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Abstract
Allostery in a protein involves effector binding at an allosteric site that changes the structure and/or dynamics at a
distant, functional site. In addition to the chemical equilibrium of ligand binding, allostery involves a conformational
equilibrium between one protein substate that binds the effector and a second substate that less strongly binds
the effector. We run molecular dynamics simulations using simple, smooth energy landscapes to sample specific
ligand-induced conformational transitions, as defined by the effector-bound and effector-unbound protein
structures. These simulations can be performed using our web server (http://salilab.org/allosmod/). We then
develop a set of features to analyze the simulations and capture the relevant thermodynamic properties of the
allosteric conformational equilibrium. These features are based on molecular mechanics energy functions,
stereochemical effects, and structural/dynamic coupling between sites. Using a machine-learning algorithm on a
data set of 10 proteins and 179 mutations, we predict both the magnitude and the sign of the allosteric
conformational equilibrium shift by the mutation; the impact of a large identifiable fraction of the mutations can be
predicted with an average unsigned error of 1 kBT. With similar accuracy, we predict the mutation effects for an
11th protein that was omitted from the initial training and testing of the machine-learning algorithm. We also
assess which calculated thermodynamic properties contribute most to the accuracy of the prediction.

© 2012 Elsevier Ltd. All rights reserved.
Introduction

Allostery is a type of protein dynamics in which
microscopic motions of individual residues deter-
mine a macroscopically observed allosteric mecha-
nism. For allostery, a signal is initiated by effector
binding and then transmitted through structural and/
or dynamic changes involving a set of residues,
known as the allosteric network. The allosteric
network is responsible for shifting the equilibrium
between effector-bound and effector-unbound con-
formational substates (Fig. 1). Allosteric regulation
therefore occurs because the substates have
different levels of activity at a functional site distant
from the effector. In previous work, we presented a
model in which the allosteric network's size and
connectivity determine the cooperative motions and
0022-2836/$ - see front matter © 2012 Elsevier Ltd. All rights reserve
therefore the macroscopic allosteric mechanism.1

The concept of the allosteric network has involved
different descriptions throughout many decades of
study.
Studies have attempted to characterize allosteric

mechanisms, such as cooperative oxygen binding in
hemoglobin.3,4 Experimental methods characterize
allosteric mechanisms by probing for allosteric
networks.5,6 Sites on the protein surface can be
assessed using site-directed ligands7,8 and
fluorophores.9 All sites, including those internal to
the protein, can be assessed using time-resolved
NMR spectroscopy,10 site-specific Fourier transform
infrared spectroscopy,11 and room-temperature X-ray
crystallography.12 Typically, allosteric networks are
inferred frommutations and/or sequence diversity due
to evolution.13 Mutations that perturb the allosteric
d. J. Mol. Biol. (2013) 425, 647–661

mailto:pweinkam@salilab.org
mailto:sali@salilab.org
http://dx.doi.org/
http://dx.doi.org/10.1016/j.jmb.2012.11.041


[ CS1
e

[ CS1 CS2 ] + e

Does mutation effect conformational 
equilibrium between substates?

D
oe

s 
m

ut
at

io
n 

ef
fe

ct
ef

fe
ct

or
 b

in
di

ng
 e

qu
ili

br
iu

m
?

YES NO

Type A:
Should be
in allosteric

network

Type B:
Sometimes

near the
effector 

binding site

Type C:
Can be
located

anywhere

Occurs
very rarelyN

O
Y

E
S

80%20% 80% 20%

Fig. 1. The chemical equilibrium between effector-

bound and effector-unbound states (P⋅e P+e) should,
for an allosteric protein, be expanded to include the
conformational equilibrium between substates. One con-
formational substate binds the effector (CS2) and another
substate less strongly binds the effector (CS1). In most
cases, our allostery model allows a conformational sub-
state to contain a diverse set of structures of similar
energy,1 that is, a substate may contain structurally diverse
microstates. In some cases, CS1 and CS2 may be
structurally similar, for instance, if a protein has an
entropically driven allosteric mechanism.2 (Bottom) There
are three types of mutations that differ in how they modify
the effector binding equilibrium and the conformational
equilibrium. In reality, mutations can bridge the different
categories.
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transition are thought to be in the allosteric network.
However, mutations can cause orthogonal effects,
such as inducing aggregation or new conformational
states. A physical model is therefore needed to
substantiate the data for characterizing the allosteric
conformational equilibrium. With a sufficiently accu-
rate energy function and sufficient conformational
sampling, one can use variational/analytical
models 14,15 or simulate allosteric transitions
directly.16–20 In practice, however, most experimental
and computational techniques are limited by the size
of the protein and themagnitude of structural changes
during the allosteric transition.
Our previous work established an efficient alloste-

ry model that predicts the magnitudes of coupling for
a rather diverse set of proteins.1 The allostery model
involves an atomistic description of the protein
simulated using constant temperature molecular
dynamics on a simplified, smooth energy landscape
constructed to capture the essence of allostery. The
energy landscape corresponds to a dual basin
structure-based/Gō model,21–30 defined using the
effector-bound and effector-unbound crystal struc-
tures. This energy landscape allows for a well-
sampled, statistical description of the relevant
conformations and structural changes.31,32 Impor-
tantly, the crystal structures that define the land-
scape also define the conformational substates
within the landscape (CS1 and CS2 in Fig. 1). In
our model, a conformational substate may be
structurally diverse, which is determined by the
contact density patterns in the crystal structures.1,26

The model therefore allows characterization of a
specific allosteric conformational transition. If a
system involves multiple conformational states, we
can run separate simulations for each pair of
conformational states.
Here, we apply our allostery model to further

characterize how dynamics plays a role in the
allosteric conformational equilibrium. We create
energy landscapes to sample transitions between
the effector-bound and the effector-unbound sub-
states (CS2 and CS1, respectively). In order to test
the limits of the method, we run simulations for
several proteins with allosteric transitions that are
observed using different types of data. Then, we
predict the magnitude and sign of the mutation effects
on the allosteric conformational equilibrium. The
mutation effect predictions are dependent on the
description of the energy landscape, in particular, the
relative stability between substates CS1 and CS2 that
can determine changes in effector binding affinity. By
using a large, diverse data set and different types of
calculations, we gain insight into allosteric transitions.
Results

Our approach for predicting impact of mutations on
the allosteric conformational equilibrium utilizes
several different types of calculations. First, we use
our allostery model, which is based on simplified
energy landscapes,1 to run simulations for a set of
10 proteins (Table 1). Second, we develop a set of
features to analyze the simulations and capture the
relevant thermodynamic properties of the allosteric
conformational equilibrium (Table 2). These features
are based on molecular mechanics energy
functions,33 stereochemical effects,34 and structur-
al/dynamic coupling between sites. Third, a boosted
decision tree machine-learning algorithm is trained
on the features to predict the effect of 179 mutations
in the 10 proteins (Table 3).35–46 For a given protein,
we train the decision tree on the other 9 proteins.
Fourth, we predict mutation effects for an 11th
protein, thrombin, to further test the generality of
the method. We minimize overtraining by using
unrelated proteins.
The allosteric proteins in the benchmark vary in

function, size, and oligomerization state. The pro-
teins also demonstrate rather diverse effector-



Table 1. Prediction accuracy

Protein name Number of mutantsa Protein length Data types

β-Lactamase 1/2 263 1
i Domain of LFA-1 13/23 191 3
Tyrosine phosphatase 1/1 298 3
Glucokinase 13/28 455 3
Hepatitis c polymerase 2/11 536 1.2
PDK1 1/20 311 2
Maltose binding protein 6/6 370 1
Calmodulin-GFP 0/19 451 3
Caspase 7 24/42 494 3
Hemoglobin 9/27 574 1
Thrombinb 63/76 291 1

Prediction subsets Number of mutants in the AC set Fraction correct signc Average unsigned errord

Data type 1e 18 0.76 0.5
Data type 2e 1 0 2.1
Data type 3e 51 0.71 1.2
AC sete 70 0.76 1.0
Training/test sete 142 0.74 1.3
Not training/test setb 81 0.61 0.9

a Number of mutants used for machine learning in the AC set/total set.
b Data excluded from training and testing, which includes thrombin mutations and hemoglobin mutations near the DPG binding site.
c Fraction of the AC set that is predicted with the correct sign.
d Averaged unsigned error in the AC set (kBT).
e Data used for training and testing, without those that affect more than one relevant conformational equilibria.
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induced structural changes. For example, β-lacta-
mase involves core disruption, glucokinase involves
complete reorientation between domains, hemoglo-
bin involves twisting motions between domains,
LFA-1 (lymphocyte function-associated antigen-1)
involves an α-helix bend, and PDK1 (3-phospho-
inositide-dependent protein kinase 1) involves only
subtle side-chain motions (Fig. 2). Also, the types of
experimental data used to observe allosteric transi-
tions vary significantly (Table 3) and therefore a
general definition of mutation effects is needed.

