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ABSTRACT We use highly efficient transition-matrix Monte Carlo simulations to determine equilibrium unfolding curves and
fluid phase boundaries for solutions of coarse-grained globular proteins. The model we analyze derives the intrinsic stability of
the native state and protein-protein interactions from basic information about protein sequence using heteropolymer collapse
theory. It predicts that solutions of low hydrophobicity proteins generally exhibit a single liquid phase near their midpoint
temperatures for unfolding, while solutions of proteins with high sequence hydrophobicity display the type of temperature-
inverted, liquid-liquid transition associated with aggregation processes of proteins and other amphiphilic molecules. The phase
transition occurring in solutions of the most hydrophobic protein we study extends below the unfolding curve, creating an im-
miscibility gap between a dilute, mostly native phase and a concentrated, mostly denatured phase. The results are qualitatively
consistent with the solution behavior of hemoglobin (HbA) and its sickle variant (HbS), and they suggest that a liquid-liquid
transition resulting in significant protein denaturation should generally be expected on the phase diagram of high-hydrophobicity
protein solutions. The concentration fluctuations associated with this transition could be a driving force for the nonnative

aggregation that can occur below the midpoint temperature.

INTRODUCTION

Protein denaturation and the precipitation of solid phases
from protein solutions pose tremendous challenges in both
biological and pharmaceutical contexts. The formation of
protein aggregates in vivo has been linked to a number of
debilitating pathologies including Alzheimer’s, Parkinson’s,
Huntington’s, and Creutzfeldt-Jakob’s diseases, as well as
sickle cell anemia, Down’s syndrome, and cystic fibrosis
(1-3). Furthermore, the aggregation of protein drugs during
processing, storage, and delivery negatively impacts both
their therapeutic value and their biological safety (4-7). As a
result, there is an urgent need to understand the physical
basis for protein unfolding and aggregation processes.

One of the practical barriers to studying protein stability is
the fact that protein unfolding and refolding events are often
related to protein aggregation (8—10). Moreover, since ag-
gregation processes follow trajectories that pass through
metastable intermediate states, Kinetic factors and irrevers-
ibility can significantly complicate the picture (11-15).
Despite these complexities, there is vast experimental support
for the idea that equilibrium fluctuations associated with two
types of thermodynamic stability can play a central role in
initiating and controlling the rate of protein aggregation. The
most familiar type involves conformational fluctuations of
individual protein molecules into nonnative structures (see,
e.g., (2,8,10,16-18)). These structural fluctuations, which
reflect the marginal stability of the native state (19), generally
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result in a net increase in the exposure of hydrophobic
residues to the solvent and thus an increase in the driving force
for protein self-association. Consequently, perturbations that
destabilize the native fold, such as modifications to solution
formulations (10) or sequence mutations (9), can also lead to
increased levels of protein aggregation.

A second equilibrium effect that can have a pronounced
influence on the solubility of proteins is the presence of large
protein concentration fluctuations under solution conditions
where liquid-liquid (L-L) phase separation is thermodynam-
ically favored. The main idea here, which is consistent with
both experimental observations and theoretical predictions
(20-28), is that these fluctuations create locally concentrated
quasidroplets (29) of proteins that lead to the formation of a
rich variety of protein phases including crystals, fibers,
amorphous aggregates, and gels. Determining the microscopic
mechanisms of these nucleation events and the subsequent
growth processes remains an outstanding challenge. However,
from a practical viewpoint, the ability to simply predict the
location of the equilibrium unfolding curve and the loci of L-L
phase coexistence on the protein solution phase diagram is an
important step toward forecasting and avoiding unwanted
protein precipitation, even if a molecular-scale understanding
of the subsequent aggregation processes is still lacking.

One prerequisite for making the aforementioned equilib-
rium predictions concerning protein stability is to have a
model that is both tractable and rich enough to describe, at
least qualitatively, the thermodynamics of protein folding/
unfolding and the corresponding protein-protein interactions
of the native and denatured states of proteins in solution.

doi: 10.1529/biophysj.105.076497
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Unfortunately, simulating concentrated protein solutions
using the detailed structural models typically employed to
study the folding problem (30-34) is computationally pro-
hibitive. Historically, this issue has been sidestepped by
greatly simplifying the description of protein-protein inter-
actions, in effect treating protein molecules as colloidal
particles (22,35-42).

Although this simplification results in models that can
produce insights into the physics of protein crystallization
and the interactions between stable native proteins, it does
so by largely neglecting the effects of protein sequence, the
polymeric character of the proteins, conformational fluctu-
ations of the molecules, and the thermodynamics of unfolding,
all of which play an important role in determining protein
stability. Clearly, a compromise between the detailed struc-
tural models used to study the protein folding problem and the
colloidal interaction models designed to study protein crys-
tallization is needed.

As a first step toward addressing this issue, Cheung and
Truskett have recently introduced a coarse-grained modeling
strategy (43) that predicts the effects of protein concentration,
temperature, and elementary properties of protein sequence
(e.g., number of hydrophobic and polar residues) on the
native-state stability of proteins in solution. Their approach,
which builds on some of the collective insights provided by
other studies (see, e.g., (44-55), uses random heteropolymer
collapse theory (56,57) to calculate the temperature- and
species-dependent protein-protein interactions and the intrin-
sic thermodynamic stability of the native state. Although this
type of coarse-grained strategy does not treat the geometric
details of secondary and tertiary protein structure, the basic
sequence information provided at the heteropolymer level
allows the approach to successfully predict the qualitative
experimental trends for how protein concentration affects the
native-state stability of several commonly studied proteins
(43). The model also suggests how these experimental trends
can be understood in terms of a competition between attractive
protein-protein interactions and entropic crowding effects.

In this article, we use Cheung and Truskett’s model to
systematically explore the interplay between native-state
stability and the fluid phase boundaries of several solutions
of model globular proteins with different sequence hydro-
phobicities. To accomplish this, we employ some very effi-
cient transition-matrix Monte Carlo techniques that have
been independently developed to study the thermodynamic
properties and phase behavior of pure liquids and mixtures
(58-60). The main findings of our study are as follows.
Solutions of model proteins with low sequence hydropho-
bicity remain in a single liquid phase over a broad range of
protein concentrations and temperatures. In contrast, those
containing proteins with high sequence hydrophobicity
exhibit the type of temperature-inverted, first-order L-L
transition that is associated with aggregation processes in
aqueous solutions of proteins and other amphiphilic mole-
cules (20,21,26,28,61,62). Interestingly, the L-L transition
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that occurs in solutions of the most hydrophobic protein
investigated in this study extends significantly below the
midpoint temperature for unfolding 7y,, creating an immis-
cibility gap between two very different types of phases—a
dilute solution comprising mostly native proteins and a
concentrated solution of predominantly denatured proteins.

The model’s predicted trends for how protein sequence
hydrophobicity affects the relative locations of the L-L
demixing transition and the equilibrium unfolding curve on
the phase diagram appear to be in good qualitative agreement
with the experimentally observed behavior for solutions of
hemoglobin (HbA) and its sickle variant (HbS) (20,26). In
addition, the results suggest that a first-order L-L transition
causing substantial protein denaturation should generally be
expected on the phase diagram of high-hydrophobicity pro-
tein solutions. The concentration fluctuations associated
with such a transition could, in principle, be an important
thermodynamic driving force for the nonnative aggregation
that occurs below T, in solutions of high hydrophobicity
proteins such as myoglobin (63). However, further experi-
mental and theoretical studies will be necessary to test this
idea.

