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ABSTRACT. We investigate how post-translational phosphorylation modifies the global conformation of a
protein by changing its free energy landscape using two test proteins, cystatin and NtrC. We first examine
the changes in a free energy landscape caused by phosphorylation using a model containing information
about both structural forms. For cystatin the free energy cost is fairly large indicating a low probability
of sampling the phosphorylated conformation in a perfectly funneled landscape. The predicted barrier for
NtrC conformational transition is several times larger than the barrier for cystatin, indicating that the
switch protein NtrC most probably follows a partial unfolding mechanism to move from one basin to the
other. Principal component analysis and linear response theory show how the naturally occurring
conformational changes in unmodified proteins are captured and stabilized by the change of interaction
potential. We also develop a partially guided structure prediction Hamiltonian which is capable of predicting
the global structure of a phosphorylated protein using only knowledge of the structure of the
unphosphorylated protein or vice versa. This algorithm makes use of a generic transferable long-range
residue contact potential along with details of structure short range in sequence. By comparing the results
obtained with this guided transferable potential to those from the native-only, perfectly funneled
Hamiltonians, we show that the transferable Hamiltonian correctly captures the nature of the global
conformational changes induced by phosphorylation and can sample substantially correct structures for
the modified protein with high probability.

Protein phosphorylation is one of the most important changes due to pH, the change of electric charge in a specific
intracellular control mechanism#)( In both eukaryotic and  residue through phosphorylation can have several different
prokaryotic cells, phosphorylation is a key step in cell cycle structural consequences: it can induce local and/or global
control, gene regulation, learning and mem@)y Nowadays conformational change between discrete completely folded
it is believed that about a third of the proteins in mammalian configurations, or induce order to disorder or disorder to
cells are phosphorylated at one time or anott®r Com- order transitions{). Sometimes the effects of phosphory-
munication in the cell by means of phosphorylation is rapid, lation on the structure of the protein appear to be small but
reversible and does not require the slow production of new further recognition events essential to function, such as
proteins or degradation of existing proteins. Ultimately the binding, can be profoundly affected.
activities of proteins that are modified by phosphorylation  To illustrate how energy landscape ideas can be used to
must be traced to changes in the protein’s conformatlen ( think about phosphorylation and to devise predictive algo-
6) that are induced by modifying the energy landscape. While rithms, we present a theoretical study of how phosphorylation
native ensembles possess numerous conformational substatesjodifies the global §-10) rather than local {1-13)
the landscapes of most proteins are highly funnel-like. In structure of two different proteins, the cysteine proteinase
many cases, phosphorylation modulates the stability of two inhibitor cystatin and the receiver domain of the bacterial
near degenerate but structurally distinct conformational enhancer-binding protein Nt*fGnitrogen regulatory protein
ensembles on the landscape allowing the same proteinC). These two different systems are small enough for detailed
molecule to carry out different activities in the cell at different theoretical analysis but also have been structurally explored
times. By modulating this near-degenerate landscape, phosin the laboratory providing thereby the basis for a compara-
phorylation can act as a molecular switch, turning a specific tive study to elucidate the generality and specificity of
conformation dependent activity on or off by tipping the phosphorylation effects.
balance of the population between the two ensembles. Cystatins are inhibitors of cysteine proteinases, which

Upon phosphorylation, a phosphate group becomes co-destroy proteins by hydrolysis and hence are important in
valently attached to the side chain of a serine, threonine, protein degradation (PDB codes 1A67, 1A904) Chicken
tyrosine or histidine residue. Much like the more labile
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cystatin has been structurally characterized in both an map. The contact maps of the test proteins in the unphos-
unphosphorylated and phosphorylated form. The phospho-phorylated and phosphorylated forms show that many of the
rylated residue, Ser80, is located in a flexible region of the contacts formed by the phospho residues for the test proteins
protein, which is readily accessible both to protein kinases are preserved, suggesting the effect of phosphorylation
and to phosphatases. Serine phosphorylation sites in manyrimarily lies in the long-range forces. This observation
proteins are often found to be flexible or disordered in allows us to address a rather practical issue: Instead of
structural studies. Phosphorylation in intrinsically disordered needing structural information on both forms, can one predict
regions of the protein commonly results in the ordering of the likely conformational changes that should occur when
the structure in the vicinity of the phosphorylation sit&)( only one structural form is known? For example, given
Unphosphorylated cystatin is a five-strangkpleated sheet  structural information only about the unphosphorylated
which is twisted and wrapped partially around a five-turn protein and the sequence information of which particular
helix. When cystatin becomes phosphorylated, moderateresidues are susceptible to phosphorylation, can one predict
structural changes occur. The overlay of the mean NMR the dominant conformation of the phosphorylated protein?
structures of phosphorylated and unphosphorylated cystatinFor such predictions, obviously perfect funnel, native topol-
show an rms deviation between the structures of 2.7 A. ogy based models will not suffice. Since long-range interac-
Cystatin thus serves as a paradigm for a system havingtions are expected to be dominant however, we can construct
minimal structural change induced through phosphorylation a new guided structure prediction Hamiltonian by using local
in a flexible loop region. structural information known from the unphosphorylated
A more dramatic change upon phosphorylation in terms protein for residue interactions separated by a few residues
of structure occurs in another well characterized system, the(12 in this case), but use a transferable structure prediction
receiver domain of NtrC. The receiver domain of NtrC is a Hamiltonian (AMH) @8, 19) having a heterogeneous through
conformational switch found in a bacterial “two-component” space potential for residues that are more than 12 residues
regulatory system (PDB codes 1DC7, 1DC&p)( Upon apart in sequence. The transferable long-range potential while
phosphorylation twgs-strands as well as twa-helices are transferable has been shown to yield a reasonably funneled
displaced away from the phosphorylation site and addition- potential which has been optimized based on a large set of
ally one helix is rotated axially. The overlay of the average generic protein structures to successfully predict the folded
NMR structures of the unphosphorylated and phosphorylatedstate of proteins of size up to 180 residues. Its predictive
conformation of NtrC shows larger rms deviation between power has been well documente20). Additionally it is
the structures of about 3.3 A. The amplitude of the change possible to construct a new potential in this format to evaluate
is thus slightly larger than for cystatin. NtrC has been the interactions of the phosphorylated residues based on the
regarded as a model for a conformational switif)in same form.
which a “large” conformational change is induced upon  To obtain the Hamiltonian for phosphorylated proteins
phosphorylation. Clearly larger proteins can exhibit still from that which has been optimized for normal, unphos-
larger changes in an rms sense, owing to a greater lever arnphorylated amino acids, we earlier postulated that we
for hinge motion in them. can treat the interactions involving the phosphorylated
The aim of the current study is to elucidate how phos- residue as those of a “supercharged” glutamic acid residue
phorylation causes these observed changes in protein con{21). The energetic interactions of the phosphorylated residue
formations. First we examine the free energy profiles that with other residues are replaced with enhanced interactions
would be obtained by assuming an ideal landscape havingof the type ordinarily used for a glutamic acid residue with
as little frustration as possible. This landscape for the the corresponding residue2lj. Since the energy land-
phosphoprotein is constructed by utilizing the information scape of the unphosphorylated protein is known and the
about the structures of both phosphorylated and unphospho-contact maps of the test proteins indicate there is a consider-
rylated native forms. Such a model yields the free energy able overlap of contacts between the unphosphorylated and
difference of the forms that would be expected if only the phosphorylated conformations, we preserve the native fo-
native contacts were to contribute to the energetics. Sincecused associative memory terms biased toward the as-
the conformations and hence the contact maps of thesumed known unphosphorylated structure for residues that
unphosphorylated and the phosphorylated proteins in ourare less than 12 residues apart in sequence space but use
study are already known from experiments, we can constructthe transferable potential with a “supercharged glutamate”
such a structure based Hamiltonian having native-only for the more distant interactions. The Hamiltonian we
interactions for molecular dynamics simulations to obtain have constructed in this way equips us with an energy
conformations and energies of the proteins along the reactionfunction that should reliably mimic the local structure of
coordinate. This is a “vanilla” Hamiltonian because it is the unphosphorylated protein, but that nevertheless plausibly
topology based, not singling out any interactions as especiallytreats the effects of the long-range forces on the confor-
significant. This model treats the two different sets of input mation of the protein. We show this Hamiltonian correctly
native contacts, those for the unphosphorylated conformationpredicts many features of the conformational changes
and those for the phosphorylated one, as independent. Weobserved in the phosphorylated protein. To document
can more directly extract changes in the free energy profile that this can be done, we set up simulations with different
using the free energy perturbation method. Next, a principal strengths of the charge interactions for the phosphory-
component analysis of the contact maps of the simulatedlated protein, and then we project the conformations ob-
ensembles allows us to find the dominant components of tained in these simulations onto the first two principal
the phosphorylation induced change and to visualize the components obtained earlier using the “vanilla” native-
effect that phosphorylation has on a resiguesidue contact  structure-based Hamiltonian. We also show more directly
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that structures rather close to the NMR structures can alsowithin 3.5 A for residues close in sequence space such that