Definition of mutation effects

We define mutation effects in a general manner:
θlog(Xwt/Xmut), where X is an experimental observ-
able of data types 1 through 3 (see below). For type 1
data, θ is 1, and for types 2 and 3 data, θ is 1 or −1 if
the effector is an activator or inhibitor, respectively.
The mutation effect is therefore positive if the
mutation increases the effector influence and is
negative otherwise.
Mutation effects are assessed with three types of

experimental data grouped from the most direct to
the least direct probe of the allosteric conformational
equilibrium. Type 1 data are the ΔΔG of the effector
dissociation reaction: ΔGmut−ΔGwt =RTlog(Kd

wt/
Kd

mut). The effector dissociation constant can be
expressed using only one of the two conformational
substates (Fig. 1): Kd= [e][CS2]/[CS2⋅e]. Therefore,
type 1 data directly measure the mutations' ability to
shift the allosteric conformational equilibrium. Type 2
data are the ΔΔG computed from IC50 or EC50:
RTlog(IC50
wt/IC50

mut). Type 2 data measure the muta-
tion effect on the functional strength of the effector,
which is a combination of binding affinity and
strength of allosteric coupling. If the strength of
allosteric coupling does not change upon mutation,
then types 1 and 2 data are similar. Otherwise,
prediction of mutation effects using type 2 data can
only be qualitative. Type 3 data are the ΔΔG
estimated from a measurement of function at the
regulated site: RTlog(Awt/Amut), where A can be
binding affinity, catalytic efficiency, and so on. Type
3 data are ambiguous because they measure how
the mutation site affects the regulated site, not
necessarily how the effector binding site is coupled
to the allosteric conformational equilibrium.

Classifying mutations

Wemodel the energy landscape to study a specific
allosteric conformational equilibrium, which is de-
fined by the input crystal structures. Mutations that
perturb the energy landscape can be classified into
three groups: (A) those that affect the allosteric
conformational equilibrium and effector binding, (B)
those that do not affect the allosteric conformational
equilibrium but do affect effector binding, and (C)
those that affect neither the allosteric conformational
equilibrium nor effector binding (Fig. 1). We hypoth-
esize that this classification is related to whether or
not the mutation is in the effector binding site and/or
the allosteric network.
We expect quantitatively accurate predictions for

mutation types A and C (the AC set) and qualitatively



Table 2. Features used in machine learning

Index Name Type Global/Local Description

1 Side-chain type (wild type) Side-chain type Local Classified as either hydrophobic,
polar, positive, or negativea2 Side-chain type (mutant)

3 PC(AS,i) PC Local Pseudo correlation
4 PC(RS,i)
5 LIC(i) LIC Local Ligand-induced cooperativity
6 LIC(all residues) Global
7 Distance to AS Distance Local Distance between the average

side-chain position and the closest
atom in the ligand

8 Distance to RS

9 AF(i)Amber energy (rsmooth=0 Å) Residue energy Local Allosteric frustration—energy biasb

10 AF(i)Amber energy (rsmooth=5 Å)
11 AF(i)Amber energy (rsmooth=6 Å)
12 AF(i)crowding (rsmooth=0 Å) Stereochemistry Local Allosteric frustration—stereochemical

crowding biasc13 AF(i)crowding (rsmooth=5 Å)
14 AF(i)crowding (rsmooth=6 Å)
15 AF(i)crowding if hydrophobic Stereochemistry Local Allosteric frustration—stereochemical

crowding bias of hydrophobic, polar,
positively charged, or negatively

charged residuesc

16 AF(i)crowding if polar
17 AF(i)crowding if positively charged
18 AF(i)crowding if negatively charged
19 〈E(i)Amber〉 (rsmooth=0 Å) Residue energy Local Ensemble average of energy

per residueb20 〈E(i)Amber〉 (rsmooth=5 Å)
21 〈E(i)Amber〉 (rsmooth=6 Å)
22 〈C(i)〉 if QIdiffb0 (rsmooth=0 Å) Stereochemistry Local Ensemble average of stereochemical

crowding per residue if in either the
CS1 or CS2 substatec

23 〈C(i)〉 if QIdiffN0 (rsmooth=0 Å)
24 〈C(i)〉 if QIdiffb0 (rsmooth=5 Å)
25 〈C(i)〉 if QIdiffN0 (rsmooth=5 Å)
26 〈C(i)〉 if QIdiffb0 (rsmooth=6 Å)
27 〈C(i)〉 if QIdiffN0 (rsmooth=6 Å)
28 〈C(i)〉 if hydrophobic Stereochemistry Local Ensemble average of stereochemical

crowding per residue if hydrophobicc

29 Entropy bias Entropy terms Global Entropy bias and terms used to obtain
the entropy bias30 ΔFCS1→CS2

e−

31 ΔFCS1→CS2
e+

32 AFAmber energy of entire protein Residue energy Global Allosteric frustration—energy bias,
calculated over the whole proteinb

33 〈E〉 of entire protein Residue energy Global Energy calculated over the
whole proteinb

34 ΔAF(i)Amber energy Residue energy Local Change in residue energy bias from
rsmooth=0 Å to rsmooth=5 Å

35 ΔAF(i)crowding Stereochemistry Local Change in stereochemical crowding
bias from rsmooth=0 Å to rsmooth=5 Å

36 Δ〈E(i)Amber〉 Residue energy Local Change in average residue energy
from rsmooth=0 Å to rsmooth=5 Å

37 Side-chain size change Side-chain size Local Change in number of side-chain
heavy atoms from wild type to mutant

a Residues classified using Eisenberg hydrophobicity index and charge at pH 7.
b Energy calculated using Amber with the ff03 force field.
c Stereochemical crowding calculated using HBPlus.
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accurate predictions for remaining mutations (the B
set). Predictions for the AC set should be accurate
because these mutation effects are exclusively
dependent on the region of the energy landscape
sampled during an allostery model simulation, that
is, the mutations that can affect the allosteric
network. The remaining B mutations can be sepa-
rated into three subsets: (B1) they affect the ligand
binding site structure, (B2) they cause significant
perturbations that can induce new conformational
substates, and (B3) they affect more than one
relevant conformational equilibria. These sets de-
pend on details not included in the energy landscape
sampled during an allostery model simulation. For
instance, the energy function does not include
protein–ligand interactions and cannot capture
specific ligand effects. Therefore, the method can
be only qualitatively accurate for PDK1, which has
many ligands. Also, prediction error can stem from
highly perturbing electrostatic changes or the exis-
tence of multiple coupled processes. We therefore
define the AC set more precisely as those mutations
that are not (1) closer than 8 Å to a ligand, (2)
involving a charged residue and an increase of four
or more side-chain atoms, (3) monitored by fluores-
cence, or (4) coupled to two or more allosteric sites.
Here, we emphasize predicting mutations in the AC
set, but we include all mutations to gauge accuracy.



