freedom in different pairs of simulations (when it is positive): 

   (5) 

Here i and j correspond to the different torsions, l and k are the indices of the pairs of 

different simulations, and Iind is calculated for a pair of simulations just as the 

independent information is calculated for a set of simulations using the Monte Carlo 

recipe above, except that values of < Iind> lower than the standard deviation of Iind are 

zeroed to reduce noise from this term. For the mutual information between torsions in 

different simulations, we use half as many bins (r’ = r/2), because the number of 

datapoints N’ for the histograms is smaller than the total number of datapoints from all 

simulations, N (N’=N/nsims). Significant mutual information values are those that have 

passed the significance test vs. the null hypothesis, the Bayesian filtering using the 

alternative hypothesis, and whose corrected excess mutual information (eq. 5) is greater 

than zero. 
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 When we consider the mutual information between pairs of residues, we take the 

sum of the mutual information between pairs of residues’ torsions: 

                    (6) 

 This may overestimate the total mutual information between two residues, as we neglect 

the higher-order terms in Eq. 1. Inclusion of statistically significant higher order terms 

(which would require more data points) would further increase the accuracy of the 

calculated mutual information between pairs of residues. Nonetheless, our results below 

show that our robust use of second-order terms is a powerful means to identify residues 

with correlated conformations. 

 

Molecular Dynamics Simulations 

Molecular dynamics simulations on interleukin-2 (IL-2), alone and in complex with three 

ligands, were performed using GROMACS 3.355, 56 and the AMBER-99  forcefield57. 

Loops missing atomic coordinates, such as residues 1-5, 75-76, and 99-102 in apo IL-2, 

were closed using loop prediction via the Protein Local Optimization Program (PLOP58). 

Protonation states of histidine side-chains at pH 7 were given by MCCE59, 60: we 

modelled His16 as positively charged (residue name “HIP”) and His55 and His79 as ε-

protonated.  Two ligand-bound forms of IL-2 were prepared, with either Ro26-4550 

(amino(3-(2-(1-methoxy-1-oxo-3-(4-(phenylethynyl)phenyl)propan-2-ylamino)-2-

oxoethyl)piperidin-1-yl)methaniminium)61, 62 bound to the competitive IL-2Rα site 

(PDB:1M48), or compound 7c (1-(3,4-dihydro-1H-pyrido[3,4-b]indol-2(9H)-yl)-2-

methoxyethanone) bound to the allosteric site63. Compound 7c was built from 



 23 

PDB:1NBP by modifying the covalent compound 7t in the crystal structure to the 

noncovalent compound 7c in Maestro (Schrodinger, 2007), then using PLOP loop 

prediction to optimize the loop from residue 29 to 33, and to fill in missing residues 

between residues 73 to 78, in each case simultaneously optimizing side-chains within 12 

Å of the given loop region. These ligands were parametrized for MD by GAFF64 and 

assigned AM1-BCC charges65, 66. Each apo protein or complex was energy minimized in 

explicit solvent using GROMACS, and five copies of each of the three constructs (apo, 

competitive site bound, and allosteric site bound) were equilibrated at 300K (with 

different random seeds) using constant volume for 10 ps and using a constant pressure of 

1 atm for 100 ps using the Berendsen barostat67, with hydrogens constrained using the 

Lincs algorithm68. Equilibration of each simulation was followed by a 10 ns production 

run, with snapshots of the atomic coordinates recorded every 1 ps. Actual lengths of 

individual simulations ranged between 9.6ns and 11ns for technical reasons. RMSDs of 

the two compound binding sites over the simulations showed that all of the five 

simulations per apo or small-molecule bound construct were stable. 

 

Ensemble Docking 

We clustered MD snapshots from the IL-2 simulations with allosteric compound bound 

according to the coordinates of residues in the competitive site using QT clustering69 as 

provided in GROMACS (“g_cluster  -method gromos”). Then, to each cluster 

representative we docked the Roche competitive site ligand Ro26-455061, which binds 

cooperatively with the allosteric ligand. This ensemble docking was performed using the 

XGlide cross-docking script (Schrodinger, 2007, Script Center XGlide v. 1.1.2.6, 
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mmshare v. 16109, using inner and outer grid box lengths of 10Å and 18Å, 

respectively)70. 

 

 

Results and Discussion 

We applied our MutInf approach to elucidate the mechanism of small molecule 

binding cooperativity in human interleukin-2.  Little is known about how binding of 

ligand at the IL-2Rα binding site enables binding of a small molecule fragment to a 

cryptic allosteric site. These ligands bind at least 6.9 Å apart at their closest approach in 

the predicted ternary complex. Crystal structures of complexes of interleukin-2 with 

small molecules bound to different sites did not show substantial structural changes at the 

other sites (maximum Cα RMSD 0.88 Å at the allosteric site for apo PDB:1M47 and 

competitive-bound PDB:1M48).  We therefore hypothesized that allostery and 

cooperativity in IL-2 arises largely from changes in dynamics and subtle population shifts 

rather than a major change in the preferred backbone conformation28, 38, 39.  

We used molecular dynamics to study correlated motions at the atomic level on a 

picosecond-nanosecond timescale, and used our MutInf approach to analyze sets of 10 

nanosecond trajectories of human interleukin-2, alone and in complex with different 

small molecule binding partners. Our goal was to show that MutInf can identify 

significant correlated conformations for functionally-important residues in simulations 

whose lengths and recording frequencies are typical of those in the current literature. 
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Mutual Information From Molecular Dynamics Identifies Significant Long-Range 

Correlations  

We first analyzed whether an unbiased, whole-protein analysis of correlations between 

residues in interleukin-2 would be able to identify cooperative sites and the correlations 

between them from the apo simulations alone.  For each pair of residues, we calculate the 

mutual information as per (Eq. 6) between all pairs of φ, ψ, and χ torsion angles for our 

apo simulations of interleukin-2. The mutual information is reported in units of kT, 

because of the relationship between mutual information and entropy (Eq. 1).  

When we plotted the statistically significant mutual information between pairs of 

residues’ torsions in IL-2, we found that only a small subset of residue pairs are highly 

correlated, while many are only marginally correlated (Figure 2A). A substantial part of 

the present work involved incorporating more robust entropy estimators for calculating 

the mutual information and filtering out insignificant correlations with the help of 

empirical or approximated distributions under the null and alternative hypotheses. So, as 

a control, we plotted the unfiltered mutual information between residues’ torsions in 

Figure 2B. Protocols with and without statistical filtering showed correlation between 

residues in the loops after helix 1 and between helices 2 and 3 (Figure 2A and 2B, red 

boxes on the diagonal and off the diagonal, respectively, and Figure 2C, red residues). 

Our statistical filtering, however, highlights these and removes background noise; only a 

subset of the pairwise correlations between residues in these regions make statistically 

significant contributions to the conformational entropy. Moreover, our MutInf approach 

identified significant correlations between residues in the loop region between helices 3 

and 4 and residues in other regions, in particular residues in the floppy N-terminal tail 
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(Ser6, Thr7) and the beginning of the N-terminal helix (11-15), residues in the loop 

between helices 2 and 3, and residues in the C-terminal helix (Figure 2A, blue boxes, and 

Figure 2C, blue residues). The loop between helices 2 and 3 displays significant 

variability in the different crystal structures of IL-2, and is at least partially disordered in 

most structures, indicating both that it is flexible and that it can adopt at least several 

conformations. Residues showing significant correlations near the C-terminus include 

two residues in the loop before the C-helix (Glu100 and Thr101), and residues along the 

C-helix (Arg120, Ile128, and Leu132, proximal to IL-2’s negatively-charged C-

terminus).   

 

Figure 2. Mutual Information captures significant correlations between residues in 
human interleukin-2. (A) Mutual information between residues’ torsions computed using 
the present approach, with statistical filtering as detailed in Methods.  (B) Same as in A 
but without any of the aforementioned statistical corrections. (C) The model of full-
length human interleukin-2 used in the apo simulations, based on the crystal structure of 
apo IL-2 (PDB: 1M47). Residues surrounded by red boxes in A are colored red, while 
residues correlated to these that are surrounded by blue boxes in A are colored blue. 
 
 

We compared our MutInf method to previously-reported methods for identifying 

correlated motions, in particular the Gaussian Network Model (GNM) approach of Bahar 

and colleagues71 and the Cartesian mutual information method of Lange and 
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Grubmüller34. Both our method and the GNM method suggested correlation between 

residues in the loop after helix 1 and residues in the loop between helices 2 and 3 (red 

boxes on the diagonal and off the diagonal, respectively, Figure 2A, 3A). We found that 

our approach highlighted strong correlations and gave low background noise, while the 

Cα cross-correlation matrix using a GNM (with 10 Å Cα-Cα cutoff) gave a noisier 

pattern of correlations, as did Lange and Grubmüller’s mutual information method 

applied to the Cartesian coordinates of Cα atoms (Figure 3B).  

 
Figure 3. Comparison of pairwise, dynamical correlations between residues computed by 
alternative methods. (A) Absolute value of the cross-correlation matrix computed using 
the Gaussian Network Model. (B)  Mutual Information between residues’ Cα Cartesian 
coordinates using the approach of Lange and Grubmüller. 
 

Our identification of significant long-range correlations led us to investigate the 

distribution of correlations between residue pairs as a function of distance between the 

residues’ Cα atoms (Figure 4). As would be expected, the number of weak correlations 

decreases as the distance between residues increases. However, residues separated by 

substantial distances have correlations of 0.4 kT or more just as often as residues 

separated by short distances.  



 28 

Looking more closely, we see that there are strong couplings between pairs of 

distant residues (Figure 5). Here, we highlight correlations of magnitude greater than kT 

between distant residues, namely those with alpha carbon separations of more than 5 Å. 

Again, we observe strong couplings between the N-terminus of helix A, Tyr31 at the C-

terminal end of helix A, and the adaptive loop region (74, 76-78), as well as between 

Gln74 and Glu100, and between Glu100 and Ile128 near IL-2’s C-terminus. It is not 

surprising that many of these residues are polar, as molecular dynamics simulations 

include terms for long-ranged electrostatic and ion-dipole interactions. Gaussian Network 

Models, on the other hand, do not model such sequence-dependent, long-range 

interactions, and so it is not surprising that the correlations between distant residues are 

typically weak.  Electrostatic interactions can be both directly and indirectly responsible 

for long-range correlations in residues’ conformations; directly, through Coulomb’s law, 

and indirectly, through a dynamic network of charged and hydrogen-bonding polar 

residues, and through altering the first-shell water structure around the protein (in 

simulations with explicit solvent). Unlike charge-dipole or dipole-dipole interactions, 

where the effective range decreases through averaging over orientations72, charge-charge 

interactions retain their long-range nature even when averaged over orientations.  

Other factors that can give rise to correlated conformations include hydrophobic 

packing and rigid-body motions of semi-rigid secondary structure elements, such as α-

helices.  We note that our approach does not typically show strong correlations within 

semi-rigid elements such as α-helices or the central hydrophobic core of the four-helix 

bundle. Two possible reasons for this are because mutual information values are not 

normalized quantities and because higher-order correlations are not captured. As the 
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maximum mutual information between two residues is the minimum of their self-

entropies (flexibilities), residues that have higher self-entropies (more flexible) can 

exhibit a greater magnitude of coupling with other residues. This behavior is 

thermodynamically appropriate because the un-normalized mutual information is related 

to the configurational entropy (Eq. 1), and not a normalized quantity. Furthermore, this 

behavior is consistent with thermodynamic considerations in intrinsically disordered 

proteins, where disorder in one or both domains serves to optimize allosteric coupling 

between the sites73. Such allosteric coupling does not require a network of interactions 

linking the sites. In the present study on interleukin-2, flexible resides at either end of a 

helix showed couplings > kT in some cases while intervening helical residues did not 

(Figure 5), because mutual information values, unlike correlation coefficients, are not 

normalized for residues’ self-fluctuations.  We note that even normalized pairwise 

correlations (i.e. Figure 3A) do not include the higher-order correlations that would be 

expected within semi-rigid elements, and while the Gaussian Normal Mode results (with 

default cutoffs) show weak couplings between the N-terminus of helix A and Tyr31 at the 

C-terminal end of helix A, and between the adaptive loop region (74, 76-78) and Glu100, 

these are not visibly distinct features (Figure 3A). In any case, as the goal of our approach 

is to identify correlations between the conformations of functional sites on a protein, it is 

not necessary to identify all of the residues that indirectly mediate such correlations, 

though this is an area for future work. We will later focus on coupling between two small 

molecule binding sites in interleukin-2, which are physically connected by flexible loops 

and sidechains, rather than semi-rigid secondary structure elements. 
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Figure 4. Most of the significant correlations are between distant residues. A 2-D 
histogram showing the number of pairs of correlated residues vs. Cα separation and 
mutual information value shows that the number and strength of correlated pairs 
decreases only modestly with distance. For clarity, only those pairs of correlations with a 
mutual information greater than 0.25 kT are shown.  

 
 
Figure 5. Several distant residues are highly correlated. (A) Correlations greater than kT 
are shown only for IL-2 residues whose alpha carbons are separated by more than 5 Å. 
(B) Dashes connecting each pair of these correlated residues show long-rage correlations 
across the length of the helical bundle.  
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Hierarchical Clustering Indentifies Dynamic “Hot-Spots” In Interleukin-2 

For a site to be suitable for allosteric inhibitor design, it must be both (1) 

allosteric, causing shape or flexibility changes at other sites1, and (2) druggable, having 

the right shape and hydrophobicity for drug-like small molecules74. Here, our goal was to 

predict which sites were most likely to alter structure or dynamics at known functional 

sites upon perturbation (by ligand binding, for example). To search for such sites, we 

wanted to identify groups of residues responsible for correlations between functional 

sites.   

In biological networks such as protein-protein interaction networks, functional 

connections between various proteins are preferentially mediated by “hubs” that interact 

with a greater than average number of partners75. Similarly, functional connections 

between various protein sites are thought to be mediated by “hub” residues or clusters of 

residues25, 27. We hypothesized that clusters of residues correlated to many other residues, 

i.e. “dynamical hotspots”, could be potential sites or mediators for allosteric modulation 

of other sites. To find such “dynamical hotspots”, we performed a hierarchical clustering 

of the matrix of mutual information values between residues, in analogy to the analysis of 

microarray data, using the “heatmap” function in R (http://www.r-project.org/). We used 

a Euclidean distance metric so that residues showing similar patterns of correlations with 

other residues are clustered together. Interestingly, one cluster of residues emerged with 

the strongest correlations within cluster members and the strongest correlations to other 

residues, and was previously found to be an adaptive region that could bind a number of 

small-molecule fragments as measured by Tethering experiments62. Residues in this 
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cluster are colored red in Figure 6 and mostly reside in the flexible loop between helices 

2 and 3, with two in the N-terminal floppy tail and one in the flexible C-terminal loop. 

Because the mutual information between two torsions is less than either of their self-

entropies, it is not surprising that flexible residues often have high mutual information 

with other residues. This red cluster constitutes a “dynamic hotspot”, as it is highly 

correlated to other clusters of residues. Furthermore, as this red cluster is correlated to the 

blue cluster containing the IL-2Rα inhibitor binding site, our method predicts the red 

cluster to be a candidate region for allosteric modulation of the IL-2Rα site. Two similar 

clusters can also be seen when mutual information values from subsets of the five 

simulations are block-averaged (for details on this method please see Chapter 4). 

However, our approach does not yet predict whether such a site would be druggable by 

small-molecule allosteric modulators or contain “hotspots” of affinity for protein-protein 

interactions. 
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Figure 6. Hierarchical clustering of significant mutual information values identifies 
allosteric sites. A hierarchically-clustered heatmap shows clusters (top left) of residues 
with similar patterns of mutual information across IL-2 residues. A close-up view 
highlights numerous significant mutual information values between pairs of residues in 
two different clusters, red and blue. These red and blue clusters are highlighted in a 
model of IL-2’s ternary complex (right). The strongest cluster (red sticks) chiefly 
involves a loop enclosing the allosteric fragment’s binding site, and this cluster is 
correlated to a cluster (blue sticks) containing two protein binding sites, the IL-2Rα-
receptor-binding/IL-2Rα-inhibitor-binding site and the IL-2Rβ-binding site. The two 
compound binding sites and the two protein-binding sites are directly correlated through 
the hydrophobic core (in the blue cluster), through a highly flexible loop (in the red 
cluster), and crosstalk between these elements, seen in a close-up view of the matrix 
(bottom).  
 
 
Chemical Shift Perturbations Upon Binding Corroborate Predicted Correlated 
Motions 
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While direct experimental methods to identify correlated motions by NMR are 

limited, one can use chemical shift perturbations and changes in side-chain order 

parameters of residues outside a binding pocket to identify population shifts in residues 

within or proximal to allosteric sites that accompany ligand binding. A study by scientists 

at Roche identified IL-2 residues showing backbone and side-chain amide chemical shift 

perturbations upon binding IL-2Rα receptor or IL-2Rα-competitive small molecule61. For 

example, Tyr31, Gln74 and Ser75 (in the strong cluster colored “red” in Figure 6) show 

strong 15N/1H chemical shift perturbations following competitive ligand binding, though 

these residues are not in the competitive binding site. While ring current effects from the 

ligand’s biphenyl group could contribute to these shift perturbations, they are 

qualitatively consistent with our prediction that these residues’ conformations are 

correlated to the conformation of the IL-2Rα binding site.  Furthermore, several residues 

or regions distal from the IL-2/IL-2Rα interface identified by our approach as highly 

correlated to the “blue” cluster (encompassing many residues in the IL-2/IL-2Rα 

interface, PDB: 1Z9276) showed substantial chemical shift perturbations upon IL-2Rα 

binding (Figure 7). Unfortunately, resonance overlap restricted the analysis of chemical 

shift perturbations, notably in most of the flexible loop in the red cluster, so we cannot 

test our prediction that one would see many perturbations in the flexible loop. It is 

important to note that none of the nine residues showing insignificant chemical shift 

perturbations (Asn26, Thr37, Met104, Cys105, Tyr107, Thr113, Ile122)61 appeared in the 

red or blue highly correlated clusters. 
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Figure 7. Predicted couplings are consistent with regions perturbed upon IL-2Rα 
binding. Regions distant from the IL-2Rα receptor binding site that show substantial 
backbone chemical shift perturbations upon IL-2Rα binding61 roughly correspond to 
regions with residues whose conformations are correlated with residues in the IL-2Rα 
binding site (predominantly residues in the “blue” cluster in Figure 6). Amides on IL-2 
whose resonances shifted by more than three linewidths upon IL-2Rα binding or fell 
below 7% of the original intensity are shown as spheres. Residues from the “red and 
“blue” clusters shown in Figure 6 are colored accordingly. IL-2 is as shown in cartoon 
and sticks as in Figure 6, while IL-2Rα is shown in green. 
 
 
Communication Between Cooperative Compound Binding Sites Involves a Polar, 

Solvent-Exposed Network and a Greasy Core 

. In the previous sections we used a global description of pairwise couplings to 

identify putative allosteric sites from correlations between clusters of residues. Presently, 

we apply our method to study the mechanism of coupling between two given allosteric 

sites. From our matrix of pairwise correlations between residues in apo-IL2 and 

representative structures from the conformational ensemble, we could infer a structural 

mechanism by which the two small molecule binding sites might be coupled.  In Figure 8 

we show matrix elements corresponding to residues in the IL-2Rα-competitive site and 

residues in the allosteric site, along with representative conformations of these residues. 

These representative conformers were picked by clustering the MD snapshots according 
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to the RMSD of residues in the “red” cluster that belonged to the highly flexible loop or 

were proximal to the N-terminus.   

Thermodynamically, the two sites are coupled directly by the off-diagonal gray 

matrix elements in Figure 8 in the box denoting “Correlations Between Sites”. These two 

sites may also be coupled by higher-order terms involving other residues, which our 

pairwise analysis does not address (save for the hierarchical clustering which uses 

patterns of correlation rather than the correlations themselves).  From the representative 

conformations for these residues in Figure 8, the two sites appear to be coupled via a 

polar network on the protein surface and a greasy core. Two residues are common to both 

binding sites, namely Lys35 and Met39. The side-chain of Met39, for example, can 

directly interact with both of the cooperative small molecules, and will be discussed in 

more detail later. A number of polar side-chains pointing toward the solvent form a 

network of hydrogen-bonding and electrostatic interactions. In particular, Gln74 (dark 

green lines) samples a wide swath of conformations, sometimes hydrogen bonding with 

basic residues in the competitive site (Lys35, dark blue, and Arg38, light blue), and other 

times hydrogen bonding with basic Arg81 (gray) near the allosteric site. Also, 

correlations between residues in the greasy core connect hydrophobic surfaces of both 

compound binding sites; when bound, the allosteric or competitive small molecule would 

be contiguous with this hydrophobic network. Notably, the matrix elements showing 

“Correlations Between Sites” indicate that the conformations of residues in the polar 

network and greasy core are coupled. Thus, a more accurate mechanism for the coupling 

would be that the two sites are coupled via a polar network, a greasy core, and crosstalk 

between these elements.  
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Figure 8. Direct, pairwise correlations couple residues in the IL-2Rα-competitive site (at 
the IL-2:IL-2Rα interface) to residues in the allosteric fragment-binding site (near the IL-
2:IL-2Rβ interface). (Top left) Apo IL-2 is shown in green ribbon while representative 
conformations of residues showing strong correlations within and between these sites are 
shown with lines. Overlap between clouds of residues’ conformations suggest steric 
coupling, particularly in the greasy core, from Leu80 (orange) and Ler85 (tan) to Phe78 
(brown), to Tyr31 (magenta), to Met39 (yellow), and to Phe42 (red). (Top right) A subset 
of the full matrix of pairwise correlations reveals direct correlations between residues in 
the two sites, with the labeled boxes showing correlations within the allosteric site, within 
the competitive site, and between these two sites. (Bottom) A force-directed network 
diagram77 for residues in these sites filtered for correlations of at least 0.05kT shows 
Phe78, Tyr31, Gln74, and Arg81 as central “hub” residues mediating correlations 
between the sites.  
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Ligand Binding At Allosteric Site Causes Rotamer Population Shifts That Promote 

Competitive Site Inhibitor Binding 

 The preceding analysis suggests that the two sites are connected via correlated 

motions, and that this could explain the observed allostery. To directly test our hypothesis 

that the experimentally observed cooperativity between the sites involves subtle 

population shifts in residues exhibiting correlated motions, we performed additional 

simulations with a competitive or an allosteric inhibitor bound, and asked whether 

simulations with the allosteric inhibitor bound would cause population shifts in the 

competitive site similar to those observed in simulations with the competitive inhibitor.  

