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CONS P EC TU S

F unctioning proteins do not remain fixed in a unique structure, but instead they sample a range of conformations facilitated by
motions within the protein. Even in the native state, a protein exists as a collection of interconverting conformations driven by

thermodynamic fluctuations. Motions on the fast time scale allow a protein to sample conformations in the nearby area of its
conformational landscape, while motions on slower time scales give it access to conformations in distal areas of the landscape.

Emerging evidence indicates that protein landscapes contain conformational substates with dynamic and structural features that
support the designated function of the protein. Nuclear magnetic resonance (NMR) experiments provide information about confor-
mational ensembles of proteins. X-ray crystallography allows researchers to identify themost populated states along the landscape, and
computational simulations give atom-level information about the conformational substates of different proteins. This ability to char-
acterize and obtain quantitative information about the conformational substates and the populations of proteins within them is allowing
researchers to better understand the relationship between protein structure and dynamics and the mechanisms of protein function.

In this Account, we discuss recent developments and challenges in the characterization of functionally relevant conformational
populations and substates of proteins. In some enzymes, the sampling of functionally relevant conformational substates is connected
to promoting the overall mechanism of catalysis. For example, the conformational landscape of the enzyme dihydrofolate reductase
has multiple substates, which facilitate the binding and the release of the cofactor and substrate and catalyze the hydride transfer. For
the enzyme cyclophilin A, computational simulations reveal that the long time scale conformational fluctuations enable the enzyme to
access conformational substates that allow it to attain the transition state, therefore promoting the reaction mechanism.

In the long term, this emerging view of proteins with conformational substates has broad implications for improving our under-
standing of enzymes, enzyme engineering, and better drug design. Researchers have already used photoactivation to modulate protein
conformations as a strategy to develop a hypercatalytic enzyme. In addition, the alteration of the conformational substates through binding
of ligands at locations other than the active site provides the basis for the design of new medicines through allosteric modulation.
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Introduction
For more than a century, proteins have been viewed as rigid

molecules;1 an idea made familiar by the ball-and-stick

models and a single structure drawn on paper. However,

proteins are dynamically active molecules that constantly

undergo a range of internal motions or conformational

fluctuations.2 Experimental techniques including X-ray crys-

tallography and nuclear magnetic resonance spectroscopy

(NMR) have been widely used to obtain information about

protein structures, providing insights into their mechanisms

of functioning. The information obtained from these and

other techniques reveals that functioning proteins (in their

native states) do not have a fixed structure but exist in

slightly different but related conformations. Given the suc-

cess of structural information in explaining many aspects of

protein function, the observed deviations in protein confor-

mation have been largely ignored. More recently, however,

it has been proposed that protein function may involve

multiple conformations; so the observed internal motions

may not be inconsequential or random thermodynamical

fluctuations but may be involved closely in many aspects,

including protein folding, interaction with the surrounding

environment, and its designated function.3,4

In the familiar representation, one can imagine the po-

tential energy landscape of a protein to be formed of hills

and valleys of varying heights and depths, populated by

conformations (see Figure 1).5 Not just during the process of

folding, even near the native state, a protein's land-

scape contains several energetic or conformational wells

separated by energy barriers. Within each well, the collec-

tion of different conformations (or conformational popula-

tion) shares significant similarity in terms of their structures,

internal energies, and other features including dynamical

motions. This subpopulation of protein conformations

within each of these valleys represents a substate. Protein

conformational fluctuations driven by thermodynamical

motions enable the protein to sample a range of conforma-

tions and substates.6 Internal protein motions span time

scales ranging overmore than 12 orders ofmagnitude, from

femtoseconds (10�15 seconds) to milliseconds and higher

(>10�3 seconds).7 Motions at fast time scales enable sam-

pling of the conformations within the substates, while con-

formational transitions at long time scales enable the

protein to transition from one substate to another.

