Biochemistry2005,44, 11369-11380 11369

Reconciling Observations of Sequence-Specific Conformational Propensities with
the Generic Polymeric Behavior of Denatured Proteins

Hoang T. Tran, Xiaoling Wang, and Rohit V. Pappu*

Department of Biomedical Engineering and Center for Computational Biology, Washingtesrkity in St. Louis,
Campus Box 1097, St. Louis, Missouri 63130

Receied February 2, 2005; Résed Manuscript Recee¢d June 30, 2005

ABSTRACT: Radii of gyration of denatured proteins vary with chain length and are insensitive to details of
amino acid sequence. Observations of sequence independence in polymeric properties conflict with results
from spectroscopic experiments, which suggest the presence of sequence-specific residual structure in
denatured states. Can we reconcile the two apparently conflicting sets of observations? To answer this
guestion, we need knowledge of the ensemble of conformations accessible to proteins in good solvents.
The excluded-volume limit provides an ideal mimic of polymers in good solvents. Therefore, we attempt

to solve the “reconciliation problem” by simulating conformational ensembles accessible to peptides and
proteins in the excluded-volume limit. Analysis of these ensembles for a variety of polypeptide sequences
leads to results that are consistent with experimental observations of sequence-specific conformational
preferences in short peptides and the scaling behavior of polymeric quantities for denatured proteins.
Reconciliation in the excluded-volume limit comes about due to a tug of war between two factors, namely,
minimization of steric overlap and the competing effects of conformational entropy. Minimization of
steric overlap promotes chain stretching and leads to experimentally observed sequence-dependent
preferences for locally extended segments such as polyproline Il h¢lisesnds, and very short stretches

of a-helix. Conformational entropy opposes chain stretching, and the calculated persistence length for
sequence-dependent conformational preferences is less than five amino acids. This estimate does not vary
with amino acid sequence. The short persistence lengths lead directly to experimental observations of
generic sequence-independent behavior of radii of gyration for denatured proteins.

There is growing recognition of the important role played different solution conditions27/—44). Peptide studies are
by unfolded proteins in the thermodynamics and kinetics of important because it is not trivial to assign NMR signals or
protein folding (—17). Recent evidence indicates that many interpret spectroscopic data for denatured prote#f). (
important biological functions can be ascribed to partially Peptides cannot have long-range tertiary structure. Therefore,
or fully unfolded forms of proteins18—21). Furthermore, they represent reasonable model systems to study local
self-association of unfolded or partially unfolded proteins conformational preferences of the denatured state under
nucleates misfolding and aggregation of proteins: processedolding conditions ¢, 32, 33, 39).

that are associated with a variety of neurodegenerative and Recent evidence suggests that left-handed polyproline II

systemic diseasesl4). An improved understanding of  (p) helices are important motifs for short peptid@9-+

unfolded proteins is clearly in ordegZ, 23. 44). These observations have helped rekindle interest in the
It is believed that the unfolded state is stabilized by the hypothesis of T|ffany and Kr|mm4(7_50)’ who proposed

addition of chemical denaturants such as urea and GAnHCl.that denatured proteins are a concatenation of segments that

Several attempts have been made to characterize the enfiyctuate between theyFhelix motif and a “wide sampling

semble of conformations accessible to denatured proteins.of 3 standard dipeptide energy ma&gy'. Is this hypothesis

The use of synchrotron sources in X-ray and Neutron yalid? This question cannot be answered without first solving

Scatterlng studies allows reliable measurement of the SIZ€Sthe “reconciliation prob|em” 54) identified recent|y by

of denatured proteins2¢—26). Advances in optical and  plaxco and co-worker§, 26).

NMR?! spectroscopy allow scrutiny of the ensemble of

f i ble t tid d o d The Reconciliation ProblemHow does one reconcile
conformations accessibie 10 peptides and proteins undelypsenations of native and non-native site-specific confor-

: : : mational propensities in peptides and residual structure in
T The work of H.T. is SUppOrted by funds from the National Science denatured protelns Wlth unequ|voca| eV|dence that polymerlc
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provides a measure of the volume excluded by chain residuesgood solventsd, 3). Conversely, folded proteins, which are

to accommodate favorable interactions with the surrounding compact globules, behave like chains in a poor solvest (

solvent. In direct contrast to the SAXS data, results from 56).

optical and NMR spectroscopy indicate that site-specificand We have developed an atomistic model to predict the

local secondary structure propensities for pepti@gs-@4, ensemble of conformations accessible to denatured proteins.

52) and denatured protein§,6, 8, 10—13, 46) are sensitive  This is accomplished by analyzing conformational ensembles

to amino acid sequence and perturbations in solution condi-accessible to different polypeptides in the excluded-volume

tions (63). limit. In the following sections, we show that our calculations
In this work, we describe a simple solution to the meetthe dual challenges of (a) predicting sequence-specific

reconciliation problem. Before doing so, we summarize the behavior of peptides, which we find to be consistent with

necessary polymer physics jargon to provide an appropriatenumerous spectroscopic observations, and (b) reproducing
context for the deve|opment of our solution. gOOd solvent scallng observed in SAXS experiments. We

Terminology Consider a linear, flexible polymer with conclude with an explanation of our solution to the reconcili-

residues. Quantities such as the average radius of gyratiorf"t'on problem, which rests on the direct connection between
(Ry) and the average end-to-end distaré follow universal excluded-volume ensembles and denatured states.

