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In this dissertation, we develop a coarse-grained model to study protein stability in

concentrated protein solutions. Our approach uses information from a heteropoly-

mer collapse theory to determine the thermodynamics and physical characteristics

of the native and denatured protein states. This information is incorporated into

state-dependent inter-protein potentials. The magnitudes of the protein-protein at-

tractions are based on mean-field calculations, which are related to the properties of

the native and denatured states. This approach connects protein sequence informa-

tion with protein-protein interactions and ultimately, through computer simulations

and analytical theories, the effects of protein concentration on protein stability.
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Our results show that proteins will denature in solution if the driving force for

unfolding, which is associated with the strength of the hydrophobic attractions be-

tween nonpolar amino acid residues, outweighs stabilizing “crowding” effects. How-

ever, we predict that sequence hydrophobicity plays a strong, nontrivial role in

determining whether a protein is stabilized or destabilized as a function of concen-

tration in solution. Protein sequences with a higher fraction of hydrophobic residues

show non-monotonic stability behavior as protein concentration is increased, while

protein sequences with a lower fraction of hydrophobic residues tend to be stabi-

lized as a function of protein concentration. Our results agree with the available

experimental data.

We also extend the original heteropolymer collapse theory to account for

both the effects of pressure on protein stability and the presence of hydrophobic

patches on the native protein surface. By accounting for the effects of pressure on

hydrophobic hydration, we are able to reproduce the characteristic “closed-loop”

stability diagrams typically observed for globular proteins as a function of temper-

ature and pressure. We find that strong directional attractions, as a result of the

hydrophobic patches on the native protein surface, can stabilize the native state by

forming highly organized chains, similar to the experimentally observed behavior

for sickle cell hemoglobin.

Finally, we combine the above ideas into an analytical theory to study the

effects of temperature, pressure, and concentration on protein stability. Our results

are qualitatively consistent with both experimental literature and our results from

the computer simulations. We also suggest some future directions for this project.
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Chapter 1

Introduction

Proteins are considered to be “marginally stable” in solution because they are bi-

ologically active over only a narrow range of environmental conditions. For these

conditions, proteins fold into their functioning native states and play important roles

in biological processes and pharmaceutical applications. In fact, proteins participate

in many aspects of the biochemical transport and regulation required for living or-

ganisms (162). For example, the protein hemoglobin transports oxygen from the

lungs to cells throughout the human body. As therapeutic drugs, proteins are used

in applications including targeting infectious diseases and moderating critical home-

ostatic environments. Insulin, one of the first industrially manufactured proteins, is

used to regulate blood glucose levels.

Outside physiological conditions, proteins often misfold or unfold. In the

crowded cellular environment, only correctly folded proteins display long term sta-

bility (49). Unfolded and misfolded proteins have much different physical charac-

teristics and properties compared to their native counterparts (38, 189), and their

interactions often result in unwanted and unpredictable off-pathway aggregation
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(60, 158, 235). This behavior has been implicated in a number of debilitating

pathological conditions like Parkinson’s disease and Alzheimer’s disease as well as

Down’s syndrome (1, 43, 44, 94, 110). Protein instability is also known to cause

rapid degradation of pharmaceutical formulations, reducing the shelf-life of new bi-

ological drugs and restricting the strategies available for purification, handling, and

delivery of biotherapeutics (12, 27, 111, 112, 187).

Therefore, determining the causes and conditions that lead to protein unfold-

ing and subsequent aggregation is a priority. For example, Alzheimer’s disease in the

United States alone is expected to affect over 11.3 million people by the year 2050

(89), and biotherapeutic drugs represent a projected $70 billion market for the phar-

maceutical industry by the year 2010 (232). Consequently, a generic understanding

of the driving forces that lead to protein degradation in solution is an important

step in providing a physical basis for the mechanisms related to protein diseases

as well as determining optimized conditions for pharmaceutical biotherapeutic drug

processing.

However, predicting conditions that lead to protein degradation is a formidable

challenge, because proteins are inherently large and complex molecules. Because of

their biological and bioindustrial relevance, though, protein stability in solution has

been an active area of research. One way to decompose the various factors involved

in protein stability is to develop simple models that capture the essential physics of

the protein solution environment. In basic terms protein stability in concentrated

solutions is dependent on both the “intrinsic” stability of the protein and protein-

protein interactions. Below we briefly describe the major forces associated with the

folding process and how hydrophobic interactions may destabilize the native state

due to inter-protein interactions.
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1.1 Intrinsic protein stability

The intrinsic free energy of folding characterizes the difference in free energy between

the denatured and native state in the absence of protein-protein interactions. This

free energy quantifies the competition between effective inter-residue attractions,

which favors collapse to the native state, and the loss of chain entropy, which favors

the expanded, denatured state. The marginal stability exhibited by proteins is

largely due to the balance of these competing forces. In general, the intrinsic free

energy of folding is dependent on temperature, pressure, and solute concentration

in solution.

The major driving force for protein folding is believed to be the hydropho-

bic interactions between nonpolar residues (35, 108), while other interactions (e.g.,

electrostatics, hydrogen bonding, and van der Waals forces) are assumed to play a

secondary role related to specific structuring of the native state (35). This idea is

reinforced by the thermodynamic similarities between the temperature-dependent

unfolding of a protein and the temperature-dependent transfer of nonpolar solutes

into water (158, 160), a process that can be associated with the strength of hy-

drophobic interactions (36).

A protein folds to shield a majority of its nonpolar residues from contact with

the aqueous solvent. Typically, the interior of a native state protein, the protein

core, is mainly hydrophobic, while the surface exposed to the solvent is mainly

hydrophilic. Experimental evidence for these hydrophobic cores have been found

for a variety of globular proteins (132). As mentioned above, protein folding is

opposed by the loss of chain conformational entropy. While the denatured state

exists as a broad ensemble of unfolded states (38, 190), the native state exists as a

highly structured conformation (15).
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Owing to the specific nature of the native state, it is easy to imagine how

small changes to the protein sequence can affect the protein folding process and

the stability of the native state. A site mutation that changes the identity of an

amino acid residue may reduce the stability of the protein (66, 218) or change the

native state behavior of the protein. For example, the well known mutation of wild

type hemoglobin to sickle cell hemoglobin results in a protein that self-associates in

solution (58). In general, the possibility of misfolding (and aggregation) increases

as mutations within a protein sequence increase (45).

Factors that influence protein stability

As mentioned previously, small changes to solution conditions strongly affect whether

a protein folds or unfolds (160). Therefore, conditions that weaken the hydrophobic

attraction between nonpolar residues or increase the relative importance of the chain

entropy will favor the unfolded state. Perhaps the most well known environmental

variable that influences protein stability is temperature. Increasing temperature

unfolds the compact, native state to the more expanded, denatured state (35, 160).

This behavior can be explained by the increase in chain conformational entropy

gained upon unfolding, which is favored at high temperatures (161). High temper-

ature induced unfolding (or “warm” denaturation) has been measured for a variety

of globular proteins (14, 46). Fig. 1.1a is the thermal denaturation curve for the

globular protein staphylococcal nuclease at ambient pressure.

However, proteins also unfold at low temperatures, so-called “cold” denatu-

ration. In this case, the dominant force for folding, the strength of the hydrophobic

interaction, is weakened at low temperatures. Experimental evidence support this

idea, since nonpolar solutes become more soluble in aqueous solution at low tem-
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Figure 1.1: Experimental protein stability, measured as the fraction of proteins in
the native state, for staphylococcal nuclease measured using FTIR for (a) thermal
(“warm”) denaturation at ambient pressure (b) pressure denaturation at 298 K and
(c) protein native-state stability in the temperature-pressure plane. In panels (a)
and (b), the dashed line indicates the temperature and pressure where the fraction
of native and denatured proteins are equal (i.e. the native fraction = 0.5). Panel
(c) plots the locus of temperatures and pressures where the native fraction is 0.5.
Data obtained from results in Ref. (150).

peratures (160). Cold denaturation has been experimentally observed for a variety

of globular proteins (159).

Increasing pressure from ambient conditions can also destabilize the native

state because pressure effects relate to the specific volume of the protein conforma-

tion and the properties of the aqueous solvent. Le Chatlier’s principle predicts that,

at high pressures, the conformation that occupies the smallest volume is favored.

For proteins, the denatured state occupies a smaller specific volume than the na-

tive state due partly to the hydration of void spaces and cavities that exist in the

native protein core (67, 196). Recently, information theory calculations were able
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to capture some experimental trends related to the volume associated with pressure

driven unfolding events (95, 97). These results, which are also supported by molec-

ular simulations (72, 73), show that high pressure can also destabilize hydrophobic

attractions, reducing the attractive forces that act as the main driving force for

protein collapse. Fig. 1.1b is the experimentally determined pressure denaturation

curve for staphylococcal nuclease at 303 K.

Projecting the temperature and pressure dependent stability of the native

state in the pressure-temperature plane results in a ellipsoidal curve that brackets

the conditions where the native state is favored. The dashed lines in Figure 1.1a and

Figure 1.1b indicate the temperature and pressure where the fraction of native pro-

teins is 0.5, respectively. Under these conditions, neither the native nor denatured

conformation is thermodynamically favored. The collection of points in Figure 1.1c

is the locus of temperature and pressures where the fraction of native proteins is 0.5.

In general, globular proteins exhibit this kind of “closed-loop” stability behavior as

a function of temperature and pressure (86, 196).

In addition to temperature and pressure, proteins can be destabilized in the

presence of small molecule denaturing solutes such as urea. Transfer experiments

of nonpolar residues from their like phase to aqueous solution report that the ini-

tially unfavorable transfer becomes more favorable as urea concentration is increased

(145). The addition of denaturants to proteins in solution weakens the strength of

the hydrophobic interaction, decreasing the driving force to fold.

It is clear that to prevent protein degradation and maximize protein stabil-

ity, careful control over the temperature, pressure, and solution conditions, among

other factors, is necessary. However, the above listed examples also assume that the

protein is at infinite dilution or very low concentrations. The addition of protein-
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protein interactions may have some non-trivial effects on protein stability. In the

next section, we briefly discuss the impact of protein concentration on protein sta-

bility.

1.2 Protein-protein interactions

The intrinsic protein stability and protein-protein interactions are closely related

(27) because the hydrophobic interactions that, as described above, are the main

driving force for protein folding (35), are also an important factor related to protein-

protein attractions (112). In general, the strength of these attractions are dependent

on the conformation of the participating proteins. Therefore hydrophobic inter-

actions can play a larger, nontrivial role in affecting protein stability. Focusing

specifically on the free energy associated with desolvating hydrophobic residues, the

magnitude of attraction between conformations that expose a large fraction of hy-

drophobic residues (i.e. the denatured state) will be greater than conformations

that expose a small fraction of hydrophobic residues (i.e. the native state). For

example, lysozyme in its denatured state will aggregate while under the same condi-

tions the native state will not associate (76). All things being equal, protein-protein

attractions may destabilize the native state if the interaction free energies outweigh

the folding free energies. Experimentally, interactions are manifested through the

effects of protein concentration.

While we comment above that hydrophobic protein attractions may desta-

bilize the native state (if the unfolded proteins can desolvate a greater number of

hydrophobic residues) the opposite is also possible: inter-protein interactions can

stabilize the native state (if the folded proteins can desolvate a large number of hy-

drophobic residues). For instance, proteins with hydrophobic patches on the surface
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of the native state can be stabilized by the favorable free energies associated with the

desolvation of these patches. Of course for the patches to be in contact, the proteins

must be properly oriented. This behavior has been observed for β-lactoglobulin:

large hydrophobic patches on the surface of the native protein monomer help in

the formation of the protein dimer (98). The stability of this protein is increased

because unfolding requires the additional step of first dissociating the native dimer

(82).

In this work, it is our aim to investigate the subtle relationship between

protein stability and protein-protein interactions. Molecular models of varying levels

of sophistication may help describe these competing effects. However, to study

concentrated protein solutions, we need to be able to account for both the intrinsic

stability of the protein as well as the magnitude of the attraction between proteins.

In the next section, we introduce our general framework to modeling concentrated

protein solutions.

1.3 General coarse-grained modeling strategy

Molecular simulations of protein folding is a subject of great interest (37, 47, 69,

90, 201). Determining the exact kinetics and folding pathways from the denatured

ensemble to the native structure, though, is computationally taxing. Both super-

computers (174) and distributed computing (148) are being used to study the folding

of peptide fragments and small proteins at the atomistic level. These studies have

provided exciting new results and have aided in the understanding of the complex-

ities of protein folding, but they mainly focus on a single protein molecule, while

proteins in vitro and in pharmaceutical processes are typically in relatively concen-

trated solutions (49, 187)
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Conversely, protein-protein interactions (and the corresponding conditions

for protein solubility) have also been an active area of research (31, 42, 92, 123,

128, 141, 170, 212, 237). Crystallization of proteins from solution is important to

produce pure protein pharmaceuticals. Under conditions that favor the native state,

proteins can be approximated as colloids with short ranged attractions. However,

this approach does not account for the molecular stability of the protein or amino

acid sequence information.

To develop a comprehensive picture of protein stability in solution, we need

to be able to model both the physics of protein conformational stability and protein-

protein interactions in a computationally tractable manner. Our general strategy

is therefore to use a simplified model for protein folding that captures the basic

thermodynamics and physical characteristics of the native and denatured states.

The state dependent properties can then be used to describe concentrated protein

solutions. Below we outline the framework for our approach:

1. Employ a computationally tractable protein folding model

that determines average structural characteristics of native

and denatured proteins. Because we want to be able to simulate

concentrated protein solutions, precise atomistic folding processes are

currently too computationally prohibitive to use in this approach.

As the basis for our study, we choose to use an equilibrium, two-

state heteropolymer collapse (HPC) theory that captures many of

the thermodynamic and physical properties of proteins in solution

(34, 36).

2. Use the molecular characteristics determined from the pro-

tein folding model to derive approximate center-to-center
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“inter-protein” potentials. In this step, we determine the effec-

tive diameters and free energy changes associated with the forma-

tion of native-native (NN), native-denatured (ND), and denatured-

denatured (DD) contacts based on the properties from the protein

folding model. We then integrate this information into an effective

state-dependent protein-protein interaction potential.

3. Predict how environmental conditions and sequence informa-

tion affect the native-state stability of proteins in solution.

Using the above derived state-dependent inter-protein potentials and

the intrinsic free energy of folding as inputs into computer simulations

and analytical theory, we study how protein concentration, temper-

ature, and pressure affect the overall fraction of folded proteins in

solution for proteins with different native state characteristics. We

compare our results with experimental data for single domain glob-

ular proteins.

1.4 Dissertation organization

Using the HPC theory to describe native and denatured proteins and the above

described framework, we study the effects of protein interactions and other environ-

mental factors on protein stability. The dissertation is organized as follows:

1.4.1 Chapter 2: The conformational stability of proteins in con-

centrated protein solutions

We investigate the connections between protein sequence hydrophobicity, protein-

protein interactions, protein concentration, and the thermodynamic stability of the
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native state. We predict that sequence hydrophobicity can affect the native state

stability of proteins in solution. In particular, low hydrophobicity proteins are pri-

marily stabilized by increases in protein concentration while high hydrophobicity

proteins exhibit a richer, nonmonotonic behavior. The predicted trends agree with

experimental data for globular proteins.

1.4.2 Chapter 3: Solution phase stability of proteins in concen-

trated protein solutions

We extend the approach used to study protein conformational stability to also study

the fluid phase boundaries in concentrated protein solutions. We find that low hy-

drophobicity proteins generally exhibit a single liquid phase, while solutions of pro-

teins with high sequence hydrophobicity display the type of temperature-inverted,

liquid-liquid transition associated with aggregation process of proteins.

1.4.3 Chapter 4: Directional protein interactions

We rederive the original HPC theory to account for non-uniform spatial distribu-

tions of hydrophobic residues on the solvent-exposed surface of native proteins in

solution. We then study how “patchy” protein surfaces can modify the intrinsic

thermodynamic stability of the native state, the inter-protein interactions, and the

self-assembly/aggregation behaviors of proteins in solution. We contrast the sim-

ulated stability behaviors of the patchy proteins with the uniform proteins of the

same sequence characteristics. We also compare our results with the experimental

solution behaviors for several native proteins with strong directional interactions.
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1.4.4 Chapter 5: Pressure dependence of protein stability

We revisit the original temperature-dependent HPC theory to also account for pres-

sure by introducing a basic statistical mechanical treatment for how pressure impacts

the solvent-mediated interactions between hydrophobic amino acid residues. In par-

ticular, we estimate the strength of the hydrophobic interactions using a molecular

thermodynamic model for the interfacial free energy between liquid water and a

curved hydrophobic solute. The model predicts that the water-solute interface is

more easily hydrated at high pressures, providing a possible mechanism for protein

denaturation. Protein stability is predicted to display the closed loop region of sta-

bility in the pressure-temperature plane exhibited by many globular proteins. We

compare our predictions with the experimental data for several proteins.

1.4.5 Chapter 6: Influence of temperature, pressure, and concen-

tration on protein stability

We study the effects of temperature, pressure, and protein concentration on the

native-state stability of globular proteins in solution. The intrinsic thermodynamic

stability and coarse structural properties of the proteins, as well as the effective

protein-protein interactions, derive from the heteropolymer collapse theory of Chap-

ter 5. Protein concentration effects are estimated by integrating this information

into a molecular thermodynamic model, which is an ad hoc generalization of the

exact equilibrium theory of a one-dimensional binary mixture of square-well parti-

cles that interconvert through an isomerization (i.e., folding) reaction. This simple

analytical model can predict that folded proteins exhibit a closed-loop region of

stability in the pressure-temperature plane and that protein concentration has a

non-monotonic effect on protein stability, results consistent with qualitative trends
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observed in both experiments of protein solutions and simulations of coarse-grained

protein models.

1.4.6 Chapter 7: Conclusions and future work

We present a summary of the coarse grained approach as well as some future direc-

tions for this research.
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Chapter 2

Conformational stability of

proteins in concentrated

solutions

2.1 Introduction

As discussed in Chapter 1, proteins encounter a wide variety of solution environ-

ments in biological and pharmaceutical processes, exposing them to thermal, me-

chanical, osmotic, and chemical stresses. Moreover, in order to describe protein

behavior in solution, one must develop a generic and reliable method for account-

ing for hydrophobic interactions (5, 97, 129, 155, 156, 163, 204, 208), which are

the dominant forces in biomolecular folding (35, 108) and assembly events (223).

These interactions have been particularly challenging to model because they exhibit

subtle dependencies on both the state of the solution and the size and shape of the

participating solutes.
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Although the aforementioned aspects of protein stability have been long ap-

preciated, theoretical investigations have focused more on their independent study

than on devising comprehensive strategies for integrating them into a single model.

For example, models developed to investigate the single-molecule protein folding

problem (37, 47, 69, 90, 201) are almost exclusively too complicated to be ex-

tended, either theoretically or via computer simulation, to investigate the collec-

tive behavior of thousands of proteins and millions of water molecules in solu-

tion. On the other hand, many recent theoretical models introduced to study the

thermodynamics of crystallization or liquid-liquid phase separation in protein solu-

tions (31, 42, 64, 92, 123, 128, 141, 170, 212, 237), while insightful in many respects,

do not consider protein sequence information, the polymeric character of the individ-

ual proteins, or the possibility of protein unfolding. Despite the development of some

powerful coarse-grained models that address some of these issues (11, 40, 59, 79–

81, 100, 101, 114–116, 134, 135, 142, 143, 181, 197–199, 241), theoretical methods

that can provide a comprehensive understanding of the protein stability problem

are still lacking.

In this chapter, we introduce a new theoretical strategy for treating, in a

simple integrated way, basic aspects of the single-molecule protein folding problem,

protein-protein interactions, and the global thermodynamics of protein solutions.

We then use this approach to study the thermal stability of protein molecules in

concentrated aqueous environments. In particular, we would like to gain some phys-

ical insights into why the native-state stabilities of three commonly studied single-

domain globular proteins – ribonuclease A, lysozyme, and metmyoglobin – display

different experimental dependencies on protein concentration. Calorimetric studies

indicate that, for the conditions investigated, ribonuclease A shows slightly increas-
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ing native-state stability with increasing protein concentration (202), while lysozyme

exhibits decreasing stability (29). Moreover, metmyoglobin shows non-monotonic

behavior: increasing protein concentration decreases native-state stability in dilute

solutions but increases stability at high concentrations (215). The non-monotonic

trend for metmyoglobin persists over a wide range of thermodynamic conditions,

with the concentration of minimum stability falling in the range 10 - 50 mg/ml

depending on the pH and salt concentration of the solution.

To our knowledge, there is not yet a conceptual framework for understanding

these experimental findings or relating them to the biophysical characteristics of the

individual protein molecules. However, since hydrophobic interactions are a central

component for both protein stability and protein-protein interactions, it is natural

to ask whether one should also expect sequence hydrophobicity to be an important

factor here. If one designates amino acids Ala, Gly, Ile, Leu, Met, Phe, Pro, Trp,

and Val as “hydrophobic” (see, e.g., (183)), then protein sequences for ribonuclease

A, lysozyme, and metmyoglobin are 33%, 44%, and 51% hydrophobic, respectively.