Emerging evidence has tied the kinetics of interconver-

sion between conformational states with the speed of

protein folding.8 In the case of folded and functioning

proteins, the rate of interconversion between functionally

important substates has been tied to the overall rate of the

protein function.9 The ability to accurately and quantita-

tively characterize various substates and populations within

these substates is widely being sought because it could

provide insights into designated function of proteins such

as enzyme catalyzed reactions. For example, characterizing

the conformational population and substates in the vicinity

of transition state area has provided new insights into the

enzyme mechanisms as well as detailed understanding of

interplay betweenprotein dynamics and enzymekinetics.5,10,11

Additionally, it has been discussed that binding of allosteric

ligands can alter the conformational substates and the

kinetics of interconversion between functional substates,

thereby controlling target activity.12,13 Unfortunately, sig-

nificant challenges are encountered in identifying and ob-

taining quantitative information about conformational

substates as well as relating the properties of these states

to the biophysical mechanism of protein function.

In this Account, we discuss the recent developments that

are being used to obtain information about conformational

populations and functionally relevant substates of proteins,

and how the information obtained provides new insights into

functioning of enzyme systems. Some discussions about chal-

lengesandpotentialways toovercome themarealsodiscussed.

Experimental Techniques Provide Clues
about Conformational Diversity
Several experimental techniques have shed light on internal

dynamics of proteins and other biomolecules. Unfortu-

nately, the narrow (but improving) windows of resolution

for individual instruments and techniques have limited the

information that can be collected at the wide range of time

scales involved. X-ray crystallography has provided detailed

conformational information for the protein in free or ligand-

bound states and information about stable and intermediate

states along the reactionpathway.14NMRexperiments have

been able to obtain information regarding ensembles of

protein structures either in functioning or nonfunctioning

states, in the absence or presence of ligands,15,16 providing

insights into the range of natural motions exhibited by

different proteins.9,15 Other experimental techniques, in-

cluding but not limited to fluorescence resonance energy

transfer (FRET),17 hydrogen�deuterium exchange,18 and

neutron scattering,19,20 have provided information about

the fluctuations that occur within the protein structure as

well as some insights into the ensemble, or the population of

conformations. Collected information indicates that the
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populations do not sample all areas of the protein landscape

evenly but that they are arranged in a hierarchy of subpo-

pulations (or substates) separated by energy barriers.2,5,21

Depending upon the distribution of the conformations, the

native state may consist of several substates with distinct

features. Some of these substates contain conformations

with structural and dynamical features that promote the

designated function of the protein (Figure 1).

Recent advances particularly in NMR and X-ray crystal-

lography techniques have provided insights into the con-

formational diversity of proteins at multiple time scales.

Alber, Kern and co-workers have developed a novel ap-

proach that characterizes conformational ensembles at am-

bient temperatures using X-ray crystallography.14 NMR and

paramagnetic resonance enhancement techniques have

provided insights into the conformational transitions and

intermediate substates involved in protein folding and

ligand recognition.9,12,22 Obtaining quantitative information

from the experimental techniques about the conformational

substates and relating it to themechanismofprotein functions

remains difficult with challenges associated with each tech-

nique. For example, X-ray crystallography is biased toward

end states (and sometimes an intermediate state) with high

populations but does not typically provide information about

the rarely populated substates or conformation transitions

between the substates. On the other hand, NMR can provide

qualitative information about motions of various protein

residues and identify exchange rates between the different

substates aswell as also identify potentially different substates.

However, prior knowledge or assumptions are required re-

garding the number of substates to model the obtained data.

ComputationalMethods Enable Identification
and Characterization of Substates
Computational techniques are beginning to show remark-

able improvement in their ability to identify and quantita-

tively characterize conformational substates associatedwith

protein function.5,10,23,24 Coarse-grained models, even

though low-resolution, provide important information

about a protein's intrinsic ability to visit various conforma-

tional substates especially when used with other techniques

including atomistic simulations.25�27 More broadly, molec-

ular dynamics (MD) simulations have been used to obtain

atomic level information for conformational substates. How-

ever with computational methods, the ability to explore

distant areas of the conformational landscape is always an

important concern. When MD techniques are used, the land-

scape sampled may strongly depend on starting structure as

well as time scale of simulations. Till a few years ago, typical

MD simulations ranged from a few to hundreds of nano-

seconds, while a protein undergoes conformational fluctua-

tions that occur on microsecond to millisecond time scales.