Coarse-grained modeling strategy

In this section, we briefly describe the coarse-grained mod-
eling strategy originally introduced by Cheung and Truskett
(43), focusing on the model’s physically salient features and
underlying assumptions. The interested reader is referred to
Cheung and Truskett (43) for the mathematical details and
in-depth discussion of the model. The physical idea under-
lying this approach is that many aspects of native-state
stability and the global phase diagrams of protein solutions
can be predicted using a model that incorporates the intrinsic
stability of an isolated native protein in aqueous solution and
a basic description of the solvent-mediated protein-protein
interactions involving the native or denatured states.

Intrinsic stability of a protein

There is an intrinsic free energy difference AG? associated
with each unimolecular protein folding reaction. This
quantity characterizes the temperature-dependent difference
in free energy between the native and denatured states in the
absence of protein-protein interactions. As the protein con-
centration approaches zero (i.e., infinite dilution), AG? com-
pletely determines the thermodynamics of protein folding.
At higher protein concentrations, protein-protein interactions
significantly contribute to the free energies of the native and
denatured states. In the coarse-grained modeling strategy
(43), AG(f) is calculated by a random heteropolymer collapse
theory (57). The inputs to the heteropolymer collapse theory
include temperature 7T, the number of residues in the protein
sequence N,, the fraction of those residues that are hydro-
phobic @, and the free-energy x(T)kgT associated with
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transferring a hydrophobic residue from the protein core into
an environment where it is in intimate contact with the
solvent. Cheung and Truskett have adopted an approxima-
tion of y(T)kgT introduced by Dill et al. (57) that is es-
sentially a parameterization of experimental transfer free
energy data for a typical hydrophobic amino acid from its
pure phase into water.

To compare model sequence hydrophobicities ® with
those calculated from actual proteins, one also needs to
define which amino-acid residues should be considered
hydrophobic. In this article, we refer to ®-values of real
proteins that are calculated assuming the following set of
hydrophobic residues: Ala, Gly, Ile, Leu, Met, Phe, Pro, Trp,
Tyr, and Val. Of course, there are alternative choices for the
set of hydrophobic amino acids, which differ slightly from
the one presented above (see, e.g., (57,64,65)), but they
result in the same qualitative trends when incorporated into
the coarse-grained modeling approach. As should be expected
(and is shown in Fig. 1 a), the heteropolymer collapse theory
predicts that moderate increases in the sequence hydropho-
bicity @ of a protein results in increased intrinsic stability of
the native state.

Protein-protein interactions

The heteropolymer collapse theory also predicts other struc-
tural characteristics of the proteins that allow for an esti-
mation of the state-dependent, protein-protein interactions.
These include the effective radii of gyration of the native (N)
and denatured (D) states, Ry and Rp, and the corresponding
fraction of the solvent-exposed residues in each state that are
hydrophobic, and ®. One assumption in the coarse-
grained model is that the attractive part of the protein-protein
interaction is due primarily to the driving force of proteins to
desolvate their hydrophobic surface residues by burying
them into a hydrophobic patch on a neighboring protein. The
repulsive part of the potential, on the other hand, accounts for
the volume that each individual protein excludes to the
centers of mass of other protein molecules in the solution.

The interprotein potentials are expected to be quantitatively
different for each of the various types of protein-protein in-
teractions (i.e., NN, ND, and DD). First, heteropolymer
collapse theory correctly predicts (see Fig. 1 b) that de-
natured protein molecules generally exclude more volume to
other proteins (Rp > Ry) than their native-state counterparts
(57). Moreover, denatured proteins display a greater frac-
tional surface hydrophobicity than folded molecules (& >
®). Mean-field calculations (43) predict that the magnitudes
of the average contact attractions between two proteins will
scale as
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FIGURE 1 Temperature-dependent properties of two different globular

proteins in solution (number of residues N, = 154; sequence hydrophobicity
O = 0.4 (solid) and ® = 0.5 (dashed)) as predicted by the coarse-grained
model (43), based on heteropolymer collapse theory (57). (@) Scaled intrinsic
free energy of folding AG? /kgT. (b) The ratio of the effective diameters for
denatured-denatured opp and native-native oy interactions. (c¢) Scaled
strength of contact attractions epp/kgT between denatured proteins.

Given Egs. 1-3 and ® > 0, it can be expected that contact
attractions involving denatured proteins will generally be
stronger than those involving the native state (epp > e€nn)-
Moreover, the attractive strength between proteins increases
with the hydrophobic content ® of the protein sequence, as is
illustrated in Fig. 1 c. The proportionality constants that have
been omitted from Eqgs. 1-3 simply represent geometric
factors associated with the sizes of the interacting proteins
and are discussed in detail elsewhere (43).

Cheung and Truskett incorporate the interprotein exclu-
sion diameters, O-DD/O-NN = RD/RN and O-ND/O-NN = (RN +
Rp)/2Ry, and the contact energies of Eqgs. 1-3, all of which
are derived from the heteropolymer collapse theory (43), into
an effective protein-protein potential V;; (22) that qualitatively
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captures many aspects of protein solution thermodynamics
and phase behavior (see, e.g., (22,66)):

Vi-(r)zoo r<0"1j,

&j 1 _ 50 ) - (4)
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Tij Tij

In the above equation, we adopt the notation ij € (NN,
ND, DD).

In short, the coarse-grained model represents an effective
binary mixture of native and denatured proteins (the aqueous
solvent only entering through x(7)) connected via the uni-
molecular protein folding reaction. The links between the
intrinsic native-state stability of the proteins AG?, the physical
parameters defining the protein-protein interactions (€;;,07j),
the protein sequence (N, ®), and the interactions with the
aqueous solvent y(T) are established by the heteropolymer
collapse model (43,57). As in actual protein solutions, the
fraction of proteins in the native state generally depends on
both temperature and protein concentration. This is because
temperature affects the intrinsic stability of the native state
AGY, and both temperature and protein concentration influ-
ence the interaction energy between proteins in solution.

Cheung and Truskett have studied how protein concen-
tration affects the equilibrium unfolding behavior in their
coarse-grained model (43) using reactive canonical Monte
Carlo simulations (67,68). Here, we significantly extend
their analysis to rigorously determine the liquid-state phase
boundaries of concentrated solutions of proteins of varying
sequence hydrophobicity. We approach this biomolecular
system with the understanding that it essentially parallels that
of the classic reactive phase equilibria problem for a binary
solution (see, e.g., (69)). Below we explain how transition-
matrix Monte Carlo simulations provide an ideal technique
for simultaneously determining the thermodynamic phase
boundaries and the protein folding equilibrium curves.

Vi(r)

METHODS
Transition-matrix Monte Carlo

We use transition-matrix Monte Carlo (TMMC) simulations to study the
fluid phase behavior of the coarse-grained protein model described above.
Transition-matrix-based sampling methods provide a general means for
precisely calculating the relative free energy of a system along a suitable
order parameter path. When originally developed, the range of applicability
of transition-matrix methods was largely restricted to lattice (discrete)
systems (70—73). Only recently have they gained prominence as a highly
efficient computational method for the thermodynamic properties of
continuum systems (58—60,74-79).

An important general step in the calculation of thermodynamic properties
via molecular simulation is the determination of the relevant order parameter
distribution. Examples of commonly encountered order parameters include
the system’s energy, density, or composition. The order parameter dis-
tribution is of crucial thermodynamic importance because it provides a direct
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link to a system’s free energy expressed as a function of that order parameter.
For example, in the case of a pure fluid at some fixed temperature,
knowledge of the number density probability distribution is tantamount to
knowing the system’s free energy, and therefore its thermodynamic
properties, as a function of density (at the same specified temperature).