be sampled. (j —i) <5,and 4.5 Afor{—i) > 5. Thel-terms scale the
interactions of the individual backbone potentials.
METHODS The contact term% = s + %m + F. is an

In order to explore the issues raised above, we studied@Ssociative memory tern2§). Through its guidance, the free

four Hamiltonians based on the native configurations of the nergy will reach a minimum at the basin of the given native
test proteins, %, %, 9*., and %*, We show how to PDB structure. Since there are several structures of cystatin

construct the native-based Hamiltoniafi, %; in the first ~ deposited in the PDB, all these structures were used as
subsection. These two Hamiltonians are based on thememory terms for the simulation. The functional form of

information of the experimentally determined native struc- the contact term is given by
tures of the unphosphorylated or phosphorylated form of the

N atu/
proteins. Note that throughout the current study, we use the( o o (rij — T e
subscriptsp and u to indicate the phosphorylated or the Hetp = —€ _ Z yIX(i = j] exp — -, 3
unphosphorylated form respectively. We then describe how =173 20;

to obtain the free energy profiles from the conformations )

sampled with7Z; and %; and describe a principal component _ The sum runs over all carbon atom pais*¢-C®, C*—

analysis based on the contact maps of these conformationsC’ &’—C* C/—C/) having a sequence separation of at least
Finally we describe the construction of structure prediction three reS|dues._ The_ functlon_al form of the _mteractlons of the

Hamiltonians % *, and %*,, both of which are based on carbon atoms in this potential are Gaussian centered at the

transferable interactions using the long range interaction native distancej * and with a width ofoy = |i — j|%A.

parameters optimized for generic structure prediction but that The % potential depends on the sequence separiétiorj|

use information about the native conformation of the Of the residues andj. We divide the energy into three

unphosphorylated form to encode the short- and intermediate-different proximity classes(ji — j|): short range (S) for
range interactions. Note that neith@f*, or 7*, contains ~ [i — jI < 5, medium range (M) for & |i — j| < 12 and
any experimental information of long-range interactions 0ng range (L) fori — j| > 12. They[x(li — j|)]-terms are
found in the unphosphorylated form; neithet*, or %*, weighted such that the energies in each proximity class
directly makes use of any (short-, intermediate-, or long- X(Ii — j|) are equal to each other. Also the energies of any
range) experimental information on thhosphorylatedorm contact in each proximity class are equal for all contacts
at all. formed. The total energy of the Hamiltonian is scaled to be

We also detail how we define various physical quantities 4N, whereN is the number of residues of the protein. The
for monitoring structural ensembles, such as order parameterg!nit of energy can then be denotedeand is defined in
and configurational free energy, which we adopt to analyze terms of its native state energy coming from the contact term
the results of all simulations based on these four Hamilto- % only,

nians.
1. Native-Structure-Based Simulatior@imulations of the [H O )

folding dynamics of cystatin and NtrC were performed with ‘TN

an off-lattice native-structure-based potential. The Hamilto- ] ) ] )
nian used in this study contains a basic backbone Hamiltonian The simulation protocol is as follows: For each protein

and a contact potential twenty constant temperature runs were performed with the
structure based Hamiltonian. The constant temperature runs
Hp = o+ e 1) sampled 800 independent structures each spaced at intervals

at about Jus corresponding to a trajectory of about 1 ms in
and depends on the locations of g Cf and oxygen atoms. physical time. A total of 1600& 2 x 2 = 64000 structures
The indexu/p is a simplified notation for the two cases, Were obtained for various temperatures for the unphospho-
namelyu or p. The remaining backbone atom positions can rylated protein as well as for the phosphorylated protein. The
be calculated assuming ideal backbone geometry. Thekey thermodynamic quantity desired from the simulations
backbone potentiaHy, constrains the backbone to have is the free energy as a function of reaction coordiatnd
chemically and physically acceptable conformatiofg)(  temperature. The normalized collective coordin@tenea-