Recently, tremendous increase in available computing power

and access to MD simulations at longer time scales through

specialized computing hardware have enabled the collection

of statistical information for conformational substates in var-

ious stages of a protein's life cycle, including during folding and

designated biological function.28,29

FIGURE 1. Proteins in their native (functioning) state sample conformations with considerable diversity. A group of conformations sharing similar
structural and dynamical features forms a conformational substate and corresponds to a well in the energetic landscape. Internal protein motions at
fast time scales allow sampling of conformations within substates, while motions at longer time scales allow interconversion between substates
(green arrows). Characterizing and quantifying these diverse populations and substates has important implications for understanding designated
protein functions. For example, the intrinsic motions of an enzyme allow accessing functionally relevant conformational substates. Note the
conformational coordinates on the right panel correspond to global conformational fluctuations.
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A number of methodologies have been developed and

applied to improve the sampling of the conformational

landscape. These include umbrella sampling simulations,

metadynamics, and accelerated MD among others. Umbrel-

la sampling simulations allow sampling in higher energy

regions which would otherwise not be sampled or only

visited infrequently.30 In a typical application of umbrella

sampling, multiple MD simulations with biasing potentials

applied at different values of an appropriate reaction co-

ordinate are used to explore higher energy regions along an

enzyme's reaction pathway.31Metadynamicsworks by add-

ing a history dependent biasing potential to the visited areas

to discourage the simulations from visiting these areas

repeatedly, enabling sampling of newer areas of the land-

scape .32 The benefit of these techniques includes obtaining

quantitatively meaningful information in the higher energy

regions, which would otherwise not be explored by conven-

tional MD.33

Once the conformations sampled during MD simulations

and related techniques have been collected, one of themost

commonly used approaches to identify the conformational

substates is to project the sampled conformations over

principal component analysis modes (particularly the first

few modes, which correspond to global motions). However,

this approach has shown limited success due to bias toward

second-order correlations of protein motions resulting in

conformational populations with mixed properties.5,11

Recent advances in theoretical methodology, including

the characterization of the degree of anharmonicity asso-

ciated with protein motions, have allowed the identification

of conformational substates and the quantitative estimation

of populations in these substates.5 Grubm€uller and co-workers

have developed full correlation analysis that includes

nonlinear and higher order correlations between protein

motions; this method provided insights into functionally

relevant motions of T4 lysozyme and the hexapeptide

neurotensin.34 Long trajectories at microsecond time scale

have been used to investigate conversion between an

inactive state (stabilized by intrahelical and interhelical salt

bridges) and the active state for β2 adrenergic receptor from

the G-protein-coupled receptor (GPCR) family.35 The chal-

lenge of discovering hidden conformations has been ad-

dressed using acceleratedMD formaltose binding protein.36

Also note that the characterization of the metastable states

with accurate statistical information about the conforma-

tional populations has allowed detailed understanding of

the process of protein folding for a number of proteins.8 On

the other hand, computational investigations from the

group of Schwartz have led to the discovery of motions at

fast time scales that act as promoting vibrations in enzyme

catalysis.37,38 The promoting nature of these motions or

vibrations corresponds to enabling the reactive trajectories

to go over the activation energy barrier.

There is a widely acknowledged need to integrate multi-

ple experimental techniques with computational models to

obtain a more complete picture with quantitative informa-

tion about how conformational substates and transitions

between them relate to protein function.5 As recently de-

monstrated for ribonuclease A the use of NMR chemical

shifts in conjunction with MD simulations has allowed the

characterization of two major functional substates and the

conformational equilibrium between these states.39

Function Promoting Conformational
Substates in Enzyme Catalysis
Information collected by a number of different techniques

reveals that the active sites of enzymes are optimized for

providing an environment that is structurally and electro-

statically complementary to the transition state of the cata-

lyzed reaction. Computational models based on active sites

and neighboring residues are often able to account correctly

for the energy difference between the ground state and the

transition state.40,41 However, the features of enzymes that

enable reaching the transition state (higher energy con-

formations) have mostly remained a mystery. It has been

hypothesized that the conformational fluctuations of en-

zyme allow sampling of higher energy conformational sub-

states, and the rate of catalysis in certain enzyme-catalyzed

reactions may be limited by the rate of conformational

fluctuations that enable access to these higher energy but

functionally important conformational substates.2,5

As a result of experimental and computational methods,

new insights are coming to light regarding the roles of con-

formational substates in designated protein functions such

as enzyme catalysis.5,9,14 It has been shown that the con-

formational landscapes of several enzymes appear to have

intrinsic characteristics that enable them to sample function-

promoting conformation substates containing structural

properties relevant for stages along the catalytic cycle. We

discuss two widely investigated enzyme systems in detail.