To calculate the order parameter probability distribution via conventional
Monte Carlo, one would simply collect a histogram of order parameter
values visited by the system during the course of the simulation; this
constitutes a so-called visited-states approach. In contrast, in a transition-
matrix approach, the calculation of the same distribution is based upon
information regarding attempted transitions made by the system from one
order parameter value to another. Transition statistics turn out to be more
informative than visited-states statistics. Notice that precise determination
of the probability distribution requires that all order parameter values be
sampled sufficiently, in particular regions of low probability that are difficult
to access. Because the use of transition statistics alone is unable to overcome
this sampling problem, a biasing scheme is often introduced to encourage the
system to sample uniformly all order parameter values. This combination is
made more robust through the establishment of a feedback mechanism
between the biasing scheme and the collection of transition statistics, thereby
providing a self-adaptive approach to the true equilibrium distribution. The
algorithm is very effective in negotiating rugged free-energy landscapes.
The particular implementation of transition-matrix Monte Carlo used here
was originally introduced and described in detail by Errington and Shen
(60). Therefore, only a brief summary is provided in this section.

In this work, transition-matrix Monte Carlo simulations are performed in
the grand-canonical ensemble. This corresponds to holding fixed the
chemical potentials of each species in a system of volume V at temperature
T. Under these conditions, the macrovariable or order parameter of interest is
the total number of proteins in (equivalent to the concentration of) the
system. In particular, it is the total protein number probability distribution
that is of ultimate interest because it is directly related to the system’s free
energy as a function of concentration. In the case of a binary mixture (native
and denatured species) where the components can react (fold/unfold),
chemical equilibrium is imposed by setting the chemical potential difference
between the components to zero (80), and at the same time, by specifying an
overall activity difference that is equal to the intrinsic free energy of folding
AG? (67,68,81). The latter is valid so long as the intramolecular and
intermolecular degrees of freedom can be assumed to be separable. Although
this type of separability is not strictly satisfied in real protein systems, it has
been assumed as a workable starting point in the development of the coarse-
grained model (43). As a result, the only thermodynamic parameters that
need to be specified are: a single chemical potential w; the intrinsic free
energy of folding A G%; volume V; and temperature T.

Transition-matrix Monte Carlo proceeds as a conventional grand-
canonical Monte Carlo simulation for multicomponent systems where the
following types of trial moves are performed: displacements, insertions/
deletions, and identity changes. During the course of the simulation, the
unbiased acceptance probability of every trial move is accumulated in a
so-called collection matrix whose purpose is to provide a convenient
bookkeeping framework. Periodically, the accumulated transition statistics
are used to provide an updated estimate of the total protein number
distribution which, in turn, is used to bias the simulation so that all total
protein number values (concentrations) are sampled uniformly. Although
trial moves are ultimately accepted or rejected based on a biased acceptance
criterion as in multicanonical sampling (82), unbiased acceptance probabil-
ities continue to be accumulated. Notice that this aspect of the method allows
one to introduce periodically a new, more effective biasing function without
having to discard any information that has already been collected.

The total protein number (or concentration) probability distribution
yielded by TMMC is unique to the chemical potential used in the simula-
tion. However, once this probability distribution is determined, histogram
reweighting can be used to determine the distribution at other chemical
potential values (83). In Fig. 2 a, we provide one example of the raw cal-
culated and reweighted distributions for a protein of hydrophobicity ® = 0.445.
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FIGURE 2 Example of raw data and various quantities yielded by
transition-matrix Monte Carlo that can be combined appropriately to
determine the thermodynamic properties of the system. (@) The raw and
reweighted total particle number, or concentration, probability distributions
II. (b) Semigrand average of the number of denatured proteins Ny as a
function of the total number of proteins. (¢) Semigrand average of the
potential energy per particle u scaled by well-depth of the native-native
interaction exy as a function of the total number of particles.

Furthermore, when combined with isochoric-semigrand averaged quanti-
ties, i.e., mean values of a quantity at fixed total protein number and chemi-
cal potential difference, which are straightforward to collect in a TMMC
simulation, the thermodynamic properties of the system can be calculated.
Note that the isochoric-semigrand averages are independent of the chemical
potential used in the simulation. In Fig. 2, b and ¢, examples of these averages
are provided. Analysis of the data when more than one phase can exist is
relatively straightforward and is described in Errington and Shen (60).

Simulation details

The transition-matrix Monte Carlo simulations of the coarse-grained protein
model were performed in the grand-canonical ensemble. Interprotein
interactions were described by Eq. 4 and were simply truncated at a distance
r = 2.5 ;. No long-range corrections were employed. All simulations were
performed in a cubic simulation cell of minimum side length L/onn = 9.
Trial moves consisted of 25% protein displacements, 25% identity changes,
and 50% insertions/deletions. The biasing function was updated every
100,000 Monte Carlo steps. In all cases, TMMC simulations were initiated
with an empty simulation cell and restricted to sample total protein numbers
between 0 and N{"**. The value of N{™* was initially set to a value of 100,
and then increased after each N, value in the total protein number range was
visited a minimum of 50,000 times. This process was repeated until the total
concentration range of interest was sampled. We report dimensionless
protein concentration as pO’iIN = NU%,N /V. Finally, a constraint was
imposed to prevent the system from crystallizing, a serious problem if one is
focusing exclusively on the liquid-state properties of the model. The product
QéNé/ % is a useful order parameter for this purpose, where Qg is a global
bond-orientational metric that can distinguish between amorphous and
crystalline particle packings (84—87), and Ny, is simply the total number of
bonds or nearest-neighbor pairs in the system. Nearest-neighbor pairs were
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defined as proteins with centers of mass closer than that of the first minimum
in the interprotein pair correlation function. We found that QﬁN;/ 2<25
prevented the system from crystallizing, allowing the simulations to visit
both the relevant stable and metastable states. To assess the influence of the
order parameter on the fluid-phase properties, we performed several
simulations between 356 and 359 K using different order parameter values
ranging from 1.5 to 2.5 for the highest hydrophobicity protein, and found
that the phase coexistence properties were unaffected by the order parameter
value. In the results reported in this work, we used Q6Né/ =

RESULTS AND DISCUSSION

Here, we apply the advanced Monte Carlo simulation methods
outlined in the previous section together with Cheung and
Truskett’s coarse-grained model to analyze the thermody-
namic behavior of concentrated protein solutions. We choose
a chain length of 154 residues to both extend our previous
work (43) and to study medium sized, single-domain globular
proteins, which this HPC theory models well (57). In addition,
we choose sequence hydrophobicities typical of those found
in the protein data bank (0.40 = ® = 0.50) (65). The results
provide a reasonable starting point for addressing two fun-
damental questions that may have important practical impli-
cations for understanding protein stability:

Do solutions of globular proteins generally exhibit the
type of temperature-inverted, first-order L-L. phase tran-
sition on their phase diagrams that is associated with
aggregation processes in aqueous solutions of amphi-
philic polymers (61,62) and the sickle variant of hemo-
globin (26)?

If so, how does protein sequence hydrophobicity affect
the relative locations of the L-L phase transition and
the equilibrium unfolding curve on the phase diagram?

This information may provide new insights into the con-
nection between the intrinsic properties of protein molecules
and the conditions for their solutions that can give rise to
various types of insoluble protein aggregates.