power law dependence on the chain lengthSpecifically,

the variation ofRy with N can be written a&; = R,N". Here, MATERIALS AND METHODS

R, = Ry(vex,b,d), anduvey is @ measure of the average volume  Potential Functions We use purely repulsive inverse
excluded per residue to accommodate favorable interactionspower potentials &7, 66) to model interatomic excluded-
with the surrounding solvent is the Kuhn length of the  volume interactions. For a given conformation, specified by
chain defined as the ratiB/R_, whereR, is the contour a unique set of backbong 1, and side chairy angles, the
length of the polymer; and is the hard-sphere diameter of inverse power potential energy) is a sum of pairwise

each residue56—58). interactions:

For rodlike polymersR; ~ N. The symbol *” is meant |
to denote thatRy “scales as”N. For flexible, nonrodlike U= szij(aij/rij) 1)
polymers the energetic cost of bringing a pair of residues r=

into a specified distance of separatiowill depend on the
balance of chairrchain and chainsolvent interactions. In

an ideal (very good) solvent, the residues are chemically
identical to the surrounding solvent. Most chaithain and
chain—solvent interactions counterbalance each other, and
the effective chainchain interactions are best described
using purely excluded-volume interactions between residues.
As a result,Ry ~ N%6 and vex = b?d (58).

In a typical good solvent, the chain residues are chemically
equivalent although not identical to the surrounding solvent.
This yieldsRy ~ N6 and 0< vex < b?d. Most importantly,
in good solventsvey is positive because chairsolvent
contacts are preferred to chaiohain contacts anfly ~ N°¢,
which implies that the distribution of accessible configura-

tions is still determined primarily by excluded-volume effects 4itional term to model the coupling between puckering of

(58). Thisllast assert_ion has regeived un_equivocal support o pyrrolidine ring, G-endoor C,-exq and rotations around
from detailed theoretical calculations, which show that real the preferred backbong-angle 71—74). In a Monte Carlo

chains in good solvents have the same universal features agjmation, when the selected residue is proline, we first
seli-avoiding walks on lattices50—-63). randomly choose a pucker state. ForeXowe sety; =

In addition to the solvent regimes discussed above, there—28° andy, = 41°, and for G-endowe sety; = 32° andy;
are two other solvent types for flexible chains. These are = —40°. To ensure that only reasonable pucker-state-
theta and poor solvent§%, 56, 58). In a theta solvent, the  dependeng-angles are preferred, we add a harmonic restraint
effects of repulsive interactions exactly counterbalance the potentialU, = ky(¢ — ¢o)? to the inverse power potential

effects of attractive interactions, aR ~ N5 andve, = 0. function in eq 1. Herek, = 0.006 kcal mot? deg?, ¢o=
This is the regime of ideal chain models such as freely jointed —71° if the pucker state is Gendq and¢, = —60.8 if the
chains, freely rotating chains, and the rotational isomeric pucker state is Gexa The restraint potentials were param-
approximation of Flory §4). In a poor solvent attractive  etrized to reproduce the pucker-dependent distribution of
interactions dominate, and this yields compact configurations ¢-angles seen for proline in a database of high-resolution
such thatRy ~ N°-32and—b?d < vex < 0 (58). The extreme crystal structures7p).
limit of a poor solvent, also known as a nonsolvent,  Monte Carlo SimulationsThe degrees of freedom in all
corresponds t®R; ~ N°* andvex = —b’d (58). of our calculations are the backbopgy, and side chainy
Modeling the Denatured State Ensemblthe data of angles. Conformations were generated using torsional space
Plaxco and co-worker6) for the variation ofR; with chain Metropolis Monte Carlo simulations/{, 78). The goal in
length for denatured proteins are consistent with Tanford’s Monte Carlo sampling is to generate conformations that
observation that denatured proteins behave like polymers inminimize the overall free energy of the system. In simulations

We setn = 14, although as shown in the Results and
Discussion section our results are relatively insensitive to
this choice. Bond lengths and bond angles are fixed at
equilibrium values taken from the work of Engh and Huber
(76). The peptide unit is alwaysanswith w = 179.5. The
summation in eq 1 is over all unique pairs ménbonded
atoms(including 1—4 interactions). In the interest of clarity,
we reiterate that the only interactions in our model are the
nonbonded excluded-volume terms. In e@iljs the hard-
sphere contact distancé8g), rj the interatomic separation,
and the dispersion parametefsare determined by the static
polarizabilities of individual atoms6Q, 70). Parameters for
oj ande; are available as Supporting Information.