Comparing the crystal structures of apo IL-2 (PDB:1M47) to competitive-site-inhibited 

IL-2 (PDB:1M48), we note that the motion of two side chains, Met39 and Phe42, opened 

up a binding groove for the ligand that was closed in the apo structure.  

We then asked whether population shifts caused by allosteric ligand binding 

would help open up the competitive site for competitive ligand binding. To address this 

question, we examined side-chain torsion angle distributions for Phe42 and Met39 in 

simulations with compound at either site and compared these to distributions from the 

apo simulations (using  histogram bins of 6 degrees and 10 ps time intervals). The 

populations of side chain dihedrals angles in Phe42 and Met39 show substantial 

differences between the apo protein and the protein bound with competitive and allosteric 

inhibitors (Figure 9, Figure 10). Interestingly, the populations observed for the allosteric 
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compound-bound protein are intermediate between apo IL-2 and competitive-site-bound 

IL-2.  Phe42, a hot-spot residue critical for ligand binding and protein binding, adopts a 

different χ1 rotamer for ligand binding than it does for protein binding, which is more 

similar to the apo rotamer (Figure 9). The χ1 rotamer selected by ligand in competitive-

site-bound simulations (100% population) was more populated (89%) in allosteric-bound 

simulations than in apo simulations (39%), showing a population shift caused by 

allosteric compound binding.  

We predict that Met39 is an important mediator of binding cooperativity because 

its conformation is correlated to that of Phe42 and because it shows χ1 and χ2 population 

shifts upon allosteric compound binding in the same direction as population shifts from 

the apo to competitive inhibitor-bound distributions. In crystal structures, Met39 adopts 

similar conformations in complexes with competitive inhibitor or allosteric inhibitor that 

both differ from the conformation in the apo structure. Met39 is in an “up” conformation 

in the apo structure, packed against hot-spot residue Phe42. In competitive inhibitor-

bound structures, the side-chain of this Met moves down to slightly enlarge the pocket for 

a ligand aromatic ring, while in the allosteric-bound structure, the Met sidechain moves 

down to interact weakly with the ligand and fill in part of the hydrophobic pocket opened 

to accommodate the ligand (Figure 10). Interestingly, this Met39 is not critical for a high-

affinity competitive ligand to bind at the competitive site78, presumably because mutating 

it to alanine would simply make that hydrophobic pocket a little larger. However, it is 

currently unknown whether this residue is required for allosteric ligand binding or for the 

binding cooperativity, as we predict. Our calculations indicate that cross-talk contributing 

to cooperativity involves not only the greasy core (of which Met39 and Phe42 are a part), 
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but also the loop between helices 3 and 4 and a polar network involving a number of 

basic residues on the protein surface. This hypotheses could be further tested by 

conservative mutations of residues such as Gln74, which is not part of either ligand’s 

binding site; Lys35, whose alkyl tail but not polar head contacts compound 1 in the 

crystal structure; or Met39, whose alanine mutation only shows a slight effect on 

competitive ligand binding79 

 

 

 

 

Figure 9.  Compound binding to the allosteric site causes a population shift in the 
conformation of hot-spot residue Phe42 that favors binding compound at the IL-2Rα-
competitive site. (Top) Conformations of Phe42 in apo and compound-bound crystal 
structures (PDB IDs 1M47, 1M48, and 1NBP, resp.). (Bottom) Histograms of Phe42’s χ1 
angle from MD simulations.  Red boxes highlight the χ1 population selected by ligand 
binding at the competitive site. 
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Figure 10.  Compound binding to the IL-2Rα site or to the allosteric site selects 
conformations of Met39 favorable for binding compound at the other site. (Top) 
Conformations of Met39 in apo and compound-bound crystal structures (PDB IDs 1M47, 
1M48, and 1NBP, resp.). (Bottom) Histograms of Met39’s χ1 and χ2 angles from MD 
simulations. Orange boxes in χ1 and red boxes in χ2 highlight populations suppressed in 
ligand-bound simulations.  
 
 
Conformational Selection In Silico by Allosteric Ligand  

 The preceding analysis suggests that binding at the allosteric site can positively 

modulate binding at the competitive site through changing the distribution of side chain 

rotamers.  To more directly assess the relationship between these relatively subtle 

changes and ligand binding, we have performed small-molecule docking against 

snapshots from the MD simulations (Figure 11).  Although the scores from docking to 

MD snapshots cannot be interpreted as accurate binding affinities, we use them as way of 
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qualitatively assessing whether the conformation of the site is appropriate for binding the 

competitive inhibitor. Because this site consists of many flexible side-chains, RMSD of 

the competitive binding site residues to the complexed crystal structure was not an 

appropriate measure of whether the competitive site’s conformation was favorable for 

competitive ligand binding.  We found that the best-scoring docked pose roughly 

superimposes with the crystal ligand (2.8 Å RMSD without fitting, 1.4 Å RMSD with 

rotational/translational fitting, Figure 11C). The cluster of MD snapshots with the best-

scoring docked ligand represented 0.033% of total snapshots. Thus, our relatively short 

molecular dynamics simulations sampled conformers suitable for binding competitive 

site ligand at 300K in the presence of allosteric ligand, enabling us to create a model of 

the ternary complex (Figure 11C). 
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Conclusions 

We have reported novel improvements to mutual information calculations that 

make them robust enough for relatively short molecular dynamics simulations and have 

applied our MutInf method to interrogate the mechanism of small molecule binding 

cooperativity in human interleukin-2. We found better separation of signal from noise in 

Figure 11.  Docking using Glide XP 
selects a holo-like conformation from an 
MD ensemble. (A, B) Plots of docking 
score vs. ligand RMSD to the forcefield-
minimized co-crystal conformation 
show that the best-scoring docked poses 
from simulations with (B) but not 
without (A) allosteric compound bound 
had relatively low RMSD values. The 
best-scoring pose is circled. (C) 
Molecular dynamics snapshot from a 
simulation of IL-2 with bound allosteric 
fragment is shown with docked (yellow) 
vs. superimposed X-ray (magenta) 
conformations of a micromolar small 
molecule inhibitor of IL-2Rα binding. 
Though the absolute RMSD for this 
ligand is 2.9Å (1.6Å RMSD after 
fitting), it has a binding mode very 
similar to that of the crystal ligand.  
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our matrix of correlations between pairs of torsions than in similar matrices that 

examined backbone Cα correlations. We identified not only local correlations in sequence 

and in distance space but also long-range correlations. Clustering the matrix of mutual 

information between residues, we identified a few clusters whose residues showed strong 

patterns of correlations. Two of these clusters highlighted key functional sites, namely the 

IL-2Rα-competitive protein interface/inhibitor binding site and a highly flexible loop that 

has to move to reveal a cryptic binding pocket for the allosteric ligand. Furthermore, we 

found that the conformations of a number of pairs of residues in these two functional sites 

were strongly correlated.  

As MutInf identified known cooperative binding or functional sites within the top 

clusters and correlations between them, we believe that this approach will be useful in 

identifying novel allosteric sites for proteins or for small molecules. For example, we 

predict potential allostery between the flexible loop surrounding the allosteric compound 

binding site and the N-terminus of helix 1, the loop region around Glu100, and the C-

terminus. Our prediction is further supported by the observation that all of these regions 

showed significant backbone NMR chemical shift perturbations upon binding of the IL-

2Rα receptor61. However, the biological roles of these regions are not clear. The C-

terminus of IL-2 interacts weakly with the γc receptor75, 80, 81 (KD ~0.7 mM) and 

independently of IL-2Rα binding. NMR chemical shift perturbations and isoelectric point 

changes upon addition of methionine to IL-2’s N-terminus suggested a potential 

interaction between the N- and C-termini of apo IL-2 in solution82. Intriguingly, Thr3 is a 

site on human IL-2 that is variably glycosylated83; in mice, the N-terminus is longer and 

displays substantial sequence and glycosylation pattern variability, which in turn impacts 
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IL-2’s function in Type I diabetes in mouse models84, 85. An important caveat is that 

correlated motions are necessary but not sufficient for biologically-relevant allostery. 

Though our statistical filtering enables us to find significant correlations in 

relatively short simulations, in applications where accurate total conformational entropy 

is desired, multiple longer simulations may be required to obtain absolute total entropy 

values that all converge to the same value, and higher-order terms might be needed. 

Nonetheless, our approach is useful in determining which residues or groups of residues 

show correlated conformations and which residues may mediate crosstalk between 

functional sites. One caveat is that MutInf focuses on coupled residue conformations 

rather than vibrations, and so we may not efficiently capture the role of semi-rigid 

elements in mediating correlations between more flexible sites. Though we did not look 

at motions faster than 1 ps, these are likely not as critical for ligand binding cooperativity 

in interleukin-2, where the residues linking the sites are primarily in flexible loops and 

have flexible side-chains. In general, however, such faster-timescale motions can help 

mediate cooperativity between more flexible sites, and so future work is needed to 

properly account for these in our approach.  

Our calculations suggest that small molecule binding cooperativity in human 

interleukin-2 involves subtle population shifts and correlated conformations of two 

binding pockets coupled through a greasy core and a solvent-exposed polar network. 

New biophysical techniques to directly measure correlated motions by NMR would be 

useful in testing our predictions about correlated motions that couple allosteric sites. 
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Chapter 3. The Kullback-Leibler

divergence expansion

reveals effects of

allosteric perturbations

E-mail:

Abstract

We present a novel thermodnyamical approach to identify changes in macromoluec-

ular structure and dynamics in response to perturbations such as mutations or ligand

binding given molecular dynamics simulations of the unperturbed and perturbed con-

structs, using an expansion of the Kullback-Leibler Divergence that connects local

population shifts in torsion angles to changes in the free energy landscape of the pro-

tein. While the Kullback-Leibler Divergence is a known formula from information

theory, the novelty and power of our approach lies in its formal developments, con-

nection to thermodynamics, built-in statistical filtering, ease of visualization of results,

and extendability by adding higher-order terms.

We present a formal derivation of the Kullback-Leibler Divergence expansion and

then apply our method at a first-order approximation to three protein systems where

ligand binding, post-translational modification, or pH titration is known from experi-

ments to cause an effect at an allosteric site. Our results on these systems are qualita-

tively in agreement with experimental approaches measuring local changes in structure

∗To whom correspondence should be addressed
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or dynamics such as NMR chemical shift perturbations and hydrogen-deuterium ex-

change mass spectrometry. As our method produces easy-to-analyze results with low

backgroud, it has the potential to become a routine analysis when molecular dynamics

simulations in two or more conditions are available.

1 Introduction

We describe a computational approach that can be used to quantify our intuition about

effects of ligand binding on a conformational ensemble in a thermodynamically mean-

ingful way and formulate hypotheses about differences in conformational ensembles at the

residue-level that can be tested by alanine scanning or other mutagenesis techniques. More-

over, the results are easy-to-visualize and filtered for statistical significance so that the eye

is immediately drawn to residues showing significant perturbations.

With recent advancements in software and hardware for molecular dynamics simula-

tions1 2,3 and the increased presentation of conformational ensembles produced with guid-

ance or restraints from experimental data4,5 there is an increased need for analysis tech-

niques that can make statistical inferences regarding these conformational ensembles. One

important challenge is to determine, in an unbiased way, how perturbations such as lig-

and or protein binding or post-translational modification alter conformational ensembles.

Residues that show the largest response to particular perturbations could be important for

sending or receiving biochemical signals.

In a protein or protein complex, we would like to know where significant changes in

structure and dynamics occur following a perturbation such as ligand binding, mutation,

or post-translational modification. Also, we would like to know whether two different lig-

ands binding to the same site cause similar or different effects at distant sites. All of these

phenomena can involve both conformational changes and flexibility changes and can be

gleaned from rigorous thermodynamic conformational ensembles such as those generated

by methods such as molecular dynamics. A large number of methods have been previously
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presented to quantify changes in structure in dynamics. Here, we present a method for com-

paring two conformational ensembles – capturing both coformational changes and entroy

changes – based on a thermodynamic framework, and with built-in statistical significance

filters. Furthermore, Identifying these differential effects of ligand binding would be useful

in allosteric activator or inhibitor design, where binding alone is not sufficient for a change

in activity. To answer these quenstions, we calculate shifts in the populations of residues’

conformational distributions at near and distant sites following a given perturbation. We

analyze residues’ conformational distributions in torsion space, as torsions provide an apt

local description of biologically-relevant functional motions and do not have frame-fitting

issues inherent to Cartesian analysis.6 Especially for protein side chains, notions about

“average” positions and changes to “average” position are of limited use in making predic-

tions from equilibrium simulations, as their distributions are often multimodal, in torsional

or Cartesian space.

To identify protein residues exhibiting changes in structure and dynamics following lig-

and binding, mutation, or post-translational modification, we compare conformational en-

sembles (i.e. from molecular simulations) in a thermodynamically meaningful way. How

to do this comparison is a distinct question from merely comparing structures, or compar-

ing flexibilities or entropies of various degrees of freedom. Due to the high-dimensionality

of a molecule’s conformational space, approaches to compare molecular conformational

ensembles typically focus on global phenomena or localized phenomena. Approaches for

capturing global differences between conformational ensembles typically reduce the di-

mensionality by discretizing conformational space over a subset of degrees of freedom (i.e.

Cα atoms) into rapidly-converting "microstates" and slowly-converting "macrostates",5

by changing basis into a subset of the most significant collective coordinates by perform-

ing some flavor of principal coordinates analysis7 6.8 Approaches for capturing localized

differences between conformational ensembles, however, typically focus on average struc-

tural changes, average flexibility changes, contact maps,9 or correlated motions10.11 In this
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work, we develop a method for quantifying and visualizing localized differences between

conformational ensembles that can capture subtle changes in structure and/or flexibility,

filtered through statistical corrections. Our method is not intended to replace these other

methods, but rather to provide a tool to identify key players and hypotheses to test by

mutating one or more residues. The key distinctions of our method are its connection to

thermodynamics and ease of visualization that is on par with standard RMSD and r.m.s.

fluctuation analyses.

To quantify “population shifts” in residues’ conformational distributions, we use the

Kullback-Leibler divergence, a measure of the free energy difference between two equi-

librium ensembles, where one ensemble is the "reference" ensemble and the other is the

"perturbed" ensemble12.13 The Kullback-Leibler divergence or relative entropy is a funda-

mental quantity in information theory, and its differential version is given by:

KL(x1, ...,xm||x∗1, ...,x∗m) =
∫

J(x1, ...,xm)ρ(x1, ...,xm) ln
ρ(x1, ...,xm)

ρ∗(x∗1, ...,x
∗
m)

dx1, ...,dxm, (1)

where ρ∗ is the probability density function (p.d.f.) of the reference ensemble, and ρ is the

p.d.f. of the perturbed ensemble, and J indicates the Jacobian determinant. Torsion angles

(with fixed bond lengths and angles) or orthogonal Cartesian basis sets have a Jacobian of

unity, facilitating analysis.

The Kullback-Leibler divergence was previously derived to second order for a har-

monic Hamiltonian and applied to normal-modes models of proteins.14 It was applied to

trypsinogen to not only refine a normal-mode model against atomistic simulation data, but

also to quantify coupling between trypsinogen’s active and regulatory sites. In a different

study, this measure was applied to identify functional sites in a large test set of proteins.

This approach to identify functional sites was based on the observation that functional sites

tended to co-localize with surface sites where addition of a spherical probe and harmonic

couplings to nearby protein atoms caused a large change in the total Kullback-Leibler di-

60



vergence for the protein.15 d The Kullback-Leibler divergence was also applied at second

order in a perturbational formulation of principal components analysis (PCA) to identify

effective perturbations deriving from arbitrary linearly independent perturbation functions

that contribute to differences between conformational ensembles.6 In PCA of Cα atoms,

a common practice in molecular dynamics simulations, these perturbation functions are

identity operators on the Cartesian coordinates. Here, the eigenvalues of the perturbation

functions’ covariance matrix (or that of the Cα coordinates in typical applications of PCA)

are related to the Kullback-Leibler divergence between ensembles.

To calculate the Kullback-Leibler divergence for macromolecular conformational en-

sembles containing many degrees of freedom, we propose an expansion over increasing

numbers of degrees of freedom. We derive a novel expansion of the K-L divergence over

single degrees of freedom, pairs of degrees of freedom, etc, utilizing the Generalized Kirk-

wood Superposition Approximation (GKSA), which has been previously used by Mat-

suda16 and by Killian et. al. for a configurational entropy expansion.17

The most immediate application in our work is use of first-order terms to calculate the

Kullback-Leibler divergence for protein residues from sums of the Kullback-Leibler diver-

gences of their constituent torsions, which could be readily refined by use of second-order

terms within residues. We expect that second- and higher-order terms will also be useful

in future applications. Importantly, our expansion connects such "local" Kullback-Leibler

divergences to the global Kullback-Leibler divergence for the conformational ensemble,

which has connections to the free energy; other measures of comparison such as r.m.s. de-

viation or chi-squared analysis lack this strong connection to thermodynamics. Our method

scales linearly with the number of residues in the protein (neglecting inter-residue second-

order and higher-order terms) and is thus applicable to large proteins, protein-protein com-

plexes, and DNA/RNA.

The novelty of our work lies in: (1) providing a thermodynamics-based local compar-

ison between conformational ensembles that accounts for both changes in structure and
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dynamics, in contrast with commonly-used methods such as root-mean-squared deviation

(RMSD) or root-mean-squared fluctuation (RMSF or B-factor analysis) (2) deriving an ex-

pansion that proscribes a way to compare distributions of multiple degrees of freedom (ex.

the multiple torsions of a protein residue or those of a group of residues), and a systematic

way to improve the accuracy of such comparisons (3) our discovery of a useful quantity,

what we call the “mutual divergence”–analogous to mutual information (except it uses rela-

tive entropy instead of entropy)–and it’s higher-order analog, (4) providing a discretization

correction to the Kullback-Leibler divergence, and (5) using bootstrap resampling on the

Kullback-Leibler divergence for statistical filtering and correction for sampling bias.

1.1 Marginal probability distributions of configurational space and

the Generalized Kirkwood Superposition Approximation

A protein’s geometry is most commonly described in Cartesian coordinates or in internal

bond-angle-torsion (BAT) coordinates. We use BAT coordinates, and focus our analysis on

φ , ψ , and χ torsion angles, as we believe these capture motions of most biophysical rele-

vance. The distribution of the m torsion angles (x1, ...,xm) of a protein’s "perturbed" equi-

librium conformational ensemble (perturbed by mutation, ligand binding, post-translational

modification, etc.) give rise to a probability distribution ρ(x1, ...,xm) over m degrees of

freedom; these are compared with a "reference" conformational ensemble having probabil-

ity distribution ρ∗.

As the number of snapshots of a protein’s geometry required to adequately approximate

this m-dimensional probability distribution function (p.d.f.) grows exponentially with in-

creasing m, we wish to approximate the m-dimensional p.d.f. using marginal distributions

of ρ(x1, ...,xm) involving only one and two variables. Such marginal distributions of order
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n are defined as follows:

ρ1(x j) =
∫

J(x1, ...,xm)ρ(x1, ...,xm)∏
i6= j

dxi = ρ1,s={ j}, (2)

ρ2(x j,xk) =
∫

J(x1, ...,xm)ρ(x1, ...,xm) ∏
i6= j,k

dxi = ρ2,s={ j,k}, (3)

ρn(x j1, ...,x jn) =
∫

J(x1, ...,xm)ρ(x1, ...,xm) ∏
i 6={ jn}

dxi = ρn,s={x1,...,xn−1} (4)

Where s denotes a set of degrees of freedom. In what follows, the subscript of proba-

bility densities ρn,k will either have one index indicating the number of degrees of freedom

and an argument list, or be expressed in shortened notation using two indices: the first, n,

indicating the number of degrees of freedom in the probability density function, and the

second, {k}, indicating a set of indices of degrees of freedom comprising the p.d.f.

The Generalized Kirkwood Superposition Approximation (GKSA) is of key importance

for the foundation of the present work. The GKSA at order m−1 approximates a probabil-

ity distribution with m degrees of freedom using lower-order probability density functions

consisting of a subset of the degrees of freedom, up to m− 1 degrees of freedom for an

order m−1 GKSA, and is perhaps easiest to express in log form:

ln ρ̂
m−1
m (x1, ...,xm) =

m−1

∑
n=1

(−1)m−n+1 ln
Cm

n

∏
k

ρn,k (5)

where Cm
n indicates all

(m
n

)
combinations of nth-order marginal probability density func-

tions of ρ , and ρ̂m−1 indicates the order m-1 GKSA approximation of ρ .
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2 Methods

2.1 Kullback-Leibler Divergence Expansion for three variables

To motivate the expansion of the Kullback-Leibler divergence, consider a probabilitiy dis-

tribution ρ(x1, ...,xm) = ρ(φ ,ψ,χ) that is a function of a set τ of three variables,τ =

{φ ,ψ,χ} . Suppose for example that these three variables denote the backbone and first

sidechain torsion angles of an amino acid in a peptide or protein. The Kirkwood expansion

for ρ is then:

ρ3(φ ,ψ,χ)≈ ρ2(φ ,ψ)ρ2(φ ,χ)ρ2(ψ,χ)

ρ1(φ)ρ1(ψ)ρ1(χ)
=

C3
2

∏
g

ρ2,g

C3
1

∏
k

ρ1,k

(6)

Where the notation Cq
p denotes all q-choose-p combinations of order-p marginal distri-

butions, and g and k denote two-member and one-member sets of degrees of freedom

comprising a particular combination of these Cq
p order-p marginals. Consider probability

distributions ρ and ρ∗ over m degrees of freedom.

Continuing with our example, inserting the Kirkwood expansion for ρ and ρ∗ into the

equation above yields:

KL(x1, ...,xm||x∗1, ...,x∗m) =
∫

ρ(x1, ...,xm) ln

C3
2

∏
g

ρ2,g

C3
1

∏
k

ρ1

C3
2

∏
g

ρ∗2,g

C3
1

∏
k

ρ∗1,k

dx1, ...,dxm (7)

Converting the log of a product into a sum of logs:

KL(x1, ...,xm||x∗1, ...,x∗m) =
∫

ρ(x1, ...,xm)(
C3

2

∑
g

ln
ρ2,g

ρ∗2,g
− (

C3
1

∑
k

ln
ρ1,k

ρ∗1,k
)dx1, ...,dxm (8)
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Due to linearity,

KL(x1, ...,xm||x∗1, ...,x∗m) =
C3

2

∑
g

∫
ρ(x1, ...,xm) ln

ρ2,g

ρ∗2,g
dx1, ...,dxm −

C3
1

∑
k

∫
ρ(x1, ...,xm) ln

ρ1,k

ρ∗1,k
dx1, ...,dxm

For each of these sums of Cn
m combinations of log terms, we can integrate out the m−n

degrees of freedom that are not part of each log term, and define dτn as the differential

volume element over the remaining n variables in each term.