The backbone potential is given by sures the similarity of two conformations A and B to each
other.
Wbb = /‘Lz/)qb‘%d) + /‘Lnyy + lex%x + /’Lharmonic%\armonic (2) ( A B)Z
2 My — I
The Ramachandran potential,, provides a good fit of the = exd—— (5)
backbone torsional angles based on the statistics of protein (N=1)N—-2)if=1 Zoijz
structural database. The chirality potentia], biases the
protein chain into theL-amino acid configuration. The 2. Free Energy Perturbation Method/e directly examine

algorithm SHAKE constraints for the heavy backbone atoms how phosphorylation changes the free energy profiles. We
along with three quadratic potentials provide for backbone start by analyzing the sampling snapshots obtained in
rigidity and planarity. To complete the picture of stere- simulation with each of the two Hamiltonians. After project-
ochemically allowed protein backbones, an excluded volume ing the ensembles to the desired collective coordinates
potential is applied to the oxygen and carbon atoms of residue{ ry,ry,..}, the probability distributiono(r) = N(r)/N: is

i andj. This potential applies when the heavy atoms approach computed for a total oNy: shapshots. We can then derive
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straightforwardly the free energy profile(r) = —kgT shapshot obtained in the molecular dynamics we compute
In(p(r)/po), where po is a uniform distribution, for the  the contact map. The contact principal component analysis
unphosphorylated and phosphorylated conformations. We are(25) reflects the correlations between different contact
interested in the difference of the two free energies, so we forming events. The covariance matrix to be diagonalized

subtract these to obtain the differenad=(r) = Fy(r) — is not based on the linear Cartesian coordinates but rather
Fu(r). on a contact map correlation function

In the current case we use two different folding order
parameter€), andQ, as the collective coordinates, i.e = Cijx = Wmy — o D(my — [ing OO (7)

(Qu,.Qp)- We assign to each snapshot two numbers, the order
parametersQ, and Qp,, which measure how similar an
individual snapshot obtained in the MD simulations is to the
native structure of the unphosphorylated or the phosphory-
lated conformations respectively. Simulations with the native-
structure-based Hamiltonians bias the sampled conformation
strongly toward the native structure. Performing a simulation
with one of the two Hamiltonians, s&¥,, results in greater
sampling of structures with hig®, but sparse sampling of
structures with higlQ,.

Instead of using a brute force approach of performing a , ; ; !
large amount of simulations to ensure acceptable sampling®f dimension 378x 378 and 465< 465 are diagonalized,
of the 2D reaction coordinate space, we use the free energy'in_d t_he eigenvalues are calculated. The two most dominant
perturbation method?d) to obtain the free energy difference prmcu_)al components (PC) are plotted. ,
directly. Thus to calculate the free energy difference 4 Linear Response Theory (LRA5 an alternative to the

AF from the sampling of the unphosphorylated Hamiltonian detailed' sampling of the predictive Hamiltonian in the next
9, we not only project the sampled conformations to the subsection, we can use the linear response theory to see how

collectiveQ coordinates but also record, for each conforma- Phosphorylation should induce conformational changes.
tion, what the energf, = % Jof the unphosphorylated Linear response theory s_uggests that_ the magnitude of the
system is and also what the energy = L0 of a conformational changes is a convolution of the strength of

phosphorylated system with tlameconformation would the sequence specific perturbation times the susceptibility

be. We then perform the statistics on the raw moments of ©f the corresponding degrees of freedom to make such
the energy differenceAE {r) = [E, — E,)¥{r). The free changes 26, 27). Statistical thermodynamics shows the

energy difference of the two systems is then simply given coefficient of the response of a system under small external
by the cumulant expansion equation, i.e., change is also linearly related to the fluctuations of the

system sampled at equilibrium. The most commonly known
_ g manifestation of this relation explains how the heat capacity,
AF(Q,Qp) = Zl[( AYINGQLQY (6) a measurement of how energy changes with the temperature
= change of a system, is related to energy fluctuations.
In our case, the linear response theory describes the

This “hypermatrix” encodes how an instance in which
residues andj form a contact correlates to an instance where
residuesk and| form a contact. To further facilitate the
analysis, we coarse-grained the contacts by grouping neigh-
Joring residues into groups of four residues, i.e., a coarse-
grained contract matrix is calculated for each snapshot, with
each of the independent elements being either 0 or 1. The
coarse-grained contacts are reduced in number ta 227

— 1)/2= 378 and 31x (31 — 1)/2 = 465 for cystatin and
NtrC respectively. The resulting reduced covariance matrices

Here C; is thejth order of the expansion. We ha@® =

AECC, = [AE?0— [AED, etc changes of the contact map using a relation of the form
3. Contact Map Principal Component Analysie also . .
use a principal component analysis (PCA) based on contact [8q;,0= ;C"l'k" BV (8)

maps to visualize the conformational changes induced by

phosphorylation. The more commonly used principal com- where 6V, is the matrix of contact energy change upon
ponent analysis based on the diagonalization of the Cartesiarphosphorylation. The details @V will be spelled out in
coordinates is less useful for our purposes because the changeéetail in the next subsection. Nevertheless it is easy to see
in the energy is only weakly related to the changes in the thatdV is a very local property in the contact representation.
linear Cartesian distances. This mismatch is due to the factFor example, say residue 7 is the only residue that undergoes
that in phosphorylation the large conformational changes arephosphorylation, we will then only have nonzero contribu-
generally of a magnitude beyond the simple vibrational-like tions ofdV for the element®V, if k=7 orl =7, otherwise
fluctuations of the Cartesian coordinates. To capture properly Vi, = 0. By bridge in with the hypermatri&;, we can

the conformational changes, it is necessary to employ a setsee how the changes of contact energy between the-gair

of detailed, site specific, and structure based reaction are correlated with the changes of contact probability between
coordinates that do correlate with the energy. The global the pairk—I at equilibrium. Linear response analysis yields
order parameterQ, or Q, do not suffice for the detailed the change in probability of forming a certain p&ij when
description. We select a set of coarse-grained yet local- all the input contact energies change. Sidvés very local,
information-revealing degrees of freedom encoded in the i.e., is an extremely sparse matrix, it follows that the
contact map. This is the simplest site specific measure structural responses are primarily a combination of the largest
properly capturing the structure of a conformation while eigenvectors of the diagonalization of the hypermafithe
relating directly to the energy. A contact between residues top PCs). The dominance of these modes reflects the fact
andj is considered to be formed (given the value of 1 as that those eigenvectors have largest amplitude of fluctuation.
opposed to 0 when no contact is formed) when the distanceThe linear response theory is an efficient method to give a
of the respectiveC? atoms is less than 6.5 A. For each quick estimate of the changes caused by a perturbation. It is