Dihydrofolate Reductase (DHFR). Enzyme DHFR cata-

lyzes hydride transfer in the folatemechanism and has been

widely investigated for the role of protein motions in the

enzymemechanism.3,42 Pioneering work byWright and co-

workers using NMR investigations has shown the existence

ofmultiple conformational substates that are sampled along
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the catalytic cycle (see Figure 2).9,15 There are at least five

major substates along the reaction pathway. It has been

proposed that while the protein is in each conformational

substate, it also samples the neighboring states in the

catalytic cycle with a minor fraction of populations in these

states. The exact populations of conformations in these

minor states proved difficult to quantify using NMR; how-

ever, they are estimated to be at least 1�2%, because this is

the lower limit for detection by R2 relaxation dispersion

experiments. A major finding of these studies has been the

relationship between the rate of conformational substate

sampling and the kinetics of the various steps along the reac-

tion pathway. In particular, the rate-limiting hydride transfer

reaction occurs at the rate of 950 s�1, which coincides with

the rate of conformational transitions of the enzymestructure

between two different conformational states.4

As an interesting consequence, the understanding of

interconnection between enzyme dynamics and catalysis

has allowed design of mutant DHFRs with lower catalytic

activity. These mutants, M42W/G121V43 and N23PP/

S148A,42 referred to as dynamic knockouts, specifically re-

duced the flexibility of the catalytically important Met20

loop in DHFR that shows multiple conformations during the

catalytic cycle, and its flexibility has been implicated in the

hydride transfer step. However, it has also been argued that

the N23PP/S148A dynamic knockout may not affect the

chemical step of hydride transfer.44

Cyclophilin A (CypA). The peptidyl�prolyl cis/trans iso-

merization reaction catalyzed by enzyme CypA has also

been investigated for the link between internal dynamics

and enzyme mechanism. NMR spin relaxation experiments

by Kern and co-workers have indicated the existence of a

hierarchy of protein motions with internal motions also

coinciding with the time scale of the reaction, about

9000 s�1.45 Further, by ambient temperature X-ray crystal-

lography with mutations, hidden conformations with rele-

vance to catalytic mechanism has been unmasked.14 On

the other hand, computational techniques have allowed

detailed insights to be obtained into the conformational

substates associated with CypA mechanism (Figure 3). A

new methodology, quasi-anharmonic analysis (QAA), in

combination with reaction pathway sampling allowed orga-

nization of the conformational space into a multilevel hier-

archy of conformational substates.5 The conformations

sampled along the reaction pathway allowed identification

of substates associated with reactant, product, and more

importantly the transition state regions. Characterization of

the conformational substates also allowed the identification

of conformational transitions between these substates (see

the black arrows in Figure 3 A-B) that enable the sampling of

the transition state region. The observed displacements in

these transitions agree very well with the NMR spin relaxa-

tion data.45 Therefore, the emerging picture indicates that

the enzyme�substrate complex samples a variety of con-

formations between the reactant and product state. Intrinsic

conformational transitions allow access to substates that

contain structural and dynamical features that allow the

reaction to reach the transition state.31 It has been hypothe-

sized that the rate of these conformational transitions is tied

to the rate liming events in the enzyme mechanism.2,5

Apart from enzyme catalysis, emerging evidence also

indicates that the conformational substatesmaybe involved

in the recognition and molecular binding pathways of

protein function.12,24 Further, the comparison of conforma-

tional states in the presence and absence of ligands bound

to proteins is offering new insights for allostery.13 Strategy of

designing ligands that bind to sites away from primary

binding sites but still control changes in conformational

populations and therefore modulate target activity could

opendoors for discovering newmedicines basedonpositive

and negative allosteric modulators.46�48

FIGURE 2. Catalytic cycle of dihydrofolate reductase (DHFR) involves
protein sampling a range of conformational substates. The substates
sampled are shown in different colors. Each state also samples a minor
population of conformations from neighboring substates, indicated as
smaller protein(s). Substate sampled by enzyme (E) enables the con-
version of substrate dihydrofolate (DHF) to tetrahydrofolate (THF) by
utilizing cofactor nicotinamide adenine dinucleotide phosphate
(NADPH). NADPþ indicates the oxidized form of the cofactor. The rate of
interconversion between substates (black) and the intermediate steps
during the enzyme catalytic cycles (red) are shown. From ref 9. Reprinted
with permission from AAAS.
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Joint Experimental�Theoretical Methods
Could Enable New Insights
Unfortunately, the ability to obtain quantitatively accurate