Table 3. Protein details and experimental data

PDB ID Protein name Effector Experimental data Mutantsa Mutation effects

1PZO/  
1JWP

Lactamase N,N-bis(4-chlorobenzyl)-
1H-1,2,3,4-tetraazol-5-

amine

Ki T182M, G238A –0.02, –0.19

1RD4/  
1ZON

i Domain of LFA-1 1-Acetyl-4-(4-{4-[(2-
ethoxyphenyl)thio]-3- 
nitrophenyl}pyridin-2-

Yl)piperazine

Fraction bound 
to ICAM-1

C125A, V157A, K160A, N163A, 
D191A, E218A, E223A, R227A, 
T231A, K232A, I235A, D253A, 
I255A, K280A, S283A, E284A, 
K287A, K294A, E301A, Q303A, 
K304A, K305A, I306A

1.24, 0.35, 0.74, 1.49,
0.82, 0.07, –0.02, 2.41,
0.07, 1.53, –1.79, 1.07,

–0.43, –0.36, –0.53, –0.50,
1.34, –0.25, –1.16, 0.70,
1.62,  2.07,  –1.04

1T48/  
1PA1

Tyrosine 
phosphatase

3-(3,5-Dibromo-4-hydroxy-
benzoyl)-2-ethyl-

benzofuran-6- sulfonic 
acid dimethylamide

Catalytic 
efficiency

S295F 1.98

1V4S/  
1V4T

Glucokinase 2-Amino-4-fluoro-5-[(1-
methyl-1H-Imidazol-2-Yl) 
sulfanyl]-N-(1,3-thiazol-2-

Yl)benzamide

Kd of glucose V62M, S64P, S64Y, T65I,        
G68K, G68V, G72R, V91L,     
K140E, M197E, M197I, M197L, 
C213R, Y214A, Y214C, Y215A, 
C252Y, S263P, M298K, S336L, 
A379T, V389L, K414E, P417R, 
E442K, V452L, V455M, A456V

–0.30, –0.75, –1.34, –3.56,
–2.48, –2.62, –0.37, –3.14,
–0.71, 1.95, –1.26, –0.89,
1.45, –1.94, –1.58, –1.70,
3.40, 0.14, 0.62, –0.35,
0.35, –1.40, –0.45, –0.19,

–0.43, –1.35, –0.96, –1.42

2BRK/  
1C2P

Hepatitis c 
polymerase

3-Cyclohexyl-1-(2-
morpholin-4-Yl-2-

oxoethyl)- 2-phenyl-1h-
indole-6-carboxylic acid

Ki or IC50 L392I, A393T, M414T, L419M, 
I424V, L425I, V494A, P495A, 
P495L, P495L, V499A

–1.87, –5.95, –0.07, –0.14,
–5.04, –5.43, –2.62, 1.93,
2.75, –1.14, –4.20

3HRF/  
3HRC

PDK1 (2Z)-5-(4-Chlorophenyl)-3-
phenylpent-2-enoic acid 

EC50 K115M, I119A, V124A, V124L, 
V127L, V127T, R131A, R131M, 
R131K, S135A, T148V, Q150A, 
Q150E, Q150K, Q150M, L155E, 
L155S, L155V, L155A, F157M

–1.77, –0.97, –1.77, –1.67,
0.00, –1.12, –1.77, 0.00,

–0.41, –1.17, –1.10, –0.48,
–1.77, 0.82, –1.65, 0.00,
0.00, 0.00, –1.77, –1.42

1ANF/  
1OMP

Maltose binding 
protein

Maltose Kd of maltose F92C, D95C, R98C, N100C, S233C, 
I329C

0.40, –0.50, –0.20, –0.10, –0.80,
–0.10

3EKH/  
3EKJ

Calmodulin-GFP 
calcium sensor 

protein

Calcium (x4) Fluorescence R81A, R81E, R81S, V116T,    
L120R, L120Y, A140W, V219M, 
V219R, T303R, T303W, T303Y, 
R377W, R377Y, K380W, K380Y,  
D381R, D381W, D381Y

–1.76, –1.79, 0.77, –3.79,
–5.61, –1.75, –4.58, 0.20,
–2.89, –5.17, –4.09, 2.63,
–0.45, 0.19, –2.74, –1.86,
–2.44, –0.39, 2.84

1F1J/  
1GQF

Caspase 7 Residues 191–196 and  
212–215 (x2)

Catalytic 
efficiency

R187A(x2), R187G(x2), R187K(x2), 
R187M(x2), R187N(x2), R187W(x2), 
G188L(x2), G188P(x2), Y229W(x2), 
Y211A(x2), K212A(x2), I213A(x2), 
P214A(x2), V215A(x2), Y223A(x2),  
Y223D(x2), Y223E(x2), Y223F(x2), 
Y223W(x2), C290N(x2), C290T(x2)

–1.32, –1.78, –2.82,
–0.36, –2.69, –3.45,
–3.58, –8.80, 0.35,
–1.23, –4.65, –0.20,

0.57, –2.80, 0.20,
–0.94, –0.33, –0.44,
–6.03, –0.22, –1.25

2DN1/  
2DN2

Hemoglobin Oxygen (x4) P502.7 R92L(x2), L106P, E6D(x2), 
V20M(x2), A86P(x2), D99H(x2), 
P100L(x2), N102H(x2), 
N102T(x2), F103I(x2), 
A142D(x2), H143P(x2), 
Y145C(x2), Y145H(x2)

0.95, 0.00, –0.62,
0.64, 1.68, 2.19,
0.86, –2.16,

–2.57, 0.55,
1.28, 2.42,
1.99, 2.02

aRed indicates inclusion into the AC set. Underline indicates that the site is less than 8 Å from the effector. Yellow indicates that the
mutation involves a charged residue and an increase of four or more side-chain atoms. Blue indicates that more than one relevant
conformational equilibria is affected. x2 indicates two copies of a site and therefore two predictions. The effector for caspase 7 is a pair of
sites composed of peptide fragments that dock the protein after chain cleavage. The experimental data for hemoglobin are the midpoint of
the oxygen dissociation curve raised to the wild-type Hill coefficient, which is approximately equal to the Kd of oxygen. The wild-type value
was used due to the lack of accurately determined mutant Hill coefficients.
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Mutation effect predictions in the training and
testing sets

The mutation effect predictions are accurate,
especially for the AC set, which is shown for each
protein (Fig. 3). The AC set is predicted with an
average unsigned error of 1kBT, and 59% of the
predictions have an error of less than 1 kBT (Table 1).
Mutations that change the effector binding site
structure cause most of the error and are often
significant outliers (Fig. S1). Because of the ma-
chine-learning algorithm used, much of the error
originates from a small number of significant outliers.
These few outliers strongly influence correlation



(b)

(c) (d)

(a)

Fig. 2. Crystal structures of the effector-bound (green) and effector-unbound (white) structures are shown for (a) β-
lactamase, (b) the i domain of LFA-1, (c) glucokinase, and (d) hemoglobin. Effectors are shown in black and regulated site
ligands are shown in blue, if applicable. For the i domain, poorly predicted residues (errorN2 kBT) are shown in red and the
remaining predicted residues are shown in yellow. For hemoglobin, oxygen is shown in blue and DPG is shown in black
bound to a large, hydrated pocket.
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scores and can give the appearance that there is only
weak signal, but upon careful analysis, we will explain
that most of the outliers are caused by knowable
factors (see the following sections). Nonetheless, all
predictions remain qualitatively accurate as indicated
by the fraction predicted to have the correct sign: 0.74
for all data and 0.76 in the AC set (Table 1). Accuracy
can be further explained by considering the type of
data used to observe allostery, as follows.
Themethodmost accurately predictsmutation effects

for data types that directly measure the allosteric
conformational equilibrium (Fig. 4). Type 1 data are
predicted very accurately (correlation of 0.83) while
types 2 and 3 data are predicted less accurately
(Table 1). The correlation for type3 is 0.25 andbecomes
0.42 if all mutations with charged residues are omitted.
The result indicates the importance of electrostatics in
allosteric conformational transitions for somemutations,
which are not modeled well in this iteration of the
method.Theuseof types2and3data, however, causes
an undetermined amount of error because these data
are not a direct measure of the allosteric conformational
equilibrium that we analyze in our calculations. The
presence of multiple relevant equilibria contributes to
the error, which can make direct measurement of the
allosteric conformational equilibrium difficult.

Error from multiple conformational equilibria:
solvation effects

The predictions for the calmodulin-GFP (green
fluorescent protein) calcium sensor protein do not
correlate with the experimental data. Calmodulin-
GFP is composed of two proteins, neither one of
which is allosteric independently. However, when a
fluorescent GFP sequence is inserted into the middle
of the calmodulin sequence, calcium binding induces
folding of calmodulin and increases fluorescence due
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Fig. 3. Mutation effects determined by experiment are predicted using machine learning in units of kBT. Each panel is a
different protein. Red squares indicate mutation effects in the AC set. The remaining mutations are either (1) involving a
charged residue and an increase of four or more side-chain atoms (yellow triangles) or (2) less than 8 Å from the effector
(black circles). Blue triangles indicate mutations that affect more than one relevant conformational equilibria. Broken lines
represent a 1-kBT range of accuracy.