2114 Biochemistry, Vol. 47, No. 7, 2008 Latzer et al.

more accurate for systems that undergo small changes tharterm is heterogeneous but generic and transferable. As for
for systems that undergo complicated, more involved changes.y* o We have modeled the influence of the phosphorylation
5. Modeling Tertiary Structure Effects of Phosphorylation of an amino acid by substituting for the phosphorylated
Can one predict the conformation of the phosphorylated residue a supercharged glutamic acid residue. This strategy
protein given knowledge of the folding landscape of the was put forward in previous studies of phosphorylation of
unphosphorylated protein only and the changes in the NFAT where the structure was entirely unknow2i); An
modifiable residues? As a first step to answer the prediction analogous experimental approach based on the analogy
question, we developed a set of Hamiltoniaz@based on between phosphoserine and glutamate has also been dem-
the information of the unphosphorylated form alone. We use onstrated to work in several cases, notably in studies on the
the superscript to denote the energy functions that are dematin headpiec&8) and tumor suppressor protein p53
transferable to distinguish the two sets. We first compare (29). These studies show that the Ser-to-Glu mutant closely
the difference of the ensembles generatedgyand %, and mimics the conformation of the phosphorylated protein. The

the difference of the ensembles generated®y and 77 . details of the implementation of the hypercharged residue
We thus constructed a specific Hamiltonian constructed in and its interactions with other residues as well as robustness
the following form: and caveats have already been described by Shen 2tgl. (
_ As 9, 9%, and %, share the same values for all other
G — G 97 g us P U
Hrup = T e up T Aosimu+ Hoo ©) energy terms, it would seem to be extremely demanding to

try to predict the exact changes based on this generic long-

range energy terms. All three Hamiltonians share the samef@nge term alone. Still we will present quite a successful

backbone and the same short and intermediate contact termgemonst(ation qf 'ghe importance of the generic Ion_g-range
with each other. HeréZs.w. is given by eq 3 and summed potential in predicting the phosphorylated conformation. The

only over residues that are separated by twelve or fewer.trenOIS O_f conf(_)rmatlonal cha_nges ge_nerated?byobserved
n the simulations are consistent with the trends generated

residues in sequence space. This term biases the local ° ~ .

secondary structure of the protein by having only the native .yﬁ* u and thl.JS by experiments. Constant temperature MD

interactions of one of the forms and hence vyields largely 5|mu'lat|ons with the Hamiltoniartt* ;. were performed to

native secondary structure. The tertiary structure of the p_red|ct_the structure of the phosphoryl_ated protein. In these
simulations the starting structure was fixed to be the average

protein follows thus from the contact energy term. This NMR structure of the unphosphorylated protein. Following
contact energy term arises from an optimized energy function " . :
9y P g9y this a total of 16000x 2 = 32000 independent structures

used previously for protein structure prediction. The details led
may be found in19) and references therein. A 4-letter code WE'® Sampied.

is utilized and the specific amino acids in each category are
denoted as hydrophilic (Ala, Gly, Pro, Ser, Thr), hydrophobic RESULTS FOR THE NATIVE-STRUCTURE-BASED

(Cys, lle, Leu, Met, Phe, Trp, Tyr, Val), acidic (Asn, Asp, HAMILTONIANS
Gln, Glu) and basic (Arg, His, Lys). The energy contributions 1 Free Energy Landscape of Phosphorylated Proteins.
of the contact potential to the total potential are given by a Tq sensibly study global effects of phosphorylation using

The only difference betwee#* ,, and.%; lies in the long-

three-well potential. coarse-grained models, the contact maps of the unphospho-
3 rylated and phosphorylated forms of the test proteins must

T gy = —€* Y*(PuPK) 6(N) x be different, that is, suff|C|entIy_ large to be reflected in the
i1 & contact maps of the test proteins. The contact maps of the

UL (K)o ran(K). 1] (10) unphosphorylated and phosphorylated conformations of
) cystatin and NtrC are shown in Figure 1. The important

Herek is a function of the spatial distaneg of residues conformational changes induced by phosphorylation of
andj andc is found from fitting the number of contacts of ~ cystatin do indeed present themselves in the contact map.
the protein in each of the regions &fas a function of Phosphorylation however introduces rather minor perturba-
sequence length of the target protein. The interactions aretions to the cystatin system. The contact map of NtrC shows
weighted by the interacting amino acids of clasand P, more substantial changes upon phosphorylation. The contacts
and their spatial distance. The parametgtshave been  Of the phospho residue in both the unphosphorylated and
optimized based on the principle of minimal frustration. It Phosphorylated conformations are identical, but phosphory-
is critical to note thay* is a function of residue chemistry, ~lation apparently introduced long-range effects that led to
thusy*, andy* have different values. More specifically, the global conformational change of NtrC.
y*, was derived from a structural database of ordinary, Molecular dynamics simulations with the native-structure-
unphosphorylated proteins following the training procedure based Hamiltonians were performed to obtain adequate
for the parameters based on the quantitative form of the sampling of the conformations of cystatin and NtrC in their
minimal frustration principle Z2). The training maximizes  unphosphorylated and phosphorylated conformations. First,
the energy gap over the variance. This quantity is a measuresnapshots of MD simulations were sampled with the un-
of how funneled the landscape is toward a properly folded phosphorylated native-structure-based Hamiltoni@n,For
structure as compared to a random ensemble of molteneach snapshot, the ener§y and the order paramet€y,,
globule structures. The procedure for deriving the parameterswhich measures similarity to the average structure of the
has been described in greater detail by Hardin et al. The unphosphorylated conformation, were calculated. The prob-
contact functiond controls the shape and sharpness of the ability distributionp was computed. This allows calculation
multiwell potential @2). It is important to stress that this  of the free energyF(r) = —kgT In(p(r)/po). For the same
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Ficure 1: Contact maps of (a) cystatin and (b) NtrC and the corresponding structures shown in (¢) and (d). The average contact maps for
the unphosphorylated conformations are shown in the upper triangle, while the contacts of the phosphorylated protein forms are projected

on the lower triangle.