For proline, we supplement the potential in eq 1 with an
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such as ours, the free energy-HRTIN Qconr, WhereQeont iS - U,] =U, + A,U(X), whereU,, is the potential energy of
the conformational partition functiorQ..ns takes the form the local minimumy reached by minimization from con-
Qeont = Sdgacypady? ... dpndypndy) exp(—U/RT), whereR  formationX, yieldsZ = 3 ,{exp(—U,) [ryexp(BAU) dX}
is the ideal gas constari, is the simulation temperature, = W,() exp(=fU,). R(y) is the envelope of conformations
andU is the potential function from eq 1, and the integral is that can be mapped via energy minimization to local
to be carried out over all possible valuesdgfy, and side ~ minimumy, while w,(8) is the temperature-dependent weight
chain y angles for each amino acid. Estimatif@ons is of the basin centered around this minimum. Local minima
impossible for large multidimensional systems. An alternative obtained via conformational mapping anéerent structures
approach is to sample conformational space “intelligently” and the weightsv,(8) provide a measure of the effective
by increasing the likelihood of sampling conformations that Vvolume of each basin in phase space.
make significant contributions tQconr, Namely, those with For each peptide, we first use torsional space MMC
favorable Boltzmann weights. This class of sampling ap- simulations to generate an equilibrium distribution of con-
proaches known as importance sampling allows one to formations. From the equilibrium Monte Carlo “trajectory”,
generate ensembles that collectively minimize the overall freewe choose a set of uncorrelated snapshots. These are
energy. Although these approaches do not provide ansnapshots saved once every bnte Carlo moves. Starting
estimate ofQcons, they allow us to identify conformations  from each of these snapshots, we carry out torsional space
that make significant contributions Qconr at equilibrium. energy minimizations to generate a set of inherent structures.
The Metropolis Monte Carlo (MMC) method is one such Energy minimizations are carried out using a Pel&ibiere
approach18, 79). A detailed discussion of this technique is conjugate gradient energy minimizatiod2j. The conver-
beyond the scope of this work since excellent pedagogic gence criterion is set to 10 kcal mol? rad™®. For a
descriptions are available in the standard simulation literature particular hostguest peptide, an inherent structure is
(77, 79). characterized by a set ¢f 1, andy angles. We are interested
The major decision to make in designing an MMC in backbone conformational propensities of guest residues.
simulation is the choice of move sets: i.e., how do we Therefore, for each sequence, we analyze the complete set
generate truly random, uncorrelated conformations in a large©f inherent structures and compute the frequencies with
multidimensional space? In the current work, we use move Which residues of interest adopt particulgry) angles.
sets known commonly as pivot moves. All trial conforma-
tions are generated using single-residue moves. The residuékESULTS AND DISCUSSION
whose conformation is to be altered is selected at random.
Theg, v, andy angles for the selected residue are assigned
random values. To improve sampling efficiency, tipey()

Testing the Accuracy of lierse Power Potential&Ve first
show that the use of inverse power potentials leads to results

for alanine dipeptideN-acetylalanineN'-methylamide) (Fig-

values are chosen from regions devoid of steric clashes. Thisure 1A) that agree with those obtained using more sophis-
is done by selecting#(y) values from the allowed regions jo4teq potentials. To make this comparison, we systemati-
of a Ramachandran map. Each side chain torsion is set by

X ) cally varied the backbonep(y) angles in 1 increments
random selection of angles drawn from the interval §C, between—180° and 180. The resultant contour map for the
18C°]. The temperature in all calculations is 298 K. For each

! P potential energy surface is shown in Figure 6A. For each of
peptide, the number of Monte Carlo moves was .10, the sampled conformations we compute the Boltzmann
the first 10 of which were discarded. For proteins where

. S weights atT = 298 K. These weights, when correctly
the number of amino acids is greater than 50, the number of

S normalized, yield probability values that range between 0
moves is increased to 10Snapshots were saved every 10 54 1 for each point i) space. Conformational statistics
moves, for 10 snapshots per simulation. Standard block

! X — for specific regions are obtained by summing over the
averaging methods were used to estimate statistical e”orsprobabilities associated witkp ) values that lie within the
(77). region. Results are tabulated in Table 1. These statistics are
Calculation of Conformational Propensities Using the compared to those obtained by Hu et 8B)( who generated
Method of Inherent Structure€onformational ensembles  conformational probability distributions for alanine dipeptide
for peptides are determined primarily by the set of backbone in water using hybrid quantum mechanics/molecular me-
(¢.y) angles accessible to each residue. We calculate thechanics (QM/MM) molecular dynamics simulations. In Table
probabilities of all amino acids for differenp ) angles in 1, we show that our predictions compare favorably with the
a series of hostguest peptides. To calculate conformational results of Hu et al. In Figure 1B, we show that the quality
propensities, we need a reliable method for clustering. We of agreement is not overly sensitive to the choice of repulsive
use the method of inherent structures introduced by Stillinger exponentn in eq 1.
and Weber &0, 81). In this approach, thexy.,y) space for Why Do Results Obtained Using Models of Vastly Dif-
each peptide is divided into "basins”, one surrounding each fering Complexities Agree with Each OtheThree sets of
local minimum, and the individual conformations from the jnteractions determine conformational statistics for alanine
S|mulat|on_ are mapped to thelr_resp_ectlve bas_lns. Asummarydipeptide. These are (1) intrapeptide sterics, (2) conforma-
of the principles that underlie this clustering technique tion-dependent peptide solvation, and (3) intrapeptide elec-

follows. trostatic interactions. For conformations where peptide
Formally, the canonical partition function at temperature solvation is favorable, the gas-phase intrapeptide electrostatic

T is written asZ = fexp[—pU(X)] dX, whereU(X) is the interactions are unfavorable. Conversely, when peptide

potential energy of conformatiod. Here,X denotesp, v, solvation is unfavorable, intrapeptide electrostatic interactions

andy angles ang = 1/RT. ReplacingU(X) by U, + [U(X) are favored. Because conformation-dependent solvation
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Ficure 1: (A) Structure of alanine dipeptide, which consists of a single alanine residue flanked by two peptide bonds. (B) Variation of
alanine dipeptide conformational statistics withthe exponent of the inverse power potential. Definitions of conformational regions are
those of Hu et al.§3).