We will use this hydrophobicity scale throughout the present chapter, but other

commonly used hydrophobicity scales (see, e.g., (209) and (36)) show the same

trend. Given these differences and the experimental observations discussed above,

it is reasonable to hypothesize that the hydrophobic content of a protein’s sequence

may help to determine the qualitative concentration dependence of its native-state

stability in solution. Here, we use our coarse-grained strategy to explore this idea,

and whether predicted trends are consistent with the available experimental data

for single-domain globular proteins.

We find that calculations based on our model suggest a simple physical pic-

ture for understanding the concentration dependencies of native-state stability that
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is consistent with the experiments. Specifically, they predict that globular proteins

with lower sequence hydrophobicity, such as ribonuclease A, will tend to be stabi-

lized by increases in protein concentration due to entropic crowding effects. They

also predict that globular proteins with higher sequence hydrophobicity, such as

metmyoglobin, will display concentration destabilization at lower protein concen-

trations due to protein-protein interactions and crowding-induced restabilization at

higher protein concentrations. Of course, there are still important open questions

about the generality of these conclusions that need to be systematically explored,

including quantifying the precise role of solution pH, salt concentration, and pro-

tein charge. A more comprehensive set of experimental data for the concentration

dependencies of globular protein stabilities in solution also seems necessary to fully

decouple and analyze the roles of these various factors. Nonetheless, we believe that

this work provides a promising starting point for predicting, and ultimately under-

standing, the thermodynamic consequences of protein concentration on native-state

stability in solution.

2.2 General coarse-grained modeling strategy

Our general strategy for modeling the various aspects of native-state protein stability

in solution, introduced in Chapter 1, is displayed in bold below, followed by a brief

description of how we implement this approach here to develop a specific model.

1. Employ a heteropolymer collapse (HPC) model to determine

thermodynamic and structural characteristics of native and

denatured proteins. Here, we utilize the HPC theory introduced

by Dill and coworkers (34, 36) to predict the temperature-dependent

free energy, radius of gyration, and number of hydrophobic surface
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residues of both the native and denatured states of a single protein

molecule in aqueous solution.

2. Use the molecular characteristics determined from the HPC

model to derive approximate center-to-center “inter-protein”

potentials. In this step, we determine the effective diameters and

free energy changes associated with the formation of native-native (NN),

native-denatured (ND), and denatured-denatured (DD) contacts based

on the properties from the protein folding model. We then integrate

this information into an effective state-dependent protein-protein in-

teraction potential.

3. Predict how environmental conditions and sequence informa-

tion affect the native-state stability of proteins in solution.

Specifically, we utilize the information from steps 1 and 2 to perform

Reactive Canonical Monte Carlo (RCMC) simulations, which sam-

ple both protein molecule translations and folding/unfolding events.

These simulations permit us to explore how sequence hydrophobicity,

temperature, and protein concentration impact native-state stability

in solution.

2.2.1 Single Protein Properties from the HPC Model

We derive the “single-protein” properties required for our approach from the HPC

theory developed by Dill and coworkers (34, 36). Since the details of the HPC theory

are explained in the original publications, we primarily discuss the inputs, outputs,

and the essential physics of the approach here. Basically, proteins are modeled as

heteropolymers of hydrophobic and polar segments in an infinitely dilute aqueous
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Figure 2.1: Schematic of the protein folding process predicted by HPC theory. Hy-
drophobic residues are light, and polar residues are dark. The denatured state is
more expanded than the native state and exposes more hydrophobic amino acid
residues to the solvent. Adapted from Ref. (36).

solution. Depending on the size of the protein, the number of hydrophobic segments,

and the temperature, the thermodynamically stable protein state is predicted to be

either an expanded “denatured-like” ensemble (of segment density ρ∗s ) or a compact

“native-like” configuration (of segment density ρs = 1). The corresponding polymer

collapse transition (i.e., protein folding) is thus an equilibrium process driven by the

formation of favorable hydrophobic contacts and opposed by the loss of chain con-

formational entropy. Fig. 2.1 illustrates the collapse process for the heteropolymer

chain. Note that the native state exposes fewer hydrophobic residues to the solvent

than the denatured state, in accord with Kauzmann’s original “hydrophobic core”

picture of protein folding (108).

To make predictions about a particular protein, HPC theory requires the

following information: the total number of segments in the protein sequence Ns

(where the number of residues Nr = 1.4Ns (34)), the fraction of those residues con-

sidered to be “hydrophobic” Φ (e.g., based on thermodynamic data from oil-water

partitioning experiments (209)), and the temperature T . The interactions between

hydrophobic residues and solvent, or between hydrophobic and polar residues, are

less favorable than those between polar residues and solvent, or between two hy-
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drophobic or two polar residues. The “effective” energetic difference is assumed to

scale with χ(T )kBT , a term typically parameterized (36) to approximate the ex-

perimental free energy associated with the transfer of a typical hydrophobic amino

acid from its own pure phase into water. The conformational entropic contributions

to the free energy of the protein are treated using standard statistical mechanical

arguments from polymer physics (34).

HPC theory predicts the following coarse structural information about the

native (N) and denatured (D) states of the protein, respectively: the ratio of the

radii of gyration RN/RD = ρ∗s
1/3, the related fractions of residues in contact with the

solvent fe(ρ
∗

s ) and fe(ρs = 1), and the fractions of these partially-solvated residues

that are considered “hydrophobic” Θ(T ) and Φ. Based on these parameters, the

theory predicts the intrinsic, i.e., infinite dilution, free energy of folding ∆G0
f .

Note that HPC theory captures the fact that the structure and thermody-

namics of proteins can be affected both by protein sequence (e.g., sequence hy-

drophobicity Φ) and by solution conditions (e.g., temperature). Since these prop-

erties will impact protein-protein interactions, they will prove vital for understand-

ing how protein concentration modifies native-state stability. Much of the relevant

physics can be understood in terms of the “quality” or compatibility of the aqueous

solvent for the protein. For instance, all other factors being equal, an increase in the

number of hydrophobic residues in a protein sequence can lead to a more compact de-

natured state (38). This behavior is in accord with basic notions of polymer physics.

Since water is a poor solvent for apolar molecules, proteins with higher hydropho-

bic sequence content tend to adopt more compact and structured conformations in

their denatured states, increasing the number of hydrophobic-hydrophobic residue

contacts. This trend has been studied indirectly in protein systems by examining
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Figure 2.2: Free energy of folding for a model protein (Nr = 154,Φ = 0.5 dotted
black line) from HPC theory compared to that of real proteins (Mb, metmyoglobin;
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Lys, lysozyme; Tr, β−trypsin; Rna, ribonuclease A). Adapted from Ref. (36)

.

how mutations affect the solvent exposure and the free energy of denatured proteins

using both experiments (192) and statistical mechanical models (2, 191). On the

other hand, increases in temperature or denaturant concentration tend to produce

more expanded denatured states since they tip the thermodynamic balance in favor

of chain conformational entropy over weakened hydrophobic contacts (36).

Though the amino acid interactions and the protein sequence information are

treated at a rudimentary level in HPC theory, it still reasonably accounts for the

protein folding process. For example, Fig. 2.2 shows that if one chooses sequence

characteristics (Nr = 154,Φ = 0.5) typical of single-domain globular proteins (see,

e.g., Ref. (183)), HPC theory predicts free energies of folding in good qualitative

agreement with the experiments. HPC theory also qualitatively reproduces many
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Figure 2.3: Schematic of a native-denatured protein interaction. Hydrophobic
residues are light, and polar residues are dark. The denatured and native states
have radii of gyration RD and RN, respectively. The fraction of surface residues
that are hydrophobic on the denatured protein is assumed to be equal to the hy-
drophobicity of the protein sequence Φ. The analogous quantity for the native state,
Θ (determined from HPC theory) is generally smaller (i.e., Θ < Φ).

other experimental aspects of the thermodynamics of protein folding, which are dis-

cussed in detail elsewhere (36, 39). However, since HPC theory assumes an infinitely

dilute protein solution, one must keep in mind that the predictions only pertain to

protein stability behavior in the absence of any protein-protein interactions.

2.2.2 Protein-Protein Interactions

The single-protein information provided by the HPC theory allows us to derive ap-

proximate protein-protein interaction potentials. We assume that the attractive part

of the protein-protein interaction is primarily due to the driving force of proteins to

desolvate their hydrophobic surface residues by “burying” them into a hydrophobic

patch on a neighboring protein (see Fig. 2.3). In contrast, the repulsive part of

the interaction accounts for the volume that each individual protein excludes to the

centers of mass of other protein molecules in the solution.

HPC theory correctly predicts that denatured protein molecules exclude more

volume (RN/RD = ρ∗s
1/3 < 1) to other proteins and display higher surface hy-
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drophobicity (Φ ≥ Θ) than their native-state counterparts (36). As a result, the

effective exclusion diameters and the strength of attractions between proteins should

be quantitatively different for each of the various types of protein-protein interac-

tions (i.e., NN, ND, DD).

As mentioned above, the effective protein-protein “contact” attractions in

our model depend on the molecular characteristics of the proteins involved. Two

of those characteristics come directly from the protein sequences, e.g., the total

number of hydrophobic NrΦ and polar Nr(1 − Φ) amino acid residues (36). Other

structural properties (e.g., ρ∗s , fe(ρ
∗

s ), and Θ) are predicted from the HPC theory.

The protein-protein interactions also depend on the free energy associated with the

hydration of a hydrophobic amino acid residue χ(T )kBT , and this term represents

the only place where solvent effects enter the theory.

We use the above listed quantities to derive approximate expressions for the

attractive well depths (see Figure 2.4 inset) of our coarse-grained protein-protein po-

tentials using geometric approximations and mean-field energetic arguments. These

expressions are not intended to quantitatively reproduce the interactions for spe-

cific proteins, but rather to provide simple and transparent relations between the

strength of globular protein-protein attractions and the molecular characteristics of

the proteins themselves.

Here, we explicitly derive the general relationship for the ND contact at-

traction, and the analytical forms for the NN and DD attractions can be eas-

ily deduced from this expression. As a first step, we approximate the fraction

of the denatured protein’s surface desolvated by contact with a native protein to

be πR2
N/4π(RN + RD)2 = (4[1 + ρ∗s

−1/3]2)−1, which is simply the projected sur-

face area of the native protein divided by the total ND contact interaction area.
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If one analyzes this expression in the limit of RN = RD, then one finds that it

makes the reasonable, but not quantitatively exact, prediction that one protein

would be completely desolvated if it were closely surrounded by sixteen neighbor-

ing proteins. Of course there should also be an O(1) prefactor included to correct

this formula to account for the specific packing properties of the proteins under

study. However, to keep the ideas simple and general, we do not attempt to de-

scribe that level of detail here. To determine the surface fraction of a native protein

that is desolvated by contact with a denatured protein, we use a similar argument:

πR2
D/4π(RN + RD)2 = (4[1 + ρ∗s

1/3]2)−1.

The magnitude of the effective energy change upon making the aforemen-

tioned ND contact is then given by:

εND =
Nsχ(T )ΦΘkBT

12

(

fe(ρ
∗

s )

[1 + ρ∗s
−1/3]2

+
fe(1)

[1 + ρ∗s
1/3]2

)

. (2.1)

The product ΦΘ accounts for the probability of forming a contact between two

hydrophobic residues in the mutually desolvated area between proteins. This ap-

proximation implicitly assumes that hydrophobic residues are uniformly distributed

on the surface of each protein molecule.

Using analogous arguments, the magnitudes of the effective NN and DD

contact energies directly follow:

εNN =
Nsχ(T )fe(1)Θ

2kBT

24
(2.2)

εDD =
Nsχ(T )fe(ρ

∗

s )Φ
2kBT

24
(2.3)

The contact energies derived above are used in our model for the well depths of the
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effective protein-protein potentials given below.

We incorporate the state-dependent interaction strengths presented above

and the protein sizes derived from the HPC theory into a protein-protein potential

Vij (212) that has been used to qualitatively capture many aspects of protein solution

thermodynamics (see, e.g., (154, 212)):

Vij(r) = ∞ r < σij

Vij(r) =
ǫij

625

{

1
[( r

σij
)2−1]6

− 50
[( r

σij
)2−1]3

}

r ≥ σij . (2.4)

Here, ǫij is the potential well depth; σij is the protein-protein contact diameter;

and ij ∈ (NN, ND, DD). The ratios σDD/σNN = RD/RN and σND/σNN = (RN +

RD)/2RN are direct outputs from HPC theory (36).

By assuming that the above potential can describe NN, ND, and DD interac-

tions, we are adopting the simplistic view that denatured proteins, like their native

counterparts, are on average spherical in shape with effective sizes and attractive in-

teractions that can be derived from the structural and energetic predictions of HPC

theory. Clearly a refined picture of the denatured state will be needed to develop a

more comprehensive description of these non-native interactions. However, we note

that the general strategy presented at the beginning of this section is flexible enough

to accommodate the more accurate inter-protein potential forms that are likely to

emerge from continuing experimental studies (133, 190). Thus, although our pre-

liminary model potential is necessarily a simplistic one, future implementations will

be able to readily incorporate state-of-the-art ideas about the effective interactions

between protein molecules in their various states.

Figure 2.4 shows the three interaction potentials for a model protein (Nr =

154,Φ = 0.5) at 362K, and the inset displays the temperature dependence of the
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Figure 2.4: Effective protein-protein potentials, calculated using Eq. 2.4 for a model
protein (Nr = 154, Φ = 0.5) at T=362K. There are 3 different types of potentials
(NN, ND, and DD) because proteins can exist in either native (N) or denatured (D)
states. Note that the DD interactions are stronger and have larger exclusion volumes
than the NN or ND interactions, since denatured proteins are more expanded and
tend to bury more hydrophobic amino-acid surface residues upon contact. Inset
Plot: Potential well depths for ND, NN, and DD interactions as a function of
temperature, calculated using Eqs. 2.1, 2.2, and 2.3 respectively.

corresponding potential well depths. Note that, as expected, DD protein contacts

are more favorable than ND and NN contacts, since denatured proteins have a

greater number of solvent-exposed hydrophobic residues.

Using the above potential, one can also calculate a dimensionless second

virial coefficient B∗

22,ij (229):

B∗

22,ij =
12

σ3
ij

∫
[

1 − exp

(

−
Vij(r)

kBT

)]

r2dr. (2.5)

The second virial coefficient is an experimentally measurable quantity (see, e.g.,
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Figure 2.5: B∗

22 calculated using Eq. 2.5 for the model protein (Nr = 154,Φ = 0.5).
Since DD attractions are stronger, the corresponding B∗

22 is more negative, which
generally indicates different solubility behaviors for the denatured and native states.

(213)) that has been linked to protein phase behavior (70, 229). Vliegenthart and

Lekkerkerker noticed that liquid-liquid phase separation generally occurs in protein

solutions when when B∗

22,ij < −6. Fig. 2.5 shows B∗

22,ij as a function of temperature

for a model protein (Nr = 154,Φ = 0.5), obtained by applying HPC theory, Eq. 2.4,

and Eq. 2.5. As expected, the B∗

22,ij values are consistently more negative for in-

teractions involving denatured proteins since they tend to bury more hydrophobic

residues when making protein-protein contacts. Moreover, since B∗

22,DD < −6 for

this model protein and B∗

22,NN > −6, one might expect significant differences in

the solubilities (173, 180), and perhaps the aggregation behavior, of the native and

denatured states. In the Results (Section 2.3) and Discussion (Section 2.4), we ex-

plore how these pronounced differences in protein interactions can affect native-state

stability in concentrated solutions.
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2.2.3 Simulation Details

Our ultimate aim is to understand how protein sequence information, protein-

protein interactions, and protein solution variables (e.g., temperature and protein

concentration) combine to determine native-state stability. To accomplish this

within the context of our model, we need to integrate the single-protein thermo-

dynamics from HPC theory and our derived protein-protein interactions into a

simulation technique that can generate representative equilibrium states of solu-

tions at finite protein concentration. However, this task is perfectly suited for the

Reactive Canonical Monte Carlo (RCMC) method developed by Johnson, Pana-

giotopoulos, and Gubbins (105, 106). This algorithm allows one to readily compute

the equilibrium properties of chemically reacting systems by taking advantage of

both molecular translational moves and forward/reverse reaction steps. In our case,

the “reaction” of interest is simply the unimolecular folding/unfolding of the coarse-

grained protein molecules in their finite-concentration solution environment.

The inputs required for the canonical-ensemble implementation of the RCMC

simulation results are the total number of protein molecules N , the dimensionless

protein concentration ρσ3
NN = Nσ3

NN/V (where V is the volume), the temperature

T , the effective protein-protein potentials from Eq. 2.4, and the intrinsic free en-

ergy of folding ∆G0
f (T ) from HPC theory. Given this information, the algorithm

samples the phase space relevant to the equilibrium reacting system, converging rel-

atively quickly to the equilibrium fraction fN of native-state proteins. Since earlier

papers (105, 106, 200) provide the detailed expressions for the reaction move prob-

abilities along with strategies for efficient implementation of the RCMC algorithm,

we do not elaborate on those issues here.

For each state point studied in this work, N = 256 proteins were simulated in
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a cubic box with periodic boundary conditions. To ensure that significant system-

size effects were not present, we reproduced our simulations results for a number

of state points using both smaller (N = 128) and larger (N = 500) systems. We

have also reproduced the results for a number of state points with a grand canon-

ical ensemble version of the algorithm. Fifteen percent of attempted moves in our

simulations were denatured to native reactions (i.e., protein folding), and fifteen

percent were attempted native to denatured reactions (i.e., protein unfolding). The

remaining seventy percent of attempted moves were protein displacements. Initially,

the proteins were placed in an open FCC lattice configuration with either all native

(fN = 1) or denatured (fN = 0) states. They were then equilibrated for the number

of MC cycles required to displace each protein at least a distance of 5σNN from its

original position. The potential energy, the fraction of native-state proteins fN, and

the osmotic pressure Π were tracked closely to make sure that equilibration was

completed before subsequent production runs were initiated.

To verify that stable, or at least metastable, homogeneous fluid phases were

being sampled by our simulations, standard translational and bond-orientational

order parameters for detecting crystallization (217, 221) were monitored during

the equilibration and production stages. We found that in all but a few higher-

concentration state points (see Appendix), convergence to the same fluid state could

be reproducibly achieved by initiating from either all-denatured (fN = 0) or all-

native (fN = 1) protein lattices. Of course, without knowledge of the complete phase

diagram of a system, one cannot unambiguously determine, either from simulations

or experiments, whether a given state is thermodynamically stable or metastable

with respect to a phase change (e.g., crystallization). In this initial study, we have

focused on understanding native-state stability of homogeneous fluid states of model
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protein solutions, and we have not attempted the larger problem of calculating

rigorous thermodynamic phase boundaries for the solution.

To explore how sequence hydrophobicity might qualitatively impact the con-

centration dependence of native-state stability using our approach, we have studied

two different model proteins with the same number of amino acid residues (Nr = 154)

but different hydrophobic contents (Φ = 0.4 and Φ = 0.5). As was illustrated re-

cently (183), these hydrophobicities span the typical range of those seen in single-

domain globular proteins with sizes between 125 and 175 residues, and so they rea-

sonably bracket the types of behaviors that one might expect to see in experiments.

As will be shown in the Results (Section 2.3), the difference in midpoint folding tem-

peratures at infinite dilution for these two model proteins is approximately 26 K,

with the higher hydrophobicity protein showing more thermal stability. As a rough

comparison, it can be seen in Fig. 2.2 that the folding temperatures of ribonuclease

A and metmyoglobin also differ by about 20 K. (36). Although the model pro-

teins (Φ = 0.4 and Φ = 0.5) exhibit both cold and warm denaturation, we focus

exclusively on destabilization by the latter mechanism in the present chapter.

2.3 Results

In this section, we briefly present the main results of this study. We divide our data

into two main parts that pertain to the two model proteins that were explored. In

the Discussion (Section 2.4), we explore the physical insights that can be gained

from our results.
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Figure 2.6: RCMC simulation results showing the fraction of folded proteins fN

as a function of temperature T for the high hydrophobicity model protein (Nr =
154,Φ = 0.5). At low concentrations, increasing concentration destabilizes native-
state proteins, while the opposite trend occurs at high protein concentration. The
protein concentrations ρσ3

NN are shown on the graph nearest to their curve. The
lines are present as a guide to the eye.