snapshots obtained with7, the energyE,, which can be the two forms of the unphosphorylated and phosphorylated
obtained from the Hamiltonian of the phosphorylated con- protein can easily interchange. Even after crossing the
formation, %,, and the order paramet€, were computed.  transition state, the direction of the gradient of both forms
The 2D free energy profiles of unphosphorylated cystatin is almost the same as before with the difference that most
and NtrC are plotted in Figures 2 and 3. The setEfQ@,) arrows do point slightly in the direction of lowep,, the
and €,,Qp) found for snapshots at variodd, and Q, was unfolding direction. Figure 2 shows the free energy plot for
used to obtain the free energy differensE(r) = Fy(r) — sampling of phosphorylated conformations wi#}. The
Fu(r) via the cumulant expansion equation. resultant 2D free energy landscape was similar to the
The gradient ofAF(r) is also plotted in Figures 2 and 3 landscape obtained witlf, and using the cumulant expan-
and is indicated by the arrows on the free energy landscapesion method to determiné\F(r). Principal component
at each position along the folding order parameter. The analysis was performed and the conformations were projected
lengths of the arrows indicate the relative magnitude and onto the first two dominant principal components as shown
direction of the change ohF(r). Also the same procedure in Figure 2. For every projected snapshot it is known how
is applied to conformations sampled in molecular dynamics folded the structure is and also if the snapshot stems from a
runs with the%, Hamiltonian as energy function. The results simulation of the unphosphorylated or phosphorylated pro-
are plotted in Figures 2 and 3. tein. The principal components therefore correspond to
The free energy profile for cystatin at a simulation folding and phosphorylation, and we can name them the
temperature close to the folding temperatureTof 1.0 folding principal componenC!d and the phosphorylation
shows a simple two-state folding process with an unfolded principal componentPCrhos PCd measures the general
and a folded basin (Figure 2) separated by a barrier of aboutfolding order with more negativeC°¢ indicating a more
4ksT. The coordinates iMQ,,Q, of the two free energy  folded set of structuresPCPh°s measures how much a
minima for the unphosphorylated protein are given by conformation is similar to the phosphorylated conformation,
(0.29,0.25) for the unfolded basin and (0.64,0.52) for the that is, the negative direction corresponds to the direction
folded basin. The free energy minimum for the folded state of conformational changes that occur upon phosphorylation.
of the phosphorylated cystatin is located at (0.49,0.62). The Projection of the changes BC°"*sonto a contact map allows
gradient of the free energy differenéd-(r) is also shown inspection of phosphorylation induced contact changes. The
as a vector that gives a good indication at each value of thePC"°s contact map shows the dominating contact changes
reaction coordinate, how phosphorylation effects the profile. upon phosphorylation in blue, while contacts dominating in
In the phase space region @, < 0.5 the arrows point  the unphosphorylated form show up in red. Direct compari-
directly into the direction of the phosphorylated protein. This son of the structural changes of the simulated ensembles
is due to the fact that, before reaching the transition state, (Figure 2d) to the changes observed in the contact map



2116 Biochemistry, Vol. 47, No. 7, 2008 Latzer et al.

@ = o ®

()
3 ]
2t f
1F 0.25
2ot f l
500 _ .
o1t |
2 |
L 1 I-0.25
3k | ]
-4 : , : ' : ' : , o = '®&:z - | -"f 1
8 6 4 -2 0 "o 20 4 60 80 100 50 40 60 80 100

pCiold

Ficure 2: Free energy landscapes of cystatin folding for the unphosphorylated form (a) and the phosphorylated form (b). The white
contour lines are drawn to facilitate observation of the native and unfolded basins in the free energy landscape. Arrows indicate the gradient
of the free energy landscape pointing in the direction of phosphorylation and scaled in size to representable values. Snapshots of the
conformations of unphosphorylated cystatin (green) and the phosphorylated cystatin (purple) projected along the first two dominant principal
components in (c). The largest two principal components shown in the contact map form (d, e).

@ © (b)

0.8

0.6

Qp

04

020,

06 0.8

Qu
(c)
o
T T T T T g
2r o
=}
r - 0.25
fot e !
o) I
a
=
2L (=]
g b
¥ ~0.25
4L
R

r

0 20 40 60 8 100 120 O 20 40 60 80 100 120
Ficure 3: Free energy landscapes of NtrC folding for the unphosphorylated form (a) and the phosphorylated form (b). Arrows and contour
lines are drawn for better visualization. Snapshots of the unphosphorylated NtrC (green) and the phosphorylated NtrC (purple) projected
along the first two dominant principal components in (c). The largest two principal components are shown in the contact map form (d, e).

0

obtained from the pdb native structures of the unphospho-are solely formed upon phosphorylation show up in
rylated and phosphorylated form (Figure 1a) show excellent blue.

agreement, i.e., contacts that are exclusively formed in the Three free energy minima are found in the free energy
unphosphorylated form show up as red while contacts that plot of unphosphorylated NtrC at temperatilires 1.0 (Figure
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3). This suggests that the unphosphorylated NtrC is not a 2 . . T T -
two-state folder but has a well-ordered intermediate at
coordinates irQ,,Q, given by (0.7,0.5). The native basin is
located at (0.87,0.6), and the unfolded basin is at (0.17,0.16).4 5
The gradient of the free energy differenad-(r) is again
plotted using arrows, that indicate the direction and magni-
tude of the change iM\F(r) upon phosphorylation. The
arrows show a largest gradient in the intermediate state,
which would suggest that transitions from the unphospho-
rylated conformation to the phosphorylated conformations