Table 1: Comparison of Distribution of Conformational Populations C/USters. Tabulation of intrinsic propensities for all 22 amino
for Alanine Dipeptide acids is available as Supporting Information. The data are

plotted in Figure 3. We now summarize the main findings.
(1) Conformational propensities vary with amino acid type,

conformational propensities

calcd by Hu et al. calcd using inverse . . . - )
intervap using QM/MNP power potentiaks and R is the dominant region for many amino acids.
P 0.48 0.49 Exceptions are glycine and amino acids with and
pass 0.16 0.16 y-branched hydrocarbons in their side chains. In agreement
ORr 0.27 0.28 with Eker et al. 43), we find that proline, lysine, aspartic
o 0.07 0.05 acid, and glutamic acid show marked preference for P
state 4 0.01 0.01

a Definitions of conformational intervals and names used for these (2) Alanine has approximately equivalent propensities for
intervals are identical to those of Hu et a83[. ® Hu et al. reported Py and . The findings of Eker et al.4@) are similar to

conformational propensities as probabilities. We follow their convention OUr'S for alanine but .disagree with ours for glycine. While
here. this disagreement might be cause for concern, we note that

our calculated propensities for glycine and alanine agree with
Sthe estimates of Ferreon and HilseB8). They used
Isothermal titration calorimetry to measure variations in
binding affinities of wild-type and point mutants of the Sem5
d peptide to an SH3 domain. Ferreon and Hilser estimate the

Py propensities of alanine and glycine to be80% and
~10%, respectively.

balances the effects of intrapeptide gas-phase electrostatic
steric interactions become the main determinants of peptide
conformational propensitie84).

Calculation of Intrinsic Conformational Propensities an
Comparison to Experimental Dat&Ve calculate intrinsic
conformational propensities using inherent structures for o s o
blocked amino acids of the foriN-acetyl-XaaN'-methyla- _(3) LeU(_:me is unique in its clear preference for the three
mide. Xaa refers to one of the 22 amino acids, which includes Pridge regions P>, Py, andor—ap. Eker etal. 43-
the 20 naturally occurring ones plus norvaline (v) and observed this as well and suggest that _th|s preference is a
norleucine (). We compare our propensities to those consequence of c_onformatlonal_ averaging and reflec_ts an
measured by Eker et a#3). In their experiments, the amide alanine-like behawor_wh_ere leucine has equal propensity for
I' profiles of AXA tripeptides were obtained using a P, andg. Our results indicate otherW|se_. The d|s_tr|but|on of
combination of FTIR, polarized Raman, and vibrational CD ¢ang_les for |r_1herent. structures_of Ieucmg is un!modal. This
spectroscopies. The AXA tripeptides are the closest mimics 1S unlike alanine, which has a bimodal distribution fordts
of the blocked peptides (dipeptides) used in our calculations. 2ndle-

For each guest residue X, Eker et al. use the measured amide (4) Thep-branched amino acids valine and isoleucine have
I" profiles to assign single values af,{) drawn from the very low R, propensities. Instead, the preferred regions in
upper left quadrant of ¢(y) space as the most likely the top left quadrants are,R (85), Pi=>fa, and, to a lesser
backbone conformation for the guest. On the basis of theseextent, 4. The effect of-branching becomes clear when
assignments, they classified guest residues as preferfing P one compares differences in propensities of valine to
B, or both. These experiments cannot provide quantitative norvaline and leucine or isoleucine to norleucine.
information about conformational distributions. Therefore,  Context-Dependent Conformational Propensiti@enfor-

the best we can do is to compare our detailed quantitative mational propensities for all 22 amino acids (including
distributions to qualitative trends seen from experiments. norvaline and norleucine) were calculated in different host

To calculate conformational propensities, we focus on nine sequences of varying lengths. In the hegtiest sequences,
40° x 40C° regions in ¢,1) space and compute the probability N-acetyl-(haa)Xaa-(haa)N'-methylamide, the host residues
of finding inherent structures within each region. Definitions haa are one of glycine, alanine, valine, phenylalanine, or
and identities of the nine regions are shown in Table 2. In proline. The number of host residues (haa) on either side of
Figure 2, we show results to justify our choice of confor- the guestl, varies fromL = 0 toL = 4. Here, we summarize
mational regions ing,) space. This figure shows that, () the main results from 440 Monte Carlo simulations. Detailed
values for dominant inherent structures form well-defined tabulations of context-dependent propensities and distribu-
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Table 2: Definitions of Conformational Regions for Calculation of Conformational Prope#sities

region ©.y) interval region ¢,y) interval region ¢,y) interval

Py —100 < ¢ < —60° Phyp —100 < ¢ < —60° OR —100 < ¢ < —60°
140 <y < 180° 100 <y < 140 —80° <y < —40°

Pi<>fa —140 < ¢ = —100° PhysLp =140 < ¢ < —100° OR<0p —140 < ¢ < —100°
140 < y < 180° 100° < o < 140 —80° <y < —40°

Ba —180 < ¢ = —140° e —18C < ¢ < —140 op —180° < ¢ < —140
140 <y < 18C° 100° <y < 140 —80° < < —40°

aThe significance of names assigned to conformational regions is as follaws: pglyproline II; R<>fa = the bridge region between, Rnd
the canonical antiparallgl-strand regionsfia = encompasses backbone torsion angles for canonical antipgtatednds; R, = encompasses
canonical backbone torsion angles preferred by polyhydroxyproliBg Pny<—fr = the bridge region between,? and the canonical parallel
p-strand regionfsp = encompasses backbone torsion angles for canonical pgraiieindspir = encompasses backbone torsion angles for canonical
right-handeda-helices;ar<>ap = bridge betweenig and region proximal tag, i.e., ap.