2.3.1 High Hydrophobicity Protein (N
r

= 154, Φ = 0.5)

In Fig. 2.6, we plot the equilibrium fraction of folded (i.e., native-state) proteins fN

as a function of temperature T for a series of protein concentrations. As is expected,

for low concentrations, our simulations are extremely close to the predictions from

HPC theory (36). The midpoint folding temperature Tf, i.e., the temperature that

yields fN = 0.5, is approximately 364K for this protein at infinite dilution. By fitting

the simulation points obtained at each protein concentration to sigmoidal curves,

we can deduce the concentration dependence of Tf for our model protein. The main

trends are as follows. If one starts with a protein solution at low concentrations,

increasing protein concentration results in protein destabilization (i.e., Tf decreases
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Figure 2.7: Protein stability “phase diagram” for the high hydrophobicity model
protein (Nr = 154,Φ = 0.5) in the temperature T - protein concentration ρσ3
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plane. The shaded region indicates the temperatures and concentrations that favor
the denatured state (fN < 0.5). Circles represent Tf from the RCMC protein simu-
lations, the squares show Tf from the “non-attracting” high hydrophobicity protein
simulations, and the dashed line indicates the estimated Tf from Eq. 2.6.

as concentration increases). However, as one continues to increase protein concen-

tration, the protein is ultimately restabilized (i.e., Tf rebounds to higher values). At

this point, we simply assert that this non-monotonic stability behavior is due to a

competition between destabilizing attractive protein-protein interactions that dom-

inate at low protein concentration and stabilizing entropic “crowding” effects (see,

e.g., (136)) that prevail at high protein concentration. We will provide quantitative

justification for this statement in the Discussion (Section 2.4).

In Fig. 2.7, Tf is plotted as a function of protein concentration, yielding a pro-

tein stability “phase diagram” for the high hydrophobicity protein. The white (non-
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shaded) area comprises state points for which the native state is thermodynamically

favored (fN > 0.5), while the shaded area above the curve indicates the temperature-

concentration coordinates where the denatured state prevails (fN < 0.5). As we

demonstrate later, very high protein concentrations cannot be attained in this model

if a majority of proteins are to remain in the denatured state, simply due to the fact

the denatured proteins exclude more volume than proteins in the more compact na-

tive state. However, attractive protein-protein interactions also play an important

role at lower protein concentrations, where they induce significant concentration

destabilization. For example, Tf at ρσ3
NN = 0.4 is nearly 10K below the infinite

dilution value.

Fig. 2.8 provides a clearer picture for how increasing protein concentration

destabilizes the native state at low concentrations and restabilizes it at high con-

centrations. To quantify this effect, one can define a “midpoint concentration for

unfolding” at low concentrations, and a “midpoint concentration for refolding” at

high concentrations. Since the intrinsic stability of a protein molecule decreases

upon heating (i.e., ∆G0
f (T ) becomes less negative), proteins become more vulner-

able to destabilizing effects like attractive protein-protein interactions, and thus

the midpoint concentration for unfolding decreases with increasing temperature.

Similarly, the midpoint concentration for refolding increases with increasing tem-

perature, indicating that more “crowding” is required to refold proteins with lower

intrinsic thermal stability. A figure containing all of the simulated state points for

this protein can be found in the Appendix.
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Figure 2.8: Fraction of folded proteins fN as a function of protein concentration ρσ3
NN

for several isotherms of the high hydrophobicity model protein (Nr = 154,Φ = 0.5).
At temperatures far below the intrinsic folding temperature (≈ 364K), concentration
effects are almost negligible. As we approach the intrinsic folding temperature at
low concentration, increasing concentration shows a pronounced destabilizing effect.
At higher concentrations, the native state is restabilized due to crowding effects.
The solid lines are present as a guide to the eye.

2.3.2 Low Hydrophobicity Protein (N
r

= 154, Φ = 0.4)

Here we explore protein concentration effects on the thermodynamic stability of a

low hydrophobicity protein. In Fig. 2.9, we plot the fraction of native-state proteins

as a function of temperature for a series of different protein concentrations. Again, as

expected, the low concentration results closely agree with HPC theory. Moreover, Tf

is approximately 338K at infinite dilution, which is logically lower in value than that

of the high hydrophobicity protein (364K). The most striking feature of this data

set is that the concentration destabilization effects seen for the high hydrophobicity

protein are essentially negligible here. In short, for this model protein we find that

increasing protein concentration shifts the folding equilibrium to the native state
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Figure 2.9: RCMC simulation results showing the fraction of folded proteins fN

as a function of temperature T for the low hydrophobicity model protein (Nr =
154,Φ = 0.4). The general trend is increasing native-state stability with increasing
protein concentration. The protein concentrations ρσ3

NN are shown on the graph
nearest to their curve. The lines are present as a guide to the eye. Inset: The inset
plot is the reduced second virial coefficient, calculated using Eq. 2.5, as a function
of temperature. The lower hydrophobicity of this model protein leads to weaker
protein-protein interactions.

for essentially all finite protein concentrations. Fig. 2.10 shows the corresponding

protein stability “phase diagram”, which highlights the stabilizing role that protein

concentration plays for the low hydrophobicity protein. A figure displaying all of

the simulated state points for this protein can also be found in the Appendix.

In the next section, we discuss the physical origins of the relationship between

sequence hydrophobicity, protein interactions, and the different stability behaviors

for the high- and low-hydrophobicity proteins.
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Figure 2.10: Protein stability “phase diagram” for the low hydrophobicity model
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plane. The shaded region indicates the temperatures and concentrations that favor
the denatured state (fN < 0.5). Circles represent Tf from the RCMC protein simu-
lations, the squares show Tf from the “non-attracting” high hydrophobicity protein
simulations, and the dashed line indicates the estimated Tf from Eq. 2.6. Because
of weaker intraprotein attractions, the denatured state is more expanded than the
high hydrophobicity protein (see Fig. 2.11). Thus, concentration effects are mostly
controlled by crowding-induced stabilization of the native-state.

2.4 Discussion

The simulation results suggest that the thermodynamic stability of a high hydropho-

bicity protein can exhibit a non-monotonic dependence on concentration. At low

total volume fractions, increasing protein concentration has a destabilizing effect for

the native state. This finding is consistent with the low-concentration destabilization

that is observed experimentally for the high hydrophobicity protein metmyoglobin

(Φ = 0.51) (215), and to a lesser extent with the medium hydrophobicity protein

lysozyme (Φ = 0.44) (29). Here, as discussed in the chapter introduction, we have
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adopted Φ values calculated from a hydrophobicity scale where Ala, Gly, Ile, Leu,

Met, Phe, Pro, Trp, and Val are considered “hydrophobic” (183). Protein con-

centration destabilization of the native state is also consistent with the increase in

non-native aggregation rate that has been experimentally observed with increasing

protein concentration for both reversible (32, 33) and irreversible protein aggrega-

tion (see, e.g., (29, 118)), although for irreversible processes it is generally difficult to

determine whether a thermodynamic driving force actually underlies the kinetically-

controlled laboratory phenomenon.

At higher volume fractions, however, our model predicts that increasing pro-

tein concentration shifts the folding equilibrium back toward the native state. This

second trend is also in agreement with the so-called entropic “crowding” of pro-

teins in solution that has been explained theoretically and observed experimen-

tally (79–81, 136). In order to understand which of these two concentration effects

will dominate for different proteins under various solution conditions, we require

some additional insight into the molecular mechanisms.

One physical picture that is consistent with the above observations is the fol-

lowing. Native proteins may unfold to the denatured state if by doing so (i) they can

form enough favorable attractions with neighboring proteins to outweigh their intrin-

sic thermal stability (i.e., their negative ∆G0
f ), and (ii) they do not simultaneously

create new highly unfavorable repulsive interactions with neighboring proteins due

to their expanded denatured configuration. This type of picture is consistent with

experimental results that indicate that reversible formation of non-native oligomers

can induce unfolding (13). On the other hand, even intrinsically unstable proteins

(i.e., exhibiting positive ∆G0
f ) may refold due to crowding if the protein concen-

tration is so high that there is not enough free volume to accommodate them in
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their denatured states. This is quite similar in nature to the experimental protein

stabilization induced by confinement (48). Below, we use our data to subject this

physical picture to some basic quantitative tests.

Our strategy in this regard is to devise simple and transparent means for

separately calculating the contributions of destabilizing protein-protein attractions

and stabilizing crowding effects to native-state stability. Armed with the information

that we obtain from these calculations, we will be in a better position to interpret

the RCMC results presented in the previous section for our two model proteins. We

begin by considering the destabilizing protein-protein interactions for both model

proteins, and then we return to the balancing effects of crowding.

As noted in the Results (Section 2.3), the Tf for the high hydrophobicity

protein (Nr = 154,Φ = 0.5) decreases from approximately 364K at infinite dilution

to approximately 354K at ρσ3
NN = 0.4. To check whether destabilizing protein-

protein attractions can explain this trend, we simply balance ∆G0
f (calculated from

HPC theory) with the attractive protein-protein interactions that we expect the

protein to gain by unfolding in solution:

∆G0
f ≈ −4πσ2

ND∆NDρN
εND

2
− 4πσ2

DD∆DDρD
εDD

2
(2.6)

Here, ∆ND and ∆DD characterize the range of the ND and DD attractions (calculated

from the effective pair potentials), while ρN and ρD are the number densities of native

and denatured proteins, respectively. In particular, the quantity ∆ij represents the

“width” of the attractive potential well, and it is defined to be the distance between

the protein-protein hard-core separation σij and the larger separation rij,u where

the potential energy (Eq. 2.4) has risen to V (rij,u) = −0.05ǫij . Taking a look

at the first term on the right-hand side of Eq. 2.6, the quantity 4πσ2
ND∆NDρN
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represents the number of new contacts a protein makes with native-state proteins

upon unfolding, and −εND/2 is approximately the average energy of that contact

interaction. Similarly, the second term quantifies the total energy of the new contacts

that a protein makes with neighboring denatured proteins upon unfolding. For

simplicity, we have assumed here that the local concentrations of protein states

can be reasonably approximated by the corresponding bulk concentrations. To test

whether the balancing idea presented above has merit, Eq. 2.6 is plotted along with

the simulation data in Fig. 2.7. Note that it correctly, and even semi-quantitatively,

predicts the decrease in Tf exhibited by the RCMC simulation data for the high

hydrophobicity protein.

We have also used Eq. 2.6 to analyze the attractive destabilizing forces for

the low hydrophobicity protein solution. As can be seen by the dashed curve in

Fig. 2.10, Eq. 2.6 predicts that, in the absence of entropic crowding, attraction

destabilization should also be a noticeable effect for this protein. However, this

prediction is clearly not born out by the full RCMC results of the low hydrophobicity

protein solution. To understand why attractions give rise to a net destabilizing

effect for the high hydrophobicity protein at low concentrations and not for the low

hydrophobicity protein, we need to examine the concentration dependencies of the

stabilizing crowding effects for the two protein solutions.

In order to isolate crowding effects from destabilizing attractions, we have

performed additional RCMC simulations of our two model proteins, identical in

all respects to the ones discussed previously except that we have now “turned off”

all inter-protein attractions. For the “non-attracting” high hydrophobicity protein,

we find that the Tf is almost unchanged for concentrations below ρσ3
NN = 0.3 (see

the squares in Fig. 2.7). This absence of a strong crowding effect at low concentra-
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tions basically explains why the protein-protein attraction destabilization dominates

under these conditions. Conversely, the native state of the “non-attracting” high

hydrophobicity protein shows a very pronounced increase in stability for concentra-

tions above ρσ3
NN = 0.3. Since crowding stabilization (squares in Fig. 2.7) outweighs

attraction destabilization (dashed line in Fig. 2.7) for high protein concentrations,

but not for low concentrations, we get a non-monotonic concentration dependence

for stability of the high hydrophobicity protein.

We also plot the Tf of the “non-attracting” low hydrophobicity protein so-

lution (squares) in Fig. 2.10, along with Eq. 2.6 (dashed curve) and the Tf of the

regular (i.e., attracting) low hydrophobicity protein solution (circles). Notice that

the attraction destabilization contribution essentially exactly balances the crowding

effect for low concentrations, while the crowding effect dominates for higher concen-

trations. The net result is that the native state of the low hydrophobicity protein

shows nearly monotonic stabilization with increasing protein concentration.

Why does the crowding stabilization effect play a more important role, even

at low concentrations, for the low hydrophobicity protein? As was hinted at above, it

is not because the inter-protein attractions have a weaker destabilizing effect for this

protein. In fact, because lower hydrophobicity means both weaker protein-protein

interactions and lower intrinsic thermal stability (i.e., less negative ∆G0
f ), Eq. 2.6

predicts that the low hydrophobicity protein would still be significantly destabilized

in the absence of the entropic crowding effect. However, the weaker intraprotein

attractions give rise to a more expanded denatured state for the low hydrophobicity

protein (see Fig. 2.11). As a result, there is a larger entropic penalty for unfold-

ing of low hydrophobicity proteins in concentrated solutions, which manifests itself

as larger relative thermodynamic stability of the native state. Because of these

40



330 340 350 360 370

1

1.5

2

Temperature [K]

Ef
fe

ct
iv

e 
P

ro
te

in
 S

iz
e 

R
at

io
NN

DD (Φ=0.4)

DD (Φ=0.5)
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Note that the lower hydrophobicity protein has a much larger effective size in the
denatured state, implying an increased excluded volume.

physical factors, one might generally expect low hydrophobicity proteins to be sta-

bilized (or, at worst, unaffected) by increases in protein concentration despite their

comparatively smaller intrinsic stability. As was discussed in the Chapter introduc-

tion, this analysis is consistent with the slightly increasing experimental stability of

the low hydrophobicity protein ribonuclease A (Φ = 0.33) with increasing protein

concentration (202).

2.5 Conclusions

We have introduced a new coarse-grained approach for modeling protein stability

in concentrated solution environments. Our treatment calculates state-dependent

center-to-center interactions between proteins from basic structural and energetic
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characteristics of their native and denatured states. These characteristics are each

derived from simple protein sequence information using an insightful heteropolymer

collapse theory. We have integrated the thermodynamic and structural information

obtained from the heteropolymer collapse theory and the resulting inter-protein po-

tentials into Reactive Canonical Monte Carlo simulations to investigate the connec-

tions between protein sequence hydrophobicity, protein-protein interactions, protein

concentration, and the thermodynamic stability of the native state.

The calculations based on this approach outline a simple physical picture for

understanding the concentration dependencies of native-state stability. In partic-

ular, they predict that globular proteins with lower sequence hydrophobicity, such

as ribonuclease A, should be stabilized by increases in protein concentration due to

entropic crowding effects. They also predict that globular proteins with higher se-

quence hydrophobicity, such as metmyoglobin, should display concentration desta-

bilization at lower protein concentrations due to protein-protein interactions and

crowding-induced restabilization at higher protein concentrations. These findings

are consistent with the available experimental data for these proteins. However, as

is discussed below, we also recognize that there are still important open questions

about the generality of our predicted trends that need to be explored through new

calculations, including understanding the role of solution pH, salt concentration,

and protein charge. A more comprehensive set of experimental data for the concen-

tration dependencies of globular protein stabilities in solution also seems necessary

for this effort.
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Chapter 3

Solution phase stability of

proteins in concentrated protein

solutions

3.1 Introduction

One of the practical barriers to studying protein stability is the fact that protein

unfolding and refolding events are often related to protein aggregation (32, 111,

235). Moreover, since aggregation processes follow trajectories that pass through

metastable intermediate states, kinetic factors and irreversibility can significantly

complicate the picture (27, 56, 76, 169, 177). 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 non-native structures (see, e.g.,

43



(32, 33, 60, 71, 93, 111)). These structural fluctuations, which reflect the marginal

stability of the native state (35), generally 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 (111) or sequence mutations

(235), can also lead to increased levels of protein aggregation.

A second equilibrium effect that can have a pronounced influence on the sol-

ubility of proteins is the presence of large protein concentration fluctuations under

solution conditions where liquid-liquid (L-L) phase separation is thermodynamically

favored. The main idea here, which is consistent with both experimental observa-

tions and theoretical predictions (20, 68, 75, 175, 178, 182, 212, 224, 225), is that

these fluctuations create locally concentrated “quasidroplets” (107) 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 equilibrium predictions con-

cerning 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. Unfortunately, simulating concentrated protein solutions
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using the detailed structural models typically employed to study the folding prob-

lem (37, 47, 69, 90, 201) is computationally prohibitive. Historically, this issue has

been sidestepped by greatly simplifying the description of protein-protein interac-

tions, in effect treating protein molecules as colloidal particles (31, 42, 64, 92, 123,

128, 141, 170, 212).

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 poly-

meric character of the proteins, conformational fluctuations 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 structural models used

to study the protein folding problem and the colloidal interaction models designed

to study protein crystallization is needed.

In Chapter 2 we introduced a coarse-grained modeling strategy (25) 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. This approach, which builds on some of the

collective insights provided by other studies (see, e.g., (11, 26, 40, 59, 80, 101,

116, 142, 143, 181, 199, 241)), uses random heteropolymer collapse theory (34, 36)

to calculate the temperature- and species-dependent protein-protein interactions

and the intrinsic 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
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studied proteins (25). 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.

Using the above described model, we studied the effects of protein concen-

tration on protein stability. Here we extend the previous work to also systemati-

cally explore the interplay between both native-state stability and the fluid phase

boundaries of several solutions of model globular proteins with different sequence hy-

drophobicities. To accomplish this, we employ some very efficient transition-matrix

Monte Carlo techniques that have been independently developed to study the ther-

modynamic properties and phase behavior of pure liquids and mixtures (50, 51, 185).

The main findings of our study are as follows. Solutions of model proteins with low

sequence hydrophobicity remain in a single liquid phase over a broad range of pro-

tein 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 molecules (138, 167, 175, 178, 224, 225). Interest-

ingly, the L-L transition that occurs in solutions of the most hydrophobic protein

investigated in this study extends significantly below the midpoint temperature for

unfolding Tf, 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 results suggest that a first-order L-L transition causing substantial pro-

tein denaturation should generally be expected on the phase diagram of high-

hydrophobicity protein solutions. The concentration fluctuations associated with

such a transition could, in principle, be an important thermodynamic driving force
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for the non-native aggregation that occurs below Tf in solutions of high hydrophobic-

ity proteins such as myoglobin (238). However, further experimental and theoretical

studies will be necessary to test this idea.

3.2 Coarse-grained modeling strategy

In this section, we briefly review some aspects of the coarse-grained modeling strat-

egy utilized in Chapter 2, since they are useful for understanding the results of

the present chapter. Recall that the physical idea underlying 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 (i) the intrinsic stabil-

ity of an isolated native protein in aqueous solution and (ii) a basic description of

the solvent-mediated protein-protein interactions involving the native or denatured

states.

(i)Intrinsic stability of a protein

The intrinsic free energy of folding ∆G0
f is calculated by a random heteropolymer

collapse theory (36). The inputs to the heteropolymer collapse theory include tem-

perature T , the number of segments in the protein sequence Ns, the fraction of

those residues that are hydrophobic Φ, and the free energy χ(T )kBT associated

with “transferring” a hydrophobic residue from the protein core into an environ-

ment where it is in intimate contact with the solvent. Here, we have adopted an

approximation of χ(T )kBT (36) that is essentially a parameterization of experimen-

tal transfer free energy data for a typical hydrophobic amino acid from its pure

phase into water.

In order to compare model sequence hydrophobicities Φ with those calculated

from actual proteins, one also needs to define which amino acid residues should be
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considered “hydrophobic”. We refer to Φ 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., (36, 183, 209)), 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. 3.1a), the heteropolymer collapse theory predicts that moderate increases in

the sequence hydrophobicity Φ of a protein result in increased intrinsic stability of

the native state.

(ii)Protein-protein interactions

To estimate the state-dependent, protein-protein interactions, we utilize other pre-

dictions from the heteropolymer collapse theory (e.g., the effective radii of gyration

of the native (N) and denatured (D) states, RN and RD, and the corresponding

fraction of the solvent-exposed residues in each state that are hydrophobic, Θ and Φ

respectively). In a manner identical to that explained in Chapter 2, we incorporate

the contact energies determined by Eqs. 2.1 - 2.3, and the inter-protein exclusion

diameters, σDD/σNN = RD/RN and σND/σNN = (RN + RD)/2RN into an effective

protein-protein potential Vij where ij ∈ (NN, ND, DD) (Eq. 2.4).

The repulsive part of Eq. 2.4 accounts for the volume excluded to the center

of mass of the other protein molecules in the solution. Heteropolymer collapse theory

correctly predicts that denatured protein molecules generally exclude more volume

to other proteins (RD > RN, see Fig. 2.11) than their native-state counterparts (36).

Additionally, the denatured proteins of lower sequence hydrophobicity are more

expanded than the same sequence with higher hydrophobicity (see Fig. 3.1b) in

accordance with polymer principles.
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Protein-protein attractions are assumed to be primarily a result of the fa-

vorable free energy associated with desolvating solvated hydrophobic residues when

two proteins come into contact. The magnitudes of these attractions, given by Eqs.

2.1-2.3, are expected to be quantitatively different because native and denatured

proteins expose a different fraction of hydrophobic residues. For example, in general

Φ > Θ, and therefore the attractions between denatured proteins will be stronger

than those for the native proteins (εDD > εNN). Moreover, the attractive strength

between proteins increases with the hydrophobic content Φ of the protein sequence,

as is illustrated in Fig. 3.1c.

