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Intrinsically disordered regions (IDRs) in proteins populate a dynamic,

heterogenous ensemble of structures. Proteins involved in the regulation of

critical cellular functions rely on IDRs to carry out their functions. IDRs have

been implicated in a number of diseases for which there are currently no treat-

ments. To successfully target drugs to IDRs, a quantitative description of the

biophysical mechanisms that dictate the properties of IDRs is needed. In this

dissertation, we take a computational approach to study the thermodynamics,

particularly free energy and entropy, that drive the collapse and aggregation of

short IDRs as well as the mechanisms underlying structural transitions. To in-

vestigate these phenomena, we use a protein backbone model (i.e. oligoglycine)

that has been experimentally and computationally shown to exhibit IDR char-

acteristics. Our results suggest that the chain length dependent collapse and

aggregation of oligoglycine are due to intra-peptide interactions out-competing

vii



favorable peptide-solvent interactions, rather than an entropic or hydropho-

bic solvation penalty. We propose that the collapse and aggregation of IDRs

devoid of hydrophobic residues are due to the same biophysical mechanisms,

which should be viewed through the lens of solubility as opposed to classical

hydrophobicity arguments. Additionally, we find that the protein backbone

innately resists folding, or is poised for disorder, in part because of significant,

absolute conformational entropy and favorable solvation free energy. The cal-

culations presented suggest that this substantial conformational entropy of the

protein backbone represents a reservoir in which free energy can be withdrawn

or deposited as conformational entropy through IDR structural transitions.
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2
, respectively. . . . . . . . . . . . . . . . . . . . . . 48

2.4 Dihedral angle free energy surfaces as a function of force field.

The backbone dihedral angle pairs of internal residues were

binned on a grid and the counts were converted to a free energy

representation as described in the Methods. Figures a-c show

results for Gly3 and Figures d-4 for Gly10 across the C27, C36,

and ff12SB force fields. . . . . . . . . . . . . . . . . . . . . . 50

2.5 Five representative structural clusters of Gly10 from C27 (top),

C36 (middle), and ff12SB (bottom) force fields. Clusters were

generated using the quality threshold algorithm in VMD with
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Chapter 1

Review of Intrinsic Protein Disorder

1.1 Introduction

For most of the 20th century, it was believed that proteins required

a well-defined, three dimensional (3D) structure, encoded by its amino acid

sequence, to function properly. That structure dictated protein function was

first proposed over 120 years ago [1, 2], and experiments over the century to

follow further cemented the sequence-structure-function paradigm in molecular

biology and protein biophysics [3]. Although the idea that a protein could

exist in an unstructured (i.e. disordered) state, for example due to thermal or

solvent denaturation, was appreciated at the advent of this paradigm, these

states were assumed to be non-functional [3]. However, at the turn of the

21st century, seminal papers [3, 4] collected and synthesized evidence from the

literature showing that many proteins rely on regions that lack discernible 3D

structure to function. Some proteins were found to entirely lack structure [5],

yet were still able to function. These intrinsically disordered proteins (IDPs)

or regions (IDRs) are highly dynamic and populate a heterogenous ensemble

of structures enabling an array of molecular functions [3, 6, 7]. As a result,

there was a veritable explosion in the newly established intrinsically disordered

protein field, which saw the development of methods to detect and predict
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disorder, and probe the dynamic structural and functional properties of IDRs.

For simplicity, hereafter we refer to both disordered protein regions and entirely

disordered proteins as IDRs, unless noted otherwise.

Proteins enriched with disorder facilitate and regulate cellular signaling

networks associated with transcription, translation, and the cell cycle [6, 8].

Unsurprisingly, IDRs have been implicated in various diseases [9–11], most no-

tably neurodegenerative disorders for which there are no current treatments.

To successfully target drugs to IDRs or genetically engineer IDRs with cer-

tain therapeutic properties, we need a sequence-disorder -function paradigm

analogous to and as robust as the sequence-structure-function paradigm for

folded proteins. In the following sections we discuss the experimental methods

used to detect and characterize protein disorder, the amino acid composition

of IDRs and how it can be used to predict if an amino acid sequence encodes

disorder, the functions of proteins enriched in disorder and how IDRs facili-

tate these functions, and the implication of IDRs in various diseases. Then we

discuss how biophysical approaches or interpretations are needed to make the

necessary connection between sequence and disorder as a first step towards es-

tablishing a robust, predictive sequence-disorder-function framework. Lastly,

we introduce the model and methods we use to study IDR related phenomena

and provide an overview of this dissertation.
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1.2 Detecting and characterizing disorder

There are numerous experimental methods or approaches to detect and

characterize intrinsic disorder in proteins. In Table 1.1 we provide a brief sur-

vey of some of these methods and highlight some of their strengths, weaknesses,

and technical considerations [3, 4, 12–18]. While a number of these methods in

isolation report on different structural properties spanning a range of molecu-

lar sizes and resolutions, collectively they can provide strong, complementary

evidence of both the presence of disorder in proteins and the structural char-

acteristics of IDRs (e.g. collapsed vs. extended). Simply identifying an IDR

is insufficient to connect disorder to function, rather knowledge of the prop-

erties of the disordered structural ensemble and its alteration in response to

physiological changes or signals (e.g. protein binding) is required. NMR is

one of the best experimental methods suited for this purpose as it can re-

port on inter-atomic distances, the motions and structural heterogeneity of

individual residues, and provide constraints on the available structural states

of IDRs [14, 19, 20]. While NMR experiments can be performed in multi-

component, aqueous solutions, the tendency of IDRs and IDPs to aggregate

at the required concentrations can limit its applications [3, 21]. This is in fact

a problem for any approach requiring soluble protein solutions.