PP Pn ' ' ' Conversely, guest propensities change the most in prolyl
SO oo hosts. The effects of alanine, phenylalanine, and valine hosts
120 Bp 1 are between those of glycine and proline. The observation
L $ . of minimal perturbations due to glycyl hosts is consistent
60+ 1 with the recent NMR data of Chen et ad.1). They showed

. that flanking glycines do not have a major effect on the
> of ilf;ﬁ;'c‘i‘:fe . conformational propensities of the central alanine in a
0 Remaining 20 amino acids GGAGG pentapeptide.

N (3) A Steric Segment Is #& Residues LongA\dditions of

x host residues beyond those in blocked pentapeptides do not
-120F T change the propensities of guest residues. Since our potentials
x are based purely on excluded volume, we refer to pentapep-
s : . : ‘ tide host-guest systems as steric segments. This observation

- 60 0 60 120 )
120 ¥ $ is supported by the fact that; ;11 ~ 0 for all host sequences

FIGURE 2: (¢,9) values of dominant inherent structures for all Shown in Figure 4 wheh > 2in N-acetyl-(haa) Xaa-(haa)-
dipeptides. Conformational regions used in inherent structure N'-methylamide.A;;+1 is the difference in propensity of a
analysis are shown as boxed regions. guest residue in a host of lengtht 1 and the corresponding
propensity in a host of length. For polyalanine hosts, the
dominant context-dependent interactions are> i + 4
dbackboneside chain contacts between alanine residues in
the host sequence. In polyvaline and polyphenylalanine hosts,
there are additionali (— i + 2) side chain-backbone and
side chain-side chain contacts between the host residues.
The effect of proline on guest residues dominates with just

lower and upper left quadrants are defined as foliows: In one_prolinelon either side ofagugst residue. This is because
both cases is either less than0or lies in the interval 150 of side qham_n—backb_one contacts involving thiecarbon of
< ¢ < 18C°. For the lower left quadrant15¢° < y < 0°; the proline immediately p—termmal to the guest a}nd the
for the upper left quadrang is either greater than®Qor ﬂ—carl_)on of 'ghe guest residu@?). Resullts shown in Flgure.
—18C° < y < —150°. We plot the context-dependent 4, v_vh|ch estimate the_Iength pf a steric segment to be five
propensities as a function of peptide length for each of the @MiNO acids, are consistent with suggestions based on recent
host types. Specifically, we plot; ., defined as the Work from other groupsgg, 90, 91).
difference between the propensity for a quadrant in a host (4) The Calculated Intrinsic and Context-Dependent P
peptide of length. = L;+1 and the propensity for the same Propensities Shown in Figure 5 Agree with Trends Measured
guadrant in a host of length = L;. L refers to the number by UV—CD SpectroscopyAs noted earlier, measurement of
of host residues on one side of the guesilf.; ~ 0, then Py propensities have taken on special significance in light
the propensities do not change upon adding two flanking of renewed interest in the hypothesis of Tiffany and Krimm
host residues. The first row of plots in Figure 4 shows that (47—50). From measurements in polyproline hosts, Rucker
there is a systematic decrease in the cumulative propensitiet al. @0) conclude that thes-branched amino acids,
for the lower left quadrant of¢( ) space. This decrease is especially valine and isoleucine, have the lowgspRpen-
offset by a concomitant increase in the propensity for the sity. Similarly, Rucker et al. found that amino acids with
upper left quadrant as shown by the second row of plots in long straight side chains such as lysine, arginine, glutamic
Figure 4. The increase in propensity for the upper left acid, and glutamine have high propensities for Pur
quadrant is consistent with previous calculatid®; 86) and results, shown in Figure 5, are in general agreement with
observations from a cross section of experiments on peptideghose of Rucker et al. The major disagreements pertain to
and denatured protein87, 87—89). glycine and leucine. We disagree with their assignment of a
(2) The Effect of Host Context on Conformational Pro- high R, propensity to glycine: Since glycine is achiral and
pensities Varies with Host Typé&lycyl hosts have the  not detectable by UV-CD, the measurements of Rucker et
smallest effect on conformational propensities of the guest. al. correspond to two triproline fragments that are in P

Ba

tions of inherent structures are available as Supporting
Information.

(1) Context-Dependent Propensities Show an Increase
Preference for ¢,ip) Values That Generate Extended Con-
formations In Figure 4, we plot the changes in cumulative
propensities as a function of peptide lendthfor the lower
and upper left quadrants od,¢) space, respectively. The
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Ficure 3: Bar plots of intrinsic propensities for all 22 amino acids. Single-letter codes for the nonnatural amino acids naryalirte (
norleucine ) are italicized.

%o

10 10 10 10 10 is a narrowing in the width of the basin surroundingliRe
2 | Giy-hoss Ala-hosts Phechosts | | Valhosts | g} Pro-hosts inherent structures. This is best illustrated in Figure 6 where
g5 5 5 0 we compare the energy landscape for alanine dipeptide to
E o, 0 0 0 -5 that of alanine in aN-acetyl-Pro-Ala-PraN'-methylamide
2 w v -5 -10 peptide. The number of low-energy contours surrounding the

5 -5 -5 10 15 Py minimum decreases due to the effect of the C-terminal
s 10 10 10 s ;g proline (Figure GB).. I|_q addition, the”_R:onformatlon ceases

to be the global minimum for alanine in the peptide with

s s s 10 2 flanking prolines. This leads to decreases jmpPopensities.
g A p iz The degree of decrease depends on the identity of the guest
% 0 @% 0 0 . s residue. In prolyl hosts, the increase in cumulative propensi-
4 0 ties for the upper left quadrant, shown in Figure 4, translates
§ N N N -5 s to an increase in the propensity f@e (see Supporting
°\°'100 1232 % 1232 % 1232 % 123 4% 173353 Information).