This coarse-grained model represents an effective binary mixture of native

and denatured proteins (the aqueous solvent only entering through χ(T )) con-

nected via the unimolecular protein folding reaction. The links between the in-

trinsic native-state stability of the proteins ∆G0
f , the physical parameters defining

the protein-protein interactions (ǫij , σij), the protein sequence (Ns, Φ), and the

interactions with the aqueous solvent χ(T ) are established by the heteropolymer

collapse model (25, 36). 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 ∆G0
f ,

and both temperature and protein concentration influence the interaction energy

between proteins in solution.

In the previous chapter, we have studied how protein concentration affects

the equilibrium unfolding behavior using Reactive Canonical Monte Carlo simula-

tions (105, 106). Here, we significantly extend the original analysis (25) to rigorously

determine the liquid-state phase boundaries of concentrated solutions of proteins of

varying sequence hydrophobicity. We approach this biomolecular system with the

50



understanding that it essentially parallels that of the classic reactive phase equilibria

problem for a binary solution (see, e.g., (176)). Below we explain how transition-

matrix Monte Carlo simulations provide an ideal technique for simultaneously de-

termining the thermodynamic phase boundaries and the protein folding equilibrium

curves.

3.3 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 rela-

tive free energy of a system along a suitable order parameter path. When originally

developed, the range of applicability of transition-matrix methods was largely re-

stricted to lattice (discrete) systems (61, 62, 233, 234). Only recently have they

gained prominence as a highly efficient computational method for the thermody-

namic properties of continuum systems (50–54, 185, 186, 194, 195).

An important general step in the calculation of thermodynamic properties

via molecular simulation is the determination of the relevant order parameter distri-

bution. Examples of commonly encountered order parameters include the system’s

energy, density, or composition. The order parameter distribution is of crucial ther-

modynamic importance because it provides a direct 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 temper-
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ature).

To calculate the order parameter probability distribution via conventional

Monte Carlo (MC), 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. Transi-

tion 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

which 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 encour-

age 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 implemen-

tation of transition-matrix Monte Carlo used here was originally introduced and

described in detail by Ref. (51). 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
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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 (214), and at the same time,

by specifying an overall activity difference that is equal to the intrinsic free energy

of folding ∆G0
f (105, 106, 200). 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

(25). As a result, the only thermodynamic parameters that need to be specified are

a single chemical potential µ, the intrinsic free energy of folding ∆G0
f , volume V ,

and temperature T .

Transition-matrix Monte Carlo proceeds as a conventional grand-canonical

Monte Carlo simulation for multi-component 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 pro-

vide a convenient bookkeeping framework. Periodically, the accumulated transition

statistics are used to provide an updated estimate of the total protein number distri-

bution which in turn is used to bias the simulation so that all total protein number

values (concentrations) are sampled uniformly. While trial moves are ultimately

accepted or rejected based on a biased acceptance criterion as in multi-canonical

sampling (8), unbiased acceptance probabilities continue to be accumulated. Notice

that this aspect of the method allows one to introduce periodically a new, more ef-
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fective 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 simulation. However,

once this probability distribution is determined, histogram reweighting can be used

to determine the distribution at other chemical potential values (57). In Figure

3.3a, we provide one example of the raw calculated and reweighted distributions

for a protein of hydrophobicity Φ = 0.445. Furthermore, when combined with

isochoric-semigrand averaged quantities, that is mean values of a quantity at fixed

total protein number and chemical 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 Figures 3.3b and 3.3c, examples of

these averages are provided. Analysis of the data when more than one phase can

exist is relatively straightforward and is described in Ref. (51).

3.3.1 Simulation Details

The transition-matrix Monte Carlo simulations of the coarse-grained protein model

were performed in the grand-canonical ensemble. Inter-Protein interactions were

described by Eq. 2.4 and were simply truncated at a distance r = 2.5σij . No

long range corrections were employed. All simulations were performed in a cubic

simulation cell of minimum side length L/σNN = 9. Trial moves consisted of 25%

protein displacements, 25% identity changes, and 50% insertions/deletions. The

biasing function was updated every 100000 Monte Carlo steps. In all cases, TMMC

simulations were initiated with an empty simulation cell and restricted to sample
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total protein numbers between 0 and Nmax
t . The value of Nmax

t was initially set to

a value of 100, and then increased after each Nt 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 ρσ3
NN = Nσ3

NN/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 Q6N
1/2
b is a useful order parameter

for this purpose, where Q6 is a global bond-orientational metric that can distinguish

between amorphous and crystalline particle packings (55, 206, 217, 221), and Nb

is simply the total number of “bonds” or nearest-neighbor pairs in the system.

Nearest-neighbor pairs were defined as proteins with centers of mass closer than

that of the first minimum in the inter-protein pair correlation function. We found

that Q6N
1/2
b ≤ 2.5 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 359K 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 Q6N
1/2
b = 1.7.

3.4 Results and Discussion

Here, we apply the advanced Monte Carlo simulation methods outlined in the Sec-

tion 3.3 together with our general 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 work in Chapter 2 and to study medium sized, single-
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domain globular proteins, which this HPC theory models well (36). In addition, we

choose sequence hydrophobicities typical of those found in the protein data bank

(0.4 ≤ Φ ≤ 0.5) (183). The results provide a reasonable starting point for address-

ing two fundamental questions that may have important practical implications for

understanding protein stability.

(i) Do solutions of globular proteins generally exhibit the type of temperature-

inverted, first-order L-L phase transition on their phase diagrams that

is associated with aggregation processes in aqueous solutions of am-

phiphilic polymers (138, 167) and the sickle variant of hemoglobin

(225)?

(ii) If so, how does protein sequence hydrophobicity affect the relative
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locations of the L-L phase transition and the equilibrium unfolding

curve on the phase diagram? This information may provide new in-

sights into the connection 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 (Nr = 154, Φ = 0.4, 0.445, 0.473, and

0.5), each at their respective infinite dilution midpoint temperatures for unfolding

(see Fig. 3.3). These hydrophobicities translate from the total integer segments and

nonpolar segments (Nr = 1.4Ns (34)) Recall that, at these temperatures, ∆G0
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 Tf) or destabilization (i.e. decreased Tf) of the native state or, for that

matter, any L-L phase separation that appears in Fig. 3.3 can be attributed solely

to the protein-protein interactions in solution.

For the lowest hydrophobicity protein studied (Φ = 0.4), Fig. 3.3 shows

that increasing protein concentration leads to 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 con-

tinuously with protein concentration, 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 ribonuclease A (Φ = 0.37), which also displays stabilization of the native

state with increasing protein concentration and exhibits a high native-state solubil-
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ity (202). Given these predictions, 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. 3.3 illustrates that solutions of a higher-hydrophobicity protein

(Φ = 0.445) display a pronounced concentration destabilization of the native state

at low protein concentrations, followed by restabilization at higher protein concen-

trations. This non-monotonic dependency is in good qualitative agreement with the

experimental behavior of single-phase solutions of the higher-hydrophobicity protein

metmyoglobin (Φ = 0.52) over a wide range of pH conditions (215).

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 this coarse-grained

model (25), and thus we only summarize the main ideas here. In short, the con-

centration dependencies of native-state stability can be understood in terms of a

balance between destabilizing protein-protein attractions and stabilizing crowding

effects. At finite concentrations, marginally stable native proteins preferentially un-

fold if (i) they have enough local free volume to accommodate the more expanded de-

natured state and (ii) they form favorable denatured-native or denatured-denatured

“contact” attractions with neighboring proteins. As a result, one generally ex-

pects protein-protein attractions to induce some degree of protein destabilization

at low protein concentrations. This expectation is consistent with experimental

results that indicate that reversible formation of non-native oligomers in solution

can play a central role in inducing protein unfolding (13). Furthermore, as should

be expected, and is in fact illustrated by model calculations in Fig. 3.1c, protein-

protein attractions are more favorable on average for higher-hydrophobicity pro-

teins. This explains why higher-hydrophobicity proteins typically show a more pro-
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nounced protein-protein attraction-induced concentration destabilization than their

lower-hydrophobicity counterparts.

On the other hand, since the denatured state is more expanded than the

native configuration (see Fig. 3.1b), excluded volume arguments suggest that the

native state should ultimately be restabilized at sufficiently high protein concen-

trations, a phenomenon sometimes referred to as macromolecular crowding. The

crowding effect is similar in nature to the confinement-induced stabilization of pro-

teins that has been studied extensively by experiments (9, 48) and computer simu-

lations (26, 49, 80, 117, 240). Note that crowding is typically more pronounced for

lower-hydrophobicity proteins because, as polymer theory predicts, these proteins

tend to exhibit more expanded denatured configurations than higher-hydrophobicity

proteins, all other factors being equal (2, 191, 192). In fact, as is seen in Fig. 3.3,

crowding almost entirely masks the destabilizing effect of protein-protein attractions

in model solutions of the Φ = 0.4 protein.

Interestingly, Fig. 3.3 also illustrates that the highest hydrophobicity pro-

teins, Φ = 0.473 and 0.5, show a qualitatively 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 transition is manifested as a discontinuity, i.e. an immisci-

bility 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 (176).

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 compression if their interparticle attractions are sufficiently large relative
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NN for the

model proteins Nr = 154,Φ = 0.4 and 0.445. The isotherm values for the Φ = 0.4
protein are: 330, 332, 334, 336, 337.73 338, 340, 342, and 344 K. The isotherm
values for the Φ = 0.445 protein are: 348, 350, 351.8, 352, 354, and 356 K.

to kBT . In short, increasing protein concentration from infinite dilution decreases

the translational entropy of proteins in solution, but increases the number of favor-

able protein-protein attractions. If the protein-protein attractions are sufficiently

favorable, then the protein solution can minimize its free energy by phase separat-

ing 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 richer for protein solutions than for condensing vapors because pro-

teins solutions can also shift their relative conformational 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. 3.3, the highest

hydrophobicity protein solutions of Φ = 0.473 and 0.5 undergo substantial protein

unfolding upon phase separation in order to realize the highly favorable denatured-
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denatured protein “contact” interactions. Also, note that the Φ = 0.5 protein

solution favors phase separation at a lower value of protein concentration than the

Φ = 0.473 protein solution, which is in line with the expectation that higher hy-

drophobicity proteins tend to show lower solubility in aqueous solution.

Thus far, by choosing to analyze model protein solutions at temperatures

where ∆G0
f = 0, we have effectively removed any effect of the intrinsic stability

of the protein. In Fig. 3.4, we take a step back and view a more comprehensive

data set for the temperature and protein concentration dependencies of the Φ = 0.4

and Φ = 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 destabilization at lower protein concentrations when compared to

the more stable solutions at lower temperatures. Similarly, the higher temperature

solutions require higher protein concentrations 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 temperatures and concentrations investigated.

In Fig. 3.5, we present the temperature and protein concentration depen-

dencies of the fraction of native-state molecules for the Φ = 0.473 and Φ = 0.50

protein solutions. Recall that the Φ = 0.473 protein solution has weaker protein-

protein attractions than the higher-hydrophobicity Φ = 0.50 solution, and, in both

solutions, attractions involving native species are weaker than those involving dena-

tured proteins. As a result, a single homogeneous phase of the Φ = 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
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Figure 3.5: Fraction of folded proteins versus protein concentration ρσ3
NN for the

model proteins Nr = 154,Φ = 0.473 and 0.5. The isotherm values for the Φ = 0.473
protein are: 352, 353, 354, 355, 356, 357, 358, 358.43, 359, 360, and 361 K. The
isotherm values for the Φ = 0.5 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.

denatured state is thermodynamically favored, L-L demixing readily occurs. This

result is consistent with experimental observations for the polypeptides fibronectin,

acylphophatase, and protein G, that indicate the formation of non-native aggregates

are related to conditions of weakened native state stability (e.g., increasing temper-

ature (126), adding denaturants (162), and destabilizing mutations (28, 164)). In

contrast, for the Φ = 0.5 solution, we find that protein-protein attractions are strong

enough to drive L-L phase separation even for temperatures well below Tf, where

the native state is thermodynamically favored. More comprehensive representations

of the L-L phase boundaries for the Φ = 0.473 and Φ = 0.5 model protein solutions

are shown in Fig. 3.6.
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Figure 3.6: Liquid-liquid coexistence curves for protein solutions in the temperature
versus protein concentration ρσ3

NN plane for the model proteins Nr = 154,Φ = 0.473
and 0.5. The darker circles indicate the equilibrium unfolding curves, while the
lighter circles bound the liquid-liquid coexistence regions. All lines act as guides to
the eyes.

The predicted trends for how sequence hydrophobicity affects the relative

locations of the equilibrium unfolding curve (i.e. the concentration dependent Tf)

and the L-L phase transition in this model appear to be in good qualitative agree-

ment with the experimentally determined behaviors of solutions of hemoglobin

HbA (Φ = 0.566) and its more hydrophobic sickle variant HbS (Φ = 0.570).

In particular, both HbA and HbS show a temperature-inverted, L-L transition

(130, 175, 178, 224, 225). However, the demixing curve for the HbS variant is

broader when compared to the wild type HbA data, which is in agreement with the

results from our simple model (see Fig. 3.6). Physiologically, for the case of the sickle

variant HbS solutions, the pathological aggregation associated with the L-L transi-

tion is the polymerization and self-assembly of protein fibers (130, 175, 224, 225).
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However, even when HbS is liganded in order to geometrically hinder this fiber for-

mation, its solutions still apparently show an inverted L-L transition that, instead,

facilitates the formation of amorphous protein aggregates (225).

As discussed earlier, the fluctuations associated with the type of first-order,

L-L transitions shown in Fig. 3.6 create locally concentrated regions that can facil-

itate the precipitation of various insoluble protein structures. The fact that consid-

erable protein unfolding occurs in the particular transitions predicted here makes

it likely that the resulting protein aggregates would have a distinctly non-native

character. However, this coarse-grained model, at least in its present form, does

not contain sufficient structural detail to study the formation of these non-native

protein precipitates. 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 Φ = 0.5 protein

shown in Fig. 3.6, one would predict that non-native aggregation processes could

readily occur in high-hydrophobicity protein solutions at temperatures far below

Tf, conditions where the native state is nominally stable. Indeed, substantial ag-

gregation below Tf is experimentally observed via spectroscopic measurements in

solutions of the high-hydrophobicity protein myoglobin (Φ = 0.52) (238). In con-

trast, based on the lack of a L-L demixing transition for the lower hydrophobicity

proteins below Tf, one would expect that low-hydrophobicity proteins could avoid

the formation of insoluble non-native aggregates under conditions where the native

state is thermodynamically favored. This type of predicted behavior is also con-

sistent with the high solubility of the low hydrophobicity protein ribonuclease A
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(Φ = 0.37) for temperatures below its equilibrium unfolding curve (202).

3.5 Conclusions

We have employed robust transition-matrix Monte Carlo simulation to rigorously

determine the equilibrium unfolding curves and the fluid phase boundaries of pro-

tein solutions of several model proteins with varying sequence hydrophobicity. The

coarse-grained model (25) for the protein solutions derives the intrinsic stability of

the native fold and the solvent-mediated, protein-protein interactions between native

and denatured states from a heteropolymer 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 relationships between protein concentration and the native-state

stability of several commonly studied proteins (25).

Our main findings can be summarized as follows. Solutions 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, so-

lutions containing proteins with high sequence hydrophobicity display the type of

temperature-inverted, first-order L-L transition that is typically associated with hy-

drophobic 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 un-

folding 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
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locations of the L-L phase transition appear to qualitatively agree with the observed

solution behavior of hemoglobin HbA and its sickle variant HbS. Moreover, the re-

sults suggest that a first-order L-L transition resulting in significant protein denatu-

ration should be expected to be found on the phase diagram of high-hydrophobicity

protein solutions. The concentration fluctuations associated with such a transition

could, in principle, be an important thermodynamic driving force for the non-native

aggregation that occurs below Tf in solutions of high hydrophobicity proteins such

as myoglobin. Nonetheless, further experimental and theoretical studies will be

necessary to thoroughly test this prediction.
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Chapter 4

Directional protein interactions

4.1 Introduction

In the Chapters 2 and 3, we introduced a new coarse-grained modeling strategy

for probing how various environmental conditions and molecular properties of pro-

teins affect the equilibrium populations of their native and denatured states. This

approach utilizes a heteropolymer collapse (HPC) theory to determine both the

“intrinsic” (i.e., infinite dilution) folding thermodynamics and the coarse structural

characteristics of globular proteins. It then uses this information to estimate the

effective protein-protein interactions in solution (25). Finally, it incorporates the in-

trinsic free energy of folding and the state-dependent protein interactions into highly

efficient transition-matrix Monte Carlo simulations (184) to study the equilibrium

properties of protein solutions. Our preliminary investigations with this method

focused on computing native-state stability (25) and fluid phase behavior (184) of

model proteins of varying sequence hydrophobicity.

While the aforementioned modeling strategy is able to qualitatively capture

some of the nontrivial experimental trends for the thermodynamics of globular pro-
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tein solutions (25, 184), it still invokes a highly simplified picture of protein structure.

Perhaps most notably, it assumes that hydrophobic and polar residues are uniformly

distributed on the solvent-exposed surface of the proteins. This, in turn, prevents the

approach from providing structural insights into a wide variety of assembly processes

that are driven by directional protein-protein interactions, including the formation

of ordered non-native aggregates like amyloid fibrils (43, 60, 84, 110, 120) or native-

state complexes/oligomers such as those observed in solutions of β-lactoglobulin

(98), ribonuclease A (124, 127, 222), and the sickle variant of hemoglobin (58), to

mention a few. Of course, structural simplification is a practical requirement if one

wishes to consider collections of hundreds to thousands of model protein molecules

in solution via computer simulation. Thus, in this chapter, we aim to strike an

appropriate balance. We extend the modeling approach of Chapter 2 and Chapter

3 so that it can account for non-uniform protein surface compositions, but we do so

in a simplified manner that preserves the ability of the method to efficiently predict

protein stability in solution.

This chapter is organized as follows. We first introduce a simple way to

account for the possibility of surface “patches” on the native state that have ei-

ther higher or lower hydrophobic residue composition than the rest of the solvent-

exposed surface. The formation of these patches affects the two main inputs into

our transition-matrix Monte Carlo simulations: the intrinsic free energy of folding

and the protein-protein interactions. We discuss how HPC theory and our imple-

mentation of transition-matrix Monte Carlo simulations can be extended to account

for these modified inputs. We then examine the simulated behavior of three model

proteins that share the same sequence hydrophobicity, but fold into native states

with different surface-residue segregation characteristics. Finally, we discuss how
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the results of our simulations may relate to the experimental behaviors of several

proteins that exhibit directional native-native interactions.

4.2 Modifying HPC Theory

In this section, we briefly review the basic physics, as well as the inputs and outputs,

of Dill and coworkers’ HPC theory (34, 36), which was previously employed within

the coarse-grained modeling strategy described in Chapter 2 and Chapter 3. We

then introduce a simple way to modify the theory to account for the formation

of native protein states that display a non-uniform spatial distribution of solvent-

exposed hydrophobic residues.

HPC theory begins from the reductionist perspective that proteins of Nr

residues can be modeled as heteropolymers of Ns coarse-grained segments [Ns =

Nr/1.4 (36)] with interactions that statistically reflect the aqueous-phase solubilities

of the corresponding amino acids of the protein sequence (36). Similar to small

globular proteins (158), heteropolymers can show equilibrium folding behavior that

results from a competition between two driving forces: the tendency to adopt a

compact “native” state in order to reduce the nonpolar surface area in contact with

aqueous solution versus the drive to partially expand to a “denatured” form in order

to realize more conformational degrees of freedom.

The inputs to HPC theory include temperature T [and, more generally, pres-

sure (23), pH and ionic strength (3, 207)], the number of residues in the protein

sequence Nr, the fraction of those residues that are hydrophobic Φ (e.g., based on

an aqueous-phase solubility criterion (36, 145)), and χ(T ) – the free energy per unit

kBT associated with hydrating a hydrophobic polymer segment. Previously, we in-

voked a simple parameterization for χ(T ) that captures experimental trends for the
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partitioning of hydrophobic amino acids between an oily condensed phase and liquid

water at ambient pressure (36).

The main thermodynamic output of HPC theory is the intrinsic free energy

change ∆G0
f associated with the unimolecular folding process. It quantifies the

difference in free energy between the native and denatured states in the absence of

protein-protein interactions (i.e., in the limit of vanishing protein concentration).

The main structural outputs of the theory include the ratio of the radii of gyration

of the denatured and native states, RD/RN, and the fraction of solvent-exposed

residues in the native state that are hydrophobic, Θ. It is assumed that the solvent-

exposed residues in the denatured state have the same hydrophobic composition as

the protein sequence. In the original formulation of this HPC theory, it is further

assumed that there are no spatial correlations between solvent-exposed hydrophobic

residues in either the denatured or the native state. Below, we discuss one way to

relax this assumption.

To facilitate the evaluation of ∆G0
f , an imaginary two-step path for folding

that connects the denatured state to the native state is constructed (36). In step [1],

the denatured heteropolymer collapses into a “randomly condensed” configuration

with the same radius of gyration as the native state, but with its hydrophobic

residues uniformly distributed throughout the structure. In step [2], the native state

is formed from the randomly condensed state via internal residue rearrangement.