As a first step in our analysis, we study the thermodynamic
consequences of concentrating solutions of four model
proteins (N, = 154, ® = 0.40, 0.445, 0.473, and 0.50), each
at their respective infinite dilution midpoint temperatures for
unfolding (see Fig. 3). These hydrophobicities translate from
the total integer segments and nonpolar segments (1.4
segment = 1 residue) defined by Dill (56). Recall that, at
these temperatures, AG(f) for the proteins is identically zero
(i.e., the fraction folded = 0.5 in the infinite dilution limit),
and so there exists no intrinsic thermodynamic preference for
either the native or the denatured state. In other words, any
concentration-induced stabilization (i.e., increased T,,) or
destabilization (i.e., decreased T,,) of the native state or, for
that matter, any L-L phase separation that appears in Fig. 3
can be attributed solely to the protein-protein interactions in
solution.

For the lowest hydrophobicity protein studied (® = 0.40),
Fig. 3 shows that increasing protein concentration leads to
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FIGURE 3 Fraction of folded proteins versus protein concentration po- at
their respective infinite dilution folding temperatures where AG? = 0. The
folding temperatures are listed in the plot, and the open circles indicate
coexistence points for liquid-liquid phase transitions.

essentially negligible destabilization of folded proteins at
low concentrations, followed by an increase in native-state
stability at very high concentrations. Moreover, the fraction
of folded proteins changes continuously with protein con-
centration, indicating that the solution does not undergo a
first-order L-L phase transition under these conditions. These
results are in good qualitative agreement with the aqueous
solution behavior of the low hydrophobicity protein ribonu-
clease A (¢ = 0.37), which also displays stabilization of the
native state with increasing protein concentration and ex-
hibits a high native-state solubility (88). Given these pre-
dictions, it is natural to ask what would happen if the same
calculation were carried out for a solution of proteins with
slightly higher sequence hydrophobicity. Fig. 3 illustrates
that solutions of a higher-hydrophobicity protein (& =
0.445) display a pronounced concentration destabilization of
the native state at low protein concentrations, followed by
restabilization at higher protein concentrations. This non-
monotonic dependency is in good qualitative agreement with
the experimental behavior of single-phase solutions of the
higher-hydrophobicity protein metmyoglobin (® = 0.52)
over a wide range of pH conditions (89).

The type of basic trends described above for how protein
concentration and sequence hydrophobicity impact native-
state stability in single-phase solutions of globular proteins
have been previously analyzed in the context of Cheung and
Truskett’s coarse-grained model (43), and thus we only
summarize the main ideas here. In short, the concentration
dependencies of native-state stability can be understood in
terms of a balance between destabilizing protein-protein at-
tractions and stabilizing crowding effects. At finite concen-
trations, marginally stable native proteins preferentially
unfold if 1), they have enough local free volume to ac-
commodate the more expanded denatured state; and 2), they
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form favorable denatured-native or denatured-denatured
contact attractions with neighboring proteins. As a result,
one generally expects protein-protein attractions to induce
some degree of protein destabilization at low protein con-
centrations. This expectation is consistent with experimental
results that indicate that reversible formation of nonnative
oligomers in solution can play a central role in inducing
protein unfolding (90). Furthermore, as should be expected,
and is in fact illustrated by model calculations in Fig. 1 ¢,
protein-protein attractions are more favorable on average for
higher-hydrophobicity proteins. This explains why higher-
hydrophobicity proteins typically show a more pronounced
protein-protein attraction-induced concentration destabiliza-
tion than their lower-hydrophobicity counterparts.

On the other hand, since the denatured state is more ex-
panded than the native configuration (see Fig. 1 b), excluded
volume arguments suggest that the native state should
ultimately be restabilized at sufficiently high protein con-
centrations, a phenomenon sometimes referred to as macro-
molecular crowding. The crowding effect is similar in nature
to the confinement-induced stabilization of proteins that has
been studied extensively by experiments (91,92) and com-
puter simulations (49,55,93-95). Note that crowding is
typically more pronounced for lower-hydrophobicity pro-
teins because, as polymer theory predicts, these proteins tend
to exhibit more expanded denatured configurations than
higher-hydrophobicity proteins, all other factors being equal
(96-98). In fact, as is seen in Fig. 3, crowding almost entirely
masks the destabilizing effect of protein-protein attractions
in model solutions of the ® = 0.40 protein.

Interestingly, Fig. 3 also illustrates that the highest hy-
drophobicity proteins, ® = 0.473 and 0.50, show a qual-
itatively new feature: they each exhibit a first-order L-L
demixing transition when protein concentration is increased
beyond a critical value that depends on both temperature
and sequence hydrophobicity. This type of demixing tran-
sition is manifested as a discontinuity, i.e., an immiscibility
gap, along the fraction folded versus protein concentration
isotherms. The relative proportions of the two coexisting
phases present in the immiscibility gap is determined by the
lever rule (69).

The reason why this type of phase separation occurs in the
model is easy to understand, and, in fact, it is somewhat
analogous to why vapors condense upon isothermal com-
pression if their interparticle attractions are sufficiently large
relative to kg7. In short, increasing protein concentration
from infinite dilution decreases the translational entropy of
proteins in solution, but increases the number of favorable
protein-protein attractions. If the protein-protein attractions
are sufficiently favorable, then the protein solution can mini-
mize its free energy by phase-separating to take advantage of
both effects, i.e., forming a low-concentration phase that
retains high translational entropy of the proteins and a high-
concentration phase that takes advantage of the favorable
protein-protein interactions. Of course, the situation is far
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richer for protein solutions than for condensing vapors be-
cause proteins solutions can also shift their relative confor-
mational populations of native and denatured molecules to
take full advantage of the favorable protein interactions in
the high-concentration phase. In particular, as is clear from
Fig. 3, the highest hydrophobicity protein solutions of ® =
0.473 and 0.50 undergo substantial protein unfolding upon
phase separation to realize the highly favorable denatured-
denatured protein contact interactions. Also, note that the
® = 0.50 protein solution favors phase separation at a lower
value of protein concentration than the ® = 0.473 protein
solution, which is in line with the expectation that higher
hydrophobicity proteins tend to show lower solubility in
aqueous solution.

Thus far, by choosing to analyze model protein solutions
at temperatures where AGY = 0, we have effectively re-
moved any effect of the intrinsic stability of the protein. In
Fig. 4, we take a step back and view a more comprehensive
data set for the temperature and protein-concentration de-
pendencies of the ® = 0.40 and ® = 0.445 protein solutions.
Notice that in both cases, the primary role of temperature is
to destabilize the compact native fold relative to the more
expanded denatured state. As a result, the higher temperature
solutions show protein-protein attraction induced destabili-
zation at lower protein concentrations when compared to the
more stable solutions at lower temperatures. Similarly, the
higher temperature solutions require higher protein concen-
trations than the lower temperature solutions to undergo
crowding-induced restabilization. Finally, protein-protein
interactions are not strong enough, in either of these two
solutions, to cause L-L demixing for the range of temper-
atures and concentrations investigated.

In Fig. 5, we present the temperature and protein-con-
centration dependencies of the fraction of native-state mol-
ecules for the ® = 0.473 and & = 0.50 protein solutions.
Recall that the & = 0.473 protein solution has weaker
protein-protein attractions than the higher-hydrophobicity
® = 0.50 solution, and, in both solutions, attractions
involving native species are weaker than those involving
denatured proteins. As a result, a single homogeneous phase
of the ® = 0.473 solution persists over the range of
temperatures and concentrations where the native state is the
majority species. However, if this solution is heated to
temperatures where the denatured state is thermodynami-
cally favored, L-L demixing readily occurs. This result is
consistent with experimental observations for the polypep-
tides fibronectin, acylphophatase, and protein G, that indi-
cate the formation of nonnative aggregates are related to
conditions of weakened native state stability (e.g., increasing
temperature (99), adding denaturants (100), and destabiliz-
ing mutations (101,102)). In contrast, for the ® = 0.50
solution, we find that protein-protein attractions are strong
enough to drive L-L phase separation even for temperatures
well below T, where the native state is thermodynamically
favored. More comprehensive representations of the L-L
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FIGURE 4 Fraction of folded proteins versus protein concentration po
for the model proteins N, = 154, ® = 0.40 and 0.445. The isotherm values
for the ® = 0.40 protein are 330, 332, 334, 336, 337.73, 338, 340, 342, and
344 K. The isotherm values for the ® = 0.445 protein are 348, 350, 351.8,
352, 354, and 356 K.

phase boundaries for the ® = 0.473 and ® = 0.50 model
protein solutions are shown in Fig. 6.