653Impact of Mutations on Allostery
to the interface that is formed with GFP. We showed
previously that the model predicts coupling between
the GFP fluorophore and a residue if the average
coupling at the site is used, that is, by averaging all
mutation effects at that site.1 The effect for a specific
mutation is not predicted, however, because fluores-
cence yield is more sensitive to the solvation of the
chromophore than the conformational equilibrium
triggered by calcium binding.40 Therefore, themethod
requires data that measure the allosteric conforma-
tional equilibrium and do not measure other process-
es such as solvation, aggregation, and so on.

Error from multiple conformational equilibria:
multiple binding sites

The allostery model is used to sample a specific
allosteric conformational equilibrium as defined by
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circles). Blue triangles indicate mutations that affect more t
represent a 1-kBT range of accuracy. The correlation for type 1
if all mutations with charged residues are omitted.
the input crystal structures. Some systems involve
multiple conformational equilibria triggered by differ-
ent effectors.47 For instance, hemoglobin couples at
least five distinct ligand binding sites for oxygen
delivery in the blood (Fig. 2): four binding sites for
oxygen and one large, highly solvated binding site
for DPG (diphosphoglycerate). Oxygen binding is
inhibited by binding of DPG but is activated by
binding of oxygen. A mutation can therefore have
complicated effects by simultaneously influencing
multiple ligand binding sites. In the current simula-
tions, hemoglobin has four oxygen effectors. Muta-
tion effects are well predicted for residues that
primarily affect the oxygen binding sites, that is,
those further than 20 Å from the DPG binding site
(Fig. 2). The mutation effects for residues less than
20 Å to the DPG binding site (blue triangles in Figs. 3
and 4c) are well predicted using simulations with
 0  2  4

 Effect

Fig. 4. Mutation effects deter-
mined by experiment are predicted
using machine learning in units of
kBT. Each panel is a different data
type: (a) type 1, (b) type 2, and (c)
type 3. Red squares indicate muta-
tion effects in the AC set. The
remaining mutations are either (1)
involving a charged residue and an
increase of four or more side-chain
atoms (yellow triangles) or (2) less
than 8 Å from the effector (black

han one relevant conformational equilibria. Broken lines
is 0.83. The correlation for type 3 is 0.25 and becomes 0.42
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DPG as the effector. The mutations close to the DPG
binding site are not included in the present training
and testing procedures yet are predicted with an
average unsigned error of 1.0 kBT (Table 1). There-
fore, the method seems to predict which regions of
the protein coupled to a specific allosteric site.
Many allosteric transitions involve systems without

complete crystal structures, such as LFA-1. Which
plays a role in cell adhesion and can be inhibited by
effector binding to its i domain. Effector binding
triggers a structural change within the i domain that
modifies its interface to the rest of LFA-1. This
interface has not been crystallized and is not well
characterized.36 Erroneous predictions are expected
for residues at the interface between the i domain and
the rest of LFA-1, which is not present in the
simulations. The residues with large error (N2 kBT)
occur in a region near the N-terminus of the i domain
that is thought to interact with the rest of LFA-1
(Fig. 2). Like hemoglobin, the LFA-1 simulations
predict the regions of the protein coupled to a
specific ligand-induced conformational equilibrium.

Thrombin and multiple conformational states

Thrombin is a serine protease that plays an
important role in the blood coagulation pathway.
Thrombin forms when inactive prothrombin is
cleaved by protease factor X. Thrombin's activity is
further activated by binding of sodium to an allosteric
site. A sodium-bound structure of thrombin is known
as well as two different structures without
sodium.48,49 The biological relevance of these two
low-activity, sodium-unbound structures is not clear.
We therefore run simulations for two sets of
landscapes defined by the sodium-bound structure
and either (1) unbound structure 1SGI with minor
structural change at the allosteric site (Fig. 5a) or (2)
unbound structure 2GP9 with significant structural
change at the allosteric site (Fig. 5c). We then predict
the effect of mutations on sodium binding,48 which is
directly coupled to the protein's activity. The pre-
dictions are performed using the machine-learning
algorithm trained on 37 features and the 10 other
proteins in the current study.
The predictions are more accurate if using 2GP9

with significant structural change at the allosteric site
(R=0.30 and average unsigned error of 0.9 kBT)
than if using 1SGI with minor structural change at the
allosteric site (R=0.11 and average unsigned error
of 0.8 kBT). The calculations with 2GP9 more
accurately capture the mutation effects that inhibit
sodium binding. This result suggests that the
allosteric site of thrombin undergoes a significant
structural change in solution experiments and that
2GP9 is a biologically relevant structure. The result
is also consistent with the observation that the 1SGI
structure may be strongly influenced by crystal
packing contacts.49
While the mutation effect predictions with 2GP9
are more accurate than with 1SGI, the pseudo
correlation feature calculated from either set of
simulations accurately captures the coupling of the
mutation site to the allosteric site (Fig. 5e). Pseudo
correlation measures the likelihood that a residue's
local structure will couple to the structure of the
allosteric site (Materials and Methods and feature 3
in Table 2). Experimentally measured mutation
effects correlate with pseudo correlation in the
1SGI (R=0.60) and 2GP9 (R=0.66) simulations. In
fact, averaging the pseudo correlation feature from
the two simulations yields a correlation of 0.71 with
experiment. The 2GP9 calculations are most con-
sistent with experiment, and therefore, 2GP9 may be
more populated than the 1SGI structure in solution.
The pseudo correlation calculations are more

accurate than the mutation effect predictions. The
pseudo correlation calculations have few false
positives (mutations predicted to but do not inhibit
sodium binding). The mutation effect predictions
overestimate the mutation effects of many solvent-
exposed electrostatic residues, likely because the
electrostatics of the sodium–thrombin interaction
are omitted from the current method.
Discussion

The method accurately predicts mutation effects
on the allosteric conformational equilibrium. The
average unsigned error is 1.0 kBT for the AC
mutation set and 0.9 kBT for data omitted from the
training and testing procedure. For data type 1,
which most directly reflects the modeled conforma-
tional changes, the correlation is 0.83 for data in the
training and testing sets and 0.35 (up to 0.71 if
considering pseudo correlation) for data omitted
from the training and testing procedure. To our
knowledge, no previous method can predict muta-
tion effects on the allosteric conformational equilibria
as accurately. There are successful qualitative
predictions, that is, whether or not a mutation
influences ligand binding and/or the allosteric com-
munication network.13,50–55 Mutation effects on
distant ligand binding sites have been characterized
in terms of free-energy shifts (ΔΔGs) for ligand
binding,17,56 but typically, ΔΔGs for ligand binding
are reported for binding sites with proximal
mutations.57,58 Alternatively, methods that predict
ΔΔGs for protein unfolding can in principle also
predict mutation effects on the allosteric conforma-
tional equilibrium: by using the difference between
the ΔΔGs calculated from the effector-bound and
effector-unbound crystal structures. A study using a
filtered set of mutations determined that the average
unsigned error for these methods is approximately
2 kBT, with the best method giving an average
unsigned error of 1.7 kBT.

59 This would imply an
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Fig. 5. Sodium binding to throm-
bin is modeled using two different
sodium-unbound (low activity) crys-
tal structures. The sodium-bound
crystal structure 1SG8 (green) is
shown with (a) unbound crystal
structure 1SGI (white) and (c) un-
bound crystal structure 2GP9
(white). Sodium is shown as a
black sphere and an active-site
inhibitor is shown with blue sticks.
(b and d) Mutation effect predictions
are shown based on energy land-
scapes defined using (a) and (c),
respectively. (e) The negative of the
pseudo correlation feature shows
how each mutation site is correlated
with the allosteric site, that is, −1
times feature 3 in Table 2 (average
pseudo correlation from the two
simulations). The best-fit line is
shown in black (R=0.71). (f) The
average of the mutation effect pre-
dictions in (b) and (d). As in Figs. 3
and 4, red squares indicate muta-
tion effects corresponding to the AC
set. The remaining mutations are
either (1) involving a charged resi-
due and an increase of four or more
side-chain atoms (yellow triangles)
or (2) less than 8 Å from the effector
(black circles). Broken lines repre-
sent a 1-kBT range of accuracy.
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error of 2.9 kBT, approximated using the reported
standard deviations. Therefore, our method repre-
sents a significant improvement over such calcula-
tions. Even though the current method was
assessed on a diverse benchmark, it also improves
over previous studies of individual systems.17,58