KL(x1, ...,xm||x∗1, ...,x∗m) = ((
C3

2

∑
g

∫
ρ2,g ln

ρ2,g

ρ∗2,g
dτ

2)− (
C3

1

∑
k

∫
ρ1,k ln

ρ1,k

ρ∗1,k
dτ

1) (9)

Expanding, we see that this is merely the sum of Kullback-Leibler divergences of pair-

wise p.d.f.’s (with respect to their equilibrium values) minus the Kullback-Leibler diver-

gences of individual p.d.f.’s:

KL(x1, ...,xm||x∗1, ...,x∗m) =−
∫

ρ1(φ) ln
ρ2(φ)

ρ∗2 φ
dφ −

∫
ρ1(ψ) ln

ρ2(ψ)

ρ∗2 ψ
dψ

−
∫

ρ1(χ) ln
ρ2(χ)

ρ∗2 χ
dχ +

∫
ρ2(φ ,ψ) ln

ρ2(φ ,ψ)

ρ∗2 φ ,ψ
dφdψ

+
∫

ρ2(φ ,χ) ln
ρ2(φ ,χ)

ρ∗2 φ ,χ
dφdχ +

∫
ρ2(ψ,χ) ln

ρ2(ψ,χ)

ρ∗2 ψ,χ
dψdχ (10)

2.2 General derivation of Kullback-Leibler Divergence Expansion

Now that we have illustrated the Kullback-Leibler divergence Expansion for three degrees

of freedom, we next provide a general derivation of the expansion to m degrees of free-

dom, following similar procedures used in the entropy expansion in Killian et. al.17 and in
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Matsuda.16 Applying the GKSA approximation to p and p* inside the logarithm of Eq. (1),

KLm−1 =
∫

J(x1, ...,xm)∗ρm(x1, ...,xm)
m−1

∑
n=1

(−1)m−n+1 ln
Cm

n

∏
k

ρn,k

ρ∗n,k
dx1, ...,dxm (11)

The superscript above KL denotes the order of the approximation to the Kullback-Leibler

divergence. Again, Cm
n indicates all

(m
n

)
combinations of nth-order marginal probability

density functions of ρ , and ρ̂m−1 indicates the order m-1 GKSA approximation of ρ . As

before, k denotes n-member sets of degrees of freedom comprising a particular combination

of these Cm
n order-n marginals. Converting the log of the product into a sum over logs and

taking the sum outside the integral,

KLm−1 =
m−1

∑
n=1

(−1)m−n+1
Cm

n

∑
k

∫
J(x1, ...,xn)ρm(x1, ...,xm) ln

ρn,k

ρ∗n,k
dx1, ...,dxm (12)

We then integrate over the m-n dimensions that are independent of the log terms; these

each integrate to unity. Next, define dτnas the differential element of volume correspond-

ing to the n dimensions that remain (including the remaining portions of the Jacobian

determinant):

KLm−1 =
m−1

∑
n=1

(−1)m−n+1{
Cm

n

∑
k

∫
ρn,k ln

ρn,k

ρ∗n,k
dτ

n} (13)

As the term in braces in just an n-th order joint K-L divergence associated with each

subset k of n degrees of freedom chosen from (x1, ..,xm), this simplifies to:

KLm−1 =
m−1

∑
n=1

(−1)m−n+1{
Cm

n

∑
k

KLn,k} (14)

To calculate the requisite integrals, we can partition m-dimensional continuous torsional

space into a discrete space of histogram bins. Each degree of freedom’s marginal p.d.f.

is discretized into hisogram bin probabilities pi (with reference counts p∗i , and joint his-

tograms for marginal p.d.f.’s involving pairs of degrees of freedom are given by bin proba-
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bilities pi j (with refernece counts p∗i j. These probabilities each must sum to unity: ∑i pi = 1,

∑i j pi j = 1. This partitioning leads to the following expansion over contributions from sin-

gle degrees of freedom, pairs, triples, etc. for m degrees of freedom:

KL = (−1)m
Cm

1

∑
k

nbins

∑
i

pi ln
pi

p∗i
+(−1)m−1

Cm
2

∑
g

nbins2

∑
i j

pi j ln
pi j

p∗i j
+ ... (15)

Now, we note that the signs of the terms depends on the number of terms: this is

not ideal for an expansion. Thus, we need to introduce a term for the Kullback-Leibler

divergence that will play the same role as the mutual information in the entropy expansion

of Matsuda.16 We call this the Mutual divergence, M, between two degrees of freedom,

with marginal p.d.f.’s specified by pi and p j and joint histogram pi j in one ensemble (the

“target” ensemble), and with marginal p.d.f.’s specified by pi and p j and joint histogram

pi j in another ensemble (the “reference” ensemble):

M2 = ∑
i

pi ln
pi

p∗i
+∑

j
p j ln

p j

p∗j
−∑

i
∑

j
pi j ln

pi j

p∗i j
(16)

This can be equivalently expressed by combining terms into a single arument in the loga-

rithm:

M2 = ∑
i

∑
j

pi j ln
pi p j p∗i j

p∗i p∗j pi j
(17)

Here, the sums over i, j, and i j refer to one- and two-dimensional p.d.f.’s from a given

pair g of degrees of freedom.

Alternatively, we can view this mutual divergence M2 as a cross-information minus the

mutual information of the reference state:

M2 = ∑
i

∑
j

pi j ln
p∗i j

p∗i p∗j
− I(p∗i , p∗j) (18)

Where I(p∗i , p∗j) indicates the mutual information between these p.d.f.’s. Mutual diver-
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gence can be generalized to higher order:

Mn(x1, ...,xm||x∗1, ...,x∗m) =
m

∑
k=1

(−1)k+1
∑

i1<...<ik

D(xi1, ...,xik ||x
∗
i1, ...,x

∗
ik) (19)

Moreover, the mutual divergence satisfies a recursion relation analogous to Matsuda’s

recursion relation for higher-order mutual information:16

Mn(x1, ...,xm||x∗1, ...,x∗m) = Mm−1(x1, ...,xm−2,xm−1||x∗1, ...,x∗m−2,x
∗
m−1)

+Mm−1(x1, ...,xm−2,xm||x∗1, ...,x∗m−2,x
∗
m)

−Mm−1(x1, ...,xm−2,xm−1xm||x∗1, ...,x∗m−2,x
∗
m−1x∗m) (20)

Here, xm−1xm indicates the joint distribution of these degrees of freedom, as in the third

term of Eq. (16). In terms of the probability density, the higher-order mutual divergence is

given by:

Mn(x1, ...,xm||x∗1, ...,x∗m) = (−1)m
∑

x1,...,xm

pm(x1, ...,xm) ln
( p∗m(x1, ...,xm)p̂m−1(x1, ...,xm)

p̂∗m−1(x1, ...,xm)pn(x1, ...,xm)

)
(21)

where pm is the target distribution, p∗m is the reference distribution, and p̂m−1 and p̂∗m−1 are

their Generalized Kirkwood Superposition Approximations, which consist of up to order

m−1 probability densities. Applying this relation to the Kullback-Leibler divergence, we

obtain the desired expansion:

KL =
m

∑
n=1

nbins

∑
i

pi ln
pi

p∗i
−

m

∑
n=1

∑
n′ 6=n

nbins2

∑
i j

pi j ln
pi p j p∗i j

p∗i p∗j pi j
+ ... (22)

2.3 Local Kullback-Leibler divergence

We are interested in population shifts caused by perturbations that reflect subtle changes

in structure and/or dynamics in particular protein residues. We can visualize these most
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readily using the first-order terms from our expansion. Consider the terms in the Kullback-

Leibler divergence arising from a particular degree of freedom. These we will denote

the “local” Kullback-Leibler divergence and provide an information-theoretic, quantitative

measure of the extent to which the p.d.f. for a given degree of freedom deviates from

the equilibrium p.d.f. This provides a much less-biased measure of changes in probability

density than the chi-squared statistic.

KL1 =
nbins

∑
i

pi ln
pi

p∗i
(23)

To calculate the Kullback-Leibler divergence for a single protein residue, we simply

sum the Kullback-Leibler divergences between the reference and target ensemble for each

of the residue’s φ , ψ , and χ torsion angles:

KLresn = ∑
φ ,ψ,χ ′s

nbins

∑
i

pi ln
pi

p∗i
(24)

While this expressions is very similar to the well-known p ln p expression for entropy,

with the non-uniform reference state p∗i making this the relative entropy, it is thermody-

namically distinct – it is a measure of similarity of two probability density functions, rather

than the disorder of a particular probability density function. While presently we focus on

applications of this first-order term, which has been used to compare Markov models of

conformational ensembles5 from molecular dynamics simulations but has not been widely

applied on a per-residue level, the full derivation presented here establishes a systematic

approach to improve our method. At the per-residue level or at the groups-of-residues level

, we could improve our method by considering pairs of torsions within a residue or set

of residues, etc. Furthermore, application of our method at the pairs-of-residues level or

at higher order could identify changes in correlated motions, which could be a promising

direction for future research, but is beyond the scope of the present work.

For the local Kullback-Leibler divergence over a set of d.o.f such as a protein residue,
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we might want to include second-order mutual divergence terms to obtain more accurate

(though not necessarily as stable) results; however, we note that second-order terms require

substantially more sampling than first-order terms.18 The most impact to our visualization

of local divergence values would be made by calculating these second-order terms within

a single residue’s torsions to improve the estimate of the Kullback-Leibler divergence for

that residue. Currently, however, we focus on first-order terms, as these are most readily,

rapidly, and robustly calculated, and the computational cost scales lineraly with system

size.

2.4 Statistical corrections to the Kullback-Leibler divergence

If the “target” ensemble is the same as the equilibrium ensemble, the Kullback-Leibler

Divergence will be zero. However, this is not often the case due to sample variability.

Furthermore, if applied naively, it might be difficult to extract meaningful population shifts

due to different simulation conditions versus artefactual popualtion shifts due to sample

variability. In order to improve the signal-to-noise ratio in our calculation the Kullback-

Leibler divergence and thereby capture meaningful differences between conformational

ensembles, we will calculate the K-L divergence expected from sample variability in the

“reference” ensemble and use it for a significance test and to correct the calculated values.

To generate a realistic measure of sample variability, we use a statistical bootstrapping

approach. We split the full reference ensembles into nsims blocks (usually corresponding to

clones of the same system with different random number seeds, or large continuous blocks

from long simulations), and take half of the blocks at a time as a surrogate target ensemble

and the complementary half as a surrogate reference ensemble. We aggregate the counts for

the torsions to construct probability distributions and calculate the K-L divergence between

all combinations of surrogate distributions. Any non-zero average K-L divergence between

these distributions is a measure of average bias that we can later subtract from the total K-L

divergence between the full “reference” ensemble and the full “target” ensemble, when it is
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significant. The K-L divergence under the null hypothesis that the average K-L divergence

is no greater than that expected from sample variability in the reference ensemble is then

given by:

KLH0
1 =

(
nsims

nsims/2

)−1 nsims
2

∑
blocks

nbins

∑
i

pi ln
pS

i
piSC

(25)

where S denotes subsamples and SC are their complements. To test for statistical sig-

nificance of the obseved Kullback-Leibler divergence, we use the distribution of these sur-

rogate Kullback-Leibler divergence values to obtain a p-value for the null hypothesis that

the average Kullback-Leibler divergence is no greater than that expected from sample vari-

ability in the reference ensemble. If this p-value for a particular torsion is less than the

significance level (in this case, set at a permissive α = 0.1), then the Kullback-Leibler di-

vergence is set to zero; if not, then the average Kullback-Leibler divergence between the

surrogate distributions described above is subtracted from the total, in a manner similar to

corrections to mutual information19:11

K̂L1 = KL1−KLH0
1 (26)

2.5 Truncation of Kullback-Leibler divergence

Given our expansion in Eq. (22), one may wonder why truncation at a particular order might

be appropriate, especially as the number of terms at each order increases combinatorially

before contracting towards the tail of the expansion. In the analogous configurational en-

tropy expansion,17 small molecule systems achieved remarkable agreement with entropies

from rigorous free energy calculations by only including first and second-order terms in the

expansion, with the highly-correlated cyclohexane requiring up to third-order terms. We

note that the pairwise mutual divergence between two degrees of freedom is less than or

equal to the sum of the corresponding first-order Kullback-Leibler divergence terms. Thus,
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for the mutual divergence to be significantly greater than zero, at least one of the constituent

degrees of freedom must be statistically significant.

It is important to note that higher-order terms in Eq. (22) capture only changes in distri-

butions missed by lower-order terms. For example, the mutual divergence captures popula-

tion shifts in pairs of degrees of freedom that are missed by the first-order Kullback-Leibler

divergence. The key parameter governing the maximal order needed for convergence of the

expansion is the number of coupled independent components or modes (i.e. effective di-

mensionality) in the most collective motions in the system. A recent study used a novel

approach to partition molecular dynamics trajectories into independent subspaces of cou-

pled modes,20 and found a block-like pattern where groups of pairwise correlated modes

had minimal couplings with other blocks of correlated modes in a 100ns simulation of

lysozyme. In lysozyme, there was a maximum of 6 modes per block, with most blocks

only containing a few modes. Thus, the maximum number of coupled independent compo-

nents in this study was six, so the Kullback-Leibler Divgence expansion should only require

terms up to sixth order. Even though the number of terms at each order might increase, the

sparsity of the matrix of mode couplings at second order suggests that a lower fraction of

higher-order terms would have significant values. Other studies have also taken advantage

of the sparsity of second-order couplings to more efficiently diagonalize the Hamiltonian

for the protein [cite Izaguirre2010 and another paper involving block normal modes].

Practically, higher-order mutual divergences will require exponentially more data points

sampled to give a robust estimate, as the volume of space increases exponentially with the

number of degrees of freedom. Currently, only calculations up to third order might be

practical with microseconds of simulation data.18 We are working on new approaches to

push this boundary. Even still, by neglecting high-order terms, we would not be missing

relevant phenomena that could be significant given our limited amount of data and current

algorithm.
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2.6 Jensen-Shannon divergence

The Jensen-Shannon divergence is a slight variation of the Kullback-Leibler divergence,

and has the added benefit of treating both “reference” and “target” ensembles symmetri-

cally, albeit at a cost of possibly providing lower signal-to-noise. Furthermore, the Jensen-

Shannon divergence is related to thermodynamic length, an asymptotic bound on energy

dissipated in a finite-time transformation from one state to another.21 Since the Kullback-

Leibler divergence expansion is general for any “reference” distribution, we can take the

new reference distribution to be merely the superposition of the former “reference” distri-

butions, and calculate the Jensen-Shannon divergence as the mean of the Kullback-Leibler

divergences between either ensemble and this new refrence distribution:

JS(x1, ...,xm||y1, ...,ym) =
1
2

KL(x1, ...,xm||(x1, ...,xm)+(y1, ...,ym)) (27)

+
1
2

KL(y1, ...,ym||(x1, ...,xm)+(y1, ...,ym))

2.7 Molecular dynamics simulations

Now that we have detailed the mathematical basis for the Kullback-Leibler divergence ex-

pansion and its connection to thermodynamics, we would like to next illustrate the method

using examples of previously-published molecular dynamics studies on human interleukin-

2 and Talin11 22 and new molecular dynamics trajectories on a kinase, PDK1. We focus

on examples of allosteric communication involving ligand binding and protonation-state

changes, where static structures alone were unable to explain distant effects due to a per-

turbation.

For the new molecular dynamics simulations of PDK1, we prepared the protein and

ligand with Maestro’s Protein Preparation Wizard (Schrodinger, 2009), with protonation

states of histidine and Asn/Gln flips assigned by ProtAssign (Schrodinger, 2009) in the
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preparation wizard. Each model was solvated in SPC water [ref] in a cubic simulation box,

and Na+ and Cl- ions were added to neutralize the system and then an additional 0.1 M

NaCl was added.

The full simulation system was energy-minimized using Desmond1 in five stages with

the following atoms held : 1) all heavy atoms; 2) all backbone (N-Cα-C-O) heavy atoms

and side-chain heavy atoms; 3) all heavy atoms; 4) all backbone atoms; 5) no restraints.

Minimizations were performed with no less than 100 steps of Steepest Descent minimiza-

tion followed by L-BFGS optimization after a gradient of 10.0 kcal mol−1 Å−1 is reached

up to a total of 10,000 steps or a gradient of 0.1 kcal mol−1 Å−1.

After full minimization of the system, an equilibration was performed. First, the sys-

tems were annealed to a temperature of 300K using Langevin dynamics at constant tem-

perature and volume over 50 ps with all heavy atoms restrained. Subsequently, Langevin

dynamics at constant temperature and pressure with a target temperature and pressure of

300 K and 1 atm were performed in stages: 1) 50 ps with all heavy atoms restrained with 50

kcal mol−1 Å−1 force constants; 2) 50 ps with all backbone and side-chain heavy atoms re-

strained with 50 kcal mol−1 Å−1 force constants; 3) 150 ps with all heavy atoms restrained

with force constants reduced over the course of the simulation from 25 to 5 kcal mol−1

Å−1; 4) 100 ps of simulation restraining only the backbone heavy atoms, over which the

force constants of the restraints were reduced from 5.0 to 0.0 kcal mol−1 Å−1; 5) 100 ps

of the unrestrained system. All Langevin dynamics simulations were performed with a 100

ps−1 damping constant.

Then, production runs of 10 ns were performed on each system using the Martyna-

Tobias-Klein integrator [ref] with a reference temperature of 300 K and a reference pressure

of 1 atm. Snapshots were output every 1.002 ps. The thermostat featured an equilibrium

temperature of 300K, a relaxation time of 1 ps, chain length of 3, and update frequency of

2 steps for the system and for the barostat. The barostat featured a relaxation time of 2 ps, a

reference pressure of 1 atm, isotropic coupling, and a compressibility of 4.5x10−5 bar−1.
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Both the Langevin dynamics and standard molecular dynamics simulations were per-

formed with all bonds involving hydrogens constrained, a 2 fs time step for the bonded and

short-range nonbonded interactions and updating of long-range nonbonded interactions ev-

ery 6 fs using the RESPA multiple time step approach [ref]. Short-range coulombic and

van der Waals nonbonded interactions were cutoff at 9.0, and long-range electrostatics were

computed using the smooth particule mesh Ewald method. Pairlists were constructed using

a distance of 10.5 and a migration interval of 12 ps.

3 Results

3.1 An allosteric small molecule activator of PDK1

PDK1 is a member of the AGC family of kinases, including protein kinases A (PKA),

B (AKT), and C (multiple isozymes). Kinases in this family have an allosteric site for

activation on the beta-rich N-lobe, where binding of a usually-phosphorylated hydropho-

bic peptide activates the enzyme. In recent years, small molecules have been discovered

that also bind to this same site and promote or inhibit activity. Precisely how these small

moleules alter PDK1’s activity is not known. Stabilization of the unique active confor-

mation of protein kinase catalytic machinery is one likely mechanism. The mechanism

of one previously-reported noncovalent small molecule activator, PS48, was studied using

hydrogen-deuterium exchange mass spectrometry experiments to determine which peptide

regions of the kinase have amide protons that are protected from exchange with solvent

dueterons. In these experiments, amide protons both near the binding site and distant from

the binding site (Figure 1) showed protection from solvent exchange, indicating more stable

backbone hydrogen bonds and hence less large-scale slow-motion flexibility. Interestingly,

some of these protected regions include the DFG-loop (cyan) and activation loop (teal),

whose proper positioning is essential for activity. Mutation of Thr226, adjacent to the DFG

sequence, to alanine abolishes the ability of PS48 to activate the kinase.
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Figure 1: Kullback-Leibler Divergence highlights PDK1 regions that show protection in hydrogen-
deuterium exchange experiments upon addition of an allosteric small molecule activator. All pan-
els are colored on the same scale. White indicates statistically insignificant divergence,
and significant divergence increase from blue to red.(Left) A small molecule activator of
PDK1 was previously shown to protect various peptide regions (each shown in a different
color) from hydrogen-deuterium exchange. (Right) Kullback-Leibler Divergence values
are mapped onto the structure using PyMOL’s “b-factor putty” preset. White indicates
statistically insignificant divergence, and significant divergence increase from blue to red.
Statistically significant Kullback-Leibler divergence values from apo to noncovalent al-
losteric activator-bound conformational ensembles show population shifts in most of the
regions showing protection upon ligand binding. Note that the resolution of the HDX ex-
periments is at the peptide-level, and reflect both fast and slow motions, up to the minute
time-scale.

To demonstrate our Kullback-Leibler Divergence method on this pharmaceutically-

interesting target where some aspects of the allosteric activation mechanism were previ-

ously known, we performed a series of 10ns molecular dynamics simulations on PDK1

with and without PS48 bound (PDB: 3HRF), taking snapshots every 1 ps. We then calcu-

lated the Kullback-Leibler Divergence between apo and PS48-bound conformational en-

sembles from the MD simulations. Our calculations indicated that the compound caused

significant population shifts in the torsion angles of residues around the compound’s bind-

ing site: the αC-helix, the beta strands 145-149 and 154-159, and the αB-helix. Fur-

thermore, there were significant population shifts in torsion angle populations distant from

the PS48 binding site, for example the "G" in the DFG-loop, in the activation loop, and

76



the F-helix. Though the timescale of the simulations is short and the timescale of the

hydrogen-deuterium exchange experiments is long, the Kullback-Leibler Divergence val-

ues and hydrogen-deuterium exchange results show compound-induced changes in similar

regions, except the HDX experiments showed protection an N-terminal peptide contain-

ing the β1-strand and Gly-rich loop, while the Kullback-Leibler Divergence only showed a

population shift in one residue in the Gly-rich loop (Ser94). Nonetheless, these results serve

as a powerful demonstration of how our method can identify potential allosteric effects of

ligand binding or mutation.

3.2 Allosteric inhibition by lysine acetylation

in mitochondrial 3-hydroxy-3-methylglutaryl CoA synthase 2

When eukaryotes transition from the fed to fasted state, carbohydrate utilization and fatty

acid synthesis cease and fatty acid oxidation and ketogenesis are induced; in diabetes, simi-

lar but more pronounced metabolic changes occur.23Acetyl-CoA generated from fatty acid

oxidation is converted to β -hydroxybutyrate in the mitchondria. Mitochondrial 3-hydroxy-

3-methylglutaryl CoA synthase 2 (HMGCS2) is the rate-limiting enzyme in the synthesis

of β -hydroxybutyrate and is normally acetylated at K310, K447, and K473, which inhibit

its activity. The sirtuin SIRT3 deacetylates HMGCS2 to increase its activity and the cell’s

production of β -hydroxybutyrate.