The predicted trends for how sequence hydrophobicity
affects the relative locations of the equilibrium unfolding
curve (i.e., the concentration-dependent T;,) and the L-L
phase transition in Cheung and Truskett’s model appear to be
in good qualitative agreement with the experimentally de-
termined behaviors of solutions of hemoglobin HbA (® =
0.566) and its more hydrophobic sickle variant HbS (® =
0.570). In particular, HbS shows a temperature-inverted, L-L
transition that extends far below the equilibrium unfolding
curve and coincides with physiological conditions (20,21,26,
28,103). In contrast, for solutions of the less hydrophobic
HbA protein, the analogous L-L transition appears to occur
above the equilibrium unfolding curve, and at temperatures
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FIGURE 5 Fraction of folded proteins versus protein concentration pzf3
for the model proteins N, = 154, ® = 0.473 and 0.50. The isotherm values
for the & = 0.473 protein are 352, 353, 354, 355, 356, 357, 358, 358.43,
359, 360, and 361 K. The isotherm values for the & = 0.50 protein are 354,
355, 356, 357, 358, 360, 361, 362, 363, and 363.93 K. Open circles
represent coexistence points for a liquid-liquid phase transition.

much higher than are physiologically relevant. For the case
of the sickle variant HbS solutions, the pathological ag-
gregation associated with the L-L transition is the polymer-
ization and self-assembly of protein fibers (20,26,28,103).
However, even when HbS is liganded to geometrically
hinder this fiber formation, its solutions still apparently show
an inverted L-L transition that, instead, facilitates the for-
mation of amorphous protein aggregates (26).

As discussed earlier, the fluctuations associated with the
type of first-order, L-L transitions shown in Fig. 6 create
locally concentrated regions that can facilitate the precipi-
tation of various insoluble protein structures. The fact that
considerable protein unfolding occurs in the particular tran-
sitions predicted here makes it likely that the resulting
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FIGURE 6 Liquid-liquid coexistence curves for protein solutions in the
temperature versus protein concentration po~ plane for the model proteins
N; = 154, ® = 0.473 and 0.50. The darker circles indicate the equilibrium
unfolding curves, and the lighter circles bound the liquid-liquid coexistence
regions. All lines act as guides to the eyes.

protein aggregates would have a distinctly nonnative char-
acter. However, Cheung and Truskett’s coarse-grained model,
at least in its present form, does not contain sufficient structural
detail to study the formation of these nonnative protein
precipitates. In fact, in Conclusions we mention some possible
extensions to the model to help address this issue. Nonetheless,
the ability of the coarse-grained model to predict the relative
locations of the L-L transition and the equilibrium unfolding
curve on the phase diagram can still allow for some further
qualitative comparisons to the solubility and aggregation
behavior observed in experimental protein systems.

For example, based on the phase diagram of the solution
of @ = 0.50 protein shown in Fig. 6, one would predict that
nonnative aggregation processes could readily occur in high-
hydrophobicity protein solutions at temperatures far below
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T.,, conditions where the native state is nominally stable. As
we mentioned above, this type of behavior does, in fact,
occur for the sickle variant of hemoglobin HbS (® = 0.570)
(20,21,26,28,103,104). However, substantial aggregation
below T, is also experimentally observed via spectroscopic
measurements in solutions of the high-hydrophobicity pro-
tein myoglobin (® = 0.52) (63). In contrast, based on the
lack of an L-L demixing transition for the lower hydro-
phobicity proteins below T,,, one would expect that
low-hydrophobicity proteins could avoid the formation of
insoluble nonnative aggregates under conditions where the
native state is thermodynamically favored. This type of
predicted behavior is also consistent with the high solubility
of the low hydrophobicity protein ribonuclease A (® = 0.37)
for temperatures below its equilibrium unfolding curve (88).

CONCLUSIONS

To summarize, we have employed robust transition-matrix
Monte Carlo simulation to rigorously determine the equilib-
rium unfolding curves and the fluid phase boundaries of
protein solutions of several model proteins with varying
sequence hydrophobicity. The coarse-grained model (43) for
the protein solutions derives the intrinsic stability of the
native fold and the solvent-mediated, protein-protein interac-
tions between native and denatured states from a hetero-
polymer collapse theory. This model was chosen because it
is computationally tractable to analyze both its native-state
stability and its global phase behavior. Moreover, it has
already been shown to capture some of the nontrivial rela-
tionships between protein concentration and the native-state
stability of several commonly studied proteins (43).

Our main findings can be summarized as follows. Solu-
tions of proteins with low sequence hydrophobicity are
predicted to exhibit a single liquid phase over a wide range of
protein concentrations and temperatures. On the other hand,
solutions containing proteins with high sequence hydropho-
bicity display the type of temperature-inverted, first-order
L-L transition that is typically associated with hydrophobic
aggregation processes of amphiphilic molecules in aqueous
solutions. One of the most interesting results is that the L-L
transition that occurs in solutions of the most hydrophobic
protein that we study extends far below the equilibrium
unfolding curve, creating an immiscibility gap between two
very different types of phases—a dilute solution comprising
mostly native proteins and a concentrated solution of
predominantly denatured proteins.

The predicted trends for how sequence hydrophobicity
modifies the relative locations of the L-L phase transition and
the equilibrium unfolding curve appear to qualitatively agree
with the observed solution behavior of hemoglobin HbA and
its sickle variant HbS. Moreover, the results suggest that a
first-order L-L transition resulting in significant protein
denaturation should be expected to be found on the phase
diagram of high-hydrophobicity protein solutions. The
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concentration fluctuations associated with such a transition
could, in principle, be an important thermodynamic driving
force for the nonnative aggregation that occurs below T}, in
solutions of high hydrophobicity proteins such as myoglo-
bin. Nonetheless, further experimental and theoretical stud-
ies will be necessary to thoroughly test this prediction.

Finally, we recognize that, although many of the predic-
tions of this study are interesting, they derive from a highly
coarse-grained equilibrium model for protein solutions.
For example, this model does not capture the irreversible
formation of protein aggregates that are observed experimen-
tally (13). Although we predict that protein solutions will
ultimately be restabilized due to molecular crowding, solution
kinetics also play an important role in real protein environ-
ments, and may prevent this restabilization. However, using
this model, we are able to study the complicated nature of the
underlying driving forces for protein stability in solution.

Future studies that utilize this strategy may gain quanti-
tative results, at the expense of computational time, by using
more protein-specific collapse models that incorporate details
such as amino-acid residue correlations, folding intermediates,
or more information about the conformational fluctuations
of the denatured state. A more rigorous treatment of protein
solvation that can handle basic charge, salt, and pH effects
(see, e.g., (105) and (106)) would also broaden significantly
the applicability of the model. The effect of these additional
solvation parameters are nontrivial and difficult to predict
offhand, and we are working toward incorporating electro-
static interactions into our model. Currently, we are exploring
avenues to study directionality of the effective protein-protein
interactions, albeit in a coarse-grained manner. We expect the
added orientational aspects to lead to richer, more featured
phase diagrams, perhaps including the self-organization tran-
sitions (107) that are a central component of many biological
assembly processes.