The structural signatures measured by classical biochemical methods

(e.g. NMR, X-ray crystallography, CD, etc.) represent averages over an en-

semble of protein structures in solution, which may mask dynamic structural

features that are functionally important [17, 22]. Single-molecule techniques
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Table 1.1: Survey of methods to detect disorder and characterize the hetero-
geneous, structural ensemble of IDRs.

For detailed discussions see [3, 4, 12–18].
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(e.g. smFRET, smFCS, and high-speed AFM) circumvent the problems as-

sociated with ensemble averaging and provide highly resolved, spatial and

temporal data of individual proteins, thus permitting, for example, the dis-

crimination of conformational sub-populations of IDRs or the observation of

rare structural transitions, among others [17]. However, while undoubtedly

useful, these methods yield structural metrics (e.g. hydrodynamic radius and

distance distributions) that are one-dimensional projections of the complex

conformational space.

Molecular simulation is the only method, albeit computational, which

yields a model of the IDR structural ensemble at atomic resolution. Not lim-

ited by experimental constraints like solubility, molecular simulations can pro-

vide insight into the thermodynamic and structural mechanisms underlying

IDR function otherwise inaccessible to traditional methodologies. However,

results from molecular simulations, especially for IDRs/IDPs, are dependent

on the underlying potential energy models (i.e. force fields)[23–26]. Force field

development for IDR/IDP simulations is an active field [24, 27]. Nonethe-

less, simulations are useful in the design of targeted experiments and testable

hypotheses, and can assist in the interpretations of experimentally observed

biological phenomena.
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1.3 IDR amino acid composition and disorder predic-
tion

Bioinformatics studies of databases of experimentally determined IDRs/IDPs

discovered amino acid biases in disordered regions distinguishable from se-

quences of well-structured proteins. In general, IDRs are characterized by

low-complexity amino acids sequences devoid of “order-promoting”, non-polar

residues (e.g. Cys, Trp, Tyr, Ile, Leu, Phe) and enriched with “disorder-

promoting”, polar and charged amino acids (e.g Pro, Glu, Gln, Ser, Lys) [3,

19, 28, 29]. These biases prompted the development of algorithms to predict

the likelihood that a given amino acid sequence is disordered. As of 2015, more

than 70 tools had been developed to predict protein disorder [30]. Variability

among predictors [31] and difficulty in assessing the accuracy of predictions

suggests that such tools should be used to guide further investigation or ex-

periments as opposed to a strict confirmation of disorder [32].

Nonetheless, prediction methods have highlighted the apparent ubiq-

uity of disorder across proteomes. For example, from an analysis of 28 species

and using various predictors, Vucetic et al. [29] predicted 12− 21%, 10− 17%,

and 31 − 50% of arcahaea, bacteria, and eukaryotic proteins, respectively, to

contain a disordered region at least 40 amino acids long. In a similar study,

Ward et al. [33] predicted, on average, that 2% of archaea, 4.2% of eubacte-

ria, and 33% of eukaryote proteins (35% for the human proteome) contained

IDRs greater than 30 residues long. In a more recent, large scale study of

965 complete proteomes, Peng et al. [34] found that 3.6% of archaea, 4.2% of
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bacteria, 10% of virus, and 17.4% of eukaryote proteins contained IDRs of 30

or more consecutive amino acids normalized per 100 residues to account for

protein length biases across species. It is clear that proteins in higher, com-

plex organisms have evolved to preferentially use disorder to carry out their

functions and the ever-increasing number of experimentally determined IDRs

deposited in various databases appears to support these predictions [7, 35].

1.4 Protein disorder and function

The functions of IDR-containing proteins are vast. Dunker and cowork-

ers [36] identified 28 different functions of IDRs while a more recent review [7]

attempts to distill these various functions into six simpler, yet comprehen-

sive, classes. In general, though, proteins enriched with disorder facilitate

and regulate cellular signaling networks most notably associated with tran-

scription, translation, and the cell cycle [6, 8]. These functions are enabled

by 1) the ability of IDRs to bind targets with high specificity but low affin-

ity [3, 4, 8], or with a high dissociation constant [37], due to the energetic

(entropic) cost of folding upon binding (necessary for rapid response to chang-

ing cellular signals), 2) the presence of multiple, disordered recognition motifs

that bind various targets (i.e. multivalency) [3, 8, 38, 39], 3) the ability of the

same recognition motif to bind different targets (i.e. one-to-many) [40], and 4)

regulation of function through disorder-mediated allostery/cooperativity [41–

45], among others. Key to these processes is the ability of IDRs to undergo

structural transitions to different functional states in response to a number of
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factors including protein/ligand binding, post-translational modifications, and

environmental changes [7, 20, 39, 43, 44, 46–48].