The intrinsic free energy of folding is obtained by summing the contributions from

these two steps, ∆G0
f = ∆G0

1 + ∆G0
2.

In our modified approach, step [1] is identical to that of the original the-

ory. Collapse from the denatured to the randomly condensed state is driven by an

increase in the number of favorable hydrophobic interactions, but opposed by the
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corresponding loss of chain conformational entropy. The Bragg-Williams mean-field

approximation (91) is used to determine the number of hydrophobic intraprotein

segment contacts, and the Flory approximation (63) is used to account for how the

chain entropy depends on segment density. Sequence ordering of the polymer is

ignored in the analysis, i.e., the random copolymer assumption is invoked. In this

picture, the change in free energy for step [1] is given by (36)

∆G0
1

NskBT
= −χ(T )Φ2

[

fi(ρ
∗

s ) +
2

3
fe(ρ

∗

s )

]

(1 − ρ∗s ) −
(1 − ρ∗s )

ρ∗s
ln(1 − ρ∗s )

+
7

2Ns

[

(

19

27Ns

)
1

3

{1 − ρ∗s
−2

3 }

]

−
2

Ns
ln ρ∗s

(4.1)

where ρ∗s is the reduced segment density of the denatured state, fi(ρ
∗

s ) = [1 −

(4πρ∗s/{3Ns})
1/3]3 is the fraction of residues buried in the protein interior, and

fe(ρ
∗

s ) = 1 − fi(ρ
∗

s ) is the fraction of residues that are solvent exposed – all three

quantities pertain to the average structure of the denatured state. The numerical

value of the equilibrium segment density ρ∗s is the one that maximizes ∆G0
1. This

is also the value that minimizes the free energy of the denatured state since the

properties of the randomly condensed state do not depend on ρ∗s . The ratio of the

radii of gyration of the two states is then obtained via the relation RN/RD = ρ∗s
1/3.

A more detailed discussion is presented in Ref. (36).

In step [2], which describes the rearrangement of the randomly condensed

state to form the native configuration, our approach departs from that of the orig-

inal HPC theory (34, 36). The original theory assumes that the solvent-exposed

hydrophobic residues exhibit a uniform spatial distribution of composition Θ on the

surface of the native state. Here, we assume that there are two “patches” on the

surface of the native state that have a different composition of hydrophobic residues
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Figure 4.1: Schematic of two native-state proteins with coarse-grained surface re-
gions of different hydrophobic residue composition: patch (shaded) vs body (white).
The size of the patch is defined by the angle α. The hydrophobicities of the patch
Θp and body Θb are determined by Eq. 4.2. Since the dashed line connecting the
protein centers passes through a patch region on each molecule, these two proteins
are currently in a patch-patch alignment.

than the rest of the surface “body”. As is shown in Figure 4.1, the size of the

patch is defined by the polar angle α. The fraction of solvent-exposed hydrophobic

residues segregated in the patch regions is denoted fph. It follows from simple ge-

ometric considerations that the fraction of residues in the patch and body regions

of the native-state surface that are hydrophobic (Θp and Θb, respectively) can be

expressed as

Θp =
fphΘ

1 − cos α

Θb =
(1 − fph)Θ

cos α
. (4.2)

These values reflect the degree of surface anisotropy of the native-state molecules,
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which will subsequently impact the protein-protein interactions in solution.

In one sense, this approach is similar to a “two-patch” description that

was recently introduced to model native-native protein interactions of sickle cell

hemoglobin molecules (188) and also to other simple models for anisotropic native-

state proteins that have been investigated recently (30, 41, 92, 113, 128, 179, 203).

However, the coarse-grained strategy that we pursue here differs significantly from

these earlier models in that it explicitly accounts for the possibility of protein un-

folding, and it estimates the intrinsic properties of the native and denatured states

using a statistical mechanical theory for heteropolymer collapse. This connection to

the polymeric aspect of the protein allows our model to be used to probe the global

connections between native-state anisotropy, folding equilibria, and the thermody-

namic behavior in protein solutions.

The aforementioned segregation of native-state surface hydrophobic residues

into patches is favored by an increase in the number of hydrophobic segment con-

tacts [here, again, estimated by the Bragg-Williams approximation (91)], but is

opposed by the associated loss of entropy. Following similar logic to the develop-

ment presented in Ref. (36), we arrive at the following free energy change for step

[2]:

∆G0
2

NskBT
= −χ(T )

[

fi(1){x
2 − Φ2} +

2

3
fe(1)

[

{Θ2
p − Φ2} (1 − cos α)

+
(

Θ2
b − Φ2

)

cos α
]

]

+ fi(1)

[

x ln
x

Φ
+ (1 − x) ln

1 − x

1 − Φ

]

+ fe(1)(1 − cos α)

[

Θp ln
Θp

Φ
+ (1 − Θp) ln

1 − Θp

1 − Φ

]

+ fe(1) cos α

[

Θb ln
Θb

Φ
+ (1 − Θb) ln

1 − Θb

1 − Φ

]

(4.3)

Here, fi(1) = [1 − (4π/{3Ns})
1/3]3 is the fraction of total residues buried in the
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interior of the native or the randomly condensed state (both have reduced segment

density ρs = 1), fe(1) = 1 − fi(1) is the fraction of total residues that are solvent

exposed, and x is the hydrophobic composition of the native protein core. The

numerical value that the average surface hydrophobicity Θ takes on is the one that

minimizes ∆G0
2. This value also minimizes the free energy of the native state since

the properties of the randomly condensed state do not depend on Θ. The numerical

value of x can be obtained by simultaneously applying a hydrophobic residue balance

on the native state, Φ = fi(1)x + fe(1)Θp[1 − cos α] + fe(1)Θb cos α.

In this study, we focus in particular on aqueous solutions of three model pro-

teins of identical molecular weight Ns = 110 (i.e., Nr = 154) and hydrophobic residue

composition Φ = 0.4, parameters typical of medium-sized globular proteins (183).

The only difference between the three model proteins is that their folded states have

distinct surface residue distributions, which subsequently lead to different protein-

protein interactions: “uniform” (i.e., no patches), “weakly directional” (fph= 0.25,

α = π/6), and “strongly directional” (fph= 0.75, α = π/6). By examining the be-

havior of these three models, we can take a first step toward exploring the broader

issue of how differences in surface characteristics of the native state can impact both

the molecular stability and the global solution behaviors of proteins.

First, however, we examine some properties of these three model proteins

at infinite dilution by solving the modified HPC theory presented above. Specifi-

cally, in Figure 4.2a and b, we present the values of the “patch” and “body” surface

hydrophobicities, Θp and Θb, respectively, that result from such a calculation. As

should be expected, the surface hydrophobicities of the native states are essentially

independent of temperature (i.e., the surface structures are not significantly changed

by thermal stresses). Moreover, Θp (Θb) of the strongly directional protein is much
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Figure 4.2: Temperature dependencies of patch hydrophobicity Θp [Top panel],
body hydrophobicity Θb [Middle panel], and the intrinsic free energy of folding
∆G0

f [bottom panel] for the three model native-state proteins examined in this
study: “uniform” (i.e., no patches), “weakly directional” (fph= 0.25), and “strongly
directional” (fph= 0.75).
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higher (lower) than both that of the weakly directional protein and the uniform pro-

tein. This means that pairs of the strongly directional protein molecule can desolvate

a significant number of hydrophobic residues by self-associating, but only if they do

so with their hydrophobic patches mutually aligned. Given the patch geometry of

the native state studied here, the possibility exists for equilibrium polymerization

of the strongly directional native proteins, a topic that we explore in greater detail

in the chapter results section.

The hydrophobic residue segregation on the surface of the strongly direc-

tional native protein also significantly impacts its intrinsic thermal stability. In

particular, it renders the strongly directional protein more thermodynamically sta-

ble as compared to the weakly directional or uniform proteins (see Figure 4.2c).

This reflects the fact that the increase in the number of favorable surface-surface

hydrophobic interactions gained by patch formation outweighs the entropic penalty

associated with the enhanced spatial ordering of the protein surface. However, one

should exercise caution in using this single result to draw general conclusions about

the connection between residue segregation and thermal stability of the native state

because this type of energetic/entropic balance generally depends not only on the

protein and patch sizes, but also on the overall sequence hydrophobicity. Since the

present investigation focuses exclusively on the global behaviors of the three model

proteins discussed above, we reserve further exploration of this particular issue to a

future study.

4.3 Coarse-Grained Protein-Protein Interactions

In our coarse-grained approach, we make the assumption that protein-protein at-

tractions are primarily driven by the favorable differences in free energy associated
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with desolvating surface hydrophobic residues of the proteins that are otherwise

solvated when they are in their isolated, infinite dilution state. While clearly an

oversimplification, this assumption is supported in part by statistical analysis of

protein-protein interfaces that reveals a higher fraction of hydrophobic residues in

the vicinity of their binding sites (223). It is also supported by the strong role that

hydrophobic interactions have been found to play in various protein aggregation

processes (187).

The magnitudes of the solvent-mediated inter-protein “contact” attractions

in this model εNN, εDD, and εND for native-native, denatured-denatured, and native-

denatured protein pairs, respectively) depend on the strength of the inter-segment

hydrophobic attraction χ(T ), but also on the segment densities and hydrophobic

compositions of the solvent-exposed residues in the participating protein states.

Mean-field expressions for these quantities were derived in Chapter 2 (Eqs. 2.1-2.3).

Here, we modify their forms to reflect the nonuniform surface hydrophobicity of the

native state:

εND =
Nsχ(T )ΦΘmkBT

12

(

fe(ρ
∗

s )

[1 + ρ∗s
−1/3]2

+
fe(1)

[1 + ρ∗s
1/3]2

)

(4.4)

εDD =
Nsχ(T )fe(ρ

∗

s )Φ
2kBT

24
(4.5)

εNN =
Nsχ(T )fe(1)ΘmΘnkBT

24
. (4.6)

In the above, Θm and Θn denote the apparent surface hydrophobicities associated

with different orientational states of participating native molecules m and n, respec-

tively. For example, to determine the value of Θm for molecule m of a given pair

interaction, one only needs to know the orientation of molecule m relative to that
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of the imaginary vector connecting its center of mass to that of the other partici-

pating protein. If this vector passes through a patch on molecule m’s surface (see

Figure 4.1), then Θm = Θp; otherwise Θm = Θb, and so on. A discussion of similar

relations for isotropic inter-protein interactions can be found in Chapter 2 of this

study (25).

In Figure 4.3, we plot the temperature-dependent magnitudes of the native-

native inter-protein contact attractions in the patch-patch, body-body, and patch-

body configurations for the three model proteins studied here. For comparison,

we also show the magnitude of the denatured-denatured contact attraction. The

main point is that the strongest effective interactions (≈ 20 − 30 kJ/mol) are the

patch-patch hydrophobic interactions of the strongly directional native proteins.

These interactions, however, will also be associated with an entropic penalty due

to the highly specific orientations that the participating proteins must adopt. The

second strongest interactions are denatured-denatured protein associations (≈ 3− 4

kJ/mol). Finally, all other interactions of the weakly directional and the uniform

native proteins are of order 1 kJ/mol. As one might expect, the relative strengths

of these various attractions can be qualitatively inferred from the solvent-exposed

hydrophobic residue concentrations of the various proteins in their isolated, infinite

dilution states (see Figure 4.2).

One can also use HPC theory to roughly estimate state-dependent, effective

diameters of the various interactions (σNN, σDD, and σND). Here, as in Chapters 2

and 3, we take σDD/σNN ≈ RD/RN = ρ∗s
−1/3 and σND/σNN ≈ (1 + RD/RN)/2 =

(1+ρ∗s
−1/3)/2. We then integrate these effective diameters and the contact energies

of Eq. 4.4, 4.5, and 4.6 into a the coarse-grained inter-protein potential coarse-

grained inter-protein pair potential (212) that was introduced in Chapter 2 (Eq.
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Figure 4.3: Temperature dependent magnitudes of the native-state “contact” attrac-
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2.4).

To summarize, the coarse-grained model discussed here represents an ef-

fective binary mixture of orientation-dependent native and spherically-symmetric

denatured proteins [the aqueous solvent enters the picture through χ(T )] connected

via the protein-protein interactions and the protein folding reaction. The links

between the intrinsic native-state stability of the proteins ∆G0
f , the physical param-

eters defining the protein-protein interactions (ǫij , σij), the protein sequence (Nr,Φ),

and the interactions with the aqueous solvent χ(T ) are established by the modified

heteropolymer collapse model described in the last two sections. We approach this

coarse-grained biomolecular system with the understanding that it parallels that of

a classic reactive phase equilibria problem for a binary solution (see, e.g., (176)),

which is readily amenable to the advanced Monte Carlo simulation techniques re-

ferred to in the next section.

4.4 Simulation Methods

To implement our coarse-grained strategy, we use highly efficient grand-canonical

transition-matrix Monte Carlo (TMMC) simulations (50) adapted for the case of

multi-component mixtures (51, 185) and simultaneous reaction (folding) equilib-

ria (184). The details of the simulations are identical to those provided in Section

3.3.1 (with one exception discussed below), and so we do not repeat them here.

The modification to the simulations in the present work is the use of aggregation-

volume-bias (AVB) Monte Carlo moves. Such moves are needed because the native-

state molecules of the strongly directional model protein can self-associate, forming

long-lived chains of “bonded” configurations which prevent adequate sampling of

phase space using standard Monte Carlo moves. Aggregation-volume-bias (AVB)

81



Monte Carlo moves circumvent this bottleneck by promoting the formation and de-

struction of “bonded” configurations by targeting trial displacements, insertions, and

deletions to be attempted in the immediate vicinity of a randomly chosen molecule

of interest. We performed AVB displacements using the so-called AVBMC2 im-

plementation (18), and AVB insertions/deletions were implemented as described in

(19). Sampling was further enhanced by combining this suite of moves with multi-

ple “first-bead” trial insertions and configurational bias Monte Carlo (19, 65, 230).

Grand-canonical TMMC simulations can be easily adapted to handle these special-

ized moves.

4.5 Results

We now discuss the results of our grand-canonical TMMC simulations and modified

coarse-grained modeling strategy, implemented here to probe how native-state sur-

face anisotropy affects the thermodynamic stability and equilibrium assembly and

aggregation behavior of proteins in solution. Specifically, we discuss simulated equi-

librium midpoint unfolding curves and self-association trends of finite concentration

solutions comprising the three model proteins introduced earlier: “uniform” (i.e.,

no patches), “weakly directional” (fph= 0.25, α = π/6), and “strongly directional”

(fph= 0.75, α = π/6).

To understand the stability behavior of proteins as a function of protein con-

centration, we first summarize the physics involved in the stability of a protein with

a uniform distribution of surface residues in its native state. The main trends of

this investigation, outlined in Chapter 2, can be understood as a balance between

two opposing factors: destabilizing inter-protein attractions and stabilizing macro-

molecular crowding effects. At finite protein concentrations, a marginally stable
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protein can unfold in solution if (a) it has enough local free volume to accommodate

the transition from a compact state to the more expanded denatured configuration

and (b) it can simultaneously form enough inter-protein hydrophobic contacts upon

denaturing to overcome the intrinsic free energy penalty for unfolding. Part (b) is

aided by the fact that attractions involving the denatured state are stronger than

those involving only native molecules for the uniform protein (recall Figure 4.3).

Of course, increasing protein concentration decreases the probability of (a) but in-

creases the likelihood of (b). The specific properties of the native and denatured

states of the individual proteins will also generally affect both (a) and (b).

For uniform proteins of lower sequence hydrophobicity (e.g., Φ = 0.4), we pre-

viously found in Chapter 2 that the attraction-induced destabilizing and crowding-

induced stabilizing forces approximately balance each other at low to intermediate

protein concentrations. On the other hand, for uniform proteins of higher sequence

hydrophobicity (e.g., Φ = 0.5), inter-protein attractions can be strong enough to

significantly destabilize the native state under the same thermodynamic conditions.

As discussed earlier, these trends appear to be qualitatively reflected in the different

experimental solution behaviors of real proteins with low Φ (such as ribonuclease

A) versus those with high Φ (such as metmyoglobin). Given this delicate balance

between attractions and crowding, and the fact that differences in protein surface

properties significantly impact protein-protein interactions, one naturally expects

that protein surface morphology may have a non-trivial effect on the concentration-

dependent stability behavior of proteins in solution. In particular, as is shown

in Figure 4.3, anisotropic native-state proteins can have very strong inter-protein

attractions, even though their average surface hydrophobicity may be low. These fa-

vorable native-native interactions may significantly stabilize the native state against
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unfolding, a scenario that, as discussed above, does not occur for uniform pro-

teins (25, 184).

To examine these possible effects in our simulations, we computed the tem-

perature and protein-concentration dependencies of three different microscopic quan-

tities for our model protein solutions: the total average folded fraction fN, the degree

of polymerization fpoly, and the cluster average folded fraction fNc. The quantity fN

is simply the average fraction of proteins in solution that are in their native state.

The midpoint unfolding transition for the protein solution occurs when fN = 0.5.

The quantity fpoly is a measure of the fraction of proteins in a geometric “poly-

mer” or “cluster”. A protein in state i is considered to be in the same “polymer”

or “cluster” as a neighboring protein in state j if their center of masses are closer

than 1.3σij , where the magnitude of the effective pair-wise attraction between the

two proteins is greater than 20% of its maximum value. On one hand, this type of

geometric clustering can occur for trivial “packing” reasons at high protein concen-

trations, where pairs of proteins are forced to adopt near-contact configurations that

satisfy the above geometric criteria for fpoly. On the other hand, protein clustering

or self-assembly can also occur due to strong inter-protein attractions, even at low

concentrations. In this type of scenario, the condition fpoly = 0.5 might be thought

of as a midpoint for a continuous self-assembly transition. Maxima in heat capacity

have also been associated with self-assembly transitions (205, 228), and indeed we

have observed a close correspondence between these geometric and thermodynamic

metrics in simulations of our system. Finally, the quantity fNc is the average frac-

tion of native-state proteins within a geometric cluster. This metric can be used to

help understand the origin of the clustering phenomenon in solution (e.g., packing

or protein-protein association effects). For example, if clustering is a result of highly
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favorable (i.e., native stabilizing) inter-protein attractions, then one would expect

to find fNc > fN.

In Figure 4.4, we examine how protein concentration affects these proper-

ties for the weakly directional protein at three different temperatures: the infinite

dilution midpoint folding temperature of the protein (339.5 K, ∆G0
f = 0), a lower

temperature favoring the native state (336 K, ∆G0
f < 0), and a higher temperature

favoring the denatured state (344 K, ∆G0
f > 0). For all temperatures, increas-

ing protein concentration has little effect on fN up to a very high concentration

(ρσ3
NN ≈ 0.07), while it has a monotonic stabilizing effect for higher concentra-

tions. To provide a comparison to experimental concentrations, ρσ3
NN ≈ 0.07 cor-

responds to ≈ 170 mg/ml for the highly soluble protein ribonuclease A (assuming

σNN = 2.1 nm (146)).

This trend is precisely what was previously observed for the “uniform” pro-

tein found in Chapter 2 and Chapter 3 of our investigation: any destabilizing attrac-

tions are approximately balanced by stabilizing crowding effects until one gets to

high concentrations and crowding wins out. The fact that fpoly = 0.5 also occurs at

relatively high protein concentrations, and that fNc tracks, but is slightly less than

fN, indicates that the clusters are mostly occurring due to protein packing (crowding

effects) rather than protein-protein attractions. In other words, weak segregation

of surface hydrophobic residues does not have a noticeable impact on native-state

stability or self-assembly behavior.

In Figure 4.5, we plot the stability diagram for the weakly directional pro-

tein. The shaded regions indicate temperature and concentrations that favor the

denatured state (fN < 0.5), while the white region indicates conditions that favor

the native state (fN > 0.5). The locus of the temperature-dependent concentrations

85



0.2

0.4

0.6

0.8

F
ra

ct
io

n

0.2

ρσ
3

ΝΝ

333K

342K

337.5K

∆G
f

o
<0

∆G
f

o
=0

∆G
f

o
>0

f
poly

Concentration [          ]

0.1

0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

f
N

f
Nc
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than half of the proteins are part of geometric “clusters”.

where fpoly = 0.5 (squares) is also displayed. The weakly directional protein forms

geometric clusters for all states to the right of this curve. Two points are worth

emphasizing here. First, as discussed above, the clusters that the weakly directional

proteins form in the native state are simply due to high concentration and are not

due to directional native-native interactions. This observation is again supported

by the very close agreement between the fpoly = 0.5 locus of the weakly directional

protein solution (squares) and the uniform protein solution (triangles). The second

point is that clustering occurs at lower protein concentrations for the denatured pro-

teins, because of their larger radius of gyration and stronger inter-protein attractions
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(see Fig. 4.3).