We thank Dr. Allen Minton, Prof. Christopher Roberts, Prof. Venkat
Ganesan, and Dr. Jack Douglas for useful discussions.

JK.C. and T.M.T. gratefully acknowledge the financial support of the
Merck Company Foundation and the David and Lucile Packard Founda-
tion. J.R.E. gratefully acknowledges financial support from the James D.
Watson Investigator Program of the New York State Office of Science,
Technology and Academic Research. This study utilized the high-
performance computational capabilities of the Biowulf PC/Linux cluster
at the National Institutes of Health, Bethesda, MD (http://biowulf.nih.gov).

REFERENCES

1. Harper, J., and P. T. Lansbury. 1997. Models of amyloid seeding in
Alzheimer’s disease and scrapie: mechanistic truths and physiological
consequences of the time-dependent solubility of amyloid proteins.
Annu. Rev. Biochem. 66:385—407.

2. Fink, A. L. 1998. Protein aggregation: folding aggregates, inclusion
bodies, and amyloids. Fold. Des. 3:R9-R23.

3. Dobson, C. M. 2001. The structural basis of protein folding and its
links with human disease. Philos. Trans. R. Soc. Lond. B Biol. Sci.
356:133-145.

Biophysical Journal 90(6) 1949-1960



1958

4.

10.

12.

13.

14.

16.

17.

19.

20.

21.

22.

23.

24.

Wang, W. 2000. Lyophilization and development of solid protein
pharmaceuticals. Int. J. Pharm. 203:1-60.

. Krishnamurthy, R., and M. C. Manning. 2002. The stability factor:

importance in formulation development. Curr. Pharm. Biotechnol.
3:361-371.

. Kendrick, B. S., T. Li, and B. S. Chang. 2002. Rational Design of

Stable Protein Formulations. Kluwer Academic/Plenum Press, New
York. 61-83.

. Shire, S. J., Z. Shahrokh, and J. Liu. 2004. Challenges in the

development of high protein concentration formulations. J. Pharm.
Sci. 93:1390-1402.

. DeYoung, L. R., K. A. Dill, and A. L. Fink. 1993. Aggregation and

denaturation of apomyoglobin in aqueous urea solutions. Biochem-
istry. 32:3877-3886.

. Wetzel, R. 1994. Mutations and off-pathway aggregation of proteins.

Trends Biotechnol. 12:193—198.

Kendrick, B. S., J. F. Carpenter, J. L. Cleland, and T. W. Randolph.
1998. A transient expansion of the native state precedes aggregation
of recombinant human interferon-y. Proc. Natl. Acad. Sci. USA. 95:
14142-14146.

. Goldberg, M. E., R. Rudolph, and R. Jaenicke. 1991. A kinetic study

of the competition between renaturation and aggregation during the
refolding of denatured-reduced egg white lysozyme. Biochemistry.
30:2790-2797.

Sarfar, J., P. P. Roller, D. C. Gajdusek, and C. J. Gibbs. 1994. Scrapie
amyloid (prion) protein has the conformational characteristics of an
aggregated molten globule folding intermediate. Biochemistry.
33:8375-8383.

Chi, E. Y., S. Krishnan, T. Randolph, and J. Carpenter. 2003. Physical
stability of proteins in aqueous solution: mechanism and driving
forces in nonnative protein aggregation. Pharm. Res. 20:1325-1336.

Roberts, C. J. 2003. Kinetics of irreversible protein aggregation:
analysis of extended Lumry-Eyring models and implications for
predicting protein shelf life. J. Phys. Chem. B. 107:1194-1207.

. Fawzi, N. L., V. Chubukov, L. A. Clark, S. Brown, and T. Head-

Gordon. 2005. Influence of denatured and intermediate states of fold-
ing on protein aggregation. Protein Sci. 14:993-1003.

DeYoung, L. R., A. L. Fink, and K. A. Dill. 1993. Aggregation of
globular proteins. Acc. Chem. Res. 26:614-620.

Georgiou, G., P. Valax, M. Ostermeier, and P. M. Horowitz. 1994.
Folding and aggregation of TEM [-lactamase: analogies with the
formation of inclusion bodies in Escherichia coli. Protein Sci.
3:1953-1960.

. Horowich, A. 2002. Protein aggregation in disease: a role for folding

intermediates forming specific multimeric interactions. J. Clin. Invest.
110:1221-1232.

Dill, K. A. 1990. Dominant forces in protein folding. Biochemistry.
29:7133-7155.

San Biagio, P. L., and M. Palma. 1991. Spinodal lines and Flory-
Huggins free-energies for solutions of human hemoglobin HbS and
HbA. Biophys. J. 60:508-512.

Sciortino, F., K. U. Prasad, D. W. Urry, and M. U. Palma. 1993. Self-
assembly of biopolymeric structures from solutions: mean-field
critical behavior and Flory-Huggins free-energy of interactions.
Biopolymers. 33:743-752.

ten Wolde, P. R., and D. Frenkel. 1997. Enhancement of protein
crystal nucleation by critical density fluctuations. Science. 277:
1975-1978.

Galkin, O., and P. G. Vekilov. 2000. Control of protein crystal
nucleation around the metastable liquid-liquid phase boundary. Proc.
Natl. Acad. Sci. USA. 97:6277-6281.

Serrano, M. D., O. Galkin, S. T. Yau, B. R. Thomas, R. L. Nagel,
R. E. Hirsch, and P. G. Vekilov. 2001. Are protein crystallization
mechanisms relevant to understanding and control of polymerization
of deoxyhemoglobin S? J. Cryst. Growth. 232:368-375.

Biophysical Journal 90(6) 1949—-1960

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

Shen et al.

Chen, Q., P. G. Vekilov, R. L. Nagel, and R. E. Hirsch. 2004. Liquid-
liquid phase separation in hemoglobin: distinct aggregation mecha-
nisms of the 86 mutants. Biophys. J. 86:1702—-1712.

Vaiana, S. M., M. A. Rotter, A. Emanuele, F. A. Ferrone, and M. B.
Palma-Vittorelli. 2005. Effect of T-R conformational change on
sickle-cell hemoglobin interactions and aggregation. Proteins. 58:
426-438.

Gliko, O., N. Neumaier, W. Pan, H. Weichun, I. Haase, M. Fischer,
A. Bacher, S. Weinkauf, and P. G. Vekilov. 2005. A metastable
prerequisite for the growth of lumazine synthase crystals. J. Am.
Chem. Soc. 127:3433-3438.

Vaiana, S. M., M. B. Palma-Vittorelli, and M. U. Palma. 2003.
Timescale of protein aggregation dictated by liquid-liquid demixing.
Proteins. 51:147-153.

Kashchiev, D., P. G. Vekilov, and A. B. Kolomeisky. 2005. Kinetics
of two-step nucleation of crystals. J. Chem. Phys. 122:244706-1—
244706-6.

Dill, K. A., S. Bromberg, K. Z. Yue, K. M. Fiebig, D. Yee, P. D.
Thomas, and H. Chan. 1995. Principles of protein folding—a
perspective from simple exact models. Protein Sci. 4:561-602.

Duan, Y., and P. A. Kollman. 1998. Pathways to a protein folding
intermediate observed in a 1-us simulation in aqueous solution.
Science. 282:740-744.

Snow, C. D., H. Nguyen, V. S. Pande, and M. Gruebele. 2002.
Absolute comparison of simulated and experimental protein-folding
dynamics. Nature. 420:102-106.