of NtrC are preferred in the intermediate states of folding. 05
The free energy profile obtained from, for the phospho-
rylated NtrC is also shown (Figure 3). The folding is also
3-state with three main free energy minima. Principal
component analysis was performed on the snapshots obtained
in the molecular dynamics simulations with Hamiltonians C . I . I - I - ]
S, and 9%, (Figure 3). It is apparent from the figure that the , ) : o
3-state folding behavior is well captured by the principal Ficure 4: The illustration of free energy barrier estimation.
component analysis. The first two components are by
themselves very useful in capturing the folding and the
effects of phosphorylation respectively. We identify the
principal componerC°9, which provides a good indication
of the degree of the folding order, where a more negative
PC indicates a more folded set of conformatioRC"s isotropic, harmonic basin shape. The free energy profile

serves to distinguish the unphosphorylated ensemble from oo L o ;

the phosphorylated ensemble. Projection of the first two around a basin with m|n|muT p05|t|o@£Q2) I? assum_ed
incinal f hots is sh A Fi 3 Th to be of the form ofF(Qy,Qp) = (&/2)[(Qu — Q1)? + (Qp

principal components of snapshots is shown in Figure 3. eQZ)Z] + Fo. We study the profile along the reaction

agreement with experiment is great, again. Figure 3 proves . . . u D .
T o coordinates that link two basin®{,Q5) and Qf,Q5) with a
useful in identifying the trends of contact changes upon simple straight line. Without loss of generality, we assume

phosphorylation. We note that, for a 3-state folder, the third the narrower of the two basins is at the origin, and the other

principal component might also be important. Plots of . . Al P2 U 12 .
combinations of any two of the first three components show b"’_‘s!n Is at distance = [(Q, — Q) +.(Q2 QD)= _Thelr
minima are at 0 and = AF respectively. Along this one-

3-state behavior, however first two principal components do . : .
distinguish the global folding and phosphorylation best. Tmensmnal cgordmate we have(r) = (a2/2)r* andFo(r)
2. Changes in Free Energy Profiles between Unphospho- (a/2)(r = b)® + ¢ under the conditiom, = a. As shown
rylated and Phosphorylated Protein Conformatiolmsvivo, in Figure 4, the intercept occurs at
proteins that become phosphorylated can have two sensibly 2 12
different average conformations as revealed by X-ray crystal- o —ab + [a,ab” + 2c(a; — )]
lography or NMR despite the two forms having obviously a —a,
almost identical sequences (except for the phospho residues,
the two sequences are identical). Normally sequences withThe barrier height is then given I = (a/2)r*2 If a; = a,
high sequence similarity adopt the same f@@)( Thus it = a, then we can compute’ = b/2 + c/(ab). For the case
may seem obvious to assume that in fact the unphosphory-of cystatin, we found that & = 1, Q" = (0.64,0.52) and)®
lated protein itself can assume both conformations, the = (0.49,0.62), we havb = 0.57, a rough fit givest = 500
unphosphorylated conformation and the phosphorylatedandc = 0.01. As a result we found that the barrier height of
conformation. However, for phosphorylation to crisply act the free energy i§# = 20 for cystatin. Similarly we find at
as a molecular switch, the two conformations should be T = 0.8T°°™ QY = (0.87,0.6) andQ® = (0.52,0.72),c =
separated by a high barrier such that the unphosphorylated.5,b = 1.17, anda = 600, we foundF* = 90 for NtrC.
protein will not likely spontaneously adopt the incorrect The unit of barrier height is given bgT ~ 0.6 kcal/mol.
structure and hence function of the phosphorylated protein. Note that both numbers seem rather high. As explained by
It is natural then to ask how difficult is it for the unphos- Miyashita et al. 82) the local quadratic approximations are
phorylated protein to change from the unphosphorylated first of all quite rough and should only lead to an approximate
basin to the phosphorylated basin. Nature achieves this basirbarrier with the right order of magnitude. In reality, the
change by an enzymatic reaction that adds a phosphate grouparrier is much lower, because the transition state is not
to the residue susceptible for phosphorylation. If the energy necessarily located on the straight line connecting the
landscape were perfectly funneled with only a single set of unphosphorylated basin with the phosphorylated basin. The
native contacts (as fof7, and %) (31), the free energy  height of the barrier should be interpreted as follows: In
difference between the basins would be large if the two forms the context of a perfectly funneled landscape to a single
were very different. minimum, the barrier located on the direct route between
In this study the sampling was performed with two the unphosphorylated basin and phosphorylated basin of
different Hamiltonians. To understand the free energy profile cystatin would be so large as to prevent an equilibrium of
for motion between the native (unphosphorylated and phos-both conformations at the same time. We see this allows

phorylated) basins, we use a simple approach to determine
the barrier location and barrier height. We estimate an
effective barrier height by finding the minimum of the
intersection of the two basins found in the free energy
profiles. A further simplification is made assuming an
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folded structures) with the native-structure-based Hamiltonian and also the phosphopredictive AMH. Also shown are the contact maps for
phosphorylation principal component for the ensembles obtained with the phosphopredictive Hamiltonian with short:medium:long-range
energy ratio of 1:1:1 and 1:1:2.

the phosphorylation event to act as a strict switch. For NtrC phosphorylating the protein. The result of the prediction of
this barrier is several times larger and the only way for the the change of contact formatiomq;;C] is shown in Figure
unphosphorylated NtrC to reach the phosphorylated basin7 as a contact map, which allows direct inspection of the
should be by means of more sophisticated pathways includingresidue-residue contact changes. The linear response method
local unfolding. In our view it is clear that protein cracking results are in excellent agreement with experiment. The

motions @2, 33) are involved in the change. global structural changes, i.e., the loss of contact formation
between the helix and thlike regions, were well captured.
PREDICTION OF STRUCTURAL CHANGES IN Further, the linear response method predicted the same local
CYSTATIN WITH THE LINEAR RESPONSE changes in the loop region around the phosphorylated residue
METHOD as observed in experiments. Additionally, loss of loop

contacts in residue region 695 were predicted. This region
changes conformation and exhibits a 1.1 A rms deviation of
the phosphorylated native NMR structure from the unphos-
d phorylated native NMR structure. It is clear that this linear
response method developed to capture structural changes
upon phosphorylation provides results consistent with ex-
perimental results.