Molecular dynamics simulations (over 11-20ns each) on HMGCS2 in the deacetylated,

activated form and with acetylations at various lysine residues each showed that acetylation

of specific lysines and not nearby bystander controls produced significant conformational

and dynamical changes in HMGCS2.24 Specifically, K310 near the acetyl-CoA binding

site forms ion pairs with both of the phosphates of the acetyl-CoA in the deacetylated form

of HMGC2, but these interactions are broken by acetylation of K310, which removes the

positive charge. Large changes were observed in the conformation of the helix containing

residues 350-367, in which this helix moves away from the acetyl-CoA, while minimal
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K306 K437 

K447 K443 

Figure 2: Kullback-Leibler divergences show position-specific effects of lysine acetylation in
HMGCS2. Kullback-Leibler divergences between deacetylated and acetylated HMGCS2
conformational ensembles for different lysine acetylations are shown relative to one an-
other (all are on the same scale). The lysine acetylated in each case is shown in purple
spheres. (Top) Though lysines 306 and 437 are proximal to lysines that are deacetylated to
activate this enzyme, acetylation of lysine 306 or 437 does not yield significant changes in
structure and dynamics near the acetyl-CoA binding site (gray spheres) as assessed by the
Kullback-Leibler Divergence. (Bottom) In contrast to these negative controls, acetylation
at lysine 447 or 443 causes substantial divergences proximal to the active site and the tail
of the acetyl-CoA, and some background of divergences across the whole protein.

changes were observed in the helix containing K310. Importantly, both K447 and 4K73

are distant from the acetyl-CoA bound at the active site (Figure 2 , gray spheres). Thus,

the effects of these acetylations at K447 and K443 are allosteric in nature since they inhibit

activity over a distance.

Interestingly, some distant lysines but not others also showed significant changes in

structure and dynamics near the active site upon acetylation. Acetylation at K473 or K447
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showed larger fluctuations in loop 1 (residues 242-251) and a shift in the average position

of loop 2 (residues 131-140), effects that propagated to the end of the active site where the

acetyl-CoA binds, and altered the positions of catalytic residues His301 and Cys166.

As negative controls, two lysine residues whose acetylations do not inhibit activity

were studied. In contrast to the other lysines, these did not show similar marked changes

in structure and dynamics at the active site.

Presently, we wondered what significant population shifts upon lysine acetylation would

be identified by our Kullback-Leibler divergence method. The Kullback-Leibler divergence

results showed a marked difference between the control lysine acetylations and those that

inhibited enzyme activity (acetylations at lysines K447 and K473) (Figure 2). The con-

trol lysine acetlyations did not show the pronounced divergences seen with the natural

inhibitory lysine acetylations at positions 447 and 473. Importantly, acetylation at K447 or

K443 causes significant population shifts in the catalytic residues: in the loop from position

163 to 168 containing the active site cysteine (C166), and in His301. Furthermore, these

acetylations both cause substantial population shifts in a turn (239-241) near the acetyl-

CoA tail, in Lys83 at the other end of the acetyl-CoA near the nucleotide ring, and in a

helix-turn containing residues 380-385, which buttress the loop containing the active site

cysteine (residues 163-168).

In summary, the Kullback-Leibler divergence highlighted new residues showing sig-

nificant perturbations upon acetylation that were missed by previous structural and r.m.s.

fluctuation analyses.

3.3 Communication between small molecule binding sites in in interleukin-

2

Interleukin-2 (IL-2) is a small cytokine that has been studied extensively as a model system

for small molecules inhibiting protein-protein interactions. Additionally, we found it to

be a useful model system for studying small-molecule cooperativity.11 Binding of ligand
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Figure 3: Kullback-Leibler divergences Between Apo and Ligand-Bound IL-2 Ensembles Show Dif-
ferential Allosteric Effects The Kullback-Leibler divergence between the apo IL-2 ensemble
and various ligand-bound ensembles was calculated and mapped onto the apo structure.
All panels are on the same scale, and ligands are superimposed for reference. Residues
shown in spheres indicate a previously-reported allosteric network that is thought to couple
the two small-molecule binding sites through significant correlated motions11 (Left) IL-2
with a micromolar ligand at the IL-2Rα site. (Center) IL-2 with an optimized nanomolar
inhibitor at the IL-2Rα site featuring receptor-mimicking electrostatics.25 (Right) IL-2 with
an allosteric small molecule fragment at a cryptic site. Both of the IL-2Rα-competitive lig-
ands at left and center cause substantial population shifts in the long, flexbile loop proximal
to the allosteric fragment at right. However, the smaller inhibitor (left) but not the larger one
(center) shows a substantial population shift on the helix-turn-helix at the backside of the
fragment’s binding site. Furthermore, the allosteric fragment (right) gives population shifts
not only at its binding site but also in the helix behind the IL-2Rα site ligands, as would
be expected from thermodynamic linkage – indicating that the sampling was sufficient to
observe some allosteric effect.

to one site in IL-2 facilitated binding of a small molecule fragment to a cryptic, transient

pocket, which is gated by a loop on the opposite face from the four-helix bundle.26 While

X-ray structures were unable to show how binding to one side affected binding at the other

side, our previously published molecular dynamics study offered novel insights. We iden-

tified putative allosteric network residues using statistically-significant correlated motions

quantified by mutual information in torsion space.11 Our mutual information analysis sug-

gested that a solvent-exposed polar network and a greasy hydrophobic core couple the two

sites, so that binding of one inhibitor causes a change in dynamics at the other site.

We hypothesized that the Kullback-Leibler divergence analysis would show signifi-

cant population shifts in torsion angle distributions of residues implicated in the allosteric

network by our previous mutual information analysis. We caluclated the local, residue-
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by-residue Kullback-Leibler divergence between apo and ligand-bound conformational en-

sembles from five ten-ns molecular dynamics simulations (Figure 3), using an additional

finite system correction given in the Appendix. Ligand-bound conformational ensembles

shown here include a micromolar IL-2Rα-competitive inhibitor, a nanomolar IL-2Rα-

competitive inhibitor, and a weak fragment that only would bind in the presence of the

micromolar inhibitor at the IL-2Rα-competitive site; cooperative binding of this fragment

with the nanomolar inhibitor was not tested.

Globally, all ligands cause some population shifts in the flexible loop between helices

three and four. As this loop is somewhat removed from the small-molecule binding sites,

yet structurally connected through helix two, it is not clear whether population shifts here

are functionally relevant, especially since residues that are more flexible are, in general,

more likely to show substantial population shifts, even after the corrections above, simply

because they have more entropy. Likewise, the population shifts right before helix one

merely represent “wagging” of the tail of IL-2, and it is not surprising that this effect is

large in the left and right panels where there are greater population shifts in the turn after

helix one than in the center panel, since any torque on one end of a helix could easily be

propagated to the other end due to the semi-rigid nature of the helix.

To test our hypothesis that residues implicated in the allosteric network show population

shifts upon binding ligand at either site, we show part of the allosteric network in spheres

(Figure 3). As can be seen, population shifts are seen along this structurally-contiguous

network of residues upon binding of ligand at either site. In particular, Tyr31 seems to

be an important mediator of allostery, as it is highlighted in both the left and right panels,

whose respective ligands bind with positive cooperativity. Although this tyrosine is not

directly contacting the IL-2Rα-competitive inhibitor, the methionine in cyan located above

it does contact the IL-2Rα-competitive inhibitor, and also contacts the allosteric fragment

in the simulations. There are a number of polar residues proximal to Tyr31 that also show

population shifts upon binding of allosteric fragment but that do contact the competitive in-
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hibitor. Thus, nearly all the residues implicated in the allosteric network linking compound

binding sites in our previous study11 show statistically significant population shifts upon

binding either IL-2Rα-competitive inhibitor or allosteric small-molecule fragment.

3.4 Talin’s pH Sensor

Figure 4: Wildtype and pH-sensor mutant Talin show different population shifts upon pH change.
Kullback-Leibler divergences between the pH 8.0 ensemble and the pH 6.0 ensemble for
Talin are shown for wildtype (left) and H2148F Talin (right). Actin-binding site residues
shown in22 are represented as spheres. These divergences highlight the region proximal
to the pH sensor (at the top of the structure, with His2418 shown in sticks) and the actin-
binding site (spheres). Some significant divergences along the helices coupling these two
sites suggest that subtle motions of these helical residues – either motions of the side-chains
or rigid-body motions of the helices themselves – might contribute to coupling between
the two sites. Wildtype and H2418F Talin show different patterns of population shifts in
these actin binding site residues. In particular, the 2386-2389 region and Glu2308 show
strikingly larger population shifts in wildtype than in H2418F Talin, and as such might be
prime residues to target for mutagenesis, where differential effects in wildtype and H2418F
backgrounds on pH-dependent F-actin binding would be predicted.

Talin is an integrin-associated focal adhesion protein that plays a key role in focal ad-

hesion remodeling, the rate-limiting step in migration of adherent cells. Talin’s binding to

actin filaments is thought to act as a "clutch" to regulate focal adhesion turnover; this bind-
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ing is regulated by pH, so that higher-affinity actin binding occurs at lower pH, while lower-

affinity actin binding occurs at higher pH(8-10). In motile cells, which have an increased

intracellular pH with respect to nonmotile cells, focal adhesion turnover is increased due

to the lower affinity of talin for actin. To investigate the mechanism by which pH change

alters talin’s structure, dynamics, and actin-binding ability, constant-pH molecular dynam-

ics simulations of the I/LWEQ domain of talin1 (the likely focal-adhesion-associated talin,

RCSB PDB code 2JSW) without the C-terminal dimerization domain (PDB 2JSW) were

performed at pH 8.0 and pH 6.0 for 10ns.22 As the I/LWEQ domain of talin has a single

histidine residue, this histidine and nearby acidic residues with upshifted predicted pKa

values were hypothesized to constitute the pH sensor, and their protonation states were

sampled during the constant-pH simulation. At pH 6.0, this His2418 showed 73% proto-

nation, while at pH 8.0, it only showed 2% protonation. Significant differences in structure

and dynamics were observed near the actin binding site on the other side of the five-helix

bundle from the pH sensor, especially in the loop connecting helices 2 and 3 and the heli-

cal regions near this loop. These predictions were qualitatively confirmed by NMR amide

chemical shift perturbation analysis comparing talin at pH 6.0 to talin at pH 8.0.

On the basis of these calculations, this His2418 was mutated to a Phe, and in constant-

pH MD simulations showed structural and dynamical differences at pH 6.0 and pH 8.0

that were different from wildtype, and in NMR showed altered chemical shift perturbations

in NMR titrations. Moreover, this mutant showed decreased F-actin binding in vitro and

altered focal adhesion turnover in migrating cells.

In this work, we apply our Kullback-Leibler divergence method to compare the con-

formational ensembles at these two different pH values for both wildtype at H2418F Talin,

using the pH 8.0 as the reference ensemble since it is generally more flexible. We found

(Figure 4) that pH change caused substantial population shifts distant from the pH sensor

in both cases, although these were more pronounced in the wildtype than in the mutant.

Furthermore, the wildtype typically showed larger population shifts than the mutant in
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residues in the actin-binding site (shown in spheres). Interestingly, the bottom of helices 1

and 3 in the wildtype show substantial Kullback-Leibler divergences; in the NMR titration

experiments,22 both these regions showed either chemical shift changes or line broadening.

Given the population shifts in the putative pH sensor and actin binding site upon pH

change in wildtype and H2418F Talin, we wondered how protonation state changes in the

pH sensor are propagated to the actin binding site. We observed subtle yet significant

population shifts in the helices connecting the sites, which are qualitiatively consistent

with NMR chemical shift perturbations which generally did not show large chemical shift

perturbations in these residues, except in amides proximal to the pH sensor. We suspect

that a combination of direct electrostatics and subtle rigid-body motions of the helices are

responsible for coupling the pH sensor to the actin binding site.

4 Discussion

To address the challenge of comparing conformational ensembles, we have developed a

novel approach grounded in thermodynamics, information theory, and statistics. We use

the Kullback-Leibler divergence to quantify changes in torsion angle probability distribu-

tions, which reflect biologically-relevant processes such as rotamer flips, changes in local

secondary structure, etc. Inspired by previous work, we developed the Kullback-Leibler di-

vergence Expansion, which provides an approximation the Kullback-Leibler divergence of

whole molecules (proteins in this work) in terms of marginal probability density functions

involving far fewer degrees of freedom; in this work, we have found that even the first-order

terms can give considerable insight into which residues are most affected by perturbations

such as ligand binding or pH change (i.e. proton binding).

The fact that we observe many significant divergences in surface polar residues after

correcting for sample variability suggests that these residues may play a role in propagating

binding at one site to a change in structure and/or dynamics at another site. As these surface
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polar side-chains are often not part of evolutionarily-conserved networks,27 their ability to

propagate these kinds of perturbations lies in the sum effects of multiple residues working

in a parallel fashion and is less related to the amino acid identity and more related to their

physical properties of containing a charge or strong, sticky dipole that can flop around with

the help of a flexible linker. A similar role for correlated protein side chain motions in

mediating long-range couplings was suggested by DuBay and Geissler.28

There are several algorithmic improvements that could be made to our approach. Mul-

tiple calculations at different histogram bin sizes could be used, and an optimal histogram

size chosen for each degree of freedom; such an approach has been shown to lead to more

accurate entropy calculations.29 A k-Nearest Neighbor (KNN) approach could also be used

to calculate the Kullback-Leibler divergence.30 Our residue-level analysis of the “local”

could be augmented by including second-order terms (i.e. the mutual divergence) within

residues, which could benefit from adaptive partitioning, as in our previous work on mutual

infromation.11
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5 Appendix

5.1 Robust Histogram Estimate of Kullback-Leibler divergence using

Renyi Generalized divergence

To obtain a finite-sample size correction to the Kullback-Leibler divergence, we will adapt

the derivation presented by Grassberger.31 Though this was only used in the interleukin-

2 system presented here, it is provided as an option in the program, and is given here

for completeness and for possible inclusion in other code packages. We will consider the

Kullback-Leibler divergence as a limit of the Renyi Generalized Divegence,

KLi = lim
α→1

Dα(P||P∗) (28)

where

Dα(P||P∗) =
1

(α−1)
ln(

n

∑
i=1

pα
i

(p∗i )α−1 ) (29)

For finite sample sizes there will be some uncertainty in the pi. Considering the actual

histogram counts, we write:

pα
i =

(< ni >

N

)α

, (p∗i )
α =

(< n∗i >
N

)α

(30)

To obtain < n >α , we assume a Poisson distribution for ni in successive realizations

(i.e. assuming we are using a fine enough discretization such that pi << 1). For a positive

integer α , we would then have

< n >α=
〈 n!
(n−α)!

〉
(31)

However, as we consider the limit as α approaches 1, we need a continuous analog

using Γ functions. Grassberger found an asymptotic expansion for < ni >
α and showed

86



that two terms gave numerically robust results for Shannon etropies.

< n >α=
Γ(n+1)

Γ(n−a+1)
− (−1)nΓ(a+1)sin(π a)

π(n+1)
(32)

This same approximation is used in our previously-published MutInf method.11 Then,

we use this expression for < n > and evaluate the Renyi Generalized divergence in the

α → 1 limit to give us the Kullback-Leibler divergence. Invoking L’Hopital’s Rule, we

obtain:

lim
α→1

Dα(P||Q) = lim
α→1

(nbins

∑
i=1

N f
(

n∗i ,α−1
)

f
(

ni,α
) ∂

∂α

nbins

∑
i=1

f
(

ni,α
)

N f
(

n∗i ,α−1
)) (33)

lim
α→1

Dα(P||Q) =
nbins

∑
i

Ψ(ni)ni n∗i +(−1)nin∗i +(−1)n∗i ni n∗i −Ψ(n∗i )ni n∗i −ni

n∗i
(34)

However, this expression is not numerically robust in practice, so we truncate the ex-

pression for < n >al pha at the first term:

< n >α=
Γ(n+1)

Γ(n−a+1)
(35)

which then provides a more robust estimate for Dα(P||Q):

KL1 = lim
α→1

Dα(P||Q) =
nbins

∑
i

ni

N

(
Ψ(ni)−Ψ(n∗i )−

1
n∗i

)
(36)

Using a series approximation of the digamma function, Ψ(x)≈ ln(x)− 1
2x , it can be readily

seen that the regular Kullback-Leibler divergence is recovered along with a correction term

that decreases in size as histogram counts increase.
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Chapter 4. Correlated motions in the Pin1 WW-domain couple 

substrate docking at the WW domain to the catalytic domain interface 

  

Introduction  

Proteins in their native state can adopt a plethora of shapes, or conformations; this 

conformational plasticity is critical for regulation and function in many systems. 

However, it has remained difficult to determine what these different conformations look 

like at the atomic level. Protein-protein interactions are often mediated by flexible loops 

that experience conformational dynamics on the microsecond to millisecond time scales. 

NMR relaxation studies can map these dynamics. We apply our MutInf method and 

molecular dynamics simulations to study correlated motions in the apo Pin1-WW domain 

at an atomistic level, for which NMR has revealed conformational dynamics of a flexible 

loop in the millisecond range. 

Methods 

 We use the “MutInf” method1 to quantify correlations between residues’ 

conformations from equilibrium molecular dynamics simulations performed on the Pin-1 

WW domain2, representing over a microsecond of data, referred to as the “APO Extended 

1” ensemble in the paper. Briefly, this method calculates the mutual information between 

pairs of residues, applies statistical corrections and tests of significance for the mutual 

information values, and then clusters the matrix of mutual information between residues 

to identify groups of residues showing similar patterns of correlations. 

 We followed the same protocol as the previously published method1, with the 

following modifica- tions. We split the APO Extended 1 ensemble2 into six equal-sized 
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segments, after removing the 10% of snapshots where the WW domain’s heavy atoms 

were within 5Å of those of a periodic image. Also, we added a statistical bootstrapping 

approach to the protocol as an additional statistical filter to require the reproducibility of 

a correlation between a pair of torsions. We split the full trajectory into six time 

segments, and take four out of six segments at a time as a sample ensemble, or “block”, 

from which we aggregate the histogram counts for the two torsions and calculate the 

mutual information for each sample ensemble. This bootstrapping approach is similar to 

block-averaging; our “blocks” are composed of multiple, not-necessarily contiguous, and 

large time segments. The Wilcoxon signed-rank test is used to test the null hypothesis 

that the average (corrected) mutual information is zero against a one-sided alternative. If 

the p-value is less than or equal to α = 0.01, the average of the mutual information values 

for the “blocks” is reported, otherwise it is zeroed. 

 To calculate the mutual information between each pair of residues, we take the sum 

of the mutual information over all pairs of φ, ψ, and χ dihedral angles, each pair 

comprising one angle from each residue. We then clustered the mutual information 

between pairs of residues using the “heatmap” function in the R statistical package with a 

Euclidean distance metric. 

Additionally, we calculated the mutual information between residues’ C-α 

coordinates using the same procedure as above, using x, y, and z coordinates in place of 

φ, ψ, and χ. Rotational and translational motion was removed prior to analysis by a 

rotational/translational fit involving only C-α atoms. 

We analyze simulation data using a thermodynamics-based mutual information 

metric to find pairs of residues with correlated conformations in the conformational 
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ensemble. In a conformational ensemble, it does not matter whether one residue moves, 

then another, so we can use correlated conformations and correlated motions 

interchangeably, as no time offsets are used. This approach provides an analysis of 

correlated motions that is complementary to NMR Rex measurements. We find that Loop 

1 residues form a cluster that is correlated with key residues that lie in the catalytic 

domain interface3. These correlations are mediated by some residues in the β2-β3 loop 

(Loop 2), providing mechanistic insight into how Loop 1 dynamics may affect function 

of Pin1. 

To identify correlated motions beyond those that were studied by NMR 

relaxation4 and a comparison with chemical shifts calculated from the conformational 

ensemble2, we use the “MutInf” method to quantify correlations between residues' 

conformations from equilibrium simulations. Briefly, this method calculates the mutual 

information between pairs of residues using backbone and side chain torsions and applies 

statistical corrections and tests of significance for the mutual information values. It then 

clusters the matrix of mutual information between residues to identify groups of residues 

showing similar patterns of correlations. We followed the same protocol as the previously 

published method1, with modifications described above. Most notably, we filtered out 

snapshots in which the WW domain's heavy atoms were within 5Å of those a periodic 

image. This was needed because our simulation box was rather small. 

Results 

Correlated Motions 

Correlated protein motions are of great interest as a possible mechanism for intra-

protein communication. The NMR studies4 examined the motions of backbone NHs of 
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Loop 1. The NH motions are only a subset of the Loop 1 degrees of freedom. Thus, while 

the NMR data may reflect correlated motion, it may not supply enough information for 

their characterization. Computational approaches can bridge these information gaps. 

Accordingly, we investigated the possibility of correlated motions between the Loop 1 

residues and other residues that would be invisible to the NMR experiments focused 

on µs-ms motions. We used a previously reported mutual information method, “MutInf”, 

to look for statistically significant correlated torsional motions in an unbiased way, 

independently of the MSM analysis. This entailed generating a conformational ensemble 

of the apo Pin1-WW domain via molecular dynamics simulations, and then identifying 

pairs of residues showing statistically significant correlated motions. Critically, this 

approach: (i) makes no quasi-harmonic assumptions about motions relative to an 

“average” structure; (ii) filters out insignificant correlations; (iii) and quantifies correlated 

motions in thermodynamic units. Additionally, we applied our approach to calculate the 

mutual information between Pin1-WW domain's Cα Cartesian coordinates. 