Garcia, A. E., and J. N. Onuchic. 2003. Folding a protein in a
computer: an atomic description of the folding/unfolding of protein A.
Proc. Natl. Acad. Sci. USA. 100:13898-13903.

Herges, T., and W. Wenzel. 2004. An all-atom force field for tertiary
structure prediction of helical proteins. Biophys. J. 87:3100-3109.

Rosenbaum, D. F., and C. F. Zukoski. 1996. Protein interactions and
crystallization. J. Cryst. Growth. 169:752-758.

Neal, B. L., D. Asthagiri, and A. M. Lenhoff. 1998. Molecular origins
of osmotic second virial coefficients of proteins. Biophys. J. 75:
2469-24717.

Lomakin, A., N. Asherie, and G. B. M. Benedek. 1999. Aeolotopic
interactions of globular proteins. Proc. Natl. Acad. Sci. USA. 96:
9465-9468.

Leckband, D., and S. Sivasanker. 1999. Forces controlling protein
interactions: theory and experiment. Colloid Surf. B. 14:83-97.

Hloucha, M., J. F. M. Lodge, A. M. Lenhoff, and S. I. Sandler. 2001.
A patch-antipatch representation of specific protein interactions.
J. Cryst. Growth. 232:195-203.

Curtis, R. A., C. Steinbrecher, A. Heinemann, H. W. Blanch, and
J. M. Prausnitz. 2002. Hydrophobic forces between protein molecules
in aqueous solutions of concentrated electrolyte. Biophys. Chem.
98:249-265.

Foffi, G., G. D. McCullagh, A. Lawlor, E. Zaccarelli, K. A. Dawson,
F. Sciortino, P. Tartaglia, D. Pini, and G. Stell. 2002. Phase equilibria
and glass transition in colloidal systems with short-ranged attractive
interactions: application to protein crystallization. Phys. Rev. E. 65:
031407-1-031407-17.

Dixit, N. M., and C. F. Zukoski. 2003. Competition between
crystallization and gelation: a local description. Phys. Rev. E. 67:
061501-1-061501-13.

Cheung, J. K., and T. M. Truskett. 2005. A coarse-grained strategy for
modeling protein stability in concentrated solutions. Biophys. J. 89:
2372-2384.

Fields, G. B., D. Alonso, D. Stigter, and K. A. Dill. 1992. Theory
for the aggregation of proteins and copolymers. J. Phys. Chem. 96:
3974-3981.

Zimmermann, S. B., and A. P. Minton. 1993. Macromolecular
crowding: biochemical, biophysical and physiological consequences.
Annu. Rev. Biophys. Biomol. Struct. 22:27-65.



Phase Behavior of Protein Solutions

46.

47.

48.

49.

50.

S1.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Smith, A. V., and C. K. Hall. 2001. Protein refolding versus aggre-
gation: computer simulations on an intermediate-resolution protein
model. J. Mol. Biol. 312:187-202.

Dima, R. I, and D. Thirumalai. 2002. Exploring protein aggregation
and self-propagation using lattice models: phase diagrams and
kinetics. Protein Sci. 11:1036—-1049.

Braun, F. N. 2002. Adhesion and liquid-liquid phase separation in
globular protein solutions. J. Chem. Phys. 116:6826—6830.

Hall, D.,, and A. P. Minton. 2003. Macromolecular crowding:
qualitative and semiquantitative successes, quantitative challenges.
Biochim. Biophys. Acta. 1649:127-139.

Kinjo, A. R., and S. Takada. 2003. Competition between protein
folding and aggregation with molecular chaperones in crowded solu-

tions: insight from mesoscopic simulations. Biophys. J. 85:3521-
3531.

Jang, H., C. K. Hall, and Y. Zhou. 2004. Thermodynamics and
stability of a B-sheet complex: molecular dynamics simulations on
simplified off-lattice protein models. Protein Sci. 13:40-53.

Nguyen, H. D., and C. K. Hall. 2004. Molecular dynamics simu-
lations of spontaneous fibril formation by random-coil peptides. Proc.
Natl. Acad. Sci. USA. 101:16180-16185.

Nguyen, H. D., and C. K. Hall. 2004. Phase diagrams describing
fibrillization by polyalanine peptides. Biophys. J. 87:4122-4134.

Sear, R. P. 2004. Solution stability and variability in a simple model
of globular proteins. J. Chem. Phys. 120:998-1005.

Cheung, M. S., D. Klimov, and D. Thirumalai. 2005. Molecular
crowding enhances native state stability and refolding rates of
globular proteins. Proc. Natl. Acad. Sci. USA. 102:4753-4758.

Dill, K. A. 1985. Theory for the folding and stability of globular
proteins. Biochemistry. 24:1501-1509.

Dill, K. A., D. O. V. Alonso, and K. Hutchinson. 1989. Thermal
stability of globular proteins. Biochemistry. 28:5439-5449.

Errington, J. R. 2003. Direct calculations of liquid-vapor phase
equilibria from transition matrix Monte Carlo simulations. J. Chem.
Phys. 118:9915-9925.

Shen, V. K., and J. R. Errington. 2005. Determination of fluid-phase
behavior using transition-matrix Monte Carlo: binary Lennard-Jones
mixtures. J. Chem. Phys. 122:064508-1-064508-17.

Errington, J. R., and V. K. Shen. 2005. Direct evaluation of multi-
component phase equilibria using flat histogram methods. J. Chem.
Phys. 123:164103.

Rebelo, L. P. N., Z. P. Visak, H. C. de Sousa, J. Szydlowski, R.
Gomes de Azevedo, A. M. Ramos, V. Najdanovic-Visak, M. N. da
Ponte, and J. Klein. 2002. Double critical phenomena in (water +
polyacrylamides) solutions. Macromolecules. 35:1887—1895.

Moelbert, S., B. Normand, and P. De Los Rios. 2004. Solvent-
induced micelle formation in a hydrophobic interaction model. Phys.
Rev. E. 69:061924-1-061924-11.

Yan, Y., Q. Wang, H. He, X. Hu, R. Zhang, and H. Zhou. 2003. Two-
dimensional infrared correlation spectroscopy study of sequential
events in the heat-induced unfolding and aggregation process of
myoglobin. Biophys. J. 85:1959-1967.

Tanford, C. 1962. Contribution of hydrophobic interactions to the
stability of the globular conformation of proteins. J. Am. Chem. Soc.
84:4240-4247.

Shen, M., F. Davis, and A. Sali. 2005. The optimal size of a globular
protein domain: a simple sphere-packing model. Chem. Phys. Lett.
405:224-228.

Petsev, D. N., X. Wu, O. Galkin, and P. G. Vekilov. 2003.
Thermodynamic functions of concentrated protein solutions from
phase equilibria. J. Phys. Chem. B. 107:3921-3926.

Johnson, J. K., A. Z. Panagiotopoulos, and K. E. Gubbins. 1994.
Reactive canonical Monte Carlo: a new simulation technique for
reacting or associating fluids. Mol. Phys. 81:717-733.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

1959

Johnson, J. K. 1999. Reactive canonical Monte Carlo. Adv. Chem.
Phys. 105:461-481.

Sandler, S. I. 1999. Chemical and Engineering Thermodynamics, 3rd
Ed. John Wiley and Sons, New York.

Fitzgerald, M., R. R. Picard, and R. N. Silver. 1999. Canonical
transition probabilities for adaptive Metropolis simulation. Europhys.
Lett. 46:282-287.