Transcription factors (TFs), in particular, capture the structural and

functional complexity of IDRs. Modular in nature, TFs typically contain at

least one DNA-binding domain (DBD) and one or more flanking regulatory

domains (RDs) [49, 50]. They have evolved to use a combination of func-

tionally coupled ordered and disordered regions to spatially and temporally

regulate transcription. Minezaki et al. [51] predicted nearly 50% of residues

to be disordered across the sequences of 401 human TFs. While DBDs are

typically well-structured, IDRs, many of which contain recognition elements

or modification sites, are predominantly found in RDs [52]. It is important

to note that while these RDs are expected to be largely disordered, there can

be structured elements dispersed across the domain. Below we briefly review

two important IDR-mediated functions in the context of TFs. For a more

extensive review on IDR function, we refer the reader to [7, 8]

1.4.1 Molecular recognition

IDRs directly responsible for facilitating protein interactions typically

do so with relatively short, contiguous sequences that become more ordered,

or completely structured, upon binding and they have been roughly catego-

rized by sequence length. Linear motifs (LMs), also referred to as short linear

motifs (SLiMs) [53] and eukaryotic linear motifs (ELMs) [54], among others,

are typically 3 to 10 amino acids long and form limited interfaces with their
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target [53]. Not limited to molecular recognition, LMs are also associated with

cellular localization and can be sites of post-translational modifications [7, 53].

Slightly longer at 10−70 amino acids, molecular recognition features (MoRFs)

by definition form secondary structures upon binding (i.e. binding-induced

folding) [55, 56]. They have been classified by their secondary structure in the

bound state as α-MoRFs, β-MoRFs, irregular i-MoRFs, or complex-MoRFs

with some combination of secondary structural elements [56]. The short, com-

pact nature of LMs and MoRFs provides a distinct advantage to regulatory

proteins, like TFs, as multiple recognition elements for different targets can be

distributed throughout a disordered region [7, 38, 40, 53]. Furthermore, the

transient, low-affinity and high-specificity interactions facilitated by LMs and

MoRFs allow for the rapid reversal of cellular signals, a property necessary

for the fine spatial and temporal control of transcription. p53, for example,

contains multiple MoRFs with individual MoRFs being able to bind many

different partners [40], thus allowing it to serve as a protein-network hub [8]

or master regulator of transcription.

Lastly, intrinsically disordered domains (IDDs), defined as having a

minimum length of 20− 30 amino acids, have been proposed as an additional

binding module distinct from LMs and MoRFs. Tompa et al. discuss the op-

erational differences between IDDs and LMs/MoRFs in detail in [57]. Briefly,

we highlight three main factors that distinguish IDDs from LMs/MoRfs. First,

IDDs are on average longer than LMs/MoRFs. Pfam domains predicted to

be 75 − 100% disordered are ∼98 residues long, on average. Second, IDDs
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typically bind with higher affinity (nanomolar dissociation constant, Kd) and

a larger surface area (∼1350Å
2
) than LMs/MoRFs (Kd ≈ 1− 10µm, surface

area ≈ 500Å
2
) [53, 57, 58]. Third, IDDs are able to bind both well-structured

proteins and other IDDs (via mutual folding), whereas linear motifs bind well-

structured targets.

1.4.2 Activity regulation

Intrinsically disorder regions are able to modulate protein activity through

the coupling of distant functional sites [39, 42–44, 59, 60]. These allosteric

mechanisms are enabled by the ability of IDRs to undergo conformational

and/or thermodynamic transitions in response to cellular demands to acti-

vate or suppress particular signaling pathways. Structural transitions may

proceed to more ordered states (i.e. disorder-to-order), disordered states

(order-to-disorder), or may represent a remodeling of the disordered ensem-

ble (e.g. collapsed vs. extended) [44]. Incompatible with classical models

(e.g. Monod-Wyman-Changeux) [61], these observations prompted the de-

velopment of probablistic, allosteric models based on the ensemble nature of

IDR conformations [41, 43, 44]. Below we provide illustrative examples of

disorder-mediated allostery.

TFs of the same protein family are equipped with highly conserved,

homologous DBDs with indiscriminate binding properties that do not explain

their DNA specificity observed in vivo [62, 63]. Evidence continues to mount

that this paradox can be resolved to a certain extent by the ability of the dis-
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ordered RDs to alter the affinity (i.e. specificty) of DBDs to DNA [42, 64–66].

For example, Ultrabithorax (UBX) is part of the Hox protein family which

is responsible for the tissue-specific, cellular differentiation (i.e. patterning)

along the anterior-poster axis of bilaterally symmetric animals [67, 68]. It

contains multiple functional domains including a DNA binding homeodomain

that is highly conserved across family members and a largely disordered, N-

terminal transcription activation (i.e RD) domain with some structured regions

predicted throughout [42] . Using successively longer N-terminal deletion mu-

tants, Bondos et al. [42] found that regions distal to the homeodomain are able

to alter its binding affinity. In particular, they found an IDR (referred therein

as I2) adjacent to the homeodomain to greatly inhibit binding affinity while a

large (175 amino acids) disordered region restored affinity (referred therein as

R) as a linear function of length to that observed for full length UBX. They

propose a regulatory mechanism in which protein co-factors bind to either I2 or

R as a means to perturb their interactions with one another and subsequently

modulate binding affinity. For example, binding of a protein to R may release

I2, allowing the latter to inhibit UBX-DNA interaction. Tompa [44] refers to

the ability of the disordered RD of UBX to regulate UBX-DNA binding as an

example of disorder-to-disorder mediated allostery (i.e. disorder remodeling).