The 37 features that give rise to the method's
accuracy reflect both global and local structural/
energetic properties important for allosteric transi-
tions. The importance of a feature can be gauged by
the decrease of prediction accuracy in its absence
(Fig. 6), although overlapping information and cou-
pling between features must also be considered.
Local features, sensitive to a residue's local environ-
ment, account for 84% of the features. Local features
sensitive to energetic changes are particularly
important for accuracy. Global features, reflecting
the entire protein, are also important. The most
important global feature, entropy bias, indicates a
preference of one conformational substate over
another due to an increase in disorder (Fig. 7). The
entropy bias correlates well with the average
mutation effect in each protein (R=0.88); in compar-
ison, the global energy bias does not contribute
significantly to the accuracy (R=0.03). A mutation
can therefore affect populated ensembles by chang-
ing local disorder. For example, mutation to glycine
not only destroys favorable energetic interactions but
also increases the degrees of freedom for neighbor-
ing residues. By this increase of local disorder, the
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Fig. 6. The importance of a fea-
ture is tested by excluding one or
more features during the prediction:
(a) groups of features are excluded,
and (b) individual features are ex-
cluded. The features are listed in
Table 2. The leftmost data points in
each panel represent the prediction
using all features. Blue lines are the
averaged unsigned error (kBT) of all
mutations in the AC set (red
squares in Figs. 3 and 4). Green
lines are the fraction of mutation
effects in the AC set correctly

predicted to be positive or negative. Red and broken lines are the correlation coefficients for the AC set and for type 1
data, respectively.
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mutation can shift the entire population toward a
conformational substate with more entropy than the
conformational substate populated without mutation.
Our results suggest that there is an interplay between
local energetic effects and entropic effects in the
allosteric conformational equilibrium, an idea also
supported by experimental evidence.60

We address the balancing act between energy and
entropy in a protein's energy landscape by combin-
ing different types of calculations. Our structure-
based simulations use approximate energies in
order to increase sampling efficiency and allow for
an accurate description of entropy changes. We then
use detailed molecular mechanics energy functions
to rescore the trajectory snapshots from our simula-
tions. Rescoring the simulation trajectories effective-
ly creates a new energy landscape that is based on a
molecular mechanics energy function (Amber
ff03).33 As a result, the method can benefit from a
reasonably accurate assessment of substate entro-
pies (Fig. 7) without significantly sacrificing accuracy
of the energy landscape.
The features were designed using the assumption

that mutations only modestly perturb the energy
landscape. Therefore, the calculations rely on
simulations that do not explicitly include mutations
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sor protein is shown with blue triangles. Black lines are the lin
bias and 0.03 for the energy bias.
but, due to thorough sampling, the simulation may
include conformations not highly populated by the
wild-type protein but perhaps accessible via muta-
tion. Features involving allosteric frustration mea-
sure properties of the entire ensemble to account for
side-chain modifications. The allosteric frustration
set of features measures whether or not a residue is
biased, either energetically or stereochemically,
toward either conformational substate (Materials
and Methods). The features are related to local
energetic frustration used to study protein crystal
structures.61 Allosteric frustration indicates that
mutating an energetically biased residue, which is
likely to destroy favorable interactions, can shift the
equilibrium in the opposite direction of the bias.
Allosteric frustration also accounts for stereochem-
ical bias. Mutation to a larger side chain can shift the
equilibrium toward the substate that allows the
residue to occupy more space. Mutation effects are
also captured using smoothing calculations, in which
a local feature is averaged with the features of the
surrounding residues. Smoothing identifies cooper-
ative regions, as indicated by clusters of similarly
biased residues (energetically or stereochemically).
The method suggests that protein energy land-

scapes may be robust to perturbations such as point
 0  1  2

on Effect

Fig. 7. Plots showing the rela-
tionship between the average mu-
tation effect for each protein and
global features: (a) the entropy bias
and (b) the energy bias (features 29
and 32 in Table 2). Error bars
represent the standard deviation of
the mutation effects in each protein.
The calmodulin-GFP calcium sen-

ear fit. The correlation coefficients are 0.88 for the entropy
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mutations and ligand binding because the predic-
tions, which depend on a simple landscape, are
accurate without explicitly accounting for all these
effects. Perturbations can affect the energy land-
scape by changing (1) the relative heights of the
energy minima and/or (2) the configurations popu-
lated within the energy minima (we ignore barrier
heights as an approximation). Through the two input
crystal structures, both of these landscape changes
are used to model effector binding, but we do not
explicitly account for mutations. Nonetheless, the
method accurately predicts mutation effects, even
for type 3 data that measure perturbations from
mutations but not from effector binding. The results
suggest that a point mutation causes modest
changes to the energy landscape allowing the
protein to explore slightly different conformations
likely populated by the wild-type protein. Corre-
spondingly, highly perturbing mutations that likely
change the energy landscape are often predicted
inaccurately. An interesting question is how much of
the natural motions of the effector-unbound protein
also occur in the presence of different perturbations
such as effector binding and mutation. Our success
predicting type 3 data, in which we predict mutation-
induced perturbations from simulations based on
effector-induced perturbations, suggests that effec-
tor-induced motions may indeed occur in the
absence of the effector. This idea has been
suggested based on other simplified descriptions of
energy landscapes.62

The method utilizes a general approach based on
a diverse data set and different calculations. The
predictions are most accurate for proteins in which
the allosteric conformational equilibrium can be
directly observed and is dominated by intra-protein
interactions. Based on the importance of features in
the prediction, local energetic and stereochemical
effects as well as substate entropy changes play a
dominant role in the allosteric conformational transi-
tion. Because effector binding and mutations can
have similar effects on the protein energy landscape,
the method can help predict new allosteric sites by
focusing on binding pockets. The method can also
guide biochemical experiments by predicting func-
tionally important residues, such as for hemoglobin
and LFA-1. With the use of comparative modeling,
we can study dynamics for proteins without crystal
structures. The method could therefore be used for
de novo design of allosteric proteins. The method's
success depends on the complementary strengths
of individual features that are combined using a
machine-learning algorithm. Thus, there is potential
for improvement by including protein–ligand ener-
gies, explicit electrostatics effects for mutants, and
more experimental data. With these improvements,
we hope to decrease the number of significant
outliers that can cause reduction of correlation
scores. Our future work will incorporate more
information such as binding site flexibility and
coupling between multiple ligand binding sites.
Materials and Methods

Allostery model simulations

The simulations can be performed as described in our
previous work1 and via our web server†. For a given
protein, the allostery model defines several effector-bound
and effector-unbound landscapes that differ by the size of
the allosteric site (defined by parameter rAS; see below).
Each landscape is given by a potential energy function that
is a sum of bonded and non-bonded terms implemented
using MODELLER63: Ei

Allosmod=Ebonded+Enon-bonded. Cor-
rect stereochemistry is achieved by the same terms
MODELLER uses for standard comparative modeling:
Ebonded=Ebond+Eangle+Edihedral +Eimproper. To induce allo-
stery, we add a truncated Gaussian distance term and a
soft-sphere atom overlap term to obtain the total non-
bonded energy: Enon-bonded=Esoft sphere+Edistance. This
distance term is given by a sum over all heavy atom
pairs more than two residues apart in sequence and with
side-chain centers of mass less than 11 Å apart. The
energy for the distance term is distributed differently
depending on the distance to the effector, rAS: Edistance=
EAS+ERS (Fig. S2). The energy for interactions less than
rAS from the effector (EAS) is based on distances in either
the effector-bound or the effector-unbound structure. The
energy for interactions greater than rAS from the effector
(ERS) is based on distances in both the effector-bound and
the effector-unbound structures.
Constant temperature molecular dynamics simulations

at 300 K are used to sample each landscape. In each
simulation, a random structure is generated by interpolat-
ing between the input crystal structures, which is then
equilibrated and simulated for 6 ns using 3-fs time steps
and velocity rescaling every 200 steps. Thirty simulations
were run for the effector-bound and effector-unbound
landscapes at three different values of rAS (each value
spaced 3 Å apart and starting at a value between 6 and
15 Å corresponding to the value with the minimum number
allosteric site residues). The total sampling for each protein
is completed in about 1 day (one processor per simulation)
and involves more than 1.08 μs of simulation time and over
2 million structures.

Features

The features used to analyze the simulations can be
categorized as local when applied to a single residue or as
global otherwise. Local features tend to correlate with the
mutation effects for a single protein. Global features
improve the quantitative accuracy of the predictions.
Many features include a calculation of the ensemble
average of a property, 〈X〉. In other words, X is weighted
by the Boltzmann probability for each structure (Pi) as
calculated from the protein's total energy: Xh i ¼ ∑

i
PiXi .