Summary of Results for HesGuest PeptidesWe have

L shown that analysis of conformational distributions in the

Ficure 4: Change in cumulative propensities for lower and upper g qjded-volume limit yields results that agree with the
left quadrants as a function of increasing lengtbf host-guest

peptides. Each panel corresponds to a specific host residue. Eact®XPerimentally observed trends for conformational propensi-
curve within a panel represents 1 of 22 guest residues. The-host ties of short peptidesWe identify distinct preferences of
guest peptides are of the formN-acetyl-(hag)Xaa-(haa)-N'- short peptides for local conformations such as & and
methylamide, where haa refers to the host residue and Xaa to they, |n the excluded-volume limit given the constraints of
guest. In each panel we plati+,(L) as a function oL. A;;11 is . . .

the difference in propensity of a guest residue in a host of length covalent geometry a'nd the planarity of peptide units, IocaII.y
L + 1 and the corresponding propensity in a host of lerigth extended (_:onform_atlons are the_ones that are most eff_ect|ve
Definitions of quadrants are provided in the text. The top row shows at minimizing steric overlap. Which of these conformations
decreases in cumulative propensities for the lower left quadrant. is preferred will depend primarily on amino acid type and
The bottom row shows concomitant increases in cumulative secondarily on the local sequence context. Furthermore, the

propensities for the upper left quadrant. precise probabilities for these conformations will depend on

Interestingly, their conclusions for leucine disagree with those Solution conditions§2). The latter determine the degree to
of Eker et al. 43). We have already established leucine’s which pepnde—s.olvent interactions counterbalance' gas-
unique preference for bridge regions, a result that agrees withPhase, intrapeptide electrostatic effe@d)( The preceding
the findings of Eker et al. discussion completes the first half of our solution to the
(5) Surprisingly We Predict That Proline Hosts Diminish ~ éconciliation problem where the goal was to reproduce
the R Propensities for Many Guest Residue®rolines experimental observations of conformational specificity.
immediately C-terminal to guest residues force the latter to  Soking the Second Half of the Reconciliation Problem
adopt positivap angles 92). Additionally, we find that there ~ for Denatured ProteinsHow do polymeric quantities such
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Ficure 5: Intrinsic and context-dependenj Bropensities for all 22 amino acids. Context-dependent propensities are shown for host
guest peptides of the foriN-acetyl-(haa}Xaa-(haayN'-methylamide.
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FiGURE 6: Inverse power potential energy surface for alanine dipeptide (A) and alanine in the context of two flanking prolines (B). In both
plots, positions of local minima are marked using solid circles. The global minimum is marked usi)gi@ii. The dashed contours are

in 0.05RT intervals from the global minimum. The solid contours are in intervals dRU.5om the global minimum. Her®T = 0.59
kcal/mol. To generate the plot in panel A, proline residues were fixed in tle@fformation, ¢,3) = (—79°, 145’), and the energy surface

is generated by systematic conformational enumeration ¢h>a 5° grid.

as Ry scale with chain length for polypeptides in the In Figure 7, we show plots of our results for Ry} versus
excluded-volume limit? We find scaling behavior that is In(N) for polyglycine and polyalanine. Scaling laws figg
consistent with predictions for polymers in good solvents. take the formRy; = RN or In(Ry) = In(Ry) + v In(N). The

We are also able to recapitulate the scaling data measuregarameteR, is used to quantify the average volume excluded
by SAXS by Plaxco and co-workers for chemically denatured by each residue for favorable interactions with the surround-
proteins. ing solvent and is a measure of the packing density. The

Scaling of B with Chain LengthEnsemble averages for precise value foR, depends on the type of solvent and the