We now contrast the behavior of the weakly directional protein shown in

Figure 4.4 to that of the strongly directional protein presented in Figure 4.6. In-

terestingly, the protein concentration range of relevance for the strongly directional

protein is an order of magnitude less than that for the weakly directional pro-

tein. Packing effects, which play a large role in the geometric clustering of the

weakly directional and uniform proteins, are negligible under the low concentra-

tion conditions. Yet pronounced changes–both fN and fpoly increase rapidly with

concentration–still occur for the strongly directional protein under these dilute con-

ditions. This result, taken together with the observation that fNc rises above fN,

convincingly shows that the self-assembly/polymerization observed for the strongly

directional protein is induced by the highly favorable inter-protein attractions.

In Figure 4.7, we project the folding and self-assembly behavior of the strongly

directional protein into the temperature-protein concentration plane. Again, the

shaded regions indicate temperature and concentrations that favor the denatured

state, while the white region indicates conditions that favor the native state. The

locus of the temperature-dependent concentrations corresponding to fpoly = 0.5 (cir-

cles) is also overlayed. For the strongly directional protein in the native state, the

global clustering trends are again seen to be very different than those observed for

the weakly directional protein in Figure 4.5. Here small increases in native protein

concentration result in polymerization, while higher concentrations are required to

aggregate the denatured protein. This is due to the fact that the patch-patch at-

tractive interactions are much stronger than denatured-denatured interactions for

this protein. One implication of these predicted trends is that it should be possible

to dissociate these native state clusters by changing thermodynamic conditions to
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weaken the hydrophobic effect. This behavior has been observed experimentally

for the β-lactoglobulin dimer (82), ordered aggregates of ribonuclease A (77), and

tetrameric oligomers of the small protein p53tet (104).

The predicted behavior that strong directional native-native attractions help

stabilize the model protein against unfolding, studied here, agree with observations

of some experimental protein systems. First consider the extreme example of the

p53tet peptide fragment, which is not thermodynamically stable in its monomeric
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form due in part to its short chain length (64 residues), but instead is stable as a

tetrameric protein. The surface buried at the monomer interfaces is mostly apolar,

suggesting that the driving force for association and stabilization is hydrophobic

(104). The stability results for this protein indicate that the protein-protein associ-

ations are able to stabilize an inherently unstable protein (104, 112). This behavior

suggests that a protein, which is stable in its monomeric form, can utilize specific

protein-protein interactions as an additional mechanism against unfolding.

In fact, we observe this type of stability behavior for bovine β-lactoglobulin,

which exists in a dimer in solution. The monomer-monomer interface consists of

a large hydrophobic patch (98). In this case, the monomeric form of the protein

is thermodynamically stable. For β-lactoglobulin to denature, the dimer must first

dissociate (82, 98). Here, the additional stabilization provided by the dimeric form

has been found to be an important factor in preventing the nucleation and growth

of β-lactoglobulin fibrils in solution (82).

Similarly, ribonuclease A is known to form dimers (as well as trimers and

higher order oligomers) under a variety of experimental conditions (77, 124, 151).

These oligomers can form two different conformers stabilized by specific interactions

at the N- and C-termini of the molecules, which participate in the domain swapping

mechanism (127). The formation of the N- and C-dimers may involve interactions of

their exposed hydrophobic residues (77), similar to the patch-patch associations in

the native aggregates formed in our simulations. The stability of these oligomers is

temperature dependent, and sufficiently high temperatures can result in an overall

decrease in their presence (77), again in qualitative agreement with the cluster

stability behavior observed for our strongly directional model protein (Figure 4.7).

Finally, the polymerization of the native form of sickle cell hemoglobin (HbS)
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due to its strongly directional interactions in solution has been the focus of other

recent computational studies (see, e.g., Ref. (188)), mostly due to its important

biological implications. The directional interactions in the sickle variant are a con-

sequence of a point mutation, and thus they are not present in the wild type protein.

Interestingly, self-association of native sickle hemoglobin is predicted to occur for

temperatures far above where the wild type protein unfolds in solution (see, e.g.,

Ref. (225)). This suggests that the strongly favorable native interactions of the

sickle variant may play an active role in stabilizing the native (polymerizing) form

over the denatured state.

4.6 Conclusions

In this chapter, we have introduced a basic extension to our earlier coarse-grained

modeling strategy to account for the possibility of non-uniform spatial distributions

of hydrophobic residues on the surfaces of native proteins in solution. We then used

this extended approach to examine the simulated behavior of three model proteins

with sequences of identical hydrophobic residue composition that fold into native

states with different surface-residue segregation characteristics. The behaviors of

these model proteins serve to illustrate how “patchy” protein surfaces can modify the

intrinsic thermodynamic stability of the native state, protein-protein interactions,

and aggregation behaviors of proteins in solution. One of the main predictions of

the approach is that protein interaction induced self-assembly can be an important

stabilizing factor for the native state in solution. We discuss several experimental

proteins that apparently take advantage of this mechanism for stabilization.
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Chapter 5

Pressure dependence of protein

stability

5.1 Introduction

In this chapter, we revisit a physically insightful heteropolymer collapse (HPC)

theory developed by Dill and collaborators used in Chapters 2, 3, and 4 that qual-

itatively predicts the basic thermodynamic trends for protein stability at ambient

pressure (34, 36). Our main focus is to address a limitation of the theory: it

cannot make predictions about the factors that affect the pressure stability of pro-

teins. One reason for this is that HPC theory does not provide a prescription to

account for the effect of pressure on the solvent-mediated hydrophobic interactions

that drive protein folding. Specifically, it assumes that the “contact free energy”

between hydrophobic amino acid residues is directly proportional to the free energy

χ(T )kBT associated with physically transferring a hydrophobic amino acid residue

from its own pure phase into water. Accordingly χ(T ) is determined from a thermo-
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dynamic parametrization of oil-water partitioning data for hydrophobic amino acid

side chains at ambient pressure (36). However, an analogous parametrization for the

pressure-dependent oil-water partitioning of amino acids is not available for use in

the theory. Even if it were, directly employing it in HPC theory with no other mod-

ifications would lead to qualitatively incorrect predictions because, as Kauzmann

pointed out in 1987, the sign of the volume change associated with the transfer

of nonpolar molecules into water is inconsistent with the pressure denaturation of

proteins (109). The implication is that (i) hydrophobic forces are not a dominant

factor in determining the pressure stability of proteins and/or (ii) the hydrocarbon

transfer model fails to capture the effect of pressure on hydrophobic interactions.

The former appears consistent with the most widely accepted view of pressure

denaturation in the experimental literature, which might be summarized as follows.

Compressibilities and direct effects of pressure on interactions are thought to play

secondary roles, while the main driving force for pressure denaturation is presumed

to be differences in specific volume between the native and denatured states that

exist at ambient pressure; the denatured state becomes more stable with increasing

pressure because it exhibits a smaller specific volume (see, e.g., (171, 172, 236)).

The differences in specific volume are due to cavities and void spaces that are sol-

vated upon unfolding (67, 78, 122, 140, 193), electrostriction of charged or polar

groups (140), and the hydration of hydrophobic residues exposed to solvent upon

unfolding. Both the sign and the magnitude of the volume change associated with ex-

posure of hydrophobic residues to water have been debated (see, e.g., (10, 140, 171)).

However, recent pressure perturbation calorimetry measurements (125, 137, 166) in-

dicate that, for temperatures between approximately 0oC and 30oC and moderate

pressures, hydration of polar amino acid side chains results in a decrease in specific

94



volume, while hydration of hydrophobic amino acid residues results in an increase

in specific volume.

Nonetheless, detailed molecular simulations (72, 73) and information theory

calculations (95, 96) indicate that these experimental observations may not reflect

a comprehensive picture of the effect of pressure on the thermodynamics and in-

teractions of hydrophobic residues. In particular, pressure may in fact significantly

destabilize the hydrophobic interactions between nonpolar species in water, in con-

trast to what would be expected based on the hydrocarbon transfer model. The

results from these simulation studies have led to the notion that weakening of hy-

drophobic interactions allows water to penetrate into the hydrophobic interior of

native proteins, ultimately denaturing them by breaking their core structure apart.

Of course, simulation results such as these are only as reliable as the models that

they use for the relevant intermolecular interactions. However, the models employed

in the above studies are known to reproduce other well known experimental signa-

tures of hydrophobic effects (72, 73, 95), and we are not aware of any experimental

studies that contradict their qualitative volumetric properties.

Motivated by the above observations, we generalize the HPC theory in this

study to provide a simple test for whether pressure-induced changes to hydrophobic

interactions can significantly destabilize the native state. In this first step, we do not

try to incorporate all of the known contributions to pressure denaturation (cavities

in the native state, electrostriction, etc.) into the HPC theory. Rather, we simply

propose a new strategy wherein interactions between nonpolar amino acids and

water in HPC theory are estimated using a molecular thermodynamic model that

predicts the temperature- and pressure-dependent interfacial free energy between a

curved hydrophobic solute and water.
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The main advantage of this new strategy is that the model used to calculate

the strength of the hydrophobic interactions satisfies some stringent conditions for

reproducing water’s peculiar thermodynamic behavior (in particular, how pressure

and temperature affect its properties (5, 219, 220)). As expected, the model predicts

that χ exhibits a maximum in temperature, and thus heteropolymers exhibit both

cold and warm denaturation. Interestingly, χ also displays a maximum in pressure,

which leads to both pressure and tension induced unfolding. As a result, the revised

HPC theory qualitatively predicts the closed regions of native-state stability in the

pressure-temperature plane that are observed for globular proteins (196). It also

captures some basic experimental trends for how point mutations modify native-

state stability.

The outline of this chapter is as follows. First, we provide a brief explana-

tion of the HPC theory of Dill and co-workers and introduce our generalization to

treat the hydrophobic interactions from a molecular thermodynamic model. Then,

we examine the temperature and pressure predictions of the modified HPC the-

ory, comparing the model results to experimental data. Finally, we present some

concluding remarks about the theory.

5.2 HPC theory revisited

Here we briefly review the calculations of χ(T ) in the HPC theory developed by Dill

and collaborators, and we discuss the main physics involved with the temperature-

dependent collapse transition. We also outline our approach for generalizing the

theory to study the effect of hydrostatic pressure on folding.
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5.2.1 Background

In the most commonly applied manifestation of HPC theory (36), χ(T ) is chosen to

capture the qualitative trends for the experimental transfer of hydrophobic amino

acids from a nonpolar liquid phase into water (74, 145), and it is modeled using the

following form:

χ(T ) =
1.4

kBT

[

∆Ho + ∆Cp(T − To) − T

(

∆So + ∆Cpln

(

T

To

))]

(5.1)

Here, T is temperature; kB is Boltzmann’s constant; ∆Ho and ∆So are the enthalpy

and entropy of transfer at T = To, respectively; and ∆Cp is the heat capacity of

transfer. The factor 1.4 accounts for the number of residues per polymer segment

(34). If To = 298 K, then setting ∆Ho = 0, ∆So = −6.7 cal K−1mol−1, and ∆Cp =

55 cal K−1mol−1 leads to reasonable agreement with experimental transfer data

(74). The temperature dependence of χ(T ) displays a maximum that corresponds

to the characteristic solubility minimum of hydrophobic compounds in water (see,

e.g., (35, 36, 160)).

The version of HPC theory that incorporates this model is simple, but it still

reproduces, and thus provides a physical basis for understanding, many experimen-

tal trends for protein behavior at ambient pressure. For example, it predicts the

distinctive entropic and enthalpic contributions to the thermodynamics of protein

unfolding, and it identifies how the thermal signatures of hydrophobic hydration

can lead to cold denaturation (36). The model also provides thermodynamic and

coarse structural information about the individual native and denatured states, such

as their radii of gyration and the number of hydrophobic residues on their solvent-

exposed surfaces. As discussed in Chapters 2 - 4, this information can be used to

derive effective protein-protein interactions in solution (25), which in turn provides
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an avenue for studying equilibrium unfolding curves and global phase diagrams for

protein solutions via molecular simulation (184).

HPC theory also captures the fact that modifications to sequence composition

(e.g., Nr and Φ) and solution conditions (e.g., T and pH) affect the structure of the

expanded and collapsed states (39). For example, polymer chains with sequences

of higher Φ exhibit more compact denatured structures because water is a poor

solvent for their apolar residues. This latter result is in accord with basic principles

from polymer physics and experimental observations of proteins (192). In addition,

increasing temperature results in more expanded denatured states, owing to the

weaker hydrophobic interactions and relatively larger contribution of configurational

entropy to the free energy of folding.

However, as mentioned in the Section 5.1, while this version of HPC the-

ory qualitatively predicts the temperature dependence of protein stability, it cannot

make predictions about the pressure induced denaturation of proteins. To accom-

plish this, one needs to modify χ to account for the effects of pressure.

5.2.2 Pressure dependence of hydrophobic interactions

The volume change associated with protein unfolding is negative at high pressures,

whereas the volume change accompanying the transfer of a hydrocarbon from a

nonpolar phase into water is typically positive under the same conditions. Thus, the

hydrocarbon transfer model for protein unfolding, which was successfully exploited

by HPC theory to study the thermal stability of proteins at ambient pressure (36),

is not sufficient on its own to capture pressure effects (109). As a result, it is not

possible to successfully extend HPC theory by simply parameterizing χ(T, P ) to

describe solute partitioning experiments at elevated pressures.
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However, both information theory calculations (95, 96) and detailed molec-

ular simulations (72, 73) provide strong evidence that increasing pressure, at con-

stant temperature, weakens the effective attractions between hydrophobic species

in aqueous solution. In fact, it has been proposed that this weakening allows water

molecules to penetrate into the hydrophobic channels of the protein core, denaturing

the protein at high pressures by dissociating internal residue contacts (96). Stated

differently, the application of high hydrostatic pressures reduces the thermodynamic

penalty for creating new solvent accessible surface area in the hydrophobic core of

the protein. Motivated by this simple physical interpretation, we extend HPC theory

here by allowing χ to reflect how pressure modifies the excess free energy associ-

ated with creating interfacial contact area between hydrophobic residues and liquid

water.

In particular, we determine χ(T, P ) by assuming that the following equality

holds,

χ(T, P )

χ(T, 1 atm)
=

Ωex
R (T, P )

Ωex
R (T, 1 atm)

(5.2)

where Ωex
R is the excess grand potential (relative to bulk) which quantifies the free

energy associated with forming an interface between liquid water and a hydrophobic

surface of curvature R−1. In the context of HPC theory, R−1 can be viewed as

representing the mean curvature of the solvent-accessible hydrophobic “patches”

that liquid water contacts as it penetrates into the core structure of the protein

during pressure denaturation. In the small curvature limit (σwR−1 ≪ 1, where

σw represents the effective diameter of a water molecule), Ωex
R is proportional to

the macroscopic interfacial tension between liquid water and a planar hydrophobic

surface (129, 208). On the other hand, molecular-scale hydrophobic effects (95,

97, 156) dominate Ωex
R for solvent-accessible interfaces with high local curvature
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(σwR−1 ≈ 1). Of course, one expects the hydration geometries in actual proteins

to be heterogeneous, involving curvatures intermediate between the aforementioned

molecular and macroscopic limits (16, 21, 129, 157, 163). As we discuss below, Ωex
R

shows quantitatively different pressure dependencies for solutes with small and large

curvatures, allowing us to test the R−1-dependent predictions of our modified HPC

theory against experimental results for the pressure denaturation of proteins. This

comparison provides one way to calibrate R−1 for our theory and to gain some basic

insights into which types of hydration processes are consistent with the experimental

data for pressure unfolding.

In our model for χ(T, P ) given by Eq. (5.2), we calculate Ωex
R via the following

expression

Ωex
R (T, P )

Ωex
∞

(T, P )
= 1 + δ1(T, P )

[σw

R

]

+ δ2(T, P )
[σw

R

]2
. (5.3)

Here, Ωex
∞

is the excess grand potential associated with forming a planar interface

between liquid water and a smooth hard wall. We compute this quantity using an

analytical molecular thermodynamic theory for water developed by Truskett and

co-workers (5, 219, 220). This theory was chosen because it satisfies some stringent

conditions for reproducing the thermodynamics of water and aqueous mixtures,

including their global fluid phase behaviors, distinctive thermal anomalies (e.g.,

volume, isothermal compressibility and isobaric heat capacity minima), and the

hydration of both small hydrophobic solutes and macroscopic hydrophobic surfaces.

The state-dependent coefficients δ1(T, P ) and δ2(T, P ) in Eq. (5.3) determine the

first and second order corrections for curvature, respectively. We obtain these via an

optimized scaled particle formalism introduced by Henderson (87) which allows us to

maintain internal self-consistency with the molecular thermodynamic theory (219,

220) that we employ to calculate Ωex
∞

and water’s equation of state. To ensure
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recovery of the original HPC theory at ambient pressure (36), we equate χ(T, 1 atm)

in Eq. (5.2) to χ(T ) of Eq. (5.1).

In Fig. 5.1a, we use HPC theory together with our modified model for χ

to calculate how sequence hydrophobicity Φ and mean hydration curvature R−1

generically affect the midpoint pressure Pm of the T = 300 K unfolding transition,

i.e., where ∆Gf(300 K, Pm) = 0. We do not invoke the simplifying factorization

approximation that Dill and collaborators use in obtaining Eq. A26 from Eq. A25 of

Ref. (36), but this only results in small quantitative differences with their ambient

pressure results. We examine the behaviors of three model heteropolymers with

Nr = 154 and Φ = 0.4, 0.5, and 0.6, sequence parameters typical of those found

in medium-sized, single-domain globular proteins (183). The values of curvature

shown in Fig. 5.1a span from macroscopic to molecular lengthscales (0 < R−1 <

σ−1
w ). Interestingly, these heteropolymers are predicted to exhibit pressure-induced

unfolding transitions in the range 0 kbar < Pm < 10 kbar, with the precise unfolding

pressure for any individual polymer being determined its specific combination of

sequence hydrophobicity Φ and hydration curvature R−1.

Clearly, hydration curvature R−1 impacts the quantitative, but not the qual-

itative, results for pressure denaturation. As is shown in Fig. 5.1a, if macroscopic

interfacial thermodynamics prevails (i.e., R−1 ≈ 0), then unfolding occurs in the

approximate range 6 kbar < Pm < 10 kbar. On the other hand, assuming molecular-

scale hydration physics (i.e., R−1 ≈ σ−1
w ) leads to pressure induced unfolding transi-

tions in the range of 0 kbar < Pm < 2 kbar. Since the HPC model does not treat fine

structural details, additional experimental information is required to assign a spe-

cific value for R−1 to a given protein system. For instance, one might select a value

of R−1 so that the theory closely matches Pm for a particular protein of interest.
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Figure 5.1: (a) Midpoint folding pressure Pm versus mean hydrophobic hydration
curvature R−1 for model proteins of chain length Nr=154, Φ=0.4, 0.5, and 0.6 at
T = 300K using the modified HPC theory. The arrow indicates increasing sequence
hydrophobicity. (b) Plot of the modified χ(T, P ) dependence on temperature at P
= 1 bar (plus) and P = 4 kbar (square) for R−1 = 1 nm−1. The inset shows the
dependence of the effective interfacial surface tension γR with temperature at P =
1 bar (plus) and P = 4 kbar (square).
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Alternatively, one might use geometric information regarding hydration structure

obtained from experiments or simulations to estimate R−1. Here, we simply note

that many biomolecules, including globular proteins, lose stability experimentally

in the pressure range 1 kbar < Pm < 5 kbar (6, 196). Fig. 5.1a shows that the

revised HPC model reproduces this range of experimental unfolding pressures if one

chooses R−1 to be on the order of 1 nm−1, a lengthscale intermediate between the

macroscopic and the molecular limits. Based on this simple analysis, we assign

R−1 = 1 nm−1 for the rest of the calculations in this study, and we focus on prob-

ing how the other physical parameters in the theory affect the pressure-dependent

thermodynamics of the collapse transition.

Fig. 5.1b shows how χ varies with temperature both at ambient pressure

(P = 1 atm) and at a much higher pressure (P = 4 kbar) where denaturation readily

occurs for many proteins. The ambient pressure result coincides, by construction,

with Dill and collaborators’ original parameterization of χ(T ) given by Eq. 5.1. It

exhibits a maximum with temperature, a thermal signature of the hydrophobic effect

associated with the experimentally observed solubility minimum of small nonpolar

molecules in water (160). Because of this feature, significant heating (or cooling)

weakens the hydrophobic attractions that stabilize the folded state and thus provides

a driving force for loss of stability by warm (or cold) denaturation.

The temperature dependence of χ at 4 kbar is qualitatively similar to that

observed at 1 atm. However, as with water’s other thermodynamic anomalies (219),

the maximum becomes less pronounced at high pressure because the resulting den-

sity is higher than at 1 atm and thus less compatible (131) with the open hydrogen-

bond network that water exhibits under ambient conditions. The elevated pressure

of 4 kbar also reduces the overall strength of the hydrophobic attractions (rela-
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tive to those at ambient pressure) by roughly one kBT in the temperature range

275 K < T < 325 K. The inset of Fig. 5.1b illustrates that this can be viewed

as a consequence of pressure reducing the effective interfacial tension, defined as

γR(T, P ) = Ωex
R (T, P )/(4πR2), between water and the hydrophobic patches in the

protein core by approximately 10 mJ/m2 in the same temperature range. This

reduction in γR results in the denaturation of marginally stable heteropolymers

because it allows water to penetrate into and break apart their hydrophobic cores.