Small structural changes in protein conformations upon
pertubation can be predicted by a linear response method
which relates the changes in resiguesidue interactions of
the unphosphorylated Hamiltonian to the phosphorylate
Hamiltonian. Experiments for cystatin indicate only minor,
and hence small, global conformational change upon phos-
phorylation (L4). The main global changes of phosphoryla-
tion seen in the contact map in Figure 1 include different PREDICTION OF THE PHOSPHORYLATED

contacts of the helical region (residues—1B for helix 1) .
with the 8-like structures (residues 3488 for strand 1, 46 88“52@/' 'Sg?EI\IN\-ﬁEF AN AMH-LIKE

46 for strand 2, 5660 for strand 3, 8693 for strand 4 and
100-105 for strand 5). There are also local rearrangements |t would be desirable to have a transferable Hamiltonian,
of contacts in theg strand 4 and the preceding loop region that can predict the structure of any protein before and after
(residues 6880) including the phospho residue. These trends phosphorylation from sequence information alone. Much
of structural changes were correctly captured by the PCA progress toward de novo structure prediction has already been
for the native-structure-based simulations (2€° in made by our group with techniques like those employed in
Figure 2). ref (20) and by other groups with other styles of energy
We applied the linear response method to estimate thefunction 34, 35). However, the proteins that change under
structural changes on the contact map of cystatin upon phosphorylation, as we see, probably deviate from a strictly
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Ficure 6: Overlay of a typical structure of NtrC (blue) obtained with the phosphopredictive Hamiltonian with the native NMR structure

of the unphosphorylated form of NtrC (red) shown in (a) as well as the phosphorylated form of NtrC (purple). Probability distribution of
rmsd from unphosphorylated (U) and phosphorylated (P) conformation shown in (c). In (d), rmsd as a function of residue index shown for
the NMR structures as well as for the ensembles obtained from molecular dynamics simulations. The curves also display the error bars for
the simulation results.

dg cys unphosphorylated protein for only the short- and intermedi-
| ate-range interactions. This assures a strong bias in the short

and medium class for local secondary structure to form such
elements as seen in the unphosphorylated protein. To model

I5 the effect of phosphorylation we have introduced a tunable
3-well long-range (in sequence space) residgsidue
contact potential. This potential is modified to include
interactions of the phospho residue. The strategy to model a

I 5 phospho residue as a supercharged glutamic acid residue in
the long-range potential can now be tested. We call the
resulting energy function the “phosphopredictive” Hamil-
tonian.

0 20 40 60 80 100 The first set of molecular dynamics simulations with the
Ficure 7: The linear response prediction of the changes of contact phosphopredictive Hamiltonian were performed with the
formation upon phosphorylation for cystatin. original sequence of the unphosphorylated proteins, cystatin

funneled landscape. This makes the problem of complete dead NUrC. Since the input used is the contact map of the
novo prediction more challenging than the usual. A much unphosphorylated protein, the predictive Hamiltonian mainly
easier but still challenging computational problem would be S@mples structures similar to those found in the folded basin
to determine the structure of the phosphorylated test protein©f the unphosphorylated proteins when the long-range term
given only the structure of one form, say, the unphospho- is added as a perturbation term. Additionally, the energetic
rylated conformation, or vice versa. Here we show how this contributions of short-, medium- and long-range potentials
can be done. To model how phosphorylation alters the were scaled to be equal in these simulations in keeping with
tertiary structure of the protein conformation, we designed estimates of the contributions of these parts of the interaction
a predictive Hamiltoniar#*,,, using short-range structural  for funneled proteins. To check whether the sampled
elements found in one form along with generic tertiary structures were similar to the structures found in the folded
interactions. This Hamiltonian described in the method basins that would be obtained with the pure native-structure-
section is based on the de novo AMW prediction scheme. based Hamiltonians, these snapshots were projected onto the
We call it the “phosphopredictive AMH”. The Hamiltonian  first two principal components obtained with the native-

S*, uses, as the sole input, the conformation of the structure-based Hamiltonians. The projections of the snap-