Ry are computed from data generated using MMC simula- details of chemical structure. The upper bound Rnis
tions. The chains studied are of the foNracetyl-Xaa-N'- reproduced for chains in the excluded-volume limit.
methylamide. Here, Xaa is either glycine or alanine. For both  In a good solvent, the exponentis universal. Flory’s
classes of homopolymers we performed simulations for mean-field theory predicts that= 0.6 (65, 58). Rigorous
chains of lengthN ranging from 50 to 500. renormalization group theories predict that= 0.5885 for
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46 o polyglycine i Table 3: List of Sequences Used for Demonstration of Good
44|l x polyalanine },/@ Solvent Scaling
,/j’, no. of
42r ,g/ ID residues Ry(A) protein/peptide
4l L 1 8 7.9+ 0.04 angiotensin Il
;% 2 16 11.9+01 AK-16
Dosg o 3 27 16.1£02  AK-27
Et R 4 32 18.0+ 0.2 AK-32
36l 5 37 196:04  AK-37
K 6 40 22,4+ 0.4  N-terminal cytochrome
34 ,,:,% 7 56 27.2+0.3 protein G
¥ 8 59 28.0+£0.4 SH3 domain of Fyn
1ol It 4 9 67 30.0+:0.3  cold shock protein
:,’ 10 76 33.8:0.7 ubiquitin
3 5 . ‘ . . 11 87 36.5+ 0.7 protein L
3.5 4 4.5 5 5.5 6 6.5 12 90 375+ 0.6  barstar
In(v) 13 92 37.3: 0.8  Arepressor
FiGUrRe 7: Plots of InRy) with In(N), whereN is the chain length. 14 98 38.6£ 0.7  acylphosphatase
Data shown are for two classes of homopolymers: polyglycine and 15 104 39.6:0.6  horse cytochrome
polyalanine. Parameters for lines of best fit are as follows. For 18 112 426:08  SH2 domain of Pl 3-kinase
polyglycine, the scaling exponent= 0.60+ 0.01 andR, = 2.0 i; gg 32% 8? El:l?]%r:(uclease
30(1..01, and for polyalaniney = 0.61 + 0.01 andR, = 2.1 + 19 129 456507  lysozyme (partially reduced)
20 131 46.5+ 1.1 intestinal fatty acid binding protein
linear chains such as polyethyler&9(60). Similar results 55 1451?1 22% 8:; Z?gn%f&gﬁgl nuclease
were obtained from enumeration of self-avoiding watk® ( 23 167 55.6- 1.1  dihydrofolate reductase
Experimental data for synthetic homopolymers and denatured 24 257 70.5£0.9  outer surface protein A
25 260 714 1.6  bovine carbonic anhydrase Il

proteins yield exponents that lie in the interval [0.58, 0.62]

(26, 57, 58, 93). 26 268 72.8:0.7 tryptophan synthasechain

. . . 27 380 89.1+ 2.1 creatine kinase
We obtain the following parameters from our calculations 28 416 93.3: 2.2  yeast phosphoglycerate kinase
(Figure 7). For polyglyciney = 0.60+ 0.01 andR, = 2.0 29 549 108.5:1.9  groEL
+ 0.01. For polyalanine = 0.61+ 0.01 andR, = 2.1+ 2 Data from this table are plotted in Figure 9. The AK peptides are

0.01. Norms of residuals between the raw data and lines of synthetic peptides of Kohn et ak®) with sequence (AAKAA)GY,
best fit are 0.075 for polyglycine and 0.071 for polyalanine, Wheren =5, 6, or 7 @6).
respectively.

Testing Good Seknt Scaling for Chemically Denatured
Proteins Plaxco and co-worker2p, 26) have used SAXS

5

data to quantify the scaling behavior for 28 chemically 457
denatured proteins. These proteins do not have prosthetic

groups and are free of disulfide bonds, and their glycine and 4f
proline contents are smalR§). They obtained a best-fit

scaling exponent of = 0.598+ 0.028 and an intercept of 351
R, = 1.983 + 0.1 (26). We generated conformational E
ensembles in the excluded-volume limit for the proteins 3t

studied by Plaxco and co-workers. The list of proteins studied
and a tabulation of calculated ensemble average values for
Ry are available from Table 3.

Figure 8 shows a loglog plot of our calculatedRy values X . . ‘ .
versus chain length for the proteins listed in Table 3. We 2 3 4 5 6 7
obtain a best-fit scaling exponent of 0.620.01 andR, = In(N)
2.084+ 0.02. Our estimates for the scaling exponent and the FIGURE 8: Plots of InRg) with In(N), whereN is the chain length
interceptR, agree with those from experiment. The small for proteins listed in Table 3. Raw data used to make the plots are
discrepancies in scaling exponent reflect finite size artifacts shown in Table 3. Parimmers for lines of b_GSt fit are as follows.

| p _ g exp _ _ The scaling exponent = 0.62+ 0.01 andR, = 2.08 & 0.02.

since, i.e., the field-theoretic exponent of 0.5885 is valid only
in the asymptotic limit of infinitely long chains6(). agree with estimates based purely on excluded-volume
Differences in the calculated and measured values for theconsiderations. The take home message is that under
interceptR, are due to the effects of preferential interactions denaturing conditions proteins are loosely packed, swollen
with cosolutes that distinguish real systems from the coils.
excluded-volume limit $4—97). It should be stressed that Why Do We Obtain Good Agreement between Theory and
the excluded-volume limit mimics the behavior of a chain Experiment for the Scaling Behiar of Chemically Dena-
in an “ideal solvent”. The surprisingly favorable comparison tured Proteins?The answer lies in the observation that even
betweenR, values from experimental data and calculations for short protein chainsN ~ 10) theRy values scale with
suggests that denaturing environments are close facsimilexhain length like polymers in a good solveB6). The dogma
of ideal solvent conditions. Stated differently, the experi- is that scaling behavior is typically valid for chain lengths
mentally observed packing densities for denatured proteinsthat are at least an order of magnitude longer than the
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FiIGURE 9: lllustration of the method used to calculaliél] Shown

here is the analysis of the data extracted from the conformational
ensembles generated via Metropolis Monte Carlo simulations of a

56-residue protein, protein G, studied in the excluded-volume limit.