Although its implications for the pressure denaturation of proteins have not

been previously considered, the fact that elevated pressures can reduce the effective

interfacial tension between a dense liquid and a solvophobic surface has been appre-

ciated for some time (see, e.g., Ref. (87, 88)). The physical reason for this effect is

easy to understand. At ambient pressure, the effective interfacial tension between

an attractive liquid and a solvophobic surface is large in magnitude and positive

because of the considerable enthalpic penalty associated with forming the interface.

However, application of high hydrostatic pressure (e.g., several kbars) appreciably

increases the solvent density, forcing the solvent molecules to primarily sample the

steeply repulsive (i.e., hard-sphere) portion of their intermolecular pair potential.

Thus, increasing pressure progressively causes the attractive solvent to behave more

like a hard-sphere fluid near a hard surface. Since the effective interfacial tension

between a hard-sphere solvent and a hard surface is negative due to the entropic

depletion effect (87), the application of large pressures will thus generally result in

a significant decrease in the effective interfacial tension between an attractive liquid

and a solvophobic surface.

Finally, we note that the effective interfacial tension between a solvent and

a solvophobic surface can also be decreased appreciably by putting the solvent un-
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der large tensions (i.e., negative pressures) (see, e.g., (163)). This behavior occurs

because negative pressures significantly reduce the density of the solvent, which, in

turn, reduces the enthalpic penalty of forming a solvent-surface interface.

As a result of the two limiting behaviors discussed above, the effective in-

terfacial tension exhibits a maximum as a function of pressure (or density). This

maximum is expected to be a fairly general phenomenon, and it has been observed

in simulations of the attractive square-well fluid near solvophobic wall (87, 88). In

the context of heteropolymer stability, it provides a driving force for unfolding at

either high hydrostatic pressures or large tensions. We return to this point in the

next section when exploring the global stability of heteropolymers in the pressure-

temperature plane.

5.3 Protein stability in the P -T plane: Predictions and

experiments

In this section, we use HPC theory together with our molecular thermodynamic

model for χ(T, P ) to make some general predictions about native-state stability of

single-domain globular proteins in the pressure-temperature plane. We also explore

how well the theory can reproduce some specific experimental trends for both ri-

bonuclease A (RNase) and staphylococcal nuclease (SNase) in their wild type and

mutated forms.

To begin, we plot in Fig. 5.2 the predicted loci of midpoint folding transitions

(i.e., the collection of T, P coordinate pairs that satisfy ∆Gf(T, P ) = 0) for three

model heteropolymers with R−1 = 1 nm−1 and sequence parameters equivalent to

those of Fig 5.1a. The folded states for these polymers show “closed regions” of

stability in the P -T plane. In other words, unfolding can occur by isobaric heat-
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Figure 5.2: Loci of midpoint folding transitions for the model proteins Nr=154,
Φ=0.4, 0.5, and 0.6 calculated from modified HPC theory. The arrow shows increas-
ing sequence hydrophobicity. The enclosed regions indicate the predicted pressures
and temperatures that favor the compact, native state. The solid gray lines repre-
sent the freezing and boiling transitions for water that bound the thermodynamically
stable conditions for the liquid state. The dashed line represents water’s spinodal
curve predicted from the molecular thermodynamic model for water (219, 220) used
in determining χ(T, P ).

ing or cooling, or by the isothermal application of pressure or tension (i.e., negative

pressure). This type of closed-loop stability behavior is consistent with the available

experimental data for a number of proteins (86, 121, 150, 239, 242) and with the

results of computer simulation studies of model proteins where explicit solvent is

included (see, e.g., (131, 153)). Although the thermodynamics of hydrophobic hy-

dration both for supercooled water and for water under tension have been studied

via simulation (152, 163), to our knowledge, the possibility of unfolding proteins in

the latter type of solution has yet to be probed by either simulations or experiments

(although negative “effective pressures” obtained via solvent perturbation have been
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explored (227)).

The notion that native proteins should generally exhibit a closed region of

stability in the P -T plane was arrived at earlier through the predictions of a phe-

nomenological thermodynamic theory originally introduced by Ref. (86) and re-

cently reviewed in a broader context by Ref. (196). This thermodynamic approach,

similar to the present HPC theory, assumes that folding can be described by an

equilibrium two-state model. It involves expanding ∆Gf to second order in P and

T , which allows one to relate the midpoint folding transition (where ∆Gf(T, P ) = 0)

to folding-induced changes in isothermal compressibility, thermal expansivity, and

heat capacity. For proteins, it predicts an elliptical stability diagram very simi-

lar in shape to those of Fig. 5.2 derived from our modified HPC theory. One can

view HPC theory as providing a complementary microscopic perspective to the phe-

nomenological theory of Hawley because the former derives stability directly from

the “physics of folding”, i.e., from the temperature- and pressure-dependent compe-

tition between intraprotein hydrophobic interactions χ(T, P ) (which favor the folded

state) and protein configurational entropy (which favors the unfolded state).

In Fig. 5.2, we also show water’s freezing and boiling transitions, which

together provide bounds to the thermodynamic conditions that favor the liquid state.

Cooling at ambient pressure eventually leads to freezing. Therefore, to observe

cold denaturation experimentally, careful consideration must be made to prevent

crystal nucleation and maintain the protein solution in its liquid phase. However,

at higher pressures (e.g., 2 kbar) the liquid phase of water is stable for an expanded

temperature range. Due to the shapes of the loci of midpoint transitions for the

polymers shown in Fig. 5.2, cold denaturation is predicted to be readily observable

in the stable liquid. This prediction is consistent with experimental studies that

107



utilize high pressure to study the cold denaturation of proteins in solution (86, 119,

150, 242). As discussed earlier, the revised HPC theory presented here also predicts

that proteins will unfold in liquid water at negative pressures (i.e., in the stretched

liquid). Fig. 5.2 shows that this transition is predicted to occur before reaching the

spinodal, the absolute limit on stretching where cavitation spontaneously occurs.

Thus, it should be possible to induce the unfolding of marginally stable proteins by

applying tension (99) to the protein solution.

Another key result of Fig. 5.2 is that increasing the hydrophobic content of

the heteropolymers in HPC theory from Φ = 0.4 to Φ = 0.6 leads to significantly

increased temperature and pressure stability. This makes good physical sense given

that hydrophobic interactions in the interior core of proteins preferentially stabilize

their folded states. The present level of theory also predicts that heteropolymers

of the same Φ, but different monomer sequences, exhibit the same thermodynamic

stability. This, of course, is an artifact of the level of random copolymer approxima-

tion applied in the HPC theory. It will be interesting to address this type of issue

in future work by applying a more rigorous theoretical treatment (e.g., Ref. (231))

that accounts for detailed sequence-dependent interactions.

The Φ-dependent stability predictions displayed in Fig. 5.2 are in good qual-

itative agreement with the experimental results for the single-domain globular pro-

teins RNase and SNase provided in Table 5.1. We choose these proteins for compar-

ison because (i) they both approximately exhibit a two-state folding transition, and

(ii) the point mutation data allows us to readily study the main effects of changes

to sequence hydrophobicity on stability. The point mutations for both RNase and

SNase occur in sequence locations that contain either a chain folding initiation site

(17, 218) or are in the hydrophobic core (66). Chain folding initiation sites are driven
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Protein Description Temperature pH Folding Reference
Pressure

[K] [bar]

Ribonuclease A WT 313 5.5 5930 (17)
F46V 313 5.5 1740
F46E 283 5.5 1540
F46K 283 5.5 1020

Staphylococcal Nuclease WT 294 5.5 2047 (150)
V66A 294 5.5 890
WT 294 4.5 1090 (66)
A69T+A90S 294 7.0 80

Table 5.1: Experimentally determined midpoint folding transitions for RNase and
SNase. Mutations are described in the following manner: WT amino acid residue,
residue location, and mutated amino acid residue. For instance, the mutation of the
46th residue of a chain from Phe to Val is represented as “F46V”.

by hydrophobic interactions (17, 218) and therefore approximately mimic the col-

lapse process described by this HPC theory. The Description column in Table 5.1

indicates whether the protein is the wild type (WT) or a mutant variant.

For both proteins, Table 5.1 shows that the WT is the most stable against

pressure denaturation, while mutations, which replace a hydrophobic residue with

either a less hydrophobic or polar residue, show much lower pressure stability. This

behavior is attributed to the loss of stabilizing hydrophobic interactions within the

the chain folding initiation site of the protein (17). It follows that a double mutation

in the hydrophobic core of two hydrophobic residues to two polar residues would

create an even less stable protein, which is the case for the A69T+A90S SNase

variant (66).

In Fig. 5.3, we focus on comparing the pressure-induced changes in stability

and structure derived from our modified HPC theory with experiments. Specifically,

we compare the stability behavior of a “SNase heteropolymer” in HPC theory to

that of the actual SNase protein. In order to make the comparison, we define the
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Figure 5.3: (a) Comparison of the fraction of folded proteins for the WT (Nr = 150,
Φ = 0.411) and double-mutated SNase (Nr = 150, Φ = 0.393) heteropolymers of
HPC theory (lines) with the experimental pressure stability of WT SNase at pH 4.5
(squares) and its double mutant variant at pH 7.0 (circle) at T = 294K (66). (b)
Comparison of the average radii of gyration predicted for the WT SNase heteropoly-
mer of HPC theory (line) with WT experimental data at pH 5.5 determined by x-ray
scattering (plus) (149) and neutron scattering (triangles) (147). We normalize the
radii of gyration by protein size at the lowest recorded pressure.
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following set of amino acid residues to be “hydrophobic” (184)–Ala, Gly, Ile, Leu,

Met, Phe, Pro, Trp, Tyr, and Val, which leads to Φ = 0.411 and Nr = 150 for

the WT SNase heteropolymer. While there are alternative choices for the set of

hydrophobic amino acids which differ slightly from the one presented above (see,

e.g.,Refs. (36, 183, 209)), they predict the same stability trends described below.

The calculated stability of the SNase heteropolymer of HPC theory (Fig. 5.3a)

shows good agreement with that of its experimental counterpart (66). In particu-

lar, it is able to capture the pressure-induced sigmoidal destabilization of the WT

SNase protein and its double-mutant variant. For these calculations, the double-

mutated SNase heteropolymer of HPC theory has the same chain length as the WT

(Nr = 150) but a lower sequence hydrophobicity (Φ = 0.393). This lower value

of Φ reflects the fact that the double mutation decreases the number of hydropho-

bic amino-acid residues relative to the WT protein, as determined by the list of

hydrophobic amino acids designated above. While the present HPC theory does

not explicitly account for pH effects necessary for a comprehensive treatment of the

data, it is still able to predict the basic experimental trends that point mutations

have on SNase stability.

Finally, we compare the pressure dependence of the average radius of gyration

of the WT SNase heteropolymer of HPC theory with that of the actual SNase protein

determined through x-ray scattering (149) and neutron-scattering (147) (Fig. 5.3b).

As pressure is increased, the protein favors a slightly more expanded denatured

state, and its radius of gyration increases accordingly. The fact that the predictions

show good qualitative agreement with the experimental structural changes that

occur upon pressure denaturation provides further evidence that our modified HPC

theory is reproducing some of the key physical aspects of protein stability in the
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pressure-temperature plane.

5.4 Conclusions

We have generalized an insightful heteropolymer collapse theory, originally devel-

oped to study the temperature dependence of protein folding, so that it can also

account for pressure effects. Our generalization relies solely on the introduction

of a statistical mechanical treatment for the effect of pressure on the interaction

between hydrophobic amino acid residues and water. Specifically, we have calcu-

lated the strength of the effective interaction of nonpolar amino acids with water

using a molecular thermodynamic model for the interfacial free energy between

liquid water and a curved hydrophobic solute. This model, which can also qualita-

tively reproduce water’s other distinctive thermodynamic properties, predicts that

the water-solute interfacial free energy is reduced by the application of large hydro-

static pressures, allowing water to penetrate into folded heteropolymers and break

apart their hydrophobic cores, a physical picture that was suggested earlier by in-

formation theory calculations (95, 96) and detailed molecular simulations (72, 73).

One consequence is that folded heteropolymers are predicted to display the kind

of closed region of stability in the pressure-temperature plane exhibited by native

proteins. The qualitative predictions of the theory compare well with experimental

data for the stability of several proteins and appear to strengthen the argument

that pressure denaturation is aided by pressure-induced weakening of hydrophobic

interactions (72, 73, 95, 96).
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Chapter 6

Influence of temperature,

pressure, and concentration on

protein stability

6.1 Introduction

As we discussed in the previous chapters, protein stability in the type of concentrated

solution environments relevant for most biological phenomena and pharmaceutical

processes depends on both (i) the intrinsic (i.e., infinite dilution) thermodynamic

stability of the protein molecules and (ii) the protein-protein interactions. Hy-

drophobic interactions generally provide intrinsic stability to the native state, but

they can also act to destabilize the native state through protein-protein interactions.

Properties specific to the protein system of interest determine whether the protein

is stabilized or destabilized by the protein-protein interactions.

In this chapter, our aim is to present a schematic approach based entirely on
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analytical models to study the equilibrium conformational stability of folded pro-

teins in concentrated solutions. Specifically, we use the HPC theory from Chapter 5

to predict the intrinsic stability of the proteins and some average structural proper-

ties of their native and denatured conformations. Using this structural information,

we determine state-dependent protein-protein interactions in solution in a manner

similar to that introduced in Chapter 2. However, this approach differs from those

used previously because protein concentration effects are estimated by a molecular

thermodynamic model, which is an ad hoc generalization of the exact equilibrium

theory (139) of a one-dimensional binary mixture of square-well particles that in-

terconvert through an isomerization (in this case, folding) reaction.

The outline of this chapter is as follows. First, we review some of the basic

physics of the HPC theory that we employ for calculating the intrinsic properties

of the proteins. Then, we discuss our method for accounting for protein-protein

interactions and concentration effects. Finally, we analyze some of the predictions

of our model and present concluding remarks.

6.2 Intrinsic stability of a protein

We derive the intrinsic thermodynamics of folding and average structural properties

of proteins in their native and denatured states using an equilibrium, two-state

HPC theory (36) that was generalized in Chapter 5 to account for the effects of

both temperature and pressure on hydrophobic interactions (23). Temperature T

and pressure P play nontrivial roles in this HPC theory because they affect the

magnitude of the solvent-mediated hydrophobic attraction between hydrophobic

segments χ(T, P ) (in units of kBT , where kB is the Boltzmann constant). The

quantity χ(T, P ) is estimated using a molecular thermodynamic model (23) that
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Figure 6.1: Pressure-temperature stability for a protein of chain length Nr = 154 and
hydrophobicity Φ = 0.4 for concentrations ρσ3

NN = 0 (solid black), 0.0498 (dashed),
0.255 (dot-dashed), and 0.305 (solid gray). Areas enclosed by the curves indicate
conditions that favor the native protein state for the given protein concentration. In-

set: Strength of hydrophobic attraction χ(T, P ) as a function of temperature (275K
- 330K) at P = 1 bar and P = 2 kbar (the arrow indicates increasing pressure). We
note that the temperature dependence of χ shows a maxima, typical for hydrophobic
hydration, and is, in general, weaker at elevated pressures.

accounts for the interfacial free energy change associated with bringing water into

contact with the hydrophobic segments of the heteropolymer.

The inset of Fig. 6.1 shows χ(T, P ) as a function of T at both P = 1 bar and

P = 2 kbar (23). The maxima in χ(T, P ) as a function of temperature reflect the

characteristic solubility minima that have been experimentally observed for nonpolar

molecules in water (35, 36, 160). Capturing this trend in χ(T, P ) allows HPC theory

to predict both cold and warm denaturation transitions of proteins. Also note that

elevating the pressure from P = 1 bar and P = 2 kbar reduces the strength of the
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attractive interactions between the hydrophobic polymer segments. As discussed

in Chapter 5, this decrease reflects the fact that high hydrostatic pressures are

predicted to reduce the effective interfacial tension between water and a hydrophobic

solute. This, in turn, leads to pressure unfolding of the heteropolymers in this

HPC theory (23), a scenario similar to the one predicted originally by information

theory calculations (95, 96). The effective interfacial tension between water and a

hydrophobic solute is also predicted to be reduced by large negative pressures (see

Section 5.3) (23, 163), which in turn gives rise to negative pressure-induced unfolding

of heteropolymers. Putting all of this together, one finds that the HPC theory

employed here predicts a closed region of intrinsic thermodynamic stability for the

native state in the pressure-temperature plane (Fig. 6.1) (23), which is qualitatively

consistent with the available experimental data for small globular proteins (196).

For sequence parameters typical of those observed in small to medium-size

globular proteins (183), HPC theory makes some other basic predictions. Specifi-

cally, for a given chain length, a protein with lower sequence hydrophobicity (lower

Φ) exhibits decreased intrinsic native-state stability (higher ∆G0
f ), a smaller frac-

tion of solvent-exposed residues that are hydrophobic in the native state (lower Θ),

and a more expanded denatured state relative to the native conformation (smaller

ρ∗s ). As we discuss in the next section, we use this structural data to estimate effec-

tive protein-protein interactions in solution (25), which in turn enables us to study

concentration effects on protein stability.

6.3 Concentration effects on protein stability

We now outline how information from HPC theory can be used together with a

simple molecular thermodynamic model to predict the qualitative effects of protein
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concentration on native-state stability. Our specific strategy here is to (i) use the

structural properties from HPC theory to estimate effective “square-well” protein-

protein interaction parameters appropriate for treating the proteins as a binary

mixture of interconverting (i.e., folding/unfolding) particles with intrinsic free en-

ergy difference ∆G0
f and to (ii) analyze the equilibrium behavior of this system

using a thermodynamic model based on an ad hoc generalization of the exact one-

dimensional theory for square-well particle mixtures (139).

The square-well potential for a binary system has the following mathematical

form:

Vij(r) = ∞ r ≤ σeff
ij

Vij(r) = −uij σeff
ij < r ≤ λσeff

ij

Vij(r) = 0 r > λσeff
ij . (6.1)

In the above relation, r is the center-to-center distance separating interacting pro-

teins of states i and j where ij ∈ (NN, ND, DD), σeff
ij is the effective inter-protein

diameter, uij is the magnitude of the effective “contact” attraction, and (λ − 1)σeff
ij

is the range of that effective attraction.

In Chapter 2 means for estimating parameters σij and ǫij from HPC theory

were introduced as inputs into Eq 2.4. Specifically, the effective inter-protein diame-

ters were related to the effective sizes of the native and denatured states (see Section

2.2.2). Furthermore, simple mean-field arguments were employed to derive analyt-

ical expressions for the magnitudes of the protein-protein “contact” attractions ǫij

(see Eqs. 2.1-2.3). Consistent with the level of modeling in HPC theory, the deriva-

tion assumed that the primary driving force for protein attractions is the favorable

free energy change associated with desolvating exposed hydrophobic residues on the
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surfaces of the participating proteins when they reversibly associate. The qualita-

tive validity of this assumption is supported by statistical analysis of protein-protein

interfaces, which reveal a higher fraction of hydrophobic residues at their binding

sites (223) and also by the strong role that hydrophobic interactions are known to

play in protein aggregation processes (187).

Because the solvent-exposed surface of the denatured state is, on average,

more hydrophobic than those of the native state, the contact attractions involving

denatured proteins will generally be stronger than those involving the native state

(e.g., ǫDD > ǫNN). These more favorable interactions, which can serve as a driving

force for protein denaturation in solution, generally increase in magnitude with

increasing sequence hydrophobicity. We will return to this point in the next section

when discussing the predictions of our model.

Recall that one of the main goals of this section is to use information derived

from HPC theory to estimate square-well protein-protein interaction parameters σeff
ij ,

uij and λ. The advantage of adopting the square-well description of interactions over

that of Eq. 2.4 is that there is an exact one-dimensional theory (139) for square-well

mixtures that we can readily generalize to make qualitative predictions about the

effects of protein concentration on native-state stability in solution. Nonetheless,

Eq. 2.4 and its previously derived connections to HPC theory (25, 184) are still very

helpful here because Noro and Frenkel (144) have introduced a simple method that

allows one to map a continuous potential of this kind onto a square-well potential

such that the two systems satisfy an extended corresponding states principle.

The first step in the Noro-Frenkel mapping is to calculate the effective pro-

tein diameter σeff
ij . This is accomplished using an expression suggested by Barker

and Henderson (7) σeff
ij =

∫

∞

0 dr[1 − exp(−V c
ij,rep(r)/kBT )], where V c

ij,rep(r) is the
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repulsive part of the Weeks-Chandler-Andersen decomposition (4) of Eq. 2.4. The

second step is to set the strength of attraction of the square-well fluid uij equal to

ǫij, the minimum of the pair potential in Eq. 2.4. The third and final step is to

determine λ by requiring equality of the second virial coefficients of the effective

inter-protein potentials given by Eq. 6.1 and Eq. 2.4.