Substrate binding in Pin1 WW results in information relay from Loop 1 to the 

catalytic site of Pin1 via domain interface residues in Loop 2 

To identify groups of residues showing similar magnitudes of correlation with 

other residues, we hierarchically clustered our matrix of mutual information between 

residues' torsions. The cluster with the strongest correlated motions (shown in red in 

Figure 1B) consists chiefly of Loop 2 residues. In full-length Pin1, these residues lie at 

the interface between the WW domain and its flexibly tethered isomerase domain. Figure 

1A further shows substantial correlation between residues in this red cluster, a blue 

cluster containing four residues within the substrate-binding Loop 1, a yellow cluster 
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consisting of mostly hydrophobic core residues proximal to Loop 2, and a fourth magenta 

cluster containing mostly residues within Loop 1 (Figure 2). Notably, the magenta cluster 

contains many basic residues that form salt bridges with the phosphorylated substrate in a 

holo structure. Thus, substrate binding would not only perturb motions of substrate 

binding Loop 1, but also those of the WW-catalytic domain interface Loop 2. Focusing 

on the two tryptophans in the WW domain (from which the WW domain derives its 

name), we see that Trp29's statistically significant coupling with Trp6 does not appear to 

be mediated by any particular proximal shared residue (i.e. not through Gln28); rather, 

these two functional residues are coupled indirectly through the intervening Loop 1 (red 

cluster). This is most clearly seen by comparing the representative structures of 

macrostates 21 and 22 (Video S1). Combining these results with previous NMR studies 

suggests that Loop 1 can relay information about substrate binding to the catalytic site via 

the domain interface residues in Loop 2. We also analyzed the mutual information 

between Cα Cartesian coordinates after removing rotational/translational motions, and 

found the C-terminal part of Loop 2 highly correlated to the rest of the protein (Figure 

1C). This Cartesian analysis complements the torsion-space analysis in Figre 1A. NMR 

studies implicated methyl-bearing residues in Loop 2 (Ile-23 and Thr-24 in the red 

cluster) in a dynamic network of residues that show perturbed dynamics upon substrate 

binding5. 

 
Figure 1. Correlated motions couple the catalytic domain interface to the substrate-
binding loop of Pin1's WW domain. The WW domain is shown in cartoon and sticks, the 
catalytic domain as a surface, and the substrate in spheres. The structure shown is from 
PDB entry 1F8A. Only the WW domain was simulated; the catalytic domain is only 
shown for reference. (A) Hierarchical clustering of the mutual information between 
residues' torsions identifies several functionally important groups of residues. (B) Most 
residues in the red cluster lie in the catalytic domain interface and are correlated with 
residues in magenta cluster, which includes a number of key substrate-binding residues. 
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All residues exhibiting slow motions in NMR experiments are in either the red or 
magenta clusters. (C) Mutual information between Cα atoms complements torsional 
analysis and importantly captures correlated motions of secondary structure elements, 
highlighting correlated motions between the first β-strand (residues 7–9) and Loop 1 
(residues 10–16), between the first β-strand and the second β-strand (residues 17–21), 
and between the C-terminal part of Loop 2 and the beginning of the third β-strand 
(residues 23–26) and the rest of the protein. 
 

 
 
 
 
Figure 2. Superposition of representative structures for all 40 macrostates shows diverse 
conformations of Loop 1. 
 

 
 
 

 

Other NMR studies showed coupled rotational tumbling of the two Pin1 domains in the 

presence but not the absence of substrate peptides of particular sequences6. Recently, 
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peptides with two Pin1 binding sites separated by rigid linkers were used to ask whether 

Pin1 displays cooperative binding7. These studies found that while binding at one site 

facilitated binding at the other through bivalency, no significant cooperativity was 

observed. However, these studies did not rule out a role for substrate binding to the WW 

domain in substrate turnover at the active site. As correlated motions are necessary but 

not sufficient for allosteric crosstalk between distant sites, the functional role of this 

dynamic network that connects Pin1's active site to its WW-domain's substrate-binding 

site remains unclear and merits further study. 
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Chapter 5. Disulfide trapping data provides a refined model of the  

PIFtide-PDK1 complex  

 

Introduction 

I developed a novel procedure of using disulfide trapping data on cysteine-mutant 

peptides and a  cysteine-mutant kinase, PDK1, to identify constraints and restraints in the 

complex of PDK1 with a natural activator, PIFtide. I then used these to construct a model 

of the wildtype PIFtide-PDK1 complex that was consistent with the disulfide trapping 

data. 

 

Results 

Homology models of PIFtide bound to PDK1, with and without disulfide 

crosslinking-based restraints 

To construct models of PIFtide bound to PDK1, a structure of PDK1 with a 

noncovalent small molecule bound in the hydrophobic motif pocket on the N-lobe was 

used to represent an active, “holo” conformation of the hydrophobic motif pocket (PDB: 

3HRF). Then, a PIFtide variant bound to AKT (PDB: 1O6L) was superimposed by 

alignment in PyMOL using PDK1 residues 75-161 (3HRF numbering). Hydrogen bonds 

were optimized using the Protein Preparation Wizard in Maestro (Schrodinger, LLC).  

The initial model of the PIFtide-PDK1 complex was refined in a series of stages 

using loop and side chain optimization in the Protein Local Optimization Program 

(PLOP)(1, 2). Implicit solvation with the variable-dielectric SGB model(3) was used 

along with an ionic strength of 0.025 (i.e., corresponding to 25mM NaCl).  Two different 
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protocols were used: a restrained protocol, with Cβ-Cβ restraints between each cysteine 

mutant position on PDK1 and the PIFtide residue(s) with the highest % conjugation, and 

another without restraints. To obtain optimal parameters for the restrained protocol, 

conformational search distance cut-off constraints were varied from 4.0Å to 9.0Å at 0.5Å 

intervals, and steric screening overlap factors were varied to be 0.60, 0.65, or 0.70. 

During minimization steps, a distance of 5.0Å and a force constant of 1.0 kcal/mol/Å2 

was used for all restraints. The lowest distance and then most permissive overlap factor 

where the constraints in all steps were satisfied was 7.0Å, with an overlap factor of 0.60. 

In the protocol without restraints, the overlap factor was raised to 0.70 to avoid 

combinatorial explosion at low sampling resolution.  

Model refinement was performed in stages (see table below) with residue ranges 

chosen to give broad sampling while avoiding combinatorial explosion. Backbones of 

residues with flexible side-chains were also movable during minimization steps in each 

optimization. The lowest energy model from unrestrained and restrained protocols were 

then taken forward into further refinement using unrestrained molecular dynamics 

simulations. 

 
Step Restrained Unrestrained 
1 Side chain optimization of Lys76 and Arg131 
2 Loop optimization*, Tyr472-Trp479 
3 Loop optimization, Glu465-

Phe470 
Loop optimization, Glu465-
Phe473 

4 Loop optimization*, Gln467-
Asp474  

Loop optimization*, Met469-
Phe475  

5 Loop optimization*, Asp472-
Asp478 

Loop optimization*, Asp471-
Asp478 

*Loop optimizations that also optimized side chains within 7.5 Ang of the given 
segment.   
 
Molecular dynamics simulations 
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 To examine the stability of each of the models and to further refine each of the 

PIFtide-PDK1 complex models in an unbiased, physics-based manner, duplicate 

unrestrained molecular dynamics simulations in explicit solvent were performed using 

the Desmond (4) software package, with the OPLS-AA/SPC forcefield(5, 6). An 

orthorhombic simulation box was used with a buffer of 10Å on each side. Na+ and Cl- 

ions were added to neutralize the system, then 0.025 M NaCl was added. After 

minimization and equilibration, duplicate (different random seed) production runs of 5 ns 

were performed on each system using the Martyna-Tobias-Klein integrator(7) at 300 K 

(Nose-Hoover thermostat(8)) and 1 atm. Snapshots were output every 1.002 ps. All bonds 

involving hydrogens were constrained, a 2 fs time step for the bonded and short-range 

nonbonded interactions was used, and long-range nonbonded interactions were updated 

every 6 fs using the RESPA multiple time step approach. Short-range coulombic and van 

der Waals nonbonded interactions were cut-off at 9.0Å, and long-range electrostatics 

were computed using the smooth particle-mesh Ewald method. Pairlists were constructed 

using a distance of 10.5 Å and a migration interval of 12 ps. To determine the most 

favorable conformer and an “envelope” of favorable conformations, clustering of PIFtide 

and PDK1 residues in Table I was performed using GROMACS 4.0.7(9). PIFtide-PDK1 

Cβ-Cβ distances were measured using a Tcl script and VMD 1.8.7(10).  

 
 
 
 
 
 
 
 
 
 
 
 
 



 103 

 
 
 
 
 
 
 
 

 Most populated cluster Top 40 clusters 

W
ith

 re
st

ra
in

ts
 

  

W
ith

ou
t r

es
tra

in
ts

 

  
Figure 1. Molecular dynamics simulations of a model of the PIFtide-PDK1 complex 
created using restraints derived from disulfide crosslinking yielded lower PIFtide-PDK1 
Cβ-Cβ distances and a narrower conformational distribution than the those of a model 
created without restraints.  (A,C) Cluster representative with the greatest population from 
the simulations of models created with and without restraints, respectively. Dotted lines 
indicate Cβ-Cβ distances given in Table I. (B,D) Superposition of top 40 clusters’ (by 
population) representative structures from the simulations of models created with and 
without restraints, respectively. 
 
Distance(Å) between ... Protocol 

PIFtide Cβ PDK1 Cβ Restrained Unrestrained 
Glu 466 Ile 119 6.6 8.1 
Gln 467 Lys 115 9.6 10.8 
Glu 468 Val 124 8.8 14.5 
Glu 472 Arg 131 7.5 8.1 
Phe 473 Thr 148 4.7 5.4 
Asp 474 Thr 148 7.5 9.8 
Asp 474 Gln 150 7.0 6.3 
Tyr 475 Thr 148 4.1 9.3 
   
Table I.  Distances between PIFtide and PDK1 Cβ atoms used to derive distance 
restraints show that the MD ensemble from the restrained homology model generally has 
lower Cβ- Cβ distances than from the ensemble from the unrestrained homology model. 

A B 

C D 
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Distances are shown for the cluster representative with the highest population and 
averaged over the whole ensemble. Note that the average distances are lower especially 
in the N-terminus of PIFtide and between PDK1’s Thr148 and PIFtide’s Asp474 and 
Tyr475, the most C-terminal residues for which restraints were available.  
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Chapter 6. Substrate and inhibitor-induced dimerization  

and cooperativity in caspases-1 and -3  

 

Introduction 

 Many oligomeric enzymes show positive cooperativity where substrate binding 

induces a transition from a less active to more active state (for recent reviews, see 1). The 

structural basis for this phenomenon could derive from either substrate binding inducing 

oligomerization and/or inducing an allosteric change in the oligomer. For example, B-

Raf, a kinase important in cell proliferation has recently been shown to undergo a 

substrate-induced monomer to dimer transition that leads to a highly active form of the 

enzyme2. By contrast, glycogen phosphorylase is known to show positive cooperativity 

through binding of substrate leading to a conformational switch that induces a more 

active dimer3.  

Caspases, a family of aspartate-specific cysteine proteases important in 

inflammation and apoptosis, are also known to undergo allosteric transitions (for review 

see XX). The most dramatic is caspase-1 which shows a Hill coefficient of 1.4 for 

substrate activation4. Crystal structures have been solved of caspase-1 in the presence and 

absence of active site inhibitors showing both to be dimeric structures but with 

substantial changes in the active site region (Figure 1)5. The apo-like structure has also 

been trapped with allosteric inhibitors at the dimer interface some 15 Å from either active 

site confirming that the apo-state is indeed inactive5. These studies suggest that caspase-1 

is capable of substrate-induced activation through allosteric transition within the dimer. 
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However, caspase-1 is generated from proteolysis of pro-caspase-1, an inactive and 

monomeric precursor. Thus, caspase-1 is subject to dimerization after proteolytic 

maturation. Moreover, cross-linking studies suggest that caspase-1 at low concentration 

can exist in a monomeric form6.  We wished to quantify the dimerization constant of the 

mature enzyme in the presence and absence of substrate or active-site inhibitors to 

understand how binding influences dimerization, and to determine the relative 

importance of these processes to substrate activation and cooperativity. 

Here, we show using biophysical and kinetic measurements that active-site 

binding of inhibitor or substrate shifts the monomer-dimer equilibrium constant in 

caspase-1 a hundred-fold to favor dimer formation under physiologically relevant 

conditions.  We also show that binding at one site enhances by ten-fold the catalytic 

efficiency at the second site.  We present an integrated model suggesting that at 

physiological concentrations caspase-1 exists predominantly as a monomer, that 

undergoes both substrate-induced dimerization as well as substrate or inhibitor-induced 

activation that account for the positive cooperativity observed.  In contrast we find that 

caspase-3, which is a constitutive dimer at physiologic conditions, lacks positive 

cooperativity and shows a very weak inhibitor-induced activation. These data suggest that 

the changes in oligomer state upon substrate binding in caspase-1 versus the lack thereof 

for caspase-3 can account for the differences in positive cooperativity and has important 

implications for different biological functions of these two enzymes.   
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Results 

 To examine how binding at the active site influences the monomer-dimer 

equilibrium constant in caspase-1 we employed various biophysical methods (Figure 2). 

Analytical ultracentrifugation was used to determine the dimerization constant in the 

absence of substrate or inhibitor, taking advantage of an active site C285A mutant that is 

incapable of self-cleavage and is less prone to aggregation. As shown in Figure 2A, the 

dissociation constant (KD) calculated for apo caspase-1 (C285A) is 109µM.  In sharp 

contrast, caspase-1 that is fully inhibited with the covalent inhibitor (z-VAD-fmk) forms 

a 20-fold tighter complex, with a calculated KD of 5µM (90% confidence interval, 

[2.4µM, 10µM] (Figure 2B).  

To examine the dependence of enzyme activity on enzyme concentration and 

obtain data to fit a kinetic model, we next evaluated the initial rates for hydrolysis of the 

Ac-WEHD-afc substrate by changing both enzyme and substrate concentrations. We 

varied the enzyme concentration starting at 10 nM which is far below the dimerization 

constant measured in the presence of inhibitor. The concentration was raised up to 

500nM, thus approaching the low micromolar dissociation constant measured in the 

presence of inhibitor and importantly ten-fold above the “effective” dimerization constant 

from the enzymatic data. Studies at higher enzyme concentrations were challenging 

because they depleted the substrate too quickly for accurate steady-state rates to be 

determined.  As seen in Figure 3A, the activity per enzyme subunit undergoes a dramatic 

rise as the enzyme concentration is increased from below its inhibitor-induced 

dimerization constant (KD ~5µM ). These data can be fit to the minimal kinetic model 

that describes the two conformational  on- and off-states and the monomer-to-dimer 

transitions (Figure 3B). Substrate can be hydrolyzed from the monomer or dimer states 

either when one site is occupied or when both sites are occupied. Using the AUC data to 

provide restraints on the dimerization affinities, the kinetic constants were fitted to the 

experimentally determined steady-state activity per enzyme values using a quasi-steady-

state solution of the chemical kinetics equations (see Methods for details), and 

summarized in Table I. This model assumes that substrate (Ac-WEHD-afc) provides the 

same enhancement in dimerization affinity as inhibitor (z-VAD-fmk), and that the 
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dimerization affinity with one molecule of z-VAD-fmk bound is close to that with two 

molecules of z-VAD-fmk bound. Under these assumptions, we obtained an excellent fit 

to the measured steady-state activities, where the measured dimerization constants 

(Figure 2) are in reasonable agreement with the ratios of the on- and off-rates fit to the 

steady-state kinetic data in Figure 3B (5µM for caspase-1 with two Ac-WEHD-afc 

bound, 5.6µM for caspase-1 with one Ac-WEHD-afc bound, and 100µM with no Ac-

WEHD-afc bound).  

 We next wished to understand how binding at one site alone affected the kinetic 

activity of caspase-1. To study this, we created a homogeneous preparation of hemi-

labeled caspase-1 in which we labeled only one of the two active sites in the caspase-1 

dimer with the covalent inhibitor, z-VAD-fmk. This was achieved by creating two tagged 

versions of the caspase-1 in which the p20 subunit, containing the active site cysteine, 

was fused to either an N-terminal Strep-tag or His6-tag (Figure 4). We refolded each p20 

in the presence of the p10 subunit and purified each. Control experiments showed the 

tags enzymes had virtually the same kinetic properties as the wild-type enzyme (Table 

III). The His-tagged caspase-1 was then fully labeled with the covalent active site 

inhibitor z-VAD-fmk.  Complete labeling was confirmed by full inactivation of enzyme 

activity and quantitative labeling seen by mass spectrometry. The labeled His6-tagged 

caspase-1 was denatured with guanidine-HCl in the presence of an excess of Strep-tagged 

caspase-1. The mixture was dialized and refolded allowing scrambling of the p20 

subunits and generation of hemi-labeled caspase-1 marked by the presence of both the 

His6-tag and Strep-tag. The hemi-labeled dual tagged enzyme could be purified away 

from the homo-tagged enzymes by a dual affinity column: first a nickel column to 

recover the His6-tagged enzymes, and then an avidin column to recover the His6/Strep-

tagged enzyme. Mass spectrometry confirmed the dual tagged caspase-1 contained a 

single z-VAD-fmk label on the His6-tagged-p20 subunit .  

 The kinetic constants determined by Michaelis-Menten analysis is shown in 

Table II. When corrected for having half-sites available, the hemi-labeled enzyme shows 

roughly an 18-fold increase in kcat and a two-fold increase in KM. The resulting catalytic 

efficiency (kcat/KM) for the hemi-labeled enzyme is nine times higher than the unlabeled 
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control.  Because these data are collected under conditions some of the wild-type and 

hemi-labeled enzyme are dimerized, a substantial portion of the rate enhancement 

enzyme reflects how binding of inhibitor to one site promotes dimerization, which 

promotes catalysis at the second site presumably through stabilizing the active 

conformation at both sites. To compare the hemi-labeled experiments to our previous 

kinetic model on wild-type caspase-1,  we solved a simplified kinetic model given in 

Figure 4B. For the parameters, we took the 5µM dimerization affinity in the presence of 

z-VAD-fmk from the AUC data and the catalytic rate from parameter “k9” in Figure 3 

and Table I, and then fit the KM to the steady-state kinetic data; the 44nM value for KM 

obtained is in very good agreement with the 30nM value from the wild-type kinetic 

model (KM = (k8r + k9)/k8f.  

 If binding of inhibitor at one site enhances activity at the other site, it is possible 

that a direct titration of wild-type caspase-1 with z-VAD-fmk could activate at sub-

stoichiometric equivalents of inhibitor if we generated hemi-labeled intermediates. 

Indeed, titration of wild-type caspase-1 lead to systematic activation up to 1.4 fold that 

plateaus between 0.2 and 0.4 equivalents of inhibitor to active site. Further titration leads 

to steep fall off reaching zero at about one equivalent of inhibitor per active site. In 

contrast, the hemi-labeled enzyme shows no activation but undergoes linear inactivation 

to zero when one reaches about one equivalent per available active site.  

 We hypothesized the 9-fold enhancement in catalytic efficiency between pure 

hemi-labeled enzyme and wild-type, compared to the 1.4 fold enhancement seen for the 

spontaneous titration of wild-type, results because we have only a small amount of hemi-

labeled intermediate from z-VAD-fmk  enhancing labeling of the second site. In fact, if 

we assume that hemi-labeled material generated from the titration of the wild-type 

enzyme should be 9-times more active we can calculate at any point in the titration the 

ratio of bis- versus hemi-labeled enzyme prior to substrate addition, using our kinetic 

model in Figure 3 but assuming all inhibitor is covalently bound and there is no inhibitor 

coming on/off. Then, assuming the hemi-labeled enzyme is nine times more active than 

the wild-type (whether dimerized or not), we can calculate the relative activity compared 

to the uninhibited wild-type caspase-1. Remarkably, we obtained good qualitative 
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agreement with the experimental data, reproducing the “roller-coaster” phenomenon of 

activation then inhibition at increasing inhibitor concentrations (Fig. 5), though the 

agreement is not ideal as our model is greatly simplified (a full model would require a 

total of nine states and several new parameters and so was deemed too complex for the 

given data). As a control, we examined the active site titration of the hemi-labeled 

enzyme and found no marked increase in activity upon addition of inhibitor.    

In contrast to caspase-1, caspase-3 is a constitutive dimer and has a Hill 

coefficient close to 1.0 (ref to Datta or Scheer). We wished to test how hemi-labeling or 

spontaneous labeling of caspase-3 affected its kinetics. We generated the hemi-labeled 

construct for caspase-3 as we did for caspase-1 and determined the Michaelis-Menten 

constants (Table II). As shown, once corrected for half of the active sites, the hemi-

labeled caspase-3 shows only a 2.5-fold enhancement in kcat, a 2-fold increase in KM, and 

overall a very slight 1.3-fold enhancement in kcat/KM. Next we evaluated how 

spontaneous titration of caspase-3 with z-VAD-fmk affects its kinetics (Figure 6). As 

shown, titration with z-VAD-fmk caused a linear decrease in activity for both the wild-

type caspase-3 as well as the hemi-labeled caspase-3. Thus in sharp contrast, caspase-3 

shows dramatically lower propensity for substrate or inhibitor-induced activation.  

Discussion  

We have presented both biophysical and enzymological evidence that substrate- 

and inhibitor-assisted dimerization is a major contributor to the cooperativity seen in 

caspase-1. Importantly, we expressed and purified a half-labeled form of the enzyme that 

exhibited substantially greater activity than the wild-type, unlabeled enzyme. 

Furthermore, we observed the unusual phenomenon where sub-stochiometric amounts of 

inhibitor activated the enzyme; while such an effect is not desired in a drug discovery 

application, this experiment and the ability of our model to reproduce this phenomenon 

gave further support for our model that substrate or inhibitor activates caspase-1 through 

driving formation of a dimeric caspase-1 that has greater activity than the monomeric 

form.  
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Does dimerization promote better catalytic activity or better substrate binding? 

The kinetic parameters suggest that the apo, inactive dimer binds substrate weakly (k4f = 

153 M-1s-1, k4r = 1.9 s-1), while the dimer with one substrate bound (“hemi-labeled”) 

binds substrate more rapidly (k8f = 1.2x108 M-1s-1 , k8r = 24.4 s-1), suggesting that binding 

of inhibitor to one site does increase the affinity for inhibitor at the second site on the 

dimer. In contrast, the catalytic rate for dimeric caspase-1 does not significantly depend 

on whether one or both sites are bound (k7 = 1.596 s-1 vs. k9 = 1.74 s-1), indicating the 

cooperativity lies in substrate binding rather than in catalysis. Thus, we suggest that in the 

absence of substrate or inhibitor, caspase-1 is in an inactive conformation, while when 

substrate or inhibitor is bound to one subunit, the other subunit is more likely to be in the 

active conformation. 

 

Previous work on the caspase-1 enzyme used mutational and structural studies to 

uncover a linear circuit of functional residues running between the two active sites 

through the allosteric site. Enzymatic activity is strongly affected by perturbations of this 

circuit, suggesting that the interactions are important for stabilizing the active 

conformation of caspase-1. Kinetic analysis also demonstrated robust positive 

cooperativity, which is unique among caspases 1. This study extends those results through 

the use of site-directed mutagenesis and chemical ligands to probe the conformational 

state of caspases.  