The total energy is either the allostery model energy
(EAllosmod) or the Amber energy (EAmber), as specified.
The features are listed in Table 2 and explained here.
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Local features

(1) QIdiff(i) is a pairwise distance similarity metric that
describes the local environment of residue i; it is positive if
a residue's configuration is closer to the effector-bound
structure than to the effector-unbound structure and is
negative otherwise.1 For a given structure, an overall fold
similarity to any other structure is given by Q, reflecting the
fraction of similar contacts. To determine if a simulated
structure is more similar to the effector-bound (e+) or the
effector-unbound (e−) crystal structures, we calculate
QIdiff = (Q

e+−Qe−)/(1−ΔQ), where ΔQ is the structural
similarity (Q) between the effector-bound and the effector-
unbound crystal structures.QIdiff(i) indicates if a residue (or
set of residues) is in the CS1 or CS2 substate, that is,
QIdiff(i)b0 and QIdiff(i)N0, respectively (Fig. 1 and Fig. S2).
(2) 〈EAmber(i)〉 is the ensemble average of a residue

energy calculated from the simulation trajectories. As in
previous work,64 we recalculate energies of each
simulation snapshot using Amber by (1) adding hydrogen
atoms to the structure (simulations include only heavy
atoms), (2) minimizing the structure with a fixed
backbone using the Amber ff03 force field,33 and (3)
decomposing the energy into residue-specific contribu-
tions. The ensemble average uses sampling from the
allostery model simulations at maximum rAS and the
Boltzmann-weighted probability distributions using the
Amber energy function (EAmber

rAS¼max).
(3) 〈C(i)〉 is the ensemble average of a residue's

stereochemical crowding calculated using HBPlus.34

Stereochemical crowding is defined as the number of
atoms less than 4 Å from any side-chain atom in residue i
divided by the greater of (1) the number of side-chain
atoms in residue i not including the Cβ or (2) the value 1.
The ensemble average uses sampling from the allostery
model simulations at maximum rAS and the Boltzmann-
weighted probability distributions using the allostery model
energy function (EAllosmod

rAS¼max).
(4) AFX(i) is a general form for allosteric frustration. This

term indicates if the local environment of residue i is biased
toward either substate.

AFX ið Þ ¼ XCS1 ið Þh i− XCS2 ið Þh iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2
CS1 ið Þ þ σ2

CS2 ið Þ
q

X represents a property such as Amber energy or
stereochemical crowding. CS1 and CS2 means that the
property is calculated for structures with QIdiff(i)b0 or
QIdiff(i)N0, respectively. σ

2 is the variance. Brackets imply
an ensemble average of property X calculated using the
Boltzmann-weighted probability distributions.
(5) PC refers to pseudo correlation. Pseudo correlation

maps are used to determine which subsets of residues have
correlated motions.1 We first analyze the simulation trajec-
tories, for all values of rAS, and classify residues into the
effector-bound (CS2) or effector-unbound (CS1) substate.
Pseudo correlation is determined using the log odds ratio of
the probability that a residue j is in CS1 if another residue i is
also in substate CS1, given by P(j is CS1|i is CS1), to the
probability given by P(j is CS1|i is CS2). This expression
gives a likelihood that j will be affected by the substate of i:
PCCS1(j,i)= log(P(j is CS1|i is CS1)/P(j is CS1|i is CS2)).
(6) LIC refers to ligand-induced cooperativity. LIC is

large if a residue's local environment differs significantly
between the effector-bound and the effector-unbound
simulations.1 Monitoring the coupling of residues along
an order parameter for allostery, from low to high rAS,
provides a measure of ligand-induced cooperativity:

LIC ¼ 1=N
∑N

i log Poverlap
� �low rAS

i = Poverlap
� �high rAS

i

� �
, where

N is either the total number of residues in the protein or 1
(corresponding to a single residue), a low rAS is defined as
the smallest radius sampled (typically 6 Å), and a high rAS

is the value that spans approximately half the distance to
the regulated site.
(7) rsmooth refers to the radius for smoothing a feature

over conformational space. The feature for residue i is
averaged with the feature for all residues with side-chain
centers of mass closer than rsmooth, as defined by the
effector-bound and effector-unbound crystal structures.
(8) Δ refers to the change of a feature from rsmooth=0 to

rsmooth =5 Å. Δ for a feature indicates proximity to
cooperative or uncooperative regions.

Global features

(1) 〈E〉 is the ensemble average of the entire protein's
Amber energy based on the Boltzmann-weighted distribu-
tions using EAmber

rAS¼max.
(2) AFX is global allosteric frustration: AFX ¼ 1=Nres∑Nres

i
AFX ið Þ, in which AFX(i) is local allosteric frustration averaged
over all residues Nres.
(3) ΔFCS2→CS1

bound is the free-energy change from CS1 to
CS2 calculated from trajectories based on the effector-
bound (or effector-unbound) landscape.

ΔF bound
CS2→CS1 ¼ 1

Nres

XNres

i

RT log
P i isCS2ð Þ
P i isCS1ð Þ

� �

The free energy is calculated using the probability that a
residue is in a substate: CS1 and CS2 are defined by
QIdiff(i)b0 or QIdiff(i)N0, respectively.
(4) The entropy bias (TΔSCS2→CS1

unbound +TΔSCS2→CS1
bound +

ΔFbond break) is composed of terms for the entropy
change from CS1 to CS2 as well as the free energy
of bond cleavage (only for caspase 7 because allosteric
activation includes cleavage of the protein at two sites).
This expression can be deduced from ΔFCS2→CS1

bound and
ΔFCS2→CS1

unbound because the allostery landscapes are
defined in a particular manner (Fig. S2). As an
approximation, we set the free energy of the CS1
substate in the effector-unbound landscape equivalent
to the free energy of the CS1 substate in the effector-
bound landscape. An exception occurs if there is bond
cleavage of the protein, in which an offset is used65:
ΔFbond break=−0.7 Nbond break. The entropy bias sim-
plifies to an expression composed of easily computed
terms (ΔFCS2→CS1

unbound +ΔFCS2→CS1
bound +ΔFbond break) because

our landscapes have the property that Ee+
AS and Ee−

AS

are equivalent.

ΔF unbound
CS2→CS1 ¼ EAS

e−

þ TΔSunbound
CS2→CS1

F unbound
CS1 ¼ EAS

e− þ ERS
eþ=− þ TSunbound

CS1

F unbound
CS2 ¼ ERS

eþ=− þ TSunbound
CS2

(

ΔF bound
CS2→CS1 ¼ EAS

e−

þ TΔSbound
CS2→CS1

F bound
CS1 ¼ ERS

eþ=− þ TSbound
CS1

F bound
CS2 ¼ EAS

eþ þ ERS
eþ=− þ TSbound

CS2

(
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As a result, the entropy bias is negative if the CS1 substate
has more entropy than the CS2 substate and is positive
otherwise.

Machine learning

We use the “Toolkit for Multivariate Data Analysis” as
part of Root,66 which contains a regression algorithm for
boosted decision trees. In contrast to classification
decision tree algorithms that assign labels to a set of
features (i.e., signal or background), the regression
decision tree algorithm involves trees that assign predic-
tion values to a set of features67 (in this case, ΔΔG). The
default parameters were used (BDTG): number of trees=
2000, gradient boosting= true, learning rate=0.1, gradient
bagging=true, bagging fraction=0.5, number of node cuts
during optimization=20, maximum tree depth=3, and
maximum nodes=15. The predictions are fairly stable
due to the use of the gradient boost algorithm, as indicated
by the minimal change of accuracy when a single,
unimportant feature is omitted (Fig. S3).
Mutation effects are first predicted for the first 10 proteins

in Table 1. For these 10 proteins, the testing set includes all
mutations from the test protein and the training set includes
all mutations from the remaining 9 proteins (excluding
mutations that are involved in multiple conformational
equilibria, i.e., blue triangles in Figs. 3 and 4).While the final
prediction includes 37 features per mutation (Table 2),
many more were first considered. Deletion of features
occurred after “one out” procedures in which training and
testing is performed in the absence of one feature (Fig. 6). A
feature is eliminated if the average unsigned error of all
mutations in the AC set (red points in Figs. 3 and 4)
improves or is not affected by omitting that feature. The final
set of features is obtained by repeating the “one out”
procedure until no more features can be eliminated.
Eighteen mutations in hemoglobin were omitted from the
above procedure and predicted afterwards (Table 1).
Mutation effects are then predicted for thrombin using

the 10 proteins and 37 features, as described above, for
the training set. Two sets of mutation effect predictions are
made for thrombin because there are two proposed
sodium-unbound structures, as described in Results.
Acknowledgements