Having determined square-well protein-protein interaction parameters from

HPC theory, we now require a molecular thermodynamic model to estimate the

effects of protein concentration on native-state stability. Specifically, a model is

needed that can calculate the equilibrium equation of state of a binary mixture of

native (N) and denatured (D) square-well particles along with the chemical poten-

tials of the two species, µN and µD, respectively. The folding reaction can then be

readily accounted for by solving the equation of state of the mixture simultaneously

with the constraint µN + ∆G0
f = µD, where ∆G0

f is determined from our generalized

HPC theory (23).

Monson has derived the exact statistical mechanical theory for equilibrium

one-dimensional (1D) square-well fluid mixtures, and that model is able to describe

many of the qualitative trends of three-dimensional (3D) binary square-well fluids.

One exception, of course, is that it cannot reproduce the first-order phase transitions

of the 3D system because phase transitions do not occur in 1D fluids with finite

range interparticle attractions (226). This does not pose a particular problem in

the present work because our focus is on the conformational stability of proteins in

homogeneous, single-phase solutions.

Here, we introduce two ad hoc modifications to Monson’s 1D theory so that

it serves as a better approximate model for the 3D system that we are studying.

The first modification that we employ accounts for the fact that the 1D mixture
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packing fraction η1D, given by

η1D = ρ1Dσeff
NN

[

fN +
σeff

DD

σeff
NN

(1 − fN)

]

, (6.2)

varies between 0 and 1, while the actual 3D mixture packing fraction η, given by

η =
πρσeff

NN
3

6

[

fN +

(

σeff
DD

σeff
NN

)3

(1 − fN)

]

, (6.3)

should vary between 0 and ηMRJ. In the above, ρ1D is the 1D particle number

density, ρ is the 3D particle number density, fN is the fraction of particles in the

native state, and ηMRJ is the highest attainable packing fraction of the 3D binary

square-well fluid (i.e., its maximally random jammed state (217)). In particular, here

we assume that the packing fraction of our 3D protein solution η can be calculated

directly from that of the 1D mixture η1D obtained via Monson’s theory via the

ansatz η/ηMRJ = η1D. We also assume that the result ηMRJ = 0.64, valid for

monodisperse hard spheres (217), also approximately applies for the binary mixture,

independent of its composition. This type of simple mapping between 1D and 3D

packing fractions is similar in spirit to the one used to convert the exact 1D equation

of state for hard spheres (216) to the 3D “hard-sphere” contribution to the equation

of state of a van der Waals fluid (83).

The second ad hoc modification that we employ is that we multiply the

square-well interaction potential of Eq. 6.1 in the 1D theory by a factor of 3. This

approximately accounts for the difference that spatial dimension has on the number

of nearest neighbor interactions – the average coordination number of dense 1D

fluids is ≈ 2, while that of 3D fluids is ≈ 6 (168). Since our overall approach focuses

on the balance of intrinsic protein stability and protein-protein interactions, this
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modification is essential in that it allows the model to provide a more reasonable

accounting for the latter in a 3D solution environment.

Clearly, the “three-dimensionalized” version of Monson’s exact 1D theory

produced by our modifications will not be able to provide a quantitative thermody-

namic description of 3D square-well mixtures. However, that is not the goal here.

Rather, our aim is to develop a simple analytical approach that can capture some of

the main qualitative consequences of packing and particle interactions in our model

system, and thus ultimately, when integrated with the information from HPC theory

described above, aid in understanding protein stability in concentrated solutions.

6.4 Results

In this section, we use our analytical modeling strategy to explore some of the

combined effects of temperature, pressure, and protein concentration on the native-

state stability behaviors of four model proteins with the number of residues Nr = 154

and sequence hydrophobicities Φ = 0.4, 0.445, 0.473, and 0.5, parameters typical of

medium-sized globular proteins (183). One property that we focus on specifically is

fN the average fraction of proteins in solution that are in their native (i.e., folded)

state. We also examine the loci of coordinates in the temperature-pressure plane

(Tf, Pf) associated with the midpoint folding transitions for these model proteins

(i.e., conditions for which fN = 0.5).

We begin by plotting in Fig. 6.2 how protein concentration affects fN for our

four model proteins at T = 325 K, contrasting the behaviors at ambient (P = 1 bar)

and at an elevated pressure (P = 2 kbar). Focusing on either pressure, at infinite

dilution, we see that fN simply reflects sequence hydrophobicity Φ. As discussed

earlier, all other factors being equal, proteins with lower Φ typically have less in-
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Figure 6.2: Folded fraction as a function of protein concentration for proteins of
chain length Nr = 154 and hydrophobicities Φ = 0.400 (solid), 0.445 (dotted), 0.473
(dashed), 0.500 (dot-dashed) at T = 325 K for (a) P = 1 bar and (b) P = 2 kbar.
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trinsic thermodynamic stability due to the fact that the hydrophobic cores of their

native states contain more destabilizing polar residues. We also see that increasing

the pressure from 1 bar to 2 kbar significantly reduces the intrinsic stability of the

proteins, as is reflected by the decrease in fN at infinite dilution. This qualitative

trend is expected based on the inset of Fig. 6.1, which shows that applied pressure

reduces χ(T, P ), the strength of the hydrophobic interactions that stabilize the na-

tive state. One interesting point is that even very small changes in χ(T, P ) (e.g., a

fraction of a kBT ) can significantly destabilize the folded state because of the sheer

number of interactions required to hold the hydrophobic core of a protein together.

Sequence hydrophobicity is not only reflected in the behaviors of proteins at

infinite dilution. It also plays a role in determining how the stability of the native

state in solution responds to increases in protein concentration. Notice in Fig. 6.2

that many of the protein solutions show the following trend: the fraction of native

proteins decreases with increasing protein concentration at low protein concentra-

tions but increases with increasing protein concentrations at high concentrations.

This prediction is in qualitative agreement with the experimentally observed behav-

ior of the globular proteins myoglobin (215) and lysozyme (29). As was discussed in

Chapters 2 and 3, non-monotonic behavior can be explained as a balance between

destabilizing protein-protein attractions and stabilizing protein self-crowding effects

(25, 184). Our simple modeling approach predicts that the factor that dominates

this balance is protein sequence hydrophobicity, Φ.

To understand why, consider that a marginally stable native protein is more

likely to unfold in solution if two local “destabilizing criteria” are met: (i) it has

enough local free volume to accommodate the unfolding transition from a compact

native state to the more expanded denatured configuration and (ii) it can simulta-
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neously form enough favorable inter-protein hydrophobic contacts upon denaturing

to overcome the intrinsic free energy penalty for unfolding. The latter is certainly

aided by the fact, discussed earlier, that attractions involving the denatured state

are much stronger than those involving only native molecules. Clearly, increasing

protein concentration decreases the probability of (i) but increases the likelihood of

(ii). Thus, a competition arises, and the specific properties of the native and dena-

tured states determine the “winner” under a given set of thermodynamic conditions.

If a protein has a sufficiently high sequence hydrophobicity Φ, then it will also

generally have very high intrinsic stability (i.e., it will not be “marginally stable”),

and thus increases in protein concentration will have a negligible effect on fN. This

can explain the behaviors of the higher hydrophobicity (Φ = 0.445, 0.473, 0.5)

proteins at P = 1 bar. In contrast, the lowest hydrophobicity protein (Φ = 0.4) is

marginally unstable under these conditions, and thus it shows the non-monotonic

concentration dependency mentioned above.

However, Fig. 6.2 demonstrates that the elevated pressure of 2 kbar has weak-

ened the hydrophobic interactions enough so that the Φ = 0.445 and 0.473 proteins

are now marginally stable at infinite dilution. The consequence of this is that both

proteins show non-monotonic concentration dependencies of fN, reflecting the com-

petition between destabilizing protein-protein attractions (which dominate at low

concentrations) and crowding effects (which dominate at high concentrations). The

Φ = 0.4 protein is clearly unstable at infinite dilution and P = 2 kbar. Since it has

fewer hydrophobic residues, and since χ(T, P ) is weakened under these conditions,

protein-protein attractions play a negligible role. Instead, the Φ = 0.4 protein is

monotonically stabilized by protein concentration, reflecting the fact that the more

expanded denatured proteins become increasingly crowded out of solution as pro-
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tein concentration is raised. This latter self-crowding trend is closely related to the

observed increase in stability of native proteins due to the lack of available free vol-

ume in confined environments (48, 165, 240) and in solutions with a concentration

of inert macromolecules (80, 136, 241).

It is also apparent from Fig. 6.2 that there is a systematic trend involving

the concentration where the minimum in fN for a given protein solution is located,

i.e. where destabilizing inter-protein attractions give way to the self-crowding effect.

The trend is that this “turnaround” concentration increases with increasing sequence

hydrophobicity Φ. This behavior results from HPC theory’s prediction that, all other

factors being equal, decreasing sequence hydrophobicity results in a more expanded

unfolded state. This is in accord with basic principles of polymer physics: water is

a poor solvent for the apolar residues, and so the denatured state of high Φ proteins

corresponds to a more compact ensemble of states than that of low Φ proteins due

to the increased number of hydrophobic residue contacts.

Finally, we return to Fig. 6.1 to explore to what extent the stability of the

Φ = 0.4 native protein in the pressure-temperature plane is impacted by protein

concentration. The main point of the results shown in this diagram is that our

model predicts that protein concentration can, in principle, have a significant effect

on the size of the region in the P -T plane where the native state is predicted to

be thermodynamically stable. We are not aware of any experimental studies that

probe this type of global effect of protein concentration on the midpoint folding

transition of a protein. This is no doubt due, in part, to the fact that changes in

native-state protein stability can lead to irreversible aggregation, which complicates

(and in many cases prevents) measurements of equilibrium properties. Nonetheless,

effects as large as those shown in Fig. 6.1 might also have logical implications for
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protein aggregation rates. However, as the focus here is the introduction of a mod-

eling strategy for probing the thermodynamic stability of proteins in concentrated

solutions, we reserve further exploration of the protein aggregation issue for future

studies.

6.5 Conclusions

We have introduced an elementary approach for studying the conformational stabil-

ity of globular proteins in aqueous solution as a function of temperature, pressure,

and protein concentration that is entirely based on analytical models. In this frame-

work, the intrinsic thermodynamic stability and some average structural properties

of the proteins, as well as the effective protein-protein interactions, are estimated

from a mean-field heteropolymer collapse theory. The effects of protein concentra-

tion are calculated using this information and a molecular thermodynamic model,

which is a simple generalization of the exact equilibrium theory of a one-dimensional

binary mixture of square-well particles that interconvert through an isomerization

(i.e., folding) reaction. This modeling approach predicts that native proteins ex-

hibit a closed-loop region of stability in the pressure-temperature plane and that

protein concentration has a non-monotonic effect on protein stability. Both results

are qualitatively consistent with trends observed in experiments of protein solutions

and simulations of coarse-grained protein models.

We understand, though, that our approach treats proteins in a highly sim-

plified manner and lacks specific structural details due to the coarse resolution of

the adopted HPC model. Certainly a more detailed model may help bridge the gap

between experimental observations and simulation/theoretical predictions at the

expense of computational tractability. However, our simple approach appears to
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capture some of the relevant physical driving forces associated with pressure driven

unfolding, and therefore we believe it offers a first step toward understanding some

of the possible denaturation mechanisms in concentrated protein solutions.
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Chapter 7

Conclusions and future work

We have developed a general framework for modeling protein stability in concen-

trated solutions. As a basis for our study, we utilize a heteropolymer collapse theory

described in Chapter 2 (and extended in Chapters 4 and 5) that models protein

folding as a balance between hydrophobic attractions and chain conformational en-

tropy. Protein collapse is predicted to be strongly affected by the strength of the

hydrophobic attraction between non-polar residues (i.e., conditions that maximize

nonpolar-nonpolar interaction strength favor the native state). This HPC theory

also predicts coarse structural properties of the native and denatured protein states,

and we use this information to derive simple state-dependent protein-protein inter-

actions (Chapter 2). These interactions, as well as the free energy of folding, are

used as inputs into either novel Monte Carlo techniques (Chapter 2 and Chapter 3)

or analytical theories (Chapter 6) to study the effects of temperature, pressure, and

protein concentration on protein stability in solution.

Our approach connects the thermodynamics of folding and the different phys-

ical characteristics of the native and denatured states to the protein stability be-
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havior under different environmental conditions. We find that at finite concentra-

tions, whether a marginally stable protein preferentially unfolds is dependent on

(i) its local free volume and (ii) the state-dependent contact free energy with its

neighbors (25). Ultimately, at high protein concentrations, the compact, native

conformation is favored over the expanded, denatured state due to self-crowding ef-

fects. However, at low concentrations where crowding effects are minimal, a protein

may be destabilized due to the more favorable free energies associated with dena-

tured protein-protein contacts. If other factors are equal, we find that proteins with

low sequence hydrophobicity tend to be stabilized by increasing protein concentra-

tion while proteins with high sequence hydrophobicity show non-monotonic stability

trends (25, 184). This behavior qualitatively agrees with known experimental trends

(215).

Additionally, protein sequence characteristic play a nontrivial role with re-

spect to the the liquid phase stability of proteins in solution. Our model predicts

that there is a liquid-liquid demixing transition for proteins with a high sequence

hydrophobicity (184). However, the mechanism of the demixing transition differs for

different protein hydrophobicities. As is seen in experiments (126, 162), we are able

to show that solutions of denatured proteins can demix. Our model also predicts

that proteins can demix into a low concentrations of mainly native proteins and high

concentrations of mainly denatured proteins if inter-protein attractions are strong

enough. This demixing may help nucleate protein aggregation events in solution

(107).

We also extended the original heteropolymer collapse theory in two ways.

First, we rederived the HPC theory to account for the presence of hydrophobic

patches on the native protein surface (24). Because these proteins have nonuniform
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native state surface hydrophobicity, we were able to study how directional protein-

protein interactions affected protein stability and self assembly behavior. We found

that strong directional attractions can stabilize the native protein in solution by

forming highly ordered chains. This behavior is similar to the polymerization that

occurs in solutions of the sickle variant of hemoglobin (58).

Second, we incorporated the effects of pressure on the strength of the hy-

drophobic attraction χ(T, P ) (23). As a function of temperature at ambient condi-

tions, χ displays a maxima corresponding to the solubility minima observed for non-

polar solutes. At elevated pressures, the temperature dependence of χ still shows a

maxima but the magnitude of the hydrophobic attraction strength is weakened. Es-

sentially, the water can more easily hydrate a nonpolar surface at elevated pressure.

This behavior gives rise to closed-loop protein stability behavior in the temperature-

pressure plane, in agreement with the experimental behavior of globular proteins

(86, 121, 150, 239, 242).

Finally, we investigated the combined effects of temperature, pressure, and

protein concentration on protein stability by using our modified heteropolymer col-

lapse theory to model the temperature and pressure stability of the proteins and an

analytical model for binary square well particles to model the concentration effects

on stability (22). Here, our coarse-grained framework was again used to link the

properties of the native and denatured states to the strength of the protein-protein

attractions. This approach qualitatively captured many of the trends predicted by

the Monte Carlo simulations. Additionally using this model, we projected the effects

of protein concentration on protein stability in the temperature-pressure plane. The

results of the theory are consistent with the results of our previous simulations.

This work has demonstrated the versatility of the coarse-grained modeling
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framework for studying protein stability in solution. We have been able to study

the equilibrium behavior of native proteins and native protein solutions under con-

centrations that are commonly encountered in biological cells and pharmaceutical

drug processing. However, there are still many open questions to answer. Here we

present some future directions for this work.

Pressure dependence of protein stability and solution phase behavior

As mentioned in Chapter 6, while the ad hoc one-dimensional analytical model can

capture the equilibrium stability behavior for our model proteins, it cannot repro-

duce the phase transitions observed in the three-dimensional simulations (226). A

natural extension to this work, therefore, is to use transition matrix Monte Carlo to

study the protein stability and solution phase behavior as a function of temperature,

pressure, and concentration. Pressure will have a nontrivial affect on the protein-

protein interactions and the temperature-pressure protein stability. Experimentally,

it has been shown that high pressures can help dissociate protein aggregates and help

refold the denatured proteins to their native states (102, 103). In the framework of

our model, this aggregation dissociation would manifest as a decrease or elimination

of the liquid-liquid demixing transition as a function of increasing pressure.

Directional interactions and their effect on solution phase behavior

In Chapter 3, we show that liquid-liquid demixing occurs for proteins of higher

hydrophobicity and isotropic interactions. For the case of the protein sequence with

the highest sequence hydrophobicity, the protein-protein interactions appear to be

the driving force for protein instability. This type of behavior has been observed

for myoglobin (238). In contrast we also show that directional interactions can
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stabilize the native state (Chapter 5). The competition between destabilizing and

stabilizing attractions will most likely be a function of the strength and anisotropy

of the directional attractions. However, it is not clear how these protein properties

affect the location of the liquid-liquid demixing points on the phase diagram.

Additionally, in Chapter 4 we study only the effects of symmetric hydropho-

bic patches on the native protein surface. We can adapt our approach to model

multiple protein patches on the native surface, similar to other simple models (e.g.,

Refs. (179) and (128)). What differs, though, is that our model accounts for protein

folding and unfolding. This dynamic may lead to complex stability diagrams with

the presence of native, denatured, ordered aggregates, and amorphous aggregates.

Predicting protein system kinetics

While we study the equilibrium protein stability behavior in our current approach,

we can modify this strategy to examine the kinetics associated with the forma-

tion of protein aggregates in concentrated solutions as well. Pharmaceutical drug

commercialization is often restricted by the irreversible protein-protein associations,

which may occur under nondenaturing conditions because of inter-protein interac-

tions (112). This aggregation process is thought to be dependent on the frequency

of collisions (and therefore dependent on the protein solution concentration) (187).

Using this coarse-grained framework, we can systematically investigate how con-

ditions that strengthen/weaken protein stability affect the free energy barriers for

protein aggregation. For example, the activation energy for native proteins to ag-

gregate and denatured proteins to aggregate will differ (27). One challenge, though,

will be to determine the appropriate aggregation reaction coordinate for the system.
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Protein stability concentration experiments

Finally, we would like to experimentally investigate the stability of globular proteins

such as lysozyme at high concentrations. In this case, by controlling the parameters

associated with the experimental conditions, we can more closely model the pro-

tein systems we study in our equilibrium simulations. One might choose lysozyme

initially because it roughly approximates the proteins in our model system (i.e.

medium-sized, single domain globular proteins generally spherical in shape (210)).

In addition lysozyme displays a high native state solubility in solution (211), so it

is possible to reach relatively high protein solution concentrations.

However, determining proper experimental analysis techniques is required for

studying this highly concentrated system. Light scattering measurements, which are

used to study dilute protein solutions, will not work at high protein concentrations

(85). Alternatively, solution viscosity may be used to study protein self-association,

since viscosity increases with protein aggregation (187). In the context of our coarse-

grained approach, increasing protein self-association is related to protein destabi-

lization since denatured proteins, which expose a larger number of hydrophobic

residues, are expected to aggregate more than native proteins.
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Appendix: Occurrence of

ordered non-native aggregates

in RCMC

We noted in the Simulation Details section of Chapter 2 that a small number of

higher-concentration state points did not converge to an equilibrium fluid solution

with the same fraction of native proteins fN if they were initialized from all native

(fN=1) versus all denatured (fN = 0) FCC configurations. These state points

corresponded to concentrations for which an FCC crystalline lattice of denatured

proteins was very favorable energetically, with each particle taking full advantage

of its neighbors’ hydrophobic contacts. In the context of our simple model, one

might view such an ordered structure as non-native aggregates (perhaps very roughly

analogous to fibrillar structures). Although we were primarily interested in, and only

report properties of, equilibrium fluid protein solutions in the Section 2.3, we show

below that it is also relatively straightforward to predict the general region of the

phase diagram where an ordered FCC arrangement of non-native proteins would be

favorable in this model.

From Eq. 2.4, one can determine the ratio of the minimum-energy separation
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Figure 7.1: Complete set of RCMC simulation data in the temperature T - protein
concentration ρσ3

NN plane for (a) the lower hydrophobicity protein Nr = 154,Φ =
0.4 and (b) the higher hydrophobicity protein (Nr = 154,Φ = 0.5). Solid circles
represent Tf, plus signs indicate equilibrium fluid protein solutions, gray triangles
indicate the occurrence of ordered non-native aggregates, and the solid gray line
represents the predicted ordered non-native aggregate curve (see Eq. 7.3). The
black curve is a guide to the eye.

σmin,DD(T ) to the hard-core diameter σDD(T ) for denatured proteins

σmin,DD(T )/σDD(T ) ≈ 1.158. (7.1)

However, the nearest-neighbor separation for an FCC crystal of denatured proteins

is also given by

ρσ3
min,DD(T ) = 2

1

2 (7.2)

where ρ is the number density. By combining these two ideas, we can determine the

ideal energetic conditions for forming an ordered aggregate of denatured proteins
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from the following relation:

ρσ3
NN =

2
1

2

1.1583

[

σNN

σDD(T )

]3

. (7.3)

Fig. 7.1 shows that this relationship very closely approximates the conditions where

ordered arrangements of denatured proteins actually occurred in our simulations.
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