 As prototypical members of the inflammatory and executioner caspase families, 

caspase-1 and caspase-3 provide an interesting contrast in enzymatic properties. Previous 

work had demonstrated that while caspase-1 demonstrated positive cooperativity, 

caspase-3 did not. In addition, a comparison of baseline enzymatic activity of wild type 

enzyme shows that caspase-3 is a more active protease than caspase-1 (almost an order of 

magnitude greater catalytic turnover, as measured by kcat). We have now demonstrated 

that caspase-1 can be strongly activated by using the “half-labeling” technique to 

generate a hybrid caspase-1 heterodimer, whereas caspase-3 shows only a slight degree 

of activation in the same setting. 



	
   113	
  

 Taken together, these data suggest a model of caspase conformational states 

shown in Figure 2A. The free caspase homodimer is in equilibrium between an inactive 

and active conformation. The observations of lower intrinsic catalytic turnover, positive 

cooperativity, and hybrid activation all point to caspase-1 residing primarily in the 

inactive conformation. In contrast, the higher intrinsic activity of caspase-3, lack of 

positive cooperativity, and inability to be activated by half-labeling all suggest that 

caspase-3 is sitting in a predominantly active conformation even in the absence of ligand. 

 The use of a “heterodimer” technique to probe questions of allostery in caspases 

specifically, and proteases in general, is not without precedent. Recent work by Denault 

and colleagues used engineered caspase-7 heterodimers where only one of the subunits 

was rendered catalytically inactive by mutagenesis. This study observed that the activity 

of the resulting caspase-7 heterodimer was half that of wild type, suggesting that the 

unaltered catalytic site maintained full activity and that the two catalytic domains in the 

caspase-7 dimer are equal and independent 5. Based on our results using the hybrid 

caspase-3 heterodimer, we would predict that caspase-7, also an executioner caspase, 

would reside predominantly in the active conformation and not show coupling between 

active sites. The work by Denault and colleagues seems to support that prediction.  

 HIV protease is another protease that like caspases exists as a homodimer in its 

active form. In a study presented by Rozzelle and colleagues, HIV protease was 

engineered with three point mutations to create a dominant-negative inhibitor of wild 

type HIV protease. This inhibitor acts by forming a heterodimer with wild type HIV 

protease and inhibiting its activity 6. Because of the functional coupling we see between 

the two subunits of the caspase-1 dimer, it would be interesting to test whether a caspase-

1 heterodimer could be generated where an inactive subunit could inhibit the activity of 

the active subunit. This would stand in marked contrast to the result in caspase-7 

described above.  

 In fact, previous reports have described a dominant-negative effect of a mutated 

caspase-1 construct. Friedlander and colleagues created an active-site caspase-1 mutant 

by knocking out the catalytic cysteine with a C285G mutation. This variant was then 

expressed in a transgenic mouse model under the control of a neuron-specific promoter. 



	
   114	
  

They were able to show that expression of this caspase-1 variant protected neurons from 

apoptosis following trophic factor withdrawal and reduced brain injury following 

ischemic events 7. A subsequent study showed that expression of the same caspase-1 

dominant-negative mutant in a mouse model of Huntington’s disease delayed symptoms 

and prolonged survival 8. The molecular mechanism by which this caspase-1 mutant is 

able to exert a dominant-negative effect has not been elucidated, but it would be 

interesting to test this mutant using our method for engineering a hybrid heterodimer. 

 The elucidation of the differences in conformational state and allosteric regulation 

between inflammatory and executioner caspases raises questions as to what the biological 

significance of these observations could be. The inflammatory and apoptotic pathways 

share very similar molecular elements. Both can be activated by extracellular and 

intracellular receptors that sense danger signals, both involve scaffolding proteins and the 

formation of macromolecular complexes, and both pathways are crucially dependent on 

proteolytic events. However, the end result of the two pathways is very different. In the 

case of inflammatory signaling and caspase-1 activation, this pathway leads to the release 

of inflammatory cytokines from the cell and subsequent activation of immune cells. In 

contrast, the apoptotic pathway and caspase-3 activation leads to the programmed cell 

death of the cell in which the pathway is activated. 

 Recent studies have taken a proteomic approach to globally profile proteolytic 

cleavage products following induction of various caspase pathways. These studies have 

shown that the number of potential caspase substrates during inflammatory signaling is 

small, on the order of thirty 9. Our observation that the naked caspase-1 catalytic domain 

resides in an inactive conformation suggests that positive cooperativity may provide an 

additional selectivity filter for cleaving pro-inflammatory substrates only when they are 

concentrated in cells. It has been recently suggested that caspase-1 cleaves pro-IL-1β that 

has been concentrated at membranes, in inflammasomes, or in vesicles 10. However, in 

apoptotic signaling events, the potential number of caspase substrates is on the order of a 

thousand 11. Given these observations, it seems to make sense that the executioner 

caspase-3 would reside in a more active conformation in comparison to caspase-1. The 

apoptotic pathway, which results in a vast number of substrates being cleaved and the 
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dismantling of a cell requires a very active protease, whereas the inflammatory pathway, 

with few substrates cleaved in a specific cytokine signaling event, seems to call for a 

protease under much tighter regulation. Our model provides a mechanism by which the 

very conformational state of the various caspase family members recapitulates their role 

in specific biologic pathways and provides an additional level of regulation. 

Materials and Methods 

Expression and purification of caspase-1 

 Recombinant caspase-1 was prepared by expression in Escherichia coli (E. coli) 

as insoluble inclusion bodies followed by refolding 3. The p20 (residues 120 – 297) and 

p10 (residues 317 – 404) subunits of wild type human caspase-1 were cloned into NdeI 

and EcoRI restriction endonuclease sites of the pRSET plasmid (Invitrogen, Carlsbad, 

CA). Site-directed mutagenesis was performed to construct the C285A active-site-null 

mutant. 

Caspase-1 subunits were expressed separately in E. coli BL21(DE3) Star cells 

(Invitrogen). Cells were harvested following induction of a log phase culture with 1mM 

IPTG for 4 h at 37°C and then disrupted with a microfluidizer. The inclusion body pellets 

were isolated by centrifugation of lysate for 20 min at 4°C. Pellets were washed once 

with 50 mM HEPES (pH 8.0), 300 mM NaCl, 1 M guanidine-HCl, 5 mM DTT, and 1% 

Triton X-100, and washed two more times with the same buffer without the detergent. 

The washed inclusion body pellets were solubilized in 6 M guanidine-HCl and 20 mM 

DTT, and stored frozen at -80°C. 

Refolding of caspase-1 was done by combining guanidine-HCl-solubilized large 

and small subunits (10mg of large subunit and 20mg of small subunit) in a 250 mL 

beaker, followed by rapid dilution with 100 mL of 50 mM HEPES (pH 8.0), 100 mM 

NaCl, 10% sucrose, 1 M nondetergent sulfobetaine 201 (NDSB-201), and 10 mM DTT. 

Renaturation proceeded at room temperature for 6 h. Samples were centrifuged at 16,000 

g for 10 minutes to remove precipitate, and then dialyzed overnight at 4°C against 50 

mM sodium acetate (pH 5.9), 25 mM NaCl, 5% glycerol, and 4 mM DTT. Dialyzed 

protein was purified by cation exchange chromatography using a pre-packed 5 mL 
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HiTrap SP HP column (GE Healthcare Bio-sciences Corp, Piscataway, NJ). Protein was 

eluted using a linear gradient of 0-1.0 M NaCl over 20 min in a buffer containing 50 mM 

sodium acetate (pH 5.9) and 5% glycerol. Peak fractions were pooled and β-ME was 

added to a concentration of 1mM before samples were stored frozen at -80°C. 

For the kinetic analyses at varying enzyme and substrate concentrations for 

wildtype caspase-1, the cation exchange peak fractions were concentrated using Millipore 

Ultrafree-15 devices with a MWCO of 10,000 Da and further purified using size 

exclusion chromatography using a Superdex 200 16/60 column in 25 mM Tris (pH 8.0), 

50 mM NaCl, 5% glycerol, and 1mM DTT. For the AUC experiments, cation exchange 

peak fractions were concentrated and further purified using size exclusion 

chromatography using a Superdex 200 16/60 column in a buffer containing 50 mM 

HEPES (pH 8.0), 50 mM KCl, and 200 mM NaCl, and then frozen at -80°C. 

Analytical Ultracentifrugation 

Sedimentation equilibrium experiments were performed on a Beckman XL-I analytical 

ultracentrifuge at 20°C, at rotor speeds of 10,000, 14,000, and 20,000 r.p.m. For the 

C285A active-site-null construct, samples were centrifuged at 90,000 r.p.m. for 10 

minutes to remove remaining aggregate prior to measurement. To obtain initial 

absorbance values of between 0.2 and 0.8 AU, loading concentrations were 16µM, 

12µM, and 8µM for C285A caspase-1, and 19.5µM for doubly-labeled wildtype caspase-

1. The lower equilibrium concentrations observed in the AUC experiment indicate that 

some aggregate formed and was subsequently spun to the bottom of the cell. Data 

analysis was performed using SEDFIT12 and SEDPHAT13.   For global fitting, mass 

conservation was employed and the meniscus, bottom, local concentrations, and log 

association constant were floated as parameters. 

Active site titrations 

Functional protein concentration for enzyme kinetic analysis was determined by 

active-site titration 14; caspase was incubated in assay buffer for 2 hrs at room 

temperature with a titration from a zero- to 2-fold stoichiometric ratio using the 

irreversible active-site inhibitor z-VAD-FMK. The protein was diluted to an enzyme 
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concentration of 50 nM and activity was determined using fluorogenic tetrapeptide 

substrate (Enzo Life Sciences)   at 25 µM for caspase-1 or 50 µM for caspase-3. The 

substrates used were Ac-WEHD-afc for caspase-1 constructs and Ac-DEVD-afc for 

caspase-3 constructs 15. 

Expression and purification of half-labeled caspase constructs 

 The generation of hybrid caspase-1 and caspase-3 constructs follows the protocol 

described above. Caspase-1 (residues 120-297) and caspase-3 (residues 29-175) large 

subunits containing an N-terminal His6- or Strep-affinity tags were generated by 

designing 5’- primers with the appropriate sequence for the affinity tag and using 

polymerase chain reaction (PCR) to generate dsDNA inserts. The affinity-tag amino acid 

sequences were “MRGSHHHHHHSAG-“ for the His6-tagged construct and 

“MWSHPQFEKSAG-” for the Strep-tagged construct. The Strep-tag is an eight amino 

acid peptide that binds with high selectivity to the streptavidin variant Strep-Tactin (IBA 

GmbH, Germany). These inserts were sub-cloned into NdeI and EcoRI restriction 

endonuclease sites of the pRSET plasmid (Invitrogen, Carlsbad, CA). The p10 small 

subunit of caspase-1 (residues 317 – 404) and the p17 small subunit of caspase-3 

(residues 176 – 277) were also cloned into the pRSET plasmid. These constructs were 

then expressed and purified as inclusion body pellets as described above. In addition, 

full-length caspase-3 constructs (residues 1-277) containing N-terminal affinity tags were 

generated using the above 5’- primer and then sub-cloned into NdeI and EcoRI restriction 

endonuclease sites of the pET-23b plasmid (Novagen). This construct was used for 

soluble expression of caspase-3. 

Expression and purification of half-labeled caspase-1 

 To generate the hemi-labeled caspase-1 construct, active caspase-1 was first 

generated by refolding a His6- or Strep-tagged large subunit with the small subunit to 

generate the active caspase dimer, as described above. Following refolding, samples were 

centrifuged at 16,000 g for 10 minutes to remove precipitate, diluted two-fold into 50 

mM sodium acetate (pH 5.9) buffer, and then centrifuged once more at 16,000 g for 10 

minutes. Samples were filtered and purified by cation exchange chromatography.  
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 The tagged caspase-1 construct was then labeled with the irreversible active site 

inhibitor z-VAD-fmk in labeling buffer containing 50 mM HEPES (pH 7.4), 50 mM KCl, 

200 mM NaCl, and 10 mM DTT overnight at 4°C. Complete labeling of the tagged p20 

subunit was verified by liquid chromatography-mass spectrometry (LC-MS; Waters, 

Milford, MA) and complete inhibition of catalytic activity. Excess inhibitor was removed 

using a Superdex 200 10/300 gel filtration column (GE Amersham) in buffer containing 

25 mM Tris (pH 8.0), 50 mM NaCl, 5% glycerol, and 1mM DTT. The VAD-fmk-labeled 

tagged caspase-1 was then concentrated using Millipore Ultrafree-15 devices with a 

MWCO of 10,000 Da and then denatured in 6M guanidine. This sample was then 

refolded in the presence of the other tagged p20 subunit and excess p10 subunit. 

Refolding and purification by cation exchange chromatography were done as described 

above. The three affinity-tagged caspase-1 species were then separated using sequential 

1mL HisTrap and 1mL StrepTrap columns for affinity purification (GE Healthcare), and 

the final half-labeled caspase-1 construct was purified by size exclusion chromatography 

using a Superdex 200 16/60 column in 25 mM Tris (pH 8.0), 50 mM NaCl, 5% glycerol, 

and 1mM DTT. Final verification of sample purity as being properly half-labeled was 

performed by LC-MS. 

 The control heterodimer caspase-1 with both His6- or Strep-affinity tags but no 

labeling with the active-site inhibitor z-VAD-fmk was generated in a similar fashion as 

above. Three caspase-1 constructs, the His6-tagged p20, Strep-tagged p20, and p10 

subunits from inclusion bodies were refolded together, then purified as above using 

cation exchange chromatography, sequential His6- and Strep-tag affinity based 

purification, and finally size exclusion chromatography. 

Expression and purification of half-labeled caspase-3 

 To generate the half-labeled caspase-3 construct, active caspase-3 was first 

generated by soluble expression in E. coli BL21(DE3)pLysS cells (Stratagene). Cells 

were grown in 2xYT media containing 200 µg/ml ampicillin and 50 µg/ml 

chloramphenicol at 37 °C to an OD600nm of 0.8-1.0. Overexpression of caspase-3 was 

induced with 200 µM IPTG at 37°C for three hours. Cells were harvested and 

resuspended in 100 mM Tris (pH 8.0) and 100 mM NaCl for lysis by microfluidization 
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(Microfluidics). The cell lysate was spun at 45,000xg for 30 minutes at 4°C. Caspase-3 

with an N-terminal His6-affiniy tag was isolated using a 1 ml HisTrap HP Ni-NTA 

affinity column (GE Amersham) eluted with buffer containing 200 mM imidazole. The 

eluted protein was diluted two-fold with buffer containing 20 mM Tris, pH 8.0 and then 

purified by anion-exchange chromatography (HiTrap Q HP, GE Amersham) with 30-

column volume gradient from 0-0.5 M NaCl. 

 The His6-affiniy tagged caspase-3 construct was then labeled and purified with 

the irreversible active site inhibitor z-VAD-fmk as described above for caspase-1. 

Following refolding with Strep-affinity tagged p17 large subunit and p12 small subunit, 

samples were dialyzed overnight at 4°C against 20 mM Tris (pH 5.9), 1 mM DTT. 

Dialyzed protein was purified by anion-exchange chromatography as described above. 

The three affinity-tagged caspase-3 species were then separated using sequential 1mL 

HisTrap and 1mL StrepTrap affinity purification (GE Healthcare), and the final half-

labeled caspase-3 construct was purified using a Superdex 200 16/60 gel filtration in 20 

mM Tris (pH 8.0), 50 mM NaCl, and half-labeling was verified by LC-MS. 

 The control heterodimer caspase-3 with both His6- or Strep-affinity tags but no 

labeling with the active-site inhibitor z-VAD-fmk was generated in a similar fashion as 

above. Three caspase-3 constructs, the His6-tagged p17, Strep-tagged p17, and p12 

subunits from inclusion bodies were refolded together, and then purified as above using 

anion exchange chromatography, sequential His6- and Strep-tag affinity based 

purification, and finally size exclusion chromatography. 

Enzyme kinetic analysis 

 Kinetic analysis of caspase-1 was performed in a buffer containing 50 mM 

HEPES (pH 8.0), 50 mM KCl, 200 mM NaCl, 10 mM DTT, 0.1% 3-[(3-

cholamidopropyl)dimethylammonio]-1-propanesulfonate (CHAPS), and NaOH was 

added dropwise to correct the pH to 8.0. Kinetic analysis of caspase-3 was performed in 

buffer containing 50 mM HEPES (pH 7.4), 50 mM KCl, 0.1 mM EDTA, 1 mM DTT and 

0.1% CHAPS. Steady-state kinetic analysis was done by titrating enzyme with 

fluorogenic tetrapeptide substrate (Ac-WEHD-AFC for caspase-1 constructs and Ac-
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DEVD-AFC for caspase-3 constructs, Enzo Life Sciences). Kinetic data was collected for 

a 10 min time course using a Spectramax M5 microplate reader (Molecular Devices, 

Sunnyvale, CA) with excitation, emission, and cutoff filters set to 365 nm, 495 nm, and 

435 nm, respectively. 

 For the tagged caspse-1 and caspase-3 constructs, Kinetic constants Vmax, KM, and 

the Hill coefficient (nHill) were calculated using GraphPad PRISM. The initial velocity (v), 

measured in relative fluorescence units per unit time, was plotted versus the logarithm of 

substrate concentration. The model used to fit the data is a sigmoidal does-response curve 

with variable slope, and from this model all three kinetic constants were derived. The 

general equation of this model is Y = Bottom + (Top-Bottom)/(1+10^((LogEC50-

X)*HillSlope)), where Y is the initial velocity, X is the logarithm of the substrate 

concentration, and Top, Bottom, EC50 (KM), and Hill Slope are free parameters fit to the 

data. A standard curve using pure afc product was used to convert relative fluorescence 

units to units of concentration (µM). In determining kinetic constants for caspases we 

observed that at saturating substrate concentrations, the enzyme exhibited decreasing 

activity as substrate concentration increased, most likely due to product inhibition. In 

order to correctly fit our data using non-linear regression, data points exhibiting product 

inhibition were excluded. 

 To test our proposed kinetic model for wildtype caspase-1, enzyme and substrate 

where both varied, using the above assay buffer of 50 mM HEPES (pH 8.0), 50 mM KCl, 

200 mM NaCl, 10 mM DTT, 0.1% 3-[(3-cholamidopropyl)dimethylammonio]-1-

propanesulfonate (CHAPS). Caspase-1 was varied from 500nM to 5.8nM in a serial 1.5-

fold dilution, and substrate peptide Ac-WEHD-AFC was varied from 0.34uM to 53.2uM 

in a 1.4-fold dilution in 96-well format, at 20% DMSO so that the final concentration of 

DMSO was 2% by volume.    A linear region of the data within the first two minutes was 

selected for the steady-state activity measurement. Enzyme concentrations of 333nM and 

500nM and substrate concentrations below 1.31uM were excluded from analysis due to 

the fact that they consumed substrate too rapidly. To convert between relative 

fluorescence units and product concentration, a steady-state a curve was constructed 

using the relative fluorescence units at the highest enzyme concentration after substrate 
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was fully consumed, to internally correct for the effects of caspase-1 on the relative 

fluorescence. 

Steady-state kinetic modeling 

Chemical kinetic equations were derived from the scheme in Fig. 3C. These equations 

were solved assuming quasi-steady state conditions. The derivatives with respect to time 

of the concentration of species A,B,D, and E was set to zero. It was assumed that 

substrate concentrations at steady-state were equal to their intial values; this typical 

approximation was deemed appropriate as the data-points used for fitting were under a 

linear product production per unit time phase. Enzyme mass conservation was used. To 

solve the equations, we made temporary approximations that were then updated over ten 

iterations, these approximations used in our iterative analytic method gave results that 

were consistent with fully-numerical solutions for the parameters reported here. 

Parameters were fit using the Matlab optimization toolkit using an objective function 

consisting of steady-state rates from the assay data and restraints for ratios of 

dimerization rates based on the AUC data, assuming the hemilabeled dimerization 

affinity is close to the doubly-labeled dimerization affinity.   Parameter optimization was 

performed in two stages. An intial unconstrained minimization (“fminsearch” function) 

was performed and then followed by a constrained nonlinear reression (“lsqnonlin”) with 

physically-reasonable constraints (see supplemental data), for example to keep on-rates 

less than 1x109s-1. The fitted parameters are given in Table I. 
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Figures and Legends:  

 

 

 

    

Figure 1.  Structures of Caspase-1 with the active site inhibitor z-VAD-fmk (PDB 
coordinates 2HBQ; Thornberry et al) (Panel A), with no ligand (PDB coordinates 1SC1 
Scheer et al ) (Panel B) or with the  allosteric inhibitor (PDB coordinates 2FQQ; 
Romanowski  et al) (Panel C). Ligands are shown as space-filled models. The large 
subunits (p20) are colored blue and orange and the small subunits (p10) are colored green 
and red. As shown, the blue and green chains comprise the left half of the caspase-1 
dimer, while the red and orange chains form the right half. The loops near the active sites 
(top left and bottom right of structures) undergo marked changes between conformations. 
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Panel A. 
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Panel B.  

 

 
Figure 2. Solution measurements of the dimerization constants for caspase-1 yielded a 
KD of 109µM for apo caspase-1 and a KD of 5µM for active site inhibitor-bound caspase-
1. Panel A. Analytical ultracentrifugation of catalytically-inactive C285A caspase-1 in 
the absence of ligands at 10,000, 14,000, and 20,000 r.p.m., at three different equilibrium 
concentrations:  9.8µM, 8.9µM, and 3.5 uM. Panel B. Analytical ultracentrifugation of 
caspase-1 fully inhibited with the covalent active site inhibitor z-VAD-fmk at 10,000, 
14,000, and 20,000 r.p.m., at  an equilibrium concentration of 1µM.  
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Panel A.       

 

Panel B. 

 

 

Panel C. 
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Figure 3. Steady-state kinetics for cleavage of Ac-WEHD-afc by caspase-1. Panel A.  
Experimentally-determined steady-state substrate cleavage kinetics varying [caspase-1] 
from 8.67 to 148 nM, and [substrate] from 1.31 to 532 µM. Panel B. Fitted steady-state 
cleavage rates from our kinetic model with parameters shown in Panel C. Panel C. 
Steady-state kinetic model describing on- and off-states for caspase-1, in the presence 
and absence of substrate (open and closed shapes, respectively), undergoing monomer to 
dimer transitions.  
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Panel C. 