Potentially similar allosteric mechanisms have been observed in glucocorticoid

receptors in which translational isoforms of the disordered N-terminal domain

target different sets of genes [65, 66].

The PhD/Doc toxin-antitoxin system in bacteria exhibits very com-
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plex, disorder-mediated allostery [59]. The toxin Doc binds to the ribosomal

A site and prevents translational elongation. The antitoxin PhD contains a

disordered C-terminus that becomes structured (i.e. disorder-to-order tran-

sition) when Doc binds. A coupling between this disordered region and the

N-terminal DBD results in the stabilization of the DBD and consequently

the Doc:PhD:DNA complex, which represses transcription of the PhD operon.

Interestingly, as the ratio of Doc:PhD increases, transcription of PhD is de-

repressed, increasing the amount of PhD that is able to sequester Doc and

prevent cell death. We refer to [59] for a more complete discussion of this

system.

Unfolding or order-to-disorder transitions of protein regions provides

yet another mechanism for regulation of protein activity [43, 44, 69]. Post-

translational modifications may induce local unfolding to expose additional

binding sites or localization signals (e.g. SLiMs). For example, phosphoryla-

tion of KSRP, which is involved in mRNA metabolism, unfolds a domain that

exposes a nuclear localization signal, resulting in its relocation and, conse-

quently, modulation of its function [70, 71]. In response to oxidative stress or

changes in pH, chaperones are activated through domain unfolding. These un-

folded domains are then able to bind misfolded proteins as a means to mitigate

the detrimental effects of the stress [47, 69].

Ligand and small-molecule binding have been observed to induce struc-

tural transitions in relatively short amino acid sequences. For example, Kidera

et al. [72] and Zea et al. [48] found that ligand binding increased or decreased
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disorder in distal regions that were typically less than 10 amino acids long from

large scale analyses of protein structure databases. In a few cases, binding si-

multaneously resulted in the folding and unfolding of different regions [48].

A coupling of the thermodynamics associated with these IDR transitions to

the initial binding event may provide a potential cooperative mechanism to

enhance or suppress ligand binding, yet a quantitative, thermodynamic theory

is lacking. For example, ligand binding could be driven, at least in part, by the

favorable increase in conformational entropy upon the concomitant unfolding

of a short structured region. This order-to-disorder mediated cooperativity, or

entropic expansion of conformation space, has been proposed as a mechanism

to target disordered proteins with small molecules [73]. We note that disorder

can be “awakened” (i.e. conditional disorder) in response to environmental

changes as well [46, 47].

1.4.3 Disorder and disease

Given that proteins enriched in, or functionally relying on, disorder are

involved in the regulation of critical cellular functions (e.g. transcription and

translation), it is not surprising that intrinsic disorder has been associated with

a range of diseases [9, 11]. In general, abrogation of a protein’s functionally-

competent conformational state(s) is critical to pathogenesis [11]. While we

refer to others for detailed reviews on the association of protein disorder and

disease [9, 11, 74–78], here we provide a few examples to highlight the im-

portance of a fundamental understanding of the physicochemical properties of
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IDRs and how those properties are altered, for example, by mutations.

The presence of proteinaceous aggregates is a signature of many neu-

rodegenerative diseases, like Alzheimer’s and Huntington’s [9, 11, 77, 79]. It

has been posited that the formation of neurotoxic aggregates is due to the

dysregulation of the innate ability of IDRs/IDPs to facilitate liquid-liquid

phase separations [77, 80], which appears to be critical to the formation of

membrane-less organelles/super-assemblies (see [81]). For example, the RNA-

binding protein FUS has been found to fuse to and shuttle between liquid

compartments in the nucleus and isolated FUS phase separates in vitro [80].

A single point mutation, G156E, observed in patients with amyotrophic lat-

eral sclerosis (ALS) in the disordered, prion-like domain of FUS was shown

to markedly accelerate the transition of FUS liquid droplets to less dynamic,

fibrous formations [80]. However, the biophysical mechanisms underlying FUS

phase separation and the effects of the G15E mutation on both the thermo-

dynamics of the liquid-solid phase transition and the structural properties of

the IDR are unknown [77, 80].

In Huntington’s disease, proteins with long tracts of polyglutamine

(polyQ), due to the expansion of CAG codons in their genes, are found in

aggregates [82, 83]. Disease onset and severity are correlated with increasingly

longer polyQ tracts [83, 84]. In isolation, polyQ appears disordered, occupies

a heterogenous ensemble of structures, collapses in a length dependent man-

ner, and phase separates [25, 83, 85, 86]. These polyQ tracts are believed to

mediate the aggregation of the affected proteins [83, 87]. Walters and Mur-

14



phy [83] found that the rate of aggregation increased with increasing polyQ

length (i.e. a decreasing solubility). Whereas Q20 and Q24 (subscript denotes

length) rapidly aggregated, Q8 and Q12 remained soluble, or monomeric, in

solution. They suggested a chain length of 16 glutamines to be a potential

critical point in the phase transition. The driving forces behind the collapse

and aggregation of polyQ systems and its role in disease pathogenesis is cur-

rently debated [83, 86].

