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Abstract

Most often, the unfolded state of peptides and proteins has been modeled as a statistical random coil. Here, we
suggest an alternative model based on the presence of a significant, temperature-dependent conformational bias in the
unfolded population. Conformational bias is suggested by our calculationswProc. Natl. Acad. Sci. USA 96(1999)
14258–14263x, and it is found in recent studies of both proteins and peptides. The imposition of even a modest bias
would transform our assessment of the folding problem.
� 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

John Schellman is a charter member of that
group of biochemists who taught us that equilib-
rium thermodynamics is our most powerful tool
for understanding protein moleculesw1x. Through-
out his career, he has used thermodynamic
approaches to study fundamental aspects of protein
conformation and protein folding. For example, he
provided early estimates of the enthalpy and entro-
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py of helix formationw2x, and today, half a century
later, these estimates resemble modern values. Yet
paradoxically, the problems that prompted his
measurements are still being vigorously debated,
such as the entropy lost upon helix formationw2x,
whether the peptide hydrogen bond is net stabiliz-
ing or destabilizing w3x, and the influence of
protein–water interactions on protein foldingw4x.

Why has the field failed to resolve such central
questions? Perhaps it is because we still lack
adequate models for the coil state of helices and
the unfolded state of proteins. With more than
15 000 structures of folded proteins in the Protein
Data Bank(PDB) w5x, there are many examples
of the native state, but the unfolded population has
been a black box. The following is an illustration
of the way that plausible but conflicting models
can influence thought.
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2. The importance of models

How does order emerge from disorder in living
systems? Can random trial and error followed by
selection account for life’s awesome complexity?
This question was analyzed by Richard Dawkins
w6x in the context of evolution. Starting with the
proverbial question of how long it would take an
ensemble of monkeys typing at random to repro-
duce the works of Shakespeare, Dawkins uses two
contrasting models to calculate the probability that
one monkey will type the 28-character phrase:
methinks it is like a weasel (Hamlet, Act III, Scene
ii).

To make the question precise, the typewriter is
assumed to have only 26 capital letters and a space
bar, and the monkey types the complete 28-
character string in each successive trial. Then the
likelihood that a single trial of 28 characters cho-
sen at random will be correct is 1y27 f10 ,28 y40

a low-probability event indeed.

Dawkins calls this proceduresingle-step selec-
tion, and he contrasts it withcumulative selection,
in which correctly typed characters are retained
during successive trials. With cumulative selection,
the monkey will usually be successful in fewer
than 100 trials. A typical run looks like this:

We now extend thismonkey business to the
molecular level in order to examine the surprising
degree to which entropy can facilitate organization.
Entropy favors randomness in a system with a
large number of equally likely states, but it can
play the opposite role in a system having a small
number of states with even a modest anisotropic

bias. The goal of our exercise is to explore a
familiar situation in which entropy favors
organization.

Imagine a random monkey that operates by
single-step selection, and a Dawkins monkey that
operates by cumulative selection. Actually, the
Dawkins monkey is too extreme for our purposes;
upon discovering the correct letter by chance, the
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Fig. 1. The search for SCHELLMAN. Curves plot the fraction
of successes againstbs1yRT. At a nominal temperature of
300 K, RTf0.6 kcalymol andbs1.7. To draw each curve,b
was varied in increments of 0.25, with 10 trials at each sample6

point. In the right-most curve, residues are chosen with equal
probability, and the likelihood of at least one success in 106

trials is negligible above;225 K. As temperature decreases,
results tend toward the temperature-independent Dawkins pro-
cedure, which is realized in the 0 K limit. Bias is introduced
via multiple copies of the correct residue at each sequence
position. The next cluster of five curves represents biased
searches; progressing from right to left within the cluster, they
correspond tocs1, 2, 4, 6 and 8 copies, respectively. The final
curve (in bold) represents a biased search withcs8 and in
which a ‘co-operative’ bonus point is awarded for the correct
sequence. As bias increases, the curves increasingly resemble
a classic two-state folding curve, especially so upon the inclu-
sion of a small, co-operative energy term.

probability of selecting it again in successive trials
is unity. Accordingly, we introduce an intermediate
level of bias, represented by a Metropolis monkey,
in which each letter in the sequence is selected
with some intermediate probability,P, i.e. 1y20-
P-1, for the 20 naturally occurring amino acids.
We investigate the temperature-dependent behavior
of the three monkey systems for the model nona-
peptide: Ser–Cys–His–Glu–Leu–Leu–Met–
Ala–Asn.