 

Parameters:          Value  Source 
KD  (k1off/k1on) 5x10-6 M Fig. 2 
KM (kr+kcat)/kf 4.36x10-8 M Fitted 
kcat 1.74 s-1 Table I 

 

Figure 4. A simplified kinetic model fits activity data for caspase-1 hemi-labeled with z-
VAD-fmk. Panel A. Scheme showing the preparation of the hemi-labeled caspase-1. 
Two separate p20 subunits were fused with either a 6X His or Strep affinity tag, and 
refolded with the p10 to generate the pure homo-dimers.  The refolded 6X His tag 
caspase-1 was fully inhibited with z-VAD-fmk and complete labeling was confirmed by 
mass spectrometry (see supplemental materials).  After gel filtration to remove the active 
site inhibitor, the enzyme was mixed in excess amounts of unlabeled Strep tagged 
caspase-1. The proteins were denatured and refolded allowing for scrambling of the 
subunits. The hemi-labeled species was isolated by affinity purification of the protein that 
bound to both the nickel and avidin column, and confirmed by mass spectrometry. Panel 
B. Simplified kinetic scheme for the hemi-labeled enzyme assuming all activity comes 
from the dimer. Panel C. Fit of KM of simplified kinetic scheme in Panel B to the 
activity as a function of [Ac-WEHD-afc] concentration at an enzyme concentration of 
50nM, given dimerization affinity and chemical rate kchem from the wild-type model (k9).  
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Figure 5. Active site titration of wild-type caspase-1 (blue labels) or hemi-labeled hybrid 
caspase-1 (red labels). Each enzyme was titrated with increasing amounts of the active 
site-inhibitor z-VAD-fmk in sub-stoichiometric increments up to 1.4 equivalents per 
active site. These were allowed to react to completion for 2 hrs at room temperature, and 
enzyme activity measured as described in the Materials and Methods. Panel A. Measured 
relative activity of wild-type and hemi-labeled caspase-1 and predicted relative activity of 
wild-type caspase-1 from the steady-state model. Panel B. A simplified steady-state 
model of inhibitor-assisted dimerization (assuming complete labeling with inhibitor), 
taking parameters from Table I. Panel C. Predicted amount of hemi-labeled caspsae-1 
species formed during the active site titration using a quasi-steady-state solution to the 
model in Panel B.  
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Figure 6. Active site titration of caspase-3 constructs under similar conditions to Figure 5 
for caspase-1. Figure courtesy of D. Datta. 
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Table I. Parameters for caspase-1 kinetic steady-state model fit to assay data 

Parameter Value Units 
k1r 2.30x10-6 s-1 
k0off 5.22 s-1 
k3 2.26x10-1 s-1 
k1off 2.43x101 s-1 
k1f_prime 2.60x105 M-1s-1 
k0on 5.22x104 M-1s-1 
k1on 4.35x106 M-1s-1 
k2off 5.34x101 s-1 
k2on 1.06x107 M-1s-1 
k4r 1.91 s-1 
k7 1.60 s-1 
k4f_prime 1.53x102 M-1s-1 
k8r 2.44x101 s-1 
k9 1.74 s-1 
k8f_prime 1.24x108 M-1s-1 

 

 

 

Table II. Hemi-labeling of caspase-1 dimer leads to enzyme activation. Kinetic constants 
for hybrid tagged caspase-1 either with or without a single z-VAD-fmk on the His-tagged 
p20 subunit (see Figure 4).  Table courtesy of D. Datta. 
 

 

Construct 

KM 

µM 

kcat 

sec-1 

kcat/KM 

M-1•sec-1 

Ratio 

kcat/KM 

 

Unlabeled caspase-1 

control 1.9 0.11 5.6 × 104 1  

Hemi-labeled caspase-1  3.8 1.93 5.1 × 105 9.1  

*Standard errors within 10% of reported values based on data collected in triplicate. 

 

 

 

 

 

 



	
   133	
  

 

 

Table III. Hemi-labeling of the caspase-3 dimer results in minor enzyme activation. 
Table courtesy of D. Datta. 

 

 

Construct 

KM 

µM 

kcat 

sec-1 

kcat/KM 

M-1•sec-1 

Ratio 

kcat/KM 

 

Unlabeled caspase-3 control 13 1.4 1.1 × 105 1  

Hemi-labeled caspase-3 28 3.7 1.3 × 105 1.3  

*Standard errors within 10% of reported values based on data collected in triplicate. 
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Appendix: Solutions of Caspase-1 Steady-State Kinetics Models

Caspase-1 wildtype kinetics

First, we present a self-consistent analytical solution of the caspase-1 wildtype steady-state kinetic

model shown in Fig. X in the text. This is the simplest possible model that includes dimerization in

the presence/absence of one or two substrates and up to two-sites binding and catalysis.

∂tA(t) =k1r + k3B+2k0o f fC+ k1o f f D− (k1 f S+2k0onA+ k1onB)A
∂tB(t) =k1 f SA+ k1o f f D+2k2o f f E− (k1r + k3 + k1onA+2k2onB)B

∂tC(t) =k0onA2 +(k4r + k7)D− (k0o f f + k4 f S)C
∂tD(t) =k4 f SC+ k1onAB+(k8r + k9)E− (k4r + k7 + k8 f S+ k1o f f )D

∂tE(t) =k8 f SD+ k2onB2−2∗ (k8r + k9)∗E
∂tP(t) =k3B+ k7D+2k9E

We will assume that Substrate S is a constant value in our steady-state limit equal to the starting

substrate concentration. We will assume that the time derivatives of each species except B are equal

to zero and then invoke mass conservation to yield five equations for our five state variables.

∂tE(t) = 0→ E =
k8 f SD+ k2onB2

2(k9r + k9)+ k2o f f

∂tD(t) = 0→ D =
k4 f SC+ k1onAB+2(k8r + k9)E

k4r + k7+ k8 f S+ k1o f f

∂tC(t) = 0→C =
k0onA2 + k4r+ k7D

k0o f f + k4 f S

∂tAt = 0→ A =
(k1r + k3)B+2k0o f fC+ k1o f f D

k1 f S+2k0onA+ k1onB

Aggregating parameters into composite constants,
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κ =2(k8r + k9)
Y =k4r + k7 + k8 f S+ k1o f f

γ =κY−1

χ =k4r + k7 + k8 f S+ k1o f f

Z =k2o f f +κ

ζ =k8 f SZ−1

ε =k2onZ−1

η =k1r + k3

ρ =
k1on

k1 f S

ψ =
k4r + k7

k0o f f + k4 f S

σ =
k0on

k0o f f + k4 f S

α =k4 f SY−1

δ =k1onY−1

µ =

k1r+k3
k1 f S

1+ρB

ν =
k1o f f +2k0o f f ψk1 f S

1+ρB

Plugging these in the above equations,

E =ζD+ εB2

D =αC+δAB+ γE

C =σA2 +ψD

A =
µB+νD

1+ρB+ 2k0onA
k1 f S

Substituting, we obtain

D =
B2( ασµ2

(1+ρB)2 +
δµ

1+ρB + γε
)

1−ψ− γη− ασν2D
(1+ρB)2 − δνB

1+ρB

Our strategy to obtain an analytical form of the solution is analogous to the self-consistent field

approximation used in numerically obtaining solutions to the Schrodinger equation in quantum me-

chanics. We (1) bundle terms into aggregated parameters, (2) obtain an analytical solution in terms

of the aggregated parameters, (3) neglect some terms in these parameters to obtain a fully analytical
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approximate solution in terms of the input kinetic rate constants, (4) replace the terms that were ne-

glected with state populations from the analytical approximate solution, (5) iterate until the solution

converges. Then, we have a solution in the self-consistent limit.

Here, we first make the following three approximations for the initial solution:

2k0onA << k1 f S+ k1onB
1+ρB≈ 1

ασν
2D+δνB << 1−ψ− γζ

Then,

D =φB2

E =(ζφ+ ε)B2

A =µB+νD

Etot =µB+νφB2 +B+2σµ2B2

+2ψφB2 +2σν
2
φ

2B4 +2φB2 +2ζφB2 +2εB2

Assuming the B4 term is negligible, we can solve this last equation quadratically:

Σ =νφ+2σµ2 +2φ+2ζφ+2ε+2ψφ

B =
−(µ+1)+

√
(1+µ)2−4ΣEtot
2Σ

Next, we substitute this value for B above to obtain populations of all the states in terms of total

enzyme concentration Etot and the substrate concentration S. Then, we replace the neglected terms

that were removed above. Next, for each iteration of the self-consistent procedure, we (1) update

the neglected terms with the state populations from the last solution, and then (2) obtain new state

populations using the above analytical solution. We found that 10 iterations in practice was more

than sufficient to converge the solution in the self-consistent limit.

Caspase-1 ”Hemilabeled” model

To construct a simplified model for use in analyzing the ”hemilabeled” experiment, we assume a

three-state model shown in Fig. X in the text, and that catalysis only comes from the inhibitor-

bound dimer.
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∂tA(t) =k1o f fC− k1onAB
∂tB(t) =k1onAB+ kchemC− k f SB+ krC

∂tCt =k f SB− (kr + kchem)C
∂tDt =kchemC

Solving,

∂tA(t) =0→ k1onA2 = k1o f f B

B =
k1onA2

k1o f f

∂tC(t) =0→C =
k f SB

kr + kchem

KM =
kr + kchem

k f

KD =
k1o f f

k1on

Σ =
kon

ko f f

(
1+

k f S
kr + kchem

)
Σ =

1
KD

(
1+

S
KM

)
1
2

Etot =A+B+C

1
2

Etot =A+
k1onA2

k1o f f
+
( k f S

kr + kchem

)k1onA2

k1o f f

0 =ΣA2 +A− 1
2

Etot

A =
−1+

√
1+2ΣEtot
2Σ

B =
2−2

√
1+2ΣEtot +2ΣEtot

4Σ2KD

∂tPt =
kchemk f S
kr + kchem

(2−2
√

1+2ΣEtot +2ΣEtot
4Σ2KD

)
∂tPt =

kchemS
KM

(2−2
√

1+2ΣEtot +2ΣEtot
4Σ2KD

)
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Chapter 7. Conclusion 

 

The novel information theory-based molecular dynamics simulation analysis 

methods described in this work, namely Mutual Information and Kullback-Leibler 

Divergence, are part of a software package called “MutInf”, available online through 

Stanford’s simulation toolkit “SimTK” ( https://simtk.org/home/mutinf ) . Now the 

Mutual Information (and later Kullback-Leibler Divergence) code is available online 

through the following Subversion repository: “ svn checkout https://simtk.org/svn/mutinf 

”.  MutInf is written in python using NumPy and SciPy, and features inline C code using 

the “weave” package to optimize some of the high-frequency loops.  An online manual is 

available here: http://www.jacobsonlab.org/mutinf_manual/ . 

There are several natural extensions that could be made to MutInf. First, the 

Kullback-Leibler Divergence needs the capability to handle Cartesian coordinates – this 

is difficult because of the “frame-fitting”, alignment-and-superposition problem, and 

practically challenging in this histogramming framework due to fixed and different 

bounds for different datasets. This could be relieved by using a histogram-independent, 

K-nearest-neighbors approach for the Kullback-Leibler Divergence. Furthermore, the 

code does not yet handle the second-order version of the Kullback-Leibler Divergence, 

though initial efforts towards this were made. Another code development effort focused 

on “weighted” ensembles, such as from replica exchange or from a Markov Model, 

where each data point has a different weight attached to it. A foundation for this is in a 

branch of the code that needs to be tested then merged in appropriately.  
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One of the obvious applications of this work is to identify new allosteric sites for 

drug discovery, and to help predict how a potential allosteric molecule might alter the 

protein’s conformational ensemble and thereby inhibit or activate the protein. Often, 

these allosteric sites are protein-protein interaction sites or, if they are on the surface, may 

share commonalities with protein-protein interaction sites. This work finishes with a 

review co-authored with Jim Wells on small molecule inhibitors of protein-protein 

interactions, as some of the same principles may apply to novel allosteric compound 

binding sites on the surfaces of proteins.   

There is probably no other class of macromolecular interactions that rivals the 

complexity, diversity, and regulatory impact of protein-protein interfaces (PPIs)1-6. 

Although there is tremendous therapeutic interest in PPIs, these interfaces present huge 

challenges for small molecule drug discovery. Protein-protein interfaces are large 

(~1500-3000 Å2)7, 8 compared to typical small molecule contact interfaces(~300-1000 

Å2)9, 10. Protein-protein interfaces are generally flat and often lack the  grooves and 

pockets seen for proteins known to bind small molecules11. Unlike classic small molecule 

targets such as enzymes or G-protein coupled receptors (GPCR’s), these interfaces 

naturally bind a large protein instead of a small molecule partner. Thus, drug discovery 

efforts do not have the luxury of starting from a small natural substrate or ligand. Most 

PPIs involve protein residues that are not continuous in the polymer chain. Short 

contiguous peptides taken from the interface are rarely good chemical starting points. 

There are some notable exceptions where the protein partner presents a contiguous tri- or 

tetra-peptide sequence for which small molecule peptide mimetics have been built (for 

examples see12, 13). High through-put screening (HTS) does not routinely identify 
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compounds that will disrupt PPIs14, 15. Although biopharmaceuticals such as monoclonal 

antibodies or polypeptide hormones almost always bind to protein-protein interaction 

surfaces, there are few approved small molecule drugs for this target class.   

Despite these challenges, several lines of evidence suggest there may be hope for 

finding small molecules for PPIs after all. Although these interfaces are large, mutational 

studies show a small subset of residues contributes the majority of binding free energy16-

19 (Figure 1, for a recent review see20). Such “hot-spots” are usually centered in the 

contact interface and represent less than half of the contact surface. PPIs can be 

promiscuous, and bind several other targets using the same hot-spot region21. Structural 

studies show that adaptability at these promiscuous interfaces allows one partner to 

engage structurally diverse partners. Peptides selected in phage display experiments for 

binding to one of the partners in a protein-protein pair will often compete with the natural 

partner for binding to the hot-spot20-24. Thus, there appear to be many chemical solutions 

for tight binding and these large interfaces can be engaged by more compact scaffolds.  

How small can we go  

Research in the area of finding small organic compounds that disrupt PPIs has 

made significant strides in the past 5 years (for recent reviews see 25-28). Here, we focus 

on six recently published examples of discontinuous protein-protein interfaces where 

small molecules have been discovered that directly compete with one of the protein 

partners (Table I). This set has publicly available crystal structures for both the protein-

protein and protein-small molecule complexes in the Protein Data Bank (PDB). These 

case studies provide a unique opportunity to structurally compare how a small molecule 

directly competes with a natural protein partner and provide instructive patterns for how 
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to advance drug discovery in this important field. We compare these protein-protein 

complexes to their competing protein-small molecule complexes in Fig. 2. and 

Supplemental Movies 1-6. 

A. IL-2 binders: Il-2 is a key cytokine involved in T-cell activation and a 

causative agent in graft rejection. A series of small molecules with dissociation constants 

in the mid-nM range (Ki = 68.5 nM, KD = 100 nM) were produced at Sunesis 

Pharmaceuticals that bind to IL-2 and disrupt the interaction between IL-2 and the IL-2α 

receptor29-31. These were assembled in a fragment-based approach guided by X-ray 

structures and medicinal chemistry, and inspired by previous discovery efforts by Tilley 

and co-workers at Roche Pharmaceuticals32.  Although the molecules were built before 

the structure of the IL-2/ IL-2α receptor complex was reported33, they bind near the 

center of the receptor contact interface34, 35 (Figure 2a) and do not bind to IL-15, the 

closest homolog of IL-231. 

A number of interesting features emerge when we compare the structural and 

functional epitopes for binding the small molecule (SP4206) versus the large receptor19 

(Fig. 2, http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s1.mov 

(Supplementary Movie 1)). The contact epitope for the small molecule is about half the 

size of that for the receptor. Because the small molecule and receptor bind with nearly 

equivalent affinity, the ligand efficiency (binding free energy per heavy contact atom36) 

for the small molecule is more than twice that for the larger receptor (Table I). When IL-

2 binds the α-receptor, the binding epitope on IL-2 is very flat as is typical of protein-

protein complexes. In contrast, the small molecule traps a groove in IL-2 and repositions 

a loop to embrace the furanoic acid moiety at one end of the small molecule. Alanine-
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scanning mutational studies show the small molecule and receptor bind the same hot-spot 

residues on IL-219. Although the structures of the small molecule and α-receptor are very 

different, the electrostatic potential surfaces presented are quite similar and likely reflect 

a need to establish electrostatic complementarity with IL-2. Electrostatic and surface 

shape complementarity37, 38 plus specific hydrogen-bonding interactions likely account 

for the high selectivity of these interactions. 

These studies show that the binding interface on IL-2 is very adaptive and can 

bind a small molecule with good affinity using the same primary hot-spot residues. It is 

notable that the design of these compounds, driven mostly by functional SAR (Structure-

Activity Relationships) and structure, did not require the structure of the bound receptor. 

Indeed, the small molecule is not a faithful atomic mimic of the receptor, and would not 

have been found assuming one needed to capture the precise structure of the receptor 

bound form of IL-2. 

B. Bcl-xLbinders: Bcl-2 family members are important regulators of apoptosis39, 

40. These can form homo- and hetero-dimers with pro- or anti-apoptotic relatives. Bcl-2 

and Bcl-xL inhibit apoptosis by binding a 16-residue α-helical portion of pro-apoptotic 

Bak40 or a 26-residue α-helical portion of pro-apoptotic Bad41 (Figure 2b). The 

importance of these targets in cancer has generated considerable interest in synthetic 

inhibitors. Several groups have produced smaller helical peptide mimics with high 

affinities (Ki ~5-100 nM in the best cases)42-45. Recently, a team at Abbott Laboratories 

generated high-affinity organic compounds (Ki = 0.6 nM; molecular weight MW ~880) 

that bind to the hydrophobic helical binding domain of Bcl-xL, Bcl-2, and Bcl-w but not 

to other homologs such as Mcl-1 or Bcl-B46 (Table I). The affinity of the small molecule 
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is comparable to that of the peptide, and given its smaller contact interface, the ligand 

efficiency is more than two-fold higher. The compounds were discovered using a 

fragment-based NMR method (SAR-by-NMR) and advanced using NMR structure-

guided medicinal chemistry47-49. The compounds showed significant cell-based activity, 

good activity in mice with tumor xenografts, and synergy with radiation and a number of 

other chemotherapeutics. A derivative of ABT-737 (ABT-263) is currently in Phase I/II 

cancer clinical trials (S. Fesik, personal communication).    

NMR structures of the bound fragments (KD’s ~ 0.3-4 mM) show reasonable 

correspondence to the elaborated high affinity compound ABT-737 (Fig. 2) and analogs 

(http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s2.mov 

(Supplementary Movie 2)). However, compared to the α-helical peptide there are some 

striking differences (Figure 2b). Alanine-scanning of the Bak peptide identified several 

critical residues: Leu-78,  Asp-83, Val-74, and Ile-81, and Ile-8540, 45. Although the small 

molecule binds where these peptide residues fit, it does not closely mimic the atomic 

details of peptide partner. Instead, the small molecule traps a slightly different 

conformation of Bcl-xL, binding in deeper cavities with more puckered groves. Thus, the 

small molecule and peptide bind to the same hot-spot region but the small molecule binds 

deeper and in a slightly different way. 

C. Hdm-2 binders: Hdm-2 emerged as an excellent drug target in cancer when it 

was found that the mouse homolog (Mdm-2) binds to the tumor suppressor p53 and 

enhances its degradation, thus blocking p53 tumor suppressing transcriptional activity 

(for review see 50). Mdm-2 can bind a 15-residue α-helical region of p53 (KD ~ 600nM) 

and the structure of the complex shows a largely hydrophobic interface51. Alanine-
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scanning mutational analysis of the peptide identified three dominant determinants in the 

center of the interface: Leu22, Phe19 and Trp2352. A high through-put screening and 

medicinal chemistry effort at Roche in Nutley, NJ identified a series of tetra-substituted 

imidazoles, termed Nutlins (Table I). After considerable chemical optimization, the most 

potent of these disrupted the interaction with a IC50 of 90 nM, and showed potent cellular 

and xenograft activity53. At Johnson and Johnson, a parallel screen of 338,000 

compounds that monitored binding by changes in thermostability (ThermoFluor) 

identified a series of benzodiazepinediones54. After chemical optimization one of these 

was found with a KD of 67 nM and an IC50 of 420 nM55. Although these compounds were 

initially selected for binding to Hdm-2 and not for functional disruption of the complex, 

they promoted rapid dissociation of p53 from Hdm-2 in cells overexpressing Hdm-256. 

Furthermore, a benzodiazepinedione with an added solubilizing moiety inhibited cell 

proliferation with an IC50 of ~10µM and showed synergistic activity with doxorubicin in 

mice56.  

The structures of both small molecules have been solved in complex with Hdm-2: 

Nutlin-2 by X-ray crystallography53, Nutlin-3 by NMR57, and the benzodiazapinedione 

by X-ray crystallography54 (Figure 2c,  

http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s3.mov  

(Supplementary Movie 3)). Both compounds bind precisely over the p53 peptide site and 

insert aromatic or aliphatic moieties into hot-spot pockets on Hdm-2 that bind key p53 

peptide residues Phe 19, Trp 23 and Leu 26. The contact epitopes for the small molecules 

are again about half the size of the minimal peptide binding epitope. The conformation of 

Hdm-2 is more open at the ends for binding the peptide whereas it closes more tightly 
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over the small molecules, presenting a more concave binding site as in IL-2 and Bcl-xL. It 

is remarkable that these dissimilar small molecule scaffolds, discovered from very 

different starting points, have converged on a very similar binding mode.  

D. E2 binders: Papallomavirus (HPV) is of significant medical interest, as it is the 

causative agent in warts and is a malignant agent in cervical cancers. There is currently 

no small molecule therapeutic. The interaction between the viral E2 transcription factor 

and the E1 helicase is critical for the viral life cycle and thus is an important PPI target. A 

group at Boehringer-Ingelheim identified a class of indandiones by HTS that weakly 

disrupted this interface (KD ~20µM)58. Medicinal chemistry efforts further optimized the 

compounds’ affinity, achieving IC50’s as low as 6 nM (Table I)59-61. Direct binding of 

[3H]-labeled compounds and titration calorimetry showed the compounds bound to the 

transactivation domain of the E2 protein with one-to-one stoichiometry. Interestingly, an 

X-ray structure of a compound bound to the transactivation domain showed two copies of 

the small molecule; one penetrates into a cavity in the three helix domain and the other 

sits on top60. 