These “conformational” diseases are, at the most fundamental level,

manifestations of an altered protein conformational landscape. The patholog-

ical effects of mutations in well-structured proteins often lead to unfolding or

misfolding. However, mutations in IDRs do not permit such a clear distinc-

tion between conformational states, making a connection between structural

perturbations and loss of function challenging. From a computational study of

disease-associated mutations, Vacic et al. [74] highlighted the occurrences of

mutations in predicted IDRs and that a single missense mutation is sufficient

to change the order-disorder assignment of individual residues. Furthermore,

they found that mutations can change the assignment of an IDR as a molecular

recognition feature (MoRF). However, it remains unclear how such perturba-

tions in the primary structure of IDRs alter the disordered conformational

ensemble.

Clearly alterations in the length and primary sequence can alter the bio-

physical and functional properties of IDRs, yet a robust, predictive sequence-

disorder -function relationship is lacking. Such a paradigm, analogous to the
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sequence-structure-function paradigm for well-ordered proteins, will be crit-

ical to successfully targeting drugs to IDRs/IDPs or genetically engineering

IDRs/IDPs with certain therapeutic properties.

1.5 Sequence-disorder relationships: a biophysical ap-
proach

An understanding of how primary sequence specifies the disordered

ensemble (i.e structural properties) is key to understanding not only how dis-

order mediates function, for example through order-disorder transitions, but

also how alterations in the primary sequence aberrantly propagate through the

ensemble to disrupt function. Such a sequence-disorder relationship necessar-

ily requires a description of disorder in and of itself. As detailed in previous

sections, IDRs are highly dynamic and flexible and lack stable, persistent sec-

ondary and tertiary structure. In an early attempt to capture the structural

heterogeneity of experimentally determined IDRs, Uversky proposed the Pro-

tein Quartet model [12] (an extension of the Protein Trinity framework [3])

in which four states are available to a protein: ordered, molten globule, pre-

molten globule, and random coil. The last three capture the disordered states

and are arranged by decreasing residual secondary structure content and the

extent of compactness. The model proposes that proteins can transition be-

tween states with each state giving rise to different functions. While useful

in relating gross protein morphology with function, this discrete model lacks

the resolution to capture the continuous spectrum of or thermodynamic equi-

16



librium between diverse structures of the disordered ensemble [7]. Rather,

the disordered conformational ensemble is more appropriately captured by a

population-based, or probabilistic model [41, 45, 88, 89].

To introduce this idea we consider the conformational free energy land-

scape of IDRs (Figure 1.1B). The free energy landscape of a protein [90, 91]

is a simplified, typically one- or two-dimensional representation of the depen-

dence of the free energy on a structural reaction coordinate(s) (viz. a potential

of mean force). That IDRs rapidly transition between conformations suggests

the free energy landscape is rather flat, yet rugged, with no substantial en-

ergetic barriers [39, 46, 89, 92, 93]. That is, IDRs are able to populate a

number of energetically similar but conformationally distinct states, indica-

tive of a high conformational entropy [39, 89]. Characteristically different, the

free energy landscape for well-structured proteins (Figure 1.1A) is often de-

picted as a funnel with a global, energetic minimum associated with the folded

structure [39, 46, 89, 90, 92, 93].

The probability of a particular conformational state (i) on the free

energy surface is proportional to the Boltzmann weight as,

pi ∝ exp [−β Ai] (1.1)

where β is the inverse temperature and Ai is the free energy. To understand

the biophysical mechanisms that give rise to the free energy surface, Ai can

be further decomposed into energetic (U) and entropic (S) components as
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Ai = Ui − TSi

= Uuu + Uuv + Uvv − T (Su + Sv) (1.2)

where the subscripts “u” and “v” denote the solute and solvent, respectively,

and T is temperature. For simplicity, we have dropped the subscript i that

references a conformational state in the second line of Eqn. 1.2 but note the

implicit dependence of U and S on the conformational state. The solute and

solvent entropy include momentum, translational, rotational, and conforma-

tional contributions (see [94] for a rigorous discussion on this decomposition

of entropy).

Using our idealized IDR free energy surface, we have highlighted three

hypothetical conformational states (Figure 1.1 B) of interest that may differ,

for example, by their extent of compactness or collapse (i.e. abscissa represents

the continuum of collapsed to expanded in the positive direction) and function.

The three states are in thermodynamic equilibrium. Equation 1.2 shows that

their free energies, and thus populations, depend on the complex balance or

competition between solute-solute, solute-solvent, and solvent-solvent interac-

tions in addition to solute and solvent entropies. While the individual terms in

Eqn 1.2 have been separated, it is important to note the non-trivial coupling

among terms. For example, an IDR that collapses due to strong, intra-chain

interactions (Uuu) may minimize its exposed surface area, limiting its potential

interactions with solvent (Uuv), which in turn limits the disruption of the sol-
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vent network, allowing the solvent to potentially occupy more thermodynamic

states (Sv).