Starting from a randomly chosen nonapeptide,
we simulate the search process for the exemplary
sequence SCHELLMAN(in one-letter code), as
performed by the three monkeys. A Metropolis
Monte Carlo w7x search is performed using a
simple scoring function, in which each correct
residue is worth one point, each incorrect residue
is worth zero points, and the Metropolis criterion
for two sequences is given by: e se ,yb E ybDEyE( 1 2)

where bs1yRT, Rs1.987 calymol K, and T is
nominal temperature in K. The energy,E, of a
sequence is:

9

Es points sequenceiŽ Ž ..8
is1

The curves in Fig. 1 represent a family of
simulations. Each curve plots the fraction of suc-
cesses in which the monkey finds the correct
sequence in 1 000 000 trials as a function ofRT.
The right-most curve corresponds to a random
monkey, who chooses among equi-probable resi-
dues, each with likelihood 1y20. The random
monkey has no successes at 300 K(bf2), but
tends toward the temperature-independent Dawkins
monkey as temperature decreases. The next five
curves form a cluster of Metropolis monkeys, in
which a bias toward the correct sequence is intro-
duced via multiple copies of the correct residue.
Here, the probability of choosing a residue cor-
rectly is not 1y20, but(c)y(19qc), wherec is the
number of copies of the residue in question. The
curves correspond to the seriescs1,2,4,6,8. Final-
ly, the remaining curve(in bold) is a Metropolis
variant for cs8, in which the correct sequence is
rewarded with a co-operative bonus point, i.e. the
scores are integers ranging from 0 to 10, but
without 9.

In the scene inHamlet that supplies the phrase
for Dawkins’ exercise, Hamlet and Polonius lie on
their backs staring up at the clouds, free-
associating:
Hamlet: Do you see yonder cloud that’s almost in
the shape of a camel?
Polonius: By the mass, and ’tis like a camel,
indeed.
Hamlet: Methinks it is like a weasel.
Polonius: It is backed like a weasel.
Hamlet: Or like a whale?
Polonius: Very like a whale.

In a similar vein, the co-operative variant in
Fig. 1 is very like a two-state folding curvew8x.
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But science is more than metaphor, or should be.
The Metropolis cluster in the figure illustrates how
even modest bias, with no explicit energy terms,
can convert a refractory search problem into a
tractable procedure. Is a corresponding bias intrin-
sic to biophysical problems of interest, or is this
merely a simulation artifice?

3. From sequence to structure

To explore further the family of curves in Fig.
1, we shift from sequence to structure. The classic
two-state folding curvew8x describes the emer-
gence of the native population, N, from the ensem-
ble of unfolded conformers, U, in the
thermodynamic reaction , but thermodynam-U°N
ics cannot supply the underlying mechanism. The
prevailing model of the unfolded statew9x repre-
sents it as a statistical random coil, in which the
backbone conformation of each residue is limited
only by the steric constraints of dipeptide geometry
w10x and conformational space grows exponentially
with chain length, subject to long-range excluded
volume considerationsw11x. Accordingly, the num-
ber of conformations accessible to a polypeptide
backbone—even a short one—can be huge, result-
ing in a seemingly intractable search problem. This
view and its consequences are often invoked by
alluding to the ‘Levinthal paradox’w12x.

For Levinthal, this conundrum was a demonstra-
tion, not a paradox. If the size of accessible
conformational space is as large as implied by the
random coil model, the native state cannot be
found by unguided search in biological real-time.
Therefore, additional constraints must exist. Lev-
inthal’s inference spawned a growth industry(e.g.
w13–16x).

In our own work, these constraints take the form
of conformational bias toward native-like second-
ary structurew17x. The bias is sterically based and
sequence-specific, and it serves to pre-organize the
folding process. Exhaustive analysis of short poly-
alanyl chainsw18x shows that contracted backbone
conformations are limited by additional, systematic
steric clashes not observed in a dipeptide map,
restricting the energy landscape to just a few,
highly similar regions in multidimensionalf,c-
spacew19x. As solvent squeezes the polypeptide

chain from its midst, only this limited set of
conformational alternatives is available to be sta-
bilized by intrachain interactions.

A recent NMR and CD studyw20x of a blocked
polyalanine heptamer found that the ‘coil’ state is
predominantly left-handed polyproline II helix at
2 8C and approximately 90% polyproline II and
10% b-strand at 558C. These data prompt re-
evaluation of the helix™‘coil’ transition as an
interconversion between one structural state and
another, and they provide a value of the per residue
entropy change on helix formation asy2.20"0.37
eu. This value is close to Schellman’s lower bound
of 3 eu w2x and substantially smaller than most
contemporary estimatesw21x. With this revised
number, the entropic cost of helix formation at
physiological temperature(300 K) would be 0.66
kcalymol, approximatelyRT.

The Kallenbach experimentw20x demonstrates
that the conventional random coil model signifi-
cantly overestimates the entropy loss on peptide
helix formation because it fails to account for
conformational bias in the non-helical population.
This realization also changes our picture of protein
folding, because polyalanine is an effective model
for the protein backbone. The revised picture is
consistent with recent work on unfolded staphy-
lococcal nuclease using residual dipolar couplings,
which found that the unfolded state retains struc-
ture in 8 M ureaw22x.

We suggest that conformational bias in the
unfolded state of peptides and proteins plays a
crucial organizing role by substantially reducing
the entropic cost of structure formation. A little
entropic monkey business can transform an other-
wise intractable search problem into an accessible
one.
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