N,Ccorresponds to the number of distance in sequence space pa:
which the correlations between bond vectors (see text) decay to

1/e.

persistence length, (62). Favorable comparison to experi-

mental data must therefore arise from the close cor-

respondence between the estimate Ifoin the excluded-
volume limit and the true value fof, in denaturing

Biochemistry, Vol. 44, No. 34, 20091377

<Np> [No. of residues]
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Ficure 10: Calculated persistence lengths in termsIdg§Cfor

roteins listed in Table 3. The numeric identities are those shown
column 1 of Table 3.

peptides prefer locally extended conformations, and these
preferences are consistent with experimental observations.
In particular, we have shown that it is possible to reproduce
the segmental preference for conformations such gs P
p-strands, and single turns ofhelices. Local stretching is

environments. This quantity has not been measured to datea consequence of the minimization of steric overlap subject

for denatured proteins, so our estimate fprshould be
marked as a prediction from our calculations.

to the constraints of maintaining chain connectivity. As chain
lengths increase, conformational entropy opposes the effect

To calculate persistence lengths, we use the definition first of stretching. In the absence of entropic counterbalancing,

given by Porod and described in detail bytiGger and co-
workers ©8). For a polypeptide chain of lengtN, the
persistence length i, = /(N — 1)3 1AM ().
Here,l; refers to the “bond vector” betweercarbon atoms

i andi + 1. The length of this vector id;, and for
polypeptided = I; = |; = 3.8 A. We are interested in the
ensemble average value ¢f and this is obtained by
computing the averadg for conformations generated in the
equilibrium ensemble. Alternatively, can be estimated by
plotting the ensemble average @f-1;)/12|C= Oicos 6;|Uas

a function of|j — i|, the distance in sequence space. When
the bonds are highly correlatedcos 6;|0= 1. As, |j — i]

denatured states would assume rodlike configurations, and
Ry would scale linearly with chain length. The tug of war
between conformational entropy and local stretching leads
to swollen coils and the experimentally observed scaling
behavior for polymeric quantities such &g with chain
length N. We predict that local preferences in denatured
proteins extend over segments that are no longer than five
amino acids. Simply stated, denatured proteins are not stiff,
rodlike chains. Interestingly, when proteins fold by collapsing
to form compact globules, andN, actually decrease (Tran
and Pappu, manuscript in preparation). This observation,
although underappreciated, is consistent with predictions

increases, the correlations decay exponentially. The valuefrom polymer theory §3) and atomic force microscopy

of |j — i| for which [Jcosé;|C~ 1/e is the persistence length
in terms of the number of residued\,[] Figure 9 shows a
sample plot oftfcos 6;|Civersus|j — i| for protein G. This

measurement90).
We find preferences for Plike geometries in short
sequence stretches. Within these stretches, the preference for

plot also illustrates the method used to extract an estimateP;-like geometries depends on the specific amino acid

for N[

In Figure 10, we plot the persistence length in terms of
N,Lifor each of the proteins listed in Table 3. We find that,
in the excluded-volume limit, & N,[I= 5 for all sequences
studied. We obtain similar results for the polyglycine and

sequence. These observations are consistent with the hy-
pothesis of Tiffany and Krimm4g, 49), which has been the
subject of renewed intere2Z, 23, 27, 29, 33, 36—40, 66).
However, we argue, given previous results from our group
(84), that the preference for,Hike geometries is really a

polyalanine homopolymers (data not shown). The estimate default characteristic of most amino acid sequences in the

for ONyLis consistent with the estimates for the length of a

steric segment from our studies of conformational propensi-

ties in host-guest peptides shown in Figure 4.

Solution to the Reconciliation ProblermResolution of the
reconciliation paradox can be clearly stated in light of our
predictions for the value diN,[] Conformational ensembles

excluded-volume limit.

Our work leads to a confounding observation that denatur-
ants (8 M urea b6 M GdnCl) appear to behave like ideal
solvents, not just good solvents. Support for this observation
derives from the fact that we are able to mimic ensembles
accessible to proteins and polypeptides in harshly denaturing

generated in the excluded-volume limit provide an accurate environments by considering the behavior of these polymers

mimic of the ensemble available to proteins under highly
denaturing conditions. In the excluded-volume limit, short

in the excluded-volume limit alone. Not only do we obtain
close agreement for the scaling exponent, but we also obtain
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close agreement for the intercelRf. As noted earlierR,

can be used to quantify packing densities under denaturing
conditions. The question to pursue is as followsow does
excludedvolume alone become a dominant determinant of
conformational preferences in denaturing s@onments?
Investigation of how the balance of preferential interactions
and specificity in chain-chain interactions can lead precisely
to the excluded-volume limit ought to lead to an improved
understanding of the forces that govern protein stability and
specificity.

CONCLUSIONS

We have proposed a solution to the reconciliation problem
for denatured proteins. The solution lies in the observation
that the excluded-volume limit provides an accurate mimic
of ensembles accessible to denatured proteins. In the
excluded-volume limit, sequence-specific conformational

preferences are exceedingly local. The persistence of sequence-12.

specific conformational preferences is limited to segments
that are less than five residues long. Therefore, conforma-
tional entropy opposes propagation of local segmental
preferences. The balance between local stretching and
conformational entropy leads to the observed behavior of
polymeric quantities for denatured proteins.

Fitzkee and RoselQ0) recently showed that their model
for denatured proteins also reproduces good solvent scaling.
They modeled denatured proteins as self-avoiding walks of
rigid elements of native structure. They were able to
reproduce good solvent scaling because they only include
excluded-volume effects in their model. However, the local
structure in the Fitzkee and Rose model is entirely artificial.
Conversely, we are able to use a single atomistic model and
reproduce both local propensities and scaling behavior of
denatured proteins.

NOTE ADDED IN PROOF

The computer code developed by the authors to carry out
the calculations discussed in this work is available from the
corresponding author upon request.
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