Figure 1.1: Free energy landscape of a well-structured protein (left) and an
IDR (right). The ordinate represents the conformational free energy and the
abscissa as some hypothetical, structural reaction coordinate. The free energy
landscape for a well-structured protein (A) is often depicted as a rugged funnel
(one-dimensional here) with folding driven down the funnel to a stable con-
formation with a global, energetic minima. The free energy landscape of an
IDR (B) is comparatively flat and rugged with smaller energetic barriers be-
tween conformational populations, permitting IDRs to interconvert between
them. We have highlighted three hypothetical conformational states, num-
bered i = 1 − 3, and their associated probabilities as Pi. These states may
differ, for example, by their extent of compactness and functional capabilities.
The fraction of conformers populating each state is given by Eqns. 1.1 and 1.2.
Ligand binding or changes in the environment, for example, can remodel the
free energy landscape of an IDR (C) and reapportion the conformational popu-
lations enabling the propagation of an allosteric signal through the disordered
ensemble.

With respect to conformational transitions, binding, post-translational

modifications, or changes in the environment alter the IDR free energy land-

scape (Figure 1.1C), with the change of populations indicative of the free en-

ergy required to elicit such a remodeling of the ensemble. As noted earlier, the
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high conformational entropy of IDRs manifests as the width or breadth over

the iso-energetic states [39, 91], the extent of which represents the energetic

penalty that must be paid, for example, when an IDR folds upon binding.

Computational and experimental studies have provided valuable insight

into the complex effects of IDR sequence composition on the balance of Uuu

and Uuv, and, consequently, on the propensity of an IDR to assume collapsed

or expanded ensembles [83, 86, 95–102]. As discussed in Section 3, IDRs tend

to be enriched in polar and charged amino acids and devoid of bulky, non-polar

amino acids. Based on classical hydrophobicity scales [103] and the observed

burial of non-polar residues that are expected to stabilize well-structured pro-

teins [104], one would expect IDRs composed of tracts of polar residues (e.g.

glutamine, asparagine, serine, etc.) to favor expanded coil conformations.

However, molecular simulation and solution biophysics (e.g. smFRET and

smFCS) studies find that polyglutamine [83, 85, 86], glutamine/asparagine-

rich [105], repetitive glycine-serine blocks [106–108], and oligoglycine polypep-

tides [26, 98, 100, 107, 109] all collapse in solution and maintain a hetero-

geneous, disordered ensemble, despite the predicted large, favorable solvation

free energies of their constituent residues [99, 110]. This can be explained by

the fact that the effective concentration of amino acids is orders of magnitude

beyond their solubility limit because they are covalently bonded [111]. Fur-

thermore, polyglutamine [83] and oligoglycine [95, 112] have been shown to

aggregate and their solubilities to depend on chain length. We have shown

that the entropic penalty of solvating successively longer oligoglycines is more
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than compensated by a favorable, solvation enthalpy that decreases with chain

length [99]. These observations suggest that favorable, electrostatic intra-

peptide interactions alter the balance of Uuu and Uuv to favor the collapse of

short, polar IDRs. In other words, although Uuv is favorable and resists col-

lapse, Uuu out-competes it but not to an extent that preferentially stabilizes a

single conformation. The preference of polar tracts to form collapsed globules

may be explained, in part, by the innate ability of the polypeptide backbone

(i.e. oligoglycine) to collapse [88]. The origin or source of the favorable electro-

static intra-peptide interactions (e.g. hydrogen bonding [113] or correlations

of amide dipoles along the backbone [98]) that lead to backbone collapse is

debated.

The effects of charged amino acids on the structural propensities of

IDRs is complex and non-trivial. From a combined molecular simulation and

smFCS study of various protamines, Mao et al. [111] found that the net charge

per residue (NCPR) is positively correlated with radius of gyration. They ob-

served a globule-to-coil transition at a cricital NCPR. Other studies have also

shown that a higher net charge leads to the expansion of other polyelectrolyte

IDRs [96, 101, 114]. In this situation, the repulsion of like charges (i.e. unfa-

vorable Uuu) in concert with favorable chain-solvent interactions (Uuv) opposes

the collapse of the protein backbone [88, 101].

A vast majority of IDR sequences are polyampholytes [115] with a

distribution of positively and negatively charged residues. The charge density

can result in a zero net charge. Whether an IDR forms a collapsed globule or an
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expanded coil depends on the spatial patterning of charged residues across the

IDR [115]. For example, blocks of residues with the same charges separated in

the primary sequence would repel one another while a disperse arrangement of

opposite charges could have a compensatory effect. This spatial distribution

of charges results in a delicate, complicated balance between Uuu and Uuv,

making a prediction of IDR structural properties challenging. Additionally,

the extent of IDR collapse also appears to depend on chain length. Uversky

et al. [116] found that the extent of compactness increases with IDR chain

length. This may be explained by an increase in the number of potential long

range interactions within longer IDRs where the effective, local concentration

of amino acids around the chain is high. This is analogous to the concentration

and chain length dependence aggregation of short IDRs. As Müller-Späth et

al. [101] note the “...balance of interactions in the unfolded state and their

effect on the compactness of the chain is under intense debate...”.