Wang, J.-S., T. K. Tay, and R. H. Swendsen. 1999. Transition matrix
Monte Carlo reweighting dynamics. Phys. Rev. Lett. 82:476-479.

Fitzgerald, M., R. R. Picard, and R. N. Silver. 2000. Monte Carlo
transition dynamics and variance reduction. J. Stat. Phys. 98:
321-345.

Wang, J.-S., and R. H. Swendsen. 2002. Transition matrix Monte
Carlo method. J. Stat. Phys. 106:245-285.

Errington, J. R. 2003. Evaluating surface tension using grand-
canonical transition-matrix Monte Carlo simulation and finite-size
scaling. Phys. Rev. E. 67:012102.

Singh, J. K., D. A. Kofke, and J. R. Errington. 2003. Surface tension
and vapor-liquid phase coexistence of the square-well fluid. J. Chem.
Phys. 119:3405-3412.

Singh, J. K., and D. A. Kofke. 2004. Molecular simulation study of
effect of molecular association on vapor-liquid interfacial properties.
J. Chem. Phys. 121:9574-9580.

Shen, V. K., and J. R. Errington. 2004. Metastability and instability in
the Lennard-Jones investigated via transition-matrix Monte Carlo.
J. Phys. Chem. B. 108:19595-19606.

Errington, J. R. 2004. Prewetting transitions for a model argon on a
solid carbon dioxide system. Langmuir. 20:3798-3804.

Erringon, J. R. 2004. Solid-liquid phase coexistence of the Lennard-
Jones system through phase-switch Monte Carlo simulation. J. Chem.
Phys. 120:3130-3141.

Tester, J. W., and M. Modell. 1996. Thermodynamics and Its
Applications, 3rd Ed. Prentice Hall, Englewood Cliffs, New Jersey.

Smith, W. R., and B. Triska. 1993. The reaction ensemble method for
the computer simulation of chemical and phase equilibria. I. Theory
and basic examples. J. Chem. Phys. 4:3019-3027.

Berg, B. A., and T. Neuhaus. 1992. Multicanonical ensemble: a new
approach to simulate first-order phase transitions. Phys. Rev. Lett.
68:9-12.

Ferrenberg, A. M., and R. H. Swendsen. 1988. New Monte Carlo
technique for studying phase transitions. Phys. Rev. Lett. 61:2635—
2638.

Steinhardt, P. J., D. R. Nelson, and M. Ronchetti. 1983. Bond-
orientational order in liquids and glasses. Phys. Rev. B. 28:784-805.

Truskett, T. M., S. Torquato, and P. G. Debenedetti. 2000. Towards a
quantification of disorder in materials: distinguishing equilibrium and
glassy sphere packings. Phys. Rev. E. 62:993-1001.

Torquato, S., T. M. Truskett, and P. G. Debenedetti. 2000. Is random
close packing of sphere well defined? Phys. Rev. Lett. 84:2064-2067.

Errington, J. R., P. G. Debenedetti, and S. Torquato. 2003.
Quantification of order in the Lennard-Jones system. J. Chem. Phys.
118:2256-2263.

Sochava, I. V., T. V. Belopolskaya, and O. I. Smirnova. 1985. DSC
study of reversible and irreversible thermal denaturation of concen-
trated globular protein solutions. Biophys. Chem. 22:323-336.

Tomicki, P., R. L. Jackman, and D. W. Stanley. 1996. Thermal
stability of metmyoglobin in a model system. Lebensm. Wiss. U.
Technol. 29:547-551.

Casares, S., M. Sadqi, O. Lopez-Mayorga, F. Conejero-Lara, and
N. A. J. van Nuland. 2004. Detection and characterization of partially

unfolded oligomers of the SH3 domain of a-spectrin. Biophys. J. 86:
2403-2413.

Eggers, D. K., and J. S. Valentine. 2001. Molecular confinement
influences protein structure and enhances thermal protein stability.
Protein Sci. 10:250-261.

Biophysical Journal 90(6) 1949-1960



1960

92.

93.

94.

95.

96.

97.

98.

99.

Bolis, D., A. S. Politou, G. Kelly, A. Pastore, and P. A. Temussi.
2004. Protein stability in nanocages: a novel approach for influenc-
ing protein stability by molecular confinement. J. Mol. Biol. 336:
203-212.

Ellis, R. J. 2001. Macromolecular crowding: an important but
neglected aspect of the intracellular environment. Curr. Opin. Struct.
Biol. 11:114-119.

Zhou, H., and K. A. Dill. 2001. Stabilization of proteins in confined
spaces. Biochemistry. 40:11289-11293.

Kirmizialtin, S., V. Ganesan, and D. E. Makarov. 2004. Translocation
of a B-hairpin-forming peptide through a cylindrical tunnel. J. Chem.
Phys. 121:10268-10277.

Shortle, D., W. Stites, and A. Meeker. 1990. Contributions of large
hydrophobic amino acids to the stability of staphylococcal nuclease.
Biochemistry. 29:8033-8041.

Shortle, D., H. S. Chan, and K. A. Dill. 1992. Modeling the effects of
mutations on the denatured states of proteins. Protein Sci. 1:201-215.
Alonso, D. O. V., and K. A. Dill. 1991. Solvent denaturation and
stabilization of globular proteins. Biochemistry. 20:5974-5985.
Litvinovich, S. V., S. A. Brew, S. Aota, S. K. Akiyama, C.
Haudenschild, and K. C. Ingham. 1998. Formation of amyloid-like

fibrils by self-association of a partially unfolded fibronectin type III
module. J. Mol. Biol. 280:245-258.

Biophysical Journal 90(6) 1949-1960

100.

101.

102.

103.

104.

105.

106.

107.

Shen et al.

Chiti, F., P. Webster, N. Taddei, A. Clark, M. Stefani, G. Ramponi,
and C. M. Dobson. 1999. Designing conditions for in vitro formation
of amyloid protofilaments and fibrils. Proc. Natl. Acad. Sci. USA.
96:3590-3594.

Ramirez-Alvarado, M., J. S. Merkel, and L. Regan. 2000. A
systematic exploration of the influence of protein stability on amyloid
fibril formation in vitro. Proc. Natl. Acad. Sci. USA. 97:8979-8984.
Chiti, F., N. Taddei, M. Bucciantini, P. White, G. Ramponi, and C. M.
Dobson. 2000. Mutational analysis of the propensity for amyloid for-
mation by a globular protein. EMBO J. 19:1441-1449.

Manno, M., P. L. S. Biagio, and M. U. Palma. 2004. The role of pH
on instability and aggregation of sickle hemoglobin solutions.
Proteins. 55:169-176.

Ferrone, F. A. 2004. Polymerization and sickle cell disease: a molec-
ular view. Microcirculation. 11:115-128.

Stigter, D., D. O. V. Alonso, and K. A. Dill. 1991. Protein stability:
electrostatic and compact denatured states. Proc. Natl. Acad. Sci. USA.
88:4176-4180.

Alonso, D. O. V., K. A. Dill, and D. Stigter. 1991. The three states of
globular proteins: acid denaturation. Biopolymers. 31:1631-1649.
Van Workum, K., and J. F. Douglas. 2005. Equilibrium polymeri-
zation in the Stockmayer fluid as a model of supermolecular self-
organization. Phys. Rev. E. 71:031502-1-031502-15.



	Coarse-Grained Strategy for Modeling Protein Stability in Concentrated Solutions. II: Phase Behavior
	Introduction
	Coarse-grained modeling strategy
	Intrinsic stability of a protein
	Protein-protein interactions


	Methods
	Transition-matrix Monte Carlo
	Simulation details

	Results and discussion
	Conclusions
	References