Soon after the release of this X-ray structure, the structure of the HPV 18 E2-

activation domain bound to the E1 helicase was reported62. The protein-protein interface 

completely covers the small molecule-E2 contact interface in HPV 11 (Figure 2d). Of the 

20 residues that E2 uses to contact E1, the small molecule contacts only 7. Importantly, 

the small molecule accesses a cavity not seen in the protein-protein interface 

(http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s4.mov 

(Supplemental Movie 4)). The small molecule achieves higher ligand efficiency than E1 
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(Table I), presumably by deeply burying its hydrophobic surface area rather than 

spreading it across the interface. 

E. ZipA binders: Separation of bacterial cells during division depends on a septal 

ring composed of at least two proteins in some gram-negative strains: FtsZ, a homolog of 

eukaryotic tubulin, and ZipA, a membrane-anchored protein. These form a protein-

protein complex using their C-terminal domains. A high resolution X-ray structure (1.5Å) 

with a 17-residue peptide from the C-terminus of E. coli FstZ shows that the peptide 

binds to a cavity in ZipA as an extended β-strand followed by an α-helix63 

(http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s5.mov 

(Supplemental Movie 5)). The FtsZ peptide binds about 100 times weaker than the full-

length FtsZ (~7µM), but it serves as a useful surrogate. Although ten of the side-chains of 

the peptide make direct interactions with ZipA, alanine-scanning mutagensis shows that 

only four of these (three hydrophobic and one acidic) dominate the binding affinity and 

constitute a hot-spot. The structure of the unbound form of ZipA was also reported and 

found to have a similar structure as the bound ZipA except for notable differences in 

some side-chains that allow the critical hot-spot residues from the peptide to penetrate 

more deeply into the surface of ZipA. Thus, ZipA appears to be an adaptive surface that 

accommodates the binding of hot-spot residues.  

A NMR fragment screening effort of a diverse set of 825 compounds at Wyeth 

Pharmaceuticals yielded seven hits that bound to the FtsZ site64. Even though this 

represents a high hit rate of 0.8%, which may suggest this target to be druggable65, 

extensive medicinal chemistry and SAR from selected hits was unsuccessful in achieving 

significantly high potency66. In the search for other small molecule possibilities, an HTS 
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of 250,000 compounds identified a pyridyl-pyrimidine which had a Ki of 12µM (Table I) 

and whose X-ray structure was solved67.  The structure shows it binds entirely in the hot 

spot-region and only contacts 740Å2 compared with 1350Å2 for the 17-mer peptide 

(Supplemental Movie 5). Though the surfaces of the small molecules are more 

complementary to ZipA’s surface than the surface of the peptide these molecules were 

not able to penetrate deep into the ZipA surface.  

F. TNFα disruptors: TNF represents a major drug target as it is a key cytokine 

that drives inflammation. Important biological therapeutics are approved for this target 

for treating arthritis. Not surprisingly, there has been considerable interest in developing 

small molecules or peptides that can disrupt the interaction between TNF and its TNF–

receptors (TNFR-1 and TNFR-2). For example, small peptides (13-mers) taken from 

TNFR-1 were found that could bind modestly to TNF (KD ~ 5µM)68 and small molecule 

photo-active inhibitors have been discovered that label a site near the receptor binding 

site69.  

More recently70 another class of small molecule inhibitors was discovered that 

disrupt the trimeric cytokine (KD ~13 µM, Table I) by binding and displacing one of the 

monomers from the timer. These compounds, discovered by fragment screening, bind to 

an adaptive cluster of tyrosine residues at the core of the timer interface (Figure 3a). Two 

aromatic groups from the compound occupy the position of the tyrosine residues from the 

 displaced monomer  

(http://www.jacobsonlab.org/mutinf_manual/wells_mcclendon2007_s6.mov 

(Supplemental Movie 6)). Although these compounds are too weak to be serious drug 

candidates, they illustrate that even constitutive oligomeric interfaces can bind small 
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molecules. In another example, small molecule inhibitors of survivin have recently been 

discovered that bind within survivin’s homodimer interface71.  

It is known that TNF monomers can exchange with other momoners in the trimer, 

albeit slowly. Remarkably, these small molecules enhance the dissociation kinetics of the 

displaced monomer by over 600-fold. Thus, the compound need not wait for a monomer 

to completely dissociate (Figure 3b, Model 1); it can actually intercalate into the dynamic 

trimer complex and displace the monomer (Figure 3b, Model 2). Presumably, breathing 

motions allow the small molecule to intercalate the interface and prevent the displaced 

monomer from reforming a high-affinity complex with the remaining dimer.  

Myths about disrupting protein-protein interfaces 

“These are large flat interfaces without cavities for small molecules to dock”.  

All of the interfaces above show some adaptability that opened up cavities not 

seen in the free protein. Most of this flexibility involves side-chain motions and small 

loop perturbations. In each case in Fig. 2, the small molecule or fragment accesses 

smaller pockets or grooves that the larger and more constrained protein or peptide does 

not. Thus, one should not assume that the best small molecule site is seen from static 

structures of either the free protein target or even the protein-protein complex. For 

example, Bcl-xL appears to have a rather flat surface in the static apo structure, but during 

molecular dynamics simulations of less than one nanosecond, transient pockets open up72, 

73. Similar transient binding pocket openings were found in simulations with IL-2 and 

Hdm-273.   

 “Screening does not work for PPIs”.  
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In fact, all of the examples presented involved empirical screening, both fragment 

screening and HTS. In several examples, the starting compounds were identified by HTS 

using large numbers of compounds (>250,000) to identify very weak hits (Ki’s in the 

mid-µM range). Extensive biophysics was applied to validate that these hits were “real” 

and stoichiometric prior to investment of medicinal chemistry. In four of the cases cases 

presented here, medicinal chemistry advanced these hits to compounds with KD’s of mid 

to low-nM, and in two cases they did not. The ability to progress a hit was not well 

predicted by the initial compound behavior or inspection of the site, but may be 

suggested by hit rates from fragment libraries65 or by druggability indices9 applied to 

conformational ensemble samples from computer simulations72.   

One reason that HTS may not be more successful is that the compounds used for 

screening are derived mostly from historical medicinal chemistry efforts in 

pharmaceutical companies. These chemotypes have been dominated by past drug 

discovery on GPCR’s, enzyme targets, and traditional “druggable” targets. Every new 

target class is seeded invariably by new chemotypes that are somewhat distinct from the 

targets that preceded it. Is it possible that PPI inhibitors require different chemotypes? As 

a small-scale analysis, we took high-affinity protein-protein inhibitors from the IL-2, Bcl-

xL, Hdm-2, and E2 class and compared these to sets of compounds directed against 

targets in the MDDR and WOMBAT chemical databases using a compound Similarity 

Ensemble Approach (http://sea.docking.org)74. The PPI inhibitors did not show high 

similarity to any set of compounds against other known targets. Thus, if traditional 

libraries are used, large compound collections may be required to find bonafide75 hits 

with KD’s in the 10-100 µM range. Moreover, one should not assume there are a few 
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privileged scaffolds that will unlock this entire target class as there has been for protein 

kinases and GPCR’s. Except for close homologs, each PPI is different and thus 

chemotypes are likely to be more isolated in chemical space.  

It is possible that fragment screening will be more successful than HTS when 

applied to PPI targets. Although anecdotal, several successes did come from fragment 

screening even though there probably have been far fewer fragment screens than HTS 

screens. In theory, fragments (MW 150-250) have higher ligand efficiencies than typical 

HTS compounds (MW 400-500) and enable a greater search of compound diversity space 

per atom36, 76.  

“The native protein-protein complex is tighter and cannot be competed away once 

formed”.  

In most of the cases, the optimized small molecule bound with an affinity 

comparable to that of the partner protein or peptide. In several examples (IL-2, Hdm-2, 

E2), compound Ki or IC50 values measured by competitive inhibition of the compounds 

were in the mid to low-nM range and comparable to the compound binding affinity (KD) 

measured by direct binding methods. This would indicate that under equilibrium 

conditions the small molecule is not disadvantaged to displace the protein partner. 

From a kinetic perspective the small molecule may actually have an advantage over a 

large protein competitor like an antibody. For example, in the TNF case the compounds 

actually accelerated the dissociation of the monomer from the complex by >600-fold. 

Thus, inhibition was not rate-limited by the off-rate of a TNF monomer. It would be very 

interesting to see if the other small molecule inhibitors can accelerate dissociation of their 

protein-protein interaction partner. Recent paramagnetic NMR studies on protein 
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complexes suggest that protein-protein interfaces may be inherently “wobbly”77, 78. If this 

were generally the case, a small molecule may be expected to penetrate these dynamic 

“encounter” complexes and have a kinetic advantage over a large antibody therapeutic, 

whose association depends on complete (not partial) dissociation of the competing 

protein partner. 

“Small molecules to protein-protein interfaces will be too large to be drugs”.  

Most orally active drugs have molecular weights below 500, and neurological 

drugs usually require even lower molecular weights to cross the blood brain barrier 79, 80. 

Such rules, derived from the limited set of known drugs, have notable exceptions such as 

cyclosporine (MW ~ 1000). In fact, ABT-737 (MW ~880; Table I) has a respectable 70% 

bioavailability in rodents46, and a derivative (ABT-263) of comparable size has begun 

clinical trials. Moreover, many useful drugs including many antibiotics and cancer drugs 

are given as injections where molecular weight considerations are not driven by oral 

bioavailability.  

There is always a trade-off between compound binding affinity and other 

properties such as pharmacokinetics, solubility, toxicity, and synthetic tractability that 

together determine the likelihood that a compound will ultimately make it as a drug. For 

these latter properties, lower molecular weight is clearly better. All of the PPI inhibitors 

described here with Ki values < 1µM have molecular weights in the range of 500-900. 

We therefore wondered if there is a limiting relationship between compound potency and 

size for small molecule PPI inhibitors. For this analysis, we selected only compounds 

with extensive medicinal chemistry data and those where structures were solved showing 

the compounds or close analogs bound to their targets.  We plotted the free energy of 
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binding (kcal/mol) vs. the number of heavy atoms for highest affinity fragments and 

optimized compounds against these target proteins (Figure 4).  These data form a 

reasonably linear plot with a correlation coefficient of 0.88. It is remarkable that all of 

these very different targets with different chemotypes share similar ligand efficiencies. 

The slope of the line gives a ligand efficiency (LE) value of 0.23 kcal/mol per non-

hydrogen atom. This LE value is considerably below that for the tightest binding small 

molecules (~1.5)36 but not far from many other kinase inhibitors (LE = 0.3-0.4 kcal/mol 

per non-hydrogen atom) and comparable to many protease inhibitors (LE ~ 0.25-0.35 

kcal/mol per non-hydrogen atom)36, 81. A survey of a number of less-optimized small 

molecule protein interface inhibitors shows, with some exceptions, ligand efficiencies 

similar to those here (Table II). Assuming a value of 0.23 kcal/mol per non-hydrogen 

atom, a compound with a KD of 10nM, typical of many drugs, would require roughly 47 

non-hydrogen atoms (MW ~ 660). We suggest that medicinal chemistry efforts that 

exceed this curve are doing exceptionally well and those that are significantly below this 

curve have significant optimization to do if nanomolar affinity and oral bioavailability are 

desired.     

Prospects and challenges for drug discovery at PPIs 

There is always a trade-off between compound binding affinity and other 

properties such as pharmacokinetics, solubility, toxicity, and synthetic tractability that 

together determine the likelihood that a compound will ultimately make it as a drug. For 

these latter properties, lower molecular weight is clearly better. All of the PPI inhibitors 

described here with Ki values < 1µM have molecular weights in the range of 500-900. 

We therefore wondered if there is a limiting relationship between compound potency and 



 156 

size for small molecule PPI inhibitors. For this analysis, we selected only compounds 

with extensive medicinal chemistry data and those where structures were solved showing 

the compounds or close analogs bound to their targets.  We plotted the free energy of 

binding (kcal/mol) vs. the number of heavy atoms for highest affinity fragments and 

optimized compounds against these target proteins (Figure 4).  These data form a 

reasonably linear plot with a correlation coefficient of 0.88. It is remarkable that all of 

these very different targets with different chemotypes share similar ligand efficiencies. 

The slope of the line gives a ligand efficiency (LE) value of 0.23 kcal/mol per non-

hydrogen atom. This LE value is considerably below that for the tightest binding small 

molecules (~1.5)36 but not far from many other kinase inhibitors (LE = 0.3-0.4 kcal/mol 

per non-hydrogen atom) and comparable to many protease inhibitors (LE ~ 0.25-0.35 

kcal/mol per non-hydrogen atom)36, 81. A survey of a number of less-optimized small 

molecule protein interface inhibitors shows, with some exceptions, ligand efficiencies 

similar to those here (Table II). Assuming a value of 0.23 kcal/mol per non-hydrogen 

atom, a compound with a KD of 10nM, typical of many drugs, would require roughly 47 

non-hydrogen atoms (MW ~ 660). We suggest that medicinal chemistry efforts that 

exceed this curve are doing exceptionally well and those that are significantly below this 

curve have significant optimization to do if nanomolar affinity and oral bioavailability are 

desired.     

In the past 5 years there has been remarkable progress in identifying, 

characterizing, and developing small molecules that bind to protein interface sites. In 

addition to the interfacial inhibitors presented here, it is also possible to inhibit PPIs 

through allosteric sites82, 83, and by promoting abherent protein-protein interactions (e.g.. 
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by cyclosporins)84. However we still have a long way to go. It is not clear that we are 

screening the optimal region of compound space or that compounds we find can be easily 

optimized for these diverse interfaces. Fragment screening methods offer the greatest 

opportunities to cover a wider swath of synthetically-feasible chemical space per atom. 

Hot-spots enable ligand-efficient ‘footholds’ to be established by initial fragments. 

However, except for Hdm-2, hot-spot binding alone did not yield high-affinity inhibitors; 

in IL-2, Bcl-xL, E2, and ZipA, additional sources of small-molecule affinity were needed 

and subsequently found, except in ZipA. The highest-affinity small molecules engaged 

residues that the natural protein partner did not interact with, often exploiting ‘cryptic’ 

pockets. If fragments are to be used, we need new sensitive, low-cost, high-throughput 

fragment screening technologies for such screens to become commonplace, and possibly 

the biggest challenge is growing fragments that bind into higher affinity small molecules.  

Improved computational methods to design ligand-efficient elaborated compounds at 

flexible protein sites would be quite helpful in focusing medicinal chemistry efforts 

against these adaptive targets. To develop such methods, one would want to know 

whether these compounds “induce” conformational changes or whether they “select” a 

conformation of the target protein or endogenous complex from an ensemble of states 

sampled during the normal dynamic excursions these proteins and complexes make at 

physiological temperatures. A recent study that docked high-affinity inhibitors of IL-2, 

Bcl-xL, and Hdm2 to protein conformational snapshots from 10ns Molecular Dynamics 

simulations found ligand poses docked to some snapshots that were close to those 

observed experimentally, with corresponding protein conformations that were roughly 

similar to those observed in inhibitor-bound structures. These results suggest that most 
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but not all of the conformational differences seen when comparing apo to inhibitor-bound 

structures are due to conformational selection by the ligand. Moreover, the structural 

changes seen at these protein-protein interfaces are smaller than those that appear in 

biologically evolved examples of induced-fit such as in hexokinase85-87. 

If one accepts that this class of proteins generally has a lower ceiling for ligand efficiency 

than more traditional targets, the drug discovery community we will have to get better at 

managing the ADME properties of larger compounds. Though these compounds are 

larger than typical drugs, the compounds were quite specific for their targets, as was the 

case for IL-2, Bcl-xL, E2, Hdm-2. The compelling biology surrounding PPIs and the fact 

that more small molecules are winding their way through clinical trials gives us hope that 

we may have more of these drugs on the shelf in the future. Clearly, the new efforts have 

moved us a rung higher toward reaching this class of high hanging fruit. 

 

 

 

Figure 1. Examples of “hot-spots” based upon alanine-scanning mutational analysis of 
four protein-protein interfaces. The effect of the alanine mutation on the free energy of 
binding relative to wild type (ΔΔG) is color coded from red (most disruptive--hot spots) 
to dark blue (little or no effect). Figure courtesy of W. DeLano98.  
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Figure 2. Four examples (Panels a-d) comparing how a protein binds its natural protein 
or peptide partner relative to an unnatural small molecule. The left column shows the 
structure of the protein-protein or protein-peptide complexes where the target protein is 
rendered in grey filled surface and the binding protein or peptide is shown in yellow 
ribbons with selected side chains in sticks. The contact surface (within 4.5Å of the 
binding partner) is shown in green. The right column shows the structure of the small 
molecule in yellow sticks bound to the protein rendered in gray surface and the contact 
interface shown in orange. The middle column shows the small molecule (yellow) 
superimposed onto the surface of the protein in the conformation used to bind its natural 
protein or peptide partner, whose contact surface is shown in green. Note how much 
larger and flatter the protein-protein contact surface (green) is compared to the small 
molecule-protein contact surface (orange).  Panel a compares Il-2/IL-2 a receptor vs. IL-
2/small molecule (SP4206). Panel b compares Bcl-xL /Bad peptide vs. Bcl-xL /small 
molecule (ABT737). Panel c compares Hdm-2/p53 peptide vs. Hdm-2/Nutlin-2 (top) or 
Hdm-2/benzodiazepinedione (bottom). Panel d compares HPV-18 E2/E1 vs. HPV-11 
E2/B.I. cmpd23. The middle column is not shown for Panel d since HPV-18 and HPV-11 
are not identical but are homologs.  
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Figure 3. Panel a. Structure of the TNF timer versus the TNF dimer/SP403 small 
molecule. Panel b. Two models for how small molecules could block formation of TNF 
trimers. Model 1 requires complete dissociation of one of the monomers before the small 
molecule can bind. Model 2 allows the small molecule to associate with the trimer and 
facilitate dissociation. The fact that the small molecule accelerates the rate of dissociation 
of the monomer (by >600-fold) supports Model 2.  
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Figure 4. Plot of binding free energy versus number of heavy (non-hydrogen) atoms in 
highest affinity fragments and small molecules for the protein-protein interfaces. KD 
values were converted to free energy (kcal/mol) using standard-state conditions of 1 M 
concentration at a temperature of 300K. Where direct binding affinity was not available, 
Ki or IC50 was used as an estimate. The slope can be described by y = 0.24x, and the 
correlation coefficient is 0.77. The linear relationship implies that there is a uniform 
ligand efficiency for these targets. Inhibitors: IL-2: Ro26-4550(X)—Roche, 
SP4206(♦)—Sunesis. Bcl-xL: Biphenyl fragment(*), Napthalenyl fragment (+), ABT-
737(■)—Abbott. Hdm-2: Nutlin-3(●)—Roche; Benzodiazepine dione(■)—
Johnson&Johnson. E2: Compound 23(♦)—Boehringer Ingleheim. ZipA: 
Hexahydroquinolizinone fragment (○), Compound 1(◊)—Wyeth. TNFα: SP403(Δ) —
Sunesis-Biogen-Idec. Survivin: Compound 1(□), Compound 23b(▲)—Abbott. 
 

 
 

 

 

Table I. Comparison of Protein vs. Small Molecule Binding Partners.  Examples of six 
proteins whose complex structures have been solved both with their natural protein 
partner and with the small molecule that binds them, and for which affinities have been 
measured. Molecular weights for each are given in units of Daltons. Ligand efficiency 
(LE) values for the protein-protein pair are given as binding free energy (-ΔG) per non-
hydrogen contact atom because so little of the protein is actually in contact. LE values for 
the small molecule are given as -ΔG/non-hydrogen atom36. *Ligand in X-ray structure is 
very similar to the compound shown.  
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Table I Comparison of Protein vs. Small Molecule Binding Partners 
Receptor PDB Ligand Molec. 

Weight 
Affinity 
(µM) 

LE(kcal/mol 
per non-H 
atom) 

IL-2 1Z92 IL-2a receptor33 24790 0.0105 0.11 

IL-2 1PY2 

 
 
SP420631 663 0.1 0.21 

Bcl-xL 2BZW Bad peptide88 3110 0.0006 0.16 

Bcl-xL 2YXJ ABT-73747 813 0.0006 0.23 

HDM-2 1YCR p53 (peptide 15-29)51 1808 0.6 0.12 

HDM-2 1RV1* Nutlin-353 581 0.09 0.24 

HDM-2 1T4E 

 
 
Benzodiazepine 
dione55 
 

566 0.067 0.31 

HPV E2 1TUE E162 24630 0.06 0.14 

HPV E2 1R6N* 

 
 
 
compound 2361 
 
 
 

684 0.006 0.28 

ZipA 1F47 FtsZ (peptide 367-383)63 2024 21.6 0.13 

ZipA 1Y2F 

 
 
compound 167 425 12 0.23 

TNFα 1TNF Subunit protein 17381 ND ND 

TNFα 2AZ5 

 
 
 
SP40370 

548 13 0.17 
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Table II. Ligand Efficiencies of Additional Small Molecule Protein Interface Inhibitors. The 
Ligand Efficiencies (LE) for a number of additional sub-optimal or un-optimized small 
molecule protein interface inhibitors from the recent literature generally fall near the 0.23 
kcal/mol per non-hydrogen atom trend for highest affinity fragments and small molecules 
shown in Fig. 4.  
 

Table 2 Ligand Efficiencies of Additional Small Molecule Protein Interface Inhibitors 

Target Compound 
Affinity 
(µM) 

LE (kcal/mol per 
non-H atom) PDB 

Bcl-xL Compound 31 (Abbot)49 0.036 0.27 1YSI 
HPV E2 Compound 18 (Boehringer)60, 61 0.04 0.25 1R6N 
ZipA Compound 3 (Wyeth)67 83.1 0.22 1Y2G 
BoNT/B Doxorubicin (Brookhaven)89 9.4 0.18 1I1E 
β-catenin PNU-74654 (Nerviano)90 0.45 0.36   
Arf1/ARNO  LM11(Montpellier, France)91  49.7 0.22   
Disheveled FJ9 (UCSF, St. Jude's)92 29 0.23   
Rac NSC23766 (St. Jude’s)93  50 0.19   
CD4 D1 J2 (Inst. Basic Med. Sci, Beijing)94  100 0.22   
HIV gp120 NBD-556 (Johns Hopkins)95   47 0.26   
eIF4E 4EGI-1 (Harvard Med. Sch.)96  25 0.22   
CD80 Compound 9 (Active Biotech)97 0.28 0.37   
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