Molecular simulations and single molecule studies have undoubtedly

provided valuable insight into the sequence-disorder relationship of IDRs. How-

ever, important questions remain on how protein conformational entropy, sol-

vation entropy (hydophobic effect), and the abundant, yet weak van der Waals

interactions shape the disordered ensemble, or the disordered free energy land-

scape.
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1.6 Oligoglycine: a model to study the structural and
thermodynamic properties of IDRs

As discussed in Section 4, short, functionally important IDRs are ubiq-

uitous in regulatory proteins, yet the thermodynamics underlying the functions

they enable are not well understood. In this dissertation, we are generally

interested in understanding 1) the biophysical mechanisms, particularly free

energy and entropy, that drive the collapse and aggregation of short IDRs and

2) the thermodynamics associated with structural transitions and its potential

coupling with other processes, like protein/ligand binding. To study these phe-

nomena, we use oligoglycines of varying lengths as a model IDR and molecular

dynamics (MD) simulations. Below we briefly introduce MD and the benefits

it affords to studying IDRs, the oligoglycine model and the motivations for

studying it, and we finish with an overview of the chapters in this dissertation.

1.6.1 Molecular simulations

MD simulations, rooted in Newtonian mechanics, provide temporal tra-

jectories of atomic positions based on intra- and inter-molecular potential en-

ergy functions (i.e. force fields), the derivatives of which give the force on each

atom in the modeled system [23]. With respect to proteins, the output of MD

simulations is a prediction of a protein’s conformational ensemble. Currently

no conventional solution biophysics methods (Table 1.1) yield such a detailed,

atomistic description of the conformational ensemble of proteins. MD simu-

lations provide three distinct advantages, among others, for studying IDRs.
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First, IDRs can be simulated in infinite dilution, thereby avoiding solubility

(aggregation) issues often faced by conventional, solution-based methods, like

NMR [3, 21]. Second, through statistical mechanics, we are able to calcu-

late macroscopic thermodynamic properties (e.g. heat capacity, free energy,

entropy, etc.), and changes in those properties associated with some process

(e.g binding), from molecular interaction energies, which inherently depends

on the motion of individual atoms. Third, MD simulations permit the decom-

position of the total, system thermodynamics into its individual components

(i.e. Eqn. 1.2) [23] - most notably conformational entropy, which is necessary

to understand the biophysical mechanisms that dictate the structural proper-

ties of IDRs and how they enable IDR structural transitions. Such a detailed,

thermodynamic decomposition like the one depicted in Eqn. 1.2 is impossible

to achieve using traditional calorimetric approaches. It is important to note

that results from molecular simulations, especially for IDRs/IDPs, are depen-

dent on the underlying potential energy models [23–26], which have typically

been parameterized from experimental data of well-structured proteins [117].

Nonetheless, molecular simulations can provide mechanistic insight to help ex-

plain or support experimentally observed phenomena and target future studies.

1.6.2 Model

Oligoglycine is a polypeptide composed of consecutive glycine amino

acids. We refer to oligoglycine (Gly) composed of N glycine residues as

GlyN . Lacking any side chains and stable, regular structures, oligoglycine
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is often used as a protein backbone model to study phenomena like protein

folding [113, 118, 119], IDR collapse [98–100], and aggregation [95, 120]. Sim-

ulation and experiment have shown that oligoglycine collapses and aggregates

in solution in a length dependent manner, properties reminiscent of IDRs in

general [116]. Additionally, oligoglycine tracts spanning a range of lengths

(N = 2− 23) are found in experimentally verified IDRs [35] and high glycine

content has been associated with compact IDRs [96]. Here we study Gly2−5,

Gly10, and Gly15, which covers the biologically relevant length scale of many

functionally important IDRs. We believe our work on oligoglycine will provide

a benchmark or framework with which to compare more complex IDRs. That

is, we can imagine the complex sequence space of IDRs as perturbations to

the oligoglycine model that, through the patterning of side chains, can bias

the structural ensemble of the protein backbone.

1.7 Dissertation overview

In Chapter 2, we performed a comparative structural analysis of Gly3

and Gly10 in solution from MD simulations with the commonly used CHARMM

27 (C27), CHARMM36 (C36), and Amber ff12SB force fields [26]. Using mul-

tiple structural metrics we characterized the disordered structural ensemble of

oligoglycine conformers and revealed clear force field biases that are accentu-

ated with chain length. Interestingly, J-couplings calculated for the internal

residue of Gly3 from simulations with each force field were consistent with

experimental data, despite the force fields yielding different conformational
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ensembles. Finally, we note that care must be taken when making mecha-

nistic inferences from simulations of disordered polypeptides using any one

particular force field as the biases we discovered may lead to different conclu-

sions.