80
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20
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shots obtained with this Hamiltonian for NtrC are shown in Hamiltonian. The contact changes between the phospho
red in Figure 5. Clearly the introduction of the long-range residue and the helix 2 region were not seen. Apart from
potential did not alter the ability to sample native unphos- those, the predictive Hamiltonian captured the long-range
phorylated conformations. These projections serve as aeffects of the modified phospho residue in good agreement
baseline for the changes from results obtained with a purewith the experimental determinations. To measure the quality
native-structure-based Hamiltonian to those from a Hamil- of the structures sampled with the phosphopredictive AMH,
tonian with a heterogeneous contact potential. the rmsd of the heavy atoms from their native NMR structure
Phosphorylation effects can be mimicked first by mutating were computed. The average rms deviation from the NMR
the phospho residue simply to a glutamic acid. Thus a set of structure of the phosphorylated NtrC was about 2.7 A with
molecular dynamics simulations with the predictive Hamil- a standard deviation of 0.1 A. Since the principal component
tonian based on a pure were performed with precisely this analysis indicated a closer resemblance to the unphospho-
modification in which the phospho residue was mutated to rylated ensemble rather than the phosphorylated ensemble,
a glutamic acid. The snapshots for these simulations werethe rmsd of heavy atoms from the NMR structure of the
projected onto the first two principal components and the unphosphorylated NtrC were also computed. The average
results for NtrC were plotted in black in Figure 5. Clearly, rmsd was about 2.3 A with a standard deviation of 0.1 A.
the snapshots only slightly deviate from the snapshots of theThis result is not surprising due to the fact that the short-
folded state of the unphosphorylated protein. To test if using and medium-range structure is strongly biased toward the
a nonadditive potential with water-mediated interactions will native structure of the unphosphorylated form. A more valid
improve the quality of the prediction of the phosphorylated assesment of the quality of the predicted structure can be
state, the same simulations were performed with the AMW made by comparing the rmsd of the predicted ensemble from
potential 86). Contact maps of each snapshot obtained with the respective ensembles, that would be obtained, when the
the AMW were computed and projected onto the pricncipal NMR structures and sequences served as the sole input for
components. The AMW ensemble projection had almost the phosphopredictive Hamiltonian (see Figure 5, red dots
identical values ofPCPes and PCP and hence contact for the unphosphorylated ensemble and cyan dots for the
formation, as did the ensemble obtained with the simple phosphorylated ensemble). We call these ensembles the
contact based phosphopredictive Hamiltonian for the samebaseline ensembles. Both baseline ensembles have similar
glutamic acid mutant. The rmsd’s of heavy atoms of both projections on the principal component space compared with
the predicted ensembles from the NMR structure of the their respective ensembles obtained with the vanilla Hamil-
phosphorylated NtrC were similar. The AMW had on tonians. The predicted ensemble (blue) has an average of
average 0.1 A lower RMSDs from the NMR structure. about 2.5 A rmsd from both baseline ensembles, the
Simulations with the AMW did show only minor improve- phosphorylated and unphosphorylated ones.
ment over the AMC in this case. The simulations, so far, were performed with short-,
An important feature of our predictive Hamiltonian is the medium- and long-range contributions to the energy that are
ability to “supercharge” the phospho residue, that had been kept equal. This fact is motivated by the findings of Saven
mutated into a glutamic acid. It is possible to assign different and Wolynesg7), who have estimated that in protein folding
weights to the strength of interaction of the supercharged the contribution to the native energy arising from specific
residue with other residues. Simulations have been performedocal interactions is comparable to those arising from specific
for two different scalings of the strength of interaction, tertiary interactions. Itis therefore interesting to see whether
namely 1.4 and 2.0. The difference in results obtained with different weights of the energetic contribution of the long-
Hamiltonians of these two charge scales is subtle. We will range interactions might improve the predictions. Several sets
explicitly show only the results for a charge of 1.4. The of simulations were performed with different total strength
contact maps of the structures sampled with the superchargeaf interactions ranging from half the original strength up to
phosphopredictive AMH were computed and projected onto twice as large. Most simulations did not show any better
the folding and phosphorylation principal components (see structures than what could be predicted using simulations
Figure 5, blue dots). Thé?C°d values of the sampled of the glutamic acid mutant only. Only the results for
conformations had similalPC®¢ values to both the values simulations with twice the strength of the long-range
of the unphosphorylated and phosphorylated ensembles. Thénteractions are therefore shown in Figure 5. These results
more informative principal component, the phosphorylation display the most improvement for the prediction results. The
principal componenPCPhes was shifted toward more nega- contact maps were computed and projected onto the folding
tive values indicating enhanced formation of those contacts and phosphorylation principal components (see Figure 5,
as seen in the phosphorylated ensemble rather than theyellow dots). On a residueresidue contact level, this
unphosphorylated ensemble. To elucidate the predictive Hamiltonian best described the contact changes observed
capability of the phosphopredictive Hamiltonian, the contact upon phosphorylation of NtrC. The scaled long-range
map corresponding tBCPswas plotted (Figure 5). Defining  interactions did perturb the local structure of the protein. An
four main helices in the native NMR structure of the overlay of several predicted structures is shown in Figure
phosphorylated form of NtrC (residues-187 correspond  6a,b for visualization.
to helix 1, residues 3642 to helix 2, residues 6773 to We also calculated for each molecular dynamics snapshot
helix 3 and residues 168L23 to helix 4), the contact map the rmsd of backbone atoms only from both NMR structures,
displays long-range contact changes for the phospho residughe unphosphorylated and the phosphorylated NMR struc-
(residue 54) with the turn region before helix 1, and also tures. Figure 6¢ shows the respective probability distributions.
between the regions of helix 3 and helix 4, that are similar The probability distribution of the root-mean-square devia-
to the changes in contact formation seen for the vanilla tions of sampled structures from the NMR structure of the
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phosphorylated conformation (Figure 6c, green curve) is seenphosphorylated conformation until the protein gets modified
to be shifted slightly toward lower values compared to the through phosphorylation even though superficially the rmsd
distribution of the deviation from the unphosphorylated NMR between these conformations seems not to be very large. For
structure (Figure 6c, red curve). In other words, the structuresa simply funneled completely minimally frustrated protein
obtained with the phosphopredictive AMH resemble more landscape idealized by our Hamiltoniang and %, the
the phosphorylated form than they do the unphosphorylatedunphosphorylated protein would rarely adopt the structure
form. In the range of observed values of rmsd, the phos- of the phosphorylated protein without post-translational
phopredictive AMH clearly predicts structures which are modification. Partial unfolding mechanisms are likely re-
more similar to the phosphorylated conformation than to the quired for these dramatic conformational switching events
unphosphorylated conformation. These results support thein NtrC.
findings of the principal component analysis that the phos-  Principal component analysis allows us to visualize the
phopredictive AMH indeed does predict conformations most conformations of the ensembles of unphosphorylated and
similar to the global structure of the phosphorylated NMR phosphorylated test proteins by projecting all changes onto
structure. the first two dominant components. In Figures 2 and 3, one
Another way of seeing whether changes due to the contact based principal compon@&@rhosdisplayed mapping
phosphorylation are well predicted is to compare the motions the major residue contacts that change upon phosphorylation.
at the individual residue level. We therefore computed two This contact map compares quite well to the contact map
sets of rmsd at residue resolution. The first is the rmsd of obtained from the linear response theory prediction of the
the experimentally determined, unphosphorylated NMR changes (Figures 2 and 7).
structure from the experimentally determined, phosphorylated Finally we used a structure prediction Hamiltoniaff,
NMR structure. The second is the rmsd and its uncertainty to predict the final phosphorylated conformation for two
for the predicted snapshots of the phosphorylated conforma-systems. This algorithm successfully captures both the trends
tion from the structure of the average predicted structure of of conformational change of the unphosphorylated protein
the unphosphorylated conformation. These comparisonsupon phosphorylation that are observed in experiments for
allow us to directly compare the structural changes observedthe long-range contacts of the phospho residue and gives
in simulation to the structural changes observed in experimentindeed the dominant structures. The phospho-predictive
at the individual residue level. The results of these compari- AMH provides a powerful tool to predict the major changes
sons are plotted in Figure 6d, where the green curve of structure upon phosphorylation given only information
represents th€*-rmsd between the experimentally deter- on the unphosphorylated conformation, or vice versa,
mined (unphosphorylated vs phosphorylated) structures andpinpointing the major residue contact shifts. The Hamiltonian
the red curve represents the difference for the correspondingis general and captures the contact changes seen in small
conformations obtained in the molecular dynamics simula- conformational changes as well as large conformational
tions. The trend of rmsd differences at the individual residue changes.
level observed in the experimentally determined structures
and for the predicted structures shows the phosphopredictiveACKNOWLEDGMENT
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