and reliable information about the conformational popula-

tions and substates remains beyond the reach of a single

instrument or a single theoretical approach. Therefore, there

is a need for a joint experimental and computational meth-

odology that allows the identification and characterization

of conformational states. A number of investigations, includ-

ing from the groups of Sali,49 Hilvert,50 and Roux51 among

others, have already demonstrated the benefits of utilizing

joint computational�experimental strategies. Resultingmod-

els that enable quantitative predictions will be vital in teasing

apart the contributions of various factors during protein

function. Moreover, the exchange of already available raw

experimental and computational data with a wider commu-

nity can further speed up the discovery process.

Information regarding conformational sampling on differ-

ent time scales is alreadyavailable fromdifferent experimental

techniques including X-ray crystallography. As also argued by

others, reporting more than a single structure,52 and possibly

also reporting the raw data, may allow access to more infor-

mationabout the conformational substatesand thereforeoffer

insights into function.14Computational studiesare increasingly

becoming useful analysis tools; however, a significant empha-

sis on reporting of average geometrical quantities (such as

distancesandangles) overshadows the intrinsic propertyof the

protein to sample structures outside the most populated

regions, especially the functionally relevant conformational

substates that are visited infrequently (rareorhidden conforma-

tional states). In many cases, it is the visit to these rare

conformational substates that defines the kinetics of protein

folding or biological function. Promoting the availability of raw

data from experiments and their use by computational scien-

tists could improve the quantitative estimates of protein con-

formational populations.

To summarize, viewing the protein not just as a single

static structure but as an internally active molecule will

FIGURE 3. The function-promoting conformational substates associated with the cis/trans peptidyl�prolyl isomerization catalyzed by human
cyclophilin A (CypA). The conformational hierarchy of CypA was revealed by a new computational methodology, quasi-anharmonic analysis (QAA),
based on conformations sampled bymolecular dynamics trajectories along the reaction pathway. Two levels of substates in the hierarchy are shown,
(A) level 1 and (B) level 2. The axes in subplots A and B are anharmonic basis vectors (labeled as γ) identified by QAA, corresponding to global
conformation fluctuations of CypA. The superscript of γ denotes the level of QAA, while subscript denotes the rank of QAA vectors (based on
magnitude of the conformational change, see ref 5 for details of ranking methodology). Note that the conformational states with homogeneous
properties are identifiedas functional substates,while themixedpopulationsare further decomposed into additional states at subsequent levels. Each
colored dot in the top subpanels corresponds to a single conformation and is colored according to the reaction coordinate value along the reaction
pathway (see below). The identified substates include reactant (R), transition state (T), and product (P). The interconversion between various substates
and functionally relevant substate T is indicated by black arrows in the top part of panels A and B, while the corresponding CypAmotions are shown
below. (C) The identifiedmotions correspond to a network of coupledmotions extending from the flexible surface regions all theway to the active site
connected by hydrogen bonds. (D) Free-energy profile for the cis/trans isomerization of the bound peptide. The color bar corresponds to reaction
coordinate used for coloring conformations in panel A. Reproduced from ref 5, Ramanathan, A. et al. PLoS ONE 6 (1), e15827. doi: 10.1371/journal.
pone.0015827.
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provide new insights into its function and its interaction with

the environment. Areas already benefiting from this approach

include,particularly, theunderstandingofenzymemechanisms

and drug design based on allosteric modulation.5,9,13,46�48,53

This emerging dynamical view of proteins has wide implica-

tions for a better understanding of biophysical mechanisms of

functioning protein and, more practically, for drug design as

well as protein engineering. For example, the identification of

reaction promoting conformational fluctuations and modula-

tion of the conformations enabled by photoactivation has

already led to the development of a hypercatalytic enzyme

engineering strategy, showing∼3000% improvement in activ-

ity over the wild-type enzyme.54
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