We are grateful for helpful discussions with Javier
Chaparro-Riggers, James Fraser, Jacob Glanville,
Michael Marden, George Patrinos, Nathan Thom-
sen, and Andy Yeung. This work was supported by
grants from National Institutes of Health (P01
GM71790), National Science Council, Taiwan
(NSC98-2917-I-564-129), and Pfizer Inc.
Supplementary Data

Supplementary data to this article can be found
online at http://dx.doi.org/10.1016/j.jmb.2012.11.041
Received 3 October 2012;
Received in revised form 27 November 2012;

Accepted 30 November 2012
Available online 7 December 2012

Keywords:
energy landscape;
protein dynamics;
machine learning;

allostery

† http://salilab.org/allosmod/
References

1. Weinkam, P., Pons, J. & Sali, A. (2012). Structure-based
model of allostery predicts coupling between distant
sites. Proc. Natl Acad. Sci. USA, 109, 4875–4880.

2. Tsai, C. J., del Sol, A. & Nussinov, R. (2008). Allostery:
absence of a change in shape does not imply that
allostery is not at play. J. Mol. Biol. 378, 1–11.

3. Monod, J., Wyman, J. & Changeux, J. P. (1965). On
the nature of allosteric transitions: a plausible model.
J. Mol. Biol. 12, 88.

4. Koshland, D. E., Nemethy, G. & Filmer, D. (1966).
Comparison of experimental binding data and theo-
retical models in proteins containing subunits. Bio-
chemistry, 5, 365–368.

5. Kuriyan, J. & Eisenberg, D. (2007). The origin of
protein interactions and allostery in colocalization.
Nature, 450, 983–990.

6. Boehr, D. D., Nussinov, R. & Wright, P. E. (2009). The
role of dynamic conformational ensembles in biomo-
lecular recognition. Nat. Chem. Biol. 5, 789–796.

7. Hardy, J. A., Lam, J., Nguyen, J. T., O'Brien, T. &
Wells, J. A. (2004). Discovery of an allosteric site in
the caspases. Proc. Natl Acad. Sci. USA, 101,
12461–12466.

8. Zhang, X. Y. & Bishop, A. C. (2007). Site-specific
incorporation of allosteric-inhibition sites in a protein
tyrosine phosphatase. J. Am. Chem. Soc. 129,
3812–3813.

9. Dattelbaum, J. D., Looger, L. L., Benson, D. E., Sali,
K. M., Thompson, R. B. & Hellinga, H. W. (2005).
Analysis of allosteric signal transduction mechanisms
in an engineered fluorescent maltose biosensor.
Protein Sci. 14, 284–291.

10. Popovych, N., Sun, S., Ebright, R. H. & Kalodimos,
C. G. (2006). Dynamically driven protein allostery.
Nat. Struct. Mol. Biol. 13, 831–838.

11. Weinkam, P., Zimmermann, J., Sagle, L. B., Matsuda,
S., Dawson, P. E., Wolynes, P. G. & Romesberg, F. E.
(2008). Characterization of alkaline transitions in
ferricytochrome c using carbon-deuterium infrared
probes. Biochemistry, 47, 13470–13480.

12. Fraser, J. S., van den Bedem, H., Samelson, A. J.,
Lang, P. T., Holton, J. M., Echols, N. & Alber, T.
(2011). Accessing protein conformational ensembles
using room-temperature X-ray crystallography. Proc.
Natl Acad. Sci. USA, 108, 16247–16252.

13. Suel, G. M., Lockless, S. W., Wall, M. A. &
Ranganathan, R. (2003). Evolutionarily conserved

http://dx.doi.org/10.1016/j.jmb.2012.11.041
http://salilab.org/allosmod/


660 Impact of Mutations on Allostery
networks of residues mediate allosteric communica-
tion in proteins. Nat. Struct. Biol. 10, 59–69.

14. Itoh, K. & Sasai, M. (2010). Entropic mechanism of
large fluctuation in allosteric transition. Proc. Natl
Acad. Sci. USA, 107, 7775–7780.

15. Tripathi, S. & Portman, J. J. (2011). Conformational
flexibility and the mechanisms of allosteric transi-
tions in topologically similar proteins. J. Chem. Phys.
135.

16. Wu, S., Zhuravlev, P. I. & Papoian, G. A. (2008). High
resolution approach to the native state ensemble
kinetics and thermodynamics. Biophys. J. 95,
5524–5532.

17. Kasson, P. M., Ensign, D. L. & Pande, V. S. (2009).
Combining molecular dynamics with bayesian analysis
to predict and evaluate ligand-binding mutations in
influenza hemagglutinin. J. Am. Chem. Soc. 131,
11338–11340.

18. Kidd, B. A., Baker, D. & Thomas, W. E. (2009).
Computation of conformational coupling in allosteric
proteins. PLoS Comput. Biol. 5, e1000484.

19. McClendon, C. L., Friedland, G., Mobley, D. L.,
Amirkhani, H. & Jacobson, M. P. (2009). Quantifying
correlations between allosteric sites in thermody-
namic ensembles. J. Chem. Theory Comput. 5,
2486–2502.

20. Potoyan, D. A., Zhuravlev, P. I. & Papoian, G. A.
(2012). Computing free energy of a large-scale
allosteric transition in adenylate kinase using all
atom explicit solvent simulations. J. Phys. Chem. B,
116, 1709–1715.

21. Go, N. (1984). The consistency principle in protein
structure and pathways of folding. Adv. Biophys. 18,
149–164.

22. Sali, A., Shakhnovich, E. & Karplus, M. (1994). How
does a protein fold. Nature, 369, 248–251.

23. Alm, E. & Baker, D. (1999). Prediction of protein-
folding mechanisms from free-energy landscapes
derived from native structures. Proc. Natl Acad. Sci.
USA, 96, 11305–11310.

24. Munoz, V. & Eaton, W. A. (1999). A simple model for
calculating the kinetics of protein folding from three-
dimensional structures. Proc. Natl Acad. Sci. USA, 96,
11311–11316.

25. Levy, Y., Wolynes, P. G. & Onuchic, J. N. (2004).
Protein topology determines binding mechanism.
Proc. Natl Acad. Sci. USA, 101, 511–516.

26. Weinkam, P., Zong, C. H. & Wolynes, P. G. (2005). A
funneled energy landscape for cytochrome c directly
predicts the sequential folding route inferred from
hydrogen exchange experiments. Proc. Natl Acad.
Sci. USA, 102, 12401–12406.

27. Hyeon, C., Lorimer, G. H. & Thirumalai, D. (2006).
Dynamics of allosteric transitions in GroEL. Proc. Natl
Acad. Sci. USA, 103, 18939–18944.

28. Whitford, P. C., Gosavi, S. & Onuchic, J. N. (2008).
Conformational transitions in adenylate kinase: allo-
steric communication reduces misligation. J. Biol.
Chem. 283, 2042–2048.

29. Li, W., Wolynes, P. G. & Takada, S. (2011).
Frustration, specific sequence dependence, and
nonlinearity in large-amplitude fluctuations of alloste-
ric proteins. Proc. Natl Acad. Sci. USA, 108,
3504–3509.
30. Sutto, L., Mereu, I. & Gervasio, F. L. (2011). A hybrid
all-atom structure-based model for protein folding and
large scale conformational transitions. J. Chem.
Theory Comput. 7, 4208–4217.

31. Frauenfelder, H., Sligar, S. G. & Wolynes, P. G.
(1991). The energy landscapes and motions of pro-
teins. Science, 254, 1598–1603.

32. del Sol, A., Tsai, C. J., Ma, B. & Nussinov, R. (2009).
The origin of allosteric functional modulation: multiple
pre-existing pathways. Structure, 17, 1042–1050.

33. Case, D. A., Cheatham, T. E., Darden, T., Gohlke, H.,
Luo, R., Merz, K. M. et al. (2005). The Amber
biomolecular simulation programs. J. Comput.
Chem. 26, 1668–1688.

34. Mcdonald, I. K. & Thornton, J. M. (1994). Satisfying
hydrogen-bonding potential in proteins. J. Mol. Biol.
238, 777–793.

35. Marvin, J. S., Corcoran, E. E., Hattangadi, N. A., Zhang,
J. V., Gere, S. A. & Hellinga, H. W. (1997). The rational
design of allosteric interactions in a monomeric protein
and its applications to the construction of biosensors.
Proc. Natl Acad. Sci. USA, 94, 4366–4371.

36. Huth, J. R., Olejniczak, E. T., Mendoza, R., Liang, H.,
Harris, E. A. S., Lupher, M. L. et al. (2000). NMR and
mutagenesis evidence for an I domain allosteric site
that regulates lymphocyte function-associated antigen
1 ligand binding. Proc. Natl Acad. Sci. USA, 97,
5231–5236.

37. Horn, J. R. & Shoichet, B. K. (2004). Allosteric
inhibition through core disruption. J. Mol. Biol. 336,
1283–1291.

38. Montalibet, J., Skorey, K., McKay, D., Scapin, G.,
Asante-Appiah, E. & Kennedy, B. P. (2006). Residues
distant from the active site influence protein-tyrosine
phosphatase 1B inhibitor binding. J. Biol. Chem. 281,
5258–5266.

39. Engel, M., Hindie, V., Lopez-Garcia, L. A., Stroba, A.,
Schaeffer, F., Adrian, I.et al. (2006). Allosteric activation
of the protein kinase PDK1 with low molecular weight
compounds. EMBO J. 25, 5469–5480.

40. Akerboom, J., Rivera, J. D. V., Guilbe, M. M. R.,
Malave, E. C. A., Hernandez, H. H., Tian, L. et al.
(2009). Crystal structures of the GCaMP calcium
sensor reveal the mechanism of fluorescence signal
change and aid rational design. J. Biol. Chem. 284,
6455–6464.

41. Hang, J. Q., Yang, Y. L., Harris, S. F., Leveque, V.,
Whittington, H. J., Rajyaguru, S. et al. (2009). Slow
binding inhibition and mechanism of resistance of
non-nucleoside polymerase inhibitors of hepatitis C
virus. J. Biol. Chem. 284, 15517–15529.

42. Witkowski, W. A. & Hardy, J. A. (2009). L2′ loop is
critical for caspase-7 active site formation. Protein Sci.
18, 1459–1468.

43. Rydberg, E. H., Cellucci, A., Bartholomew, L., Mattu,
M., Barbato, G., Ludmerer, S. W. et al. (2009).
Structural basis for resistance of the genotype 2b
hepatitis C virus NS5B polymerase to site a non-
nucleoside inhibitors. J. Mol. Biol. 390, 1048–1059.

44. Hardy, J. A. & Wells, J. A. (2009). Dissecting an
allosteric switch in caspase-7 using chemical and
mutational probes. J. Biol. Chem. 284, 26063–26069.

45. Giardine, B., Borg, J., Higgs, D. R., Peterson, K. R.,
Philipsen, S., Maglott, D. et al. (2011). Systematic



661Impact of Mutations on Allostery
documentation and analysis of human genetic varia-
tion in hemoglobinopathies using the microattribution
approach. Nat. Genet. 43, 295–302.

46. Zelent, B., Odili, S., Buettger, C., Zelent, D. K., Chen,
P., Fenner, D. et al. (2011). Mutational analysis of
allosteric activation and inhibition of glucokinase.
Biochem. J. 440, 203–215.

47. Dey, S., Chakrabarti, P. & Janin, J. (2011). A survey of
hemoglobin quaternary structures. Proteins, 79,
2861–2870.

48. Pineda, A. O., Carrell, C. J., Bush, L. A., Prasad, S.,
Caccia, S., Chen, Z. W. et al. (2004). Molecular
dissection of Na+ binding to thrombin. J. Biol. Chem.
279, 31842–31853.

49. Pineda, A. O., Chen, Z. W., Bah, A., Garvey, L. C.,
Mathews, F. S. & Di Cera, E. (2006). Crystal structure
of thrombin in a self-inhibited conformation. J. Biol.
Chem. 281, 32922–32928.

50. Ota, N. & Agard, D. A. (2005). Intramolecular signaling
pathways revealed by modeling anisotropic thermal
diffusion. J. Mol. Biol. 351, 345–354.

51. Sharp, K. & Skinner, J. J. (2006). Pump-probe
molecular dynamics as a tool for studying protein
motion and long range coupling. Proteins: Struct.,
Funct., Bioinf. 65, 347–361.

52. Chennubhotla, C. & Bahar, I. (2007). Signal propaga-
tion in proteins and relation to equilibrium fluctuations.
PLoS Comput. Biol. 3, 1716–1726.

53. Liu, J. & Nussinov, R. (2008). Allosteric effects in the
marginally stable von Hippel-Lindau tumor suppressor
protein and allostery-based rescue mutant design.
Proc. Natl Acad. Sci. USA, 105, 901–906.

54. Tehver, R., Chen, J. & Thirumalai, D. (2009). Allostery
wiring diagrams in the transitions that drive the GroEL
reaction cycle. J. Mol. Biol. 387, 390–406.

55. Demerdash, O. N. A., Daily, M. D. & Mitchell, J.
C. (2009). Structure-based predictive models for
allosteric hot spots. PLoS Comput. Biol. 5,
e1000531.

56. Pan, H., Lee, J. C. & Hilser, V. J. (2000). Binding
sites in Escherichia coli dihydrofolate reductase
communicate by modulating the conformational
ensemble. Proc. Natl Acad. Sci. USA, 97,
12020–12025.

57. Boyce, S. E., Mobley, D. L., Rocklin, G. J., Graves,
A. P., Dill, K. A. & Shoichet, B. K. (2009).
Predicting ligand binding affinity with alchemical
free energy methods in a polar model binding site.
J. Mol. Biol. 394, 747–763.

58. McGillick, B. E., Balius, T. E., Mukherjee, S. & Rizzo,
R. C. (2010). Origins of resistance to the HIVgp41 viral
entry inhibitor T20. Biochemistry, 49, 3575–3592.

59. Potapov, V., Cohen, M. & Schreiber, G. (2009).
Assessing computational methods for predicting
protein stability upon mutation: good on average but
not in the details. Protein Eng., Des. Sel. 22, 553–560.

60. Frederick, K. K., Marlow, M. S., Valentine, K. G. &
Wand, A. J. (2007). Conformational entropy in molec-
ular recognition by proteins. Nature, 448, 325–329.

61. Ferreiro, D. U., Hegler, J. A., Komives, E. A. &
Wolynes, P. G. (2011). On the role of frustration in the
energy landscapes of allosteric proteins. Proc. Natl
Acad. Sci. USA, 108, 3499–3503.

62. Zheng, W. J., Brooks, B. R. & Thirumalai, D. (2006).
Low-frequency normal modes that describe allosteric
transitions in biological nanomachines are robust to
sequence variations. Proc. Natl Acad. Sci. USA, 103,
7664–7669.

63. Sali, A. & Blundell, T. L. (1993). Comparative protein
modeling by satisfaction of spatial restraints. J. Mol.
Biol. 234, 779–815.

64. Chen, Y. C. & Lim, C. (2008). Common physical basis
of macromolecule-binding sites in proteins. Nucleic
Acids Res. 36, 7078–7087.

65. Dobry, A., Fruton, J. S. & Sturtevant, J. M. (1952).
Thermodynamics of hydrolysis of peptide bonds. J.
Biol. Chem. 195, 149–154.

66. Hoecker, A., Speckmayer, P., Stelzer, J., Therhaag,
J., von Toerne, E. & Voss, H. (2007). TMVA: toolkit for
multivariate data analysis. PoS ACAT, arXiv:
physics/0703039.

67. Breiman, L., Friedman, J., Olshen, R. & Stone, C.
(1984). Classification and Regression Trees. Wads-
worth International Group, Belmont, CA.


	Impact of Mutations on the Allosteric Conformational Equilibrium
	Introduction
	Results
	Definition of mutation effects
	Classifying mutations
	Mutation effect predictions in the training and �testing sets
	Error from multiple conformational equilibria: �solvation effects
	Error from multiple conformational equilibria: �multiple binding sites
	Thrombin and multiple conformational states

	Discussion
	Materials and Methods
	Allostery model simulations
	Features
	Local features
	Global features

	Machine learning

	Acknowledgements
	Appendix A. Supplementary Data
	References