The following two chapters explore the role of solvent in dictating the

structural properties of oligoglycine in solution. Particularly, we are interested

in how the innate properties of the protein backbone (i.e. oligoglycine) af-

fects the competition between intra-peptide and peptide-solvent interactions,

which would subsequently influence the conformational ensembles of longer

IDRs. Using computational free energy methods, in Chapter 3 we calculated

the solvation free energy (∆Gsol), enthalpy (∆Hsol), entropy (∆Ssol), and their

electrostatic (elec) and van der Waals (vdw) components for Gly2−5 from simu-

lations with C36 and ff12SB as a function of chain length [99]. To assess the ef-

fects of flexibility, or disorder, on these thermodynamic quantities, oligoglycine

was either constrained to a rigid, extended conformation or allowed to be com-

pletely flexible during the simulations. For both rigid-extended and flexible

oligoglycine models, the decrease in ∆Gsol with chain length is enthalpically

driven by electrostatics with only a weak entropic compensation. However,

the apparent rates of decrease of ∆Gsol, ∆Hsol, ∆Ssol, and their elec and vdw

components differ for the rigid and flexible models. Then, in Chapter 4, we

investigated the relationship between ∆Gvdw (often ascribed as a hydropho-

bic solvation penalty) and solvent accessible surface area (SASA) for 50 Gly10

conformers taken from simulations with C27 and ff12SB. We used a novel ap-
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proach to calculate the slope of ∆Gvdw as a function of SASA. We found that

∆Gvdw decreased with increasing SASA for both force fields, yet with different

slopes, suggesting that ∆Gvdw actually favors extended, solvent exposed oli-

goglycine conformations. Taken together, our results from Chapters 3 and 4

suggest that the aggregation of short oligoglycines and the collapse of long oli-

goglycines is not due to a “hydrophobic effect,” but rather from intra-peptide

interactions out-competing the weaker, albeit still favorable, peptide-solvent

interactions. We believe the innate tendency for the protein backbone to col-

lapse contributes to the collapse of more complex IDRs that lack non-polar,

“hydrophobic” residues.

Solvation free energy simulations are, in general, computationally ex-

pensive. A physically meaningful representation of the solvation thermody-

namics of a protein requires sufficient coverage of the conformational ensem-

ble, which is computationally intractable for long IDRs. In Chapter 5, we

extend the application of proximal distribution functions (pDFs), which ap-

proximate the average solvent density around atoms in a covalently bonded

context [121, 122], to the calculation of ∆Gvdw [123]. This approach, when

combined with linear response theory (a computationally simple end-point cal-

culation), yields the total solvation free energy. These pDFs are precomputed

for individual types of atoms (e.g. carbonyl oxgyen) and are largely universal

across molecular systems [124]. Therefore, the elec and vdw components of the

total solvation free energy can be rapidly calculated from a single simulation,

whereas the free energy simulations performed in Chapter 3, for example, re-
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quired well over 500 separate simulations for the small systems considered. We

demonstrated, using the same set of pDFs, that this approach can reproduce

∆Gvdw to within ∼ kcal/mol accuracy for a variety of solutes as compared

benchmark free energy simulations. While we used Gly3 as a proof of concept,

we will use this approach to calculate the solvation free energy of much longer

oligoglycines in the future.

Disorder is the uncertainty of structure and uncertainty is best de-

scribed by entropy. It is widely accepted that high conformational entropy

is a hallmark of IDRs and that changes in conformational entropy play an

important role in the thermodynamics underlying many IDR-mediated func-

tions (e.g. binding and allostery) [39, 43, 44]. The ability of short IDRs to

undergo structural transitions is key to these functions, yet a quantitative,

predictive theory is lacking. Towards this goal, in Chapter 6 we begin first by

calculating the absolute, backbone conformational entropy of Gly3−5, Gly10,

and Gly15 from φ and ψ dihedral angles using three different computational

methods. We also calculated conformational entropy as a function of end-to-

end distance and radius of gyration as structural transitions likely alter these

global structural properties. We find that the conformational entropy of oligo-

glycine is significant, scales linearly with chain length, and is largely indepen-

dent of end-to-end distance and radius of gyration. Additionally, we introduce

a framework, which we refer to as “ensemble confinement,” to calculate the

change in conformational free energy associated with restricting or confining

an ensemble of disordered polypeptide structures to particular conformational
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states. We find that our protein backbone model resists ordering with a signfi-

cantly large, unfavorable ensemble confinement free energy due to the loss of a

substantial portion of the absolute conformational entropy. Lastly, we propose

that the backbone of IDRs be viewed as a free energy reservoir in which energy

may be deposited or extracted as conformational entropy through structural

transitions. Proteins, for example, may couple this reservoir to distal binding

events as a regulatory mechanism to promote or suppress binding.
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Chapter 2

Force Field Dependent Solution Properties of

Glycine Oligomers

This work has been published in Drake, J. A., and Pettitt, B. M. (2015).

Force field-dependent solution properties of glycine oligomers. Journal of

Computational Chemistry, 36(17), 1275–1285.

https://doi.org/10.1002/jcc.23934

2.1 Introduction

Over the past decade there has been considerable effort towards under-

standing the relationship between protein disorder and protein function and

how disruptions in the primary sequences of these disordered regions abrogate

protein function [3, 6, 9, 125, 126]. At the core of this effort is developing

methods to characterize the ensemble of protein conformers in both native

and disease states. Single molecule techniques (e.g. smFRET, FCS, etc.)

have been successful in probing the conformational landscape of disordered

polypeptides and entire proteins, however these methods often rely on the

attachment of bulky reporter groups which may alter the native-state confor-

mations of the polypeptide of interest [17, 100, 108]. These effects are difficult
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to experimentally control [100]. Molecular simulations are not limited by these

experimental constraints and, as a result, are useful in considering the struc-

tural and thermodynamic properties of disordered polypeptides in solution.

Mechanisms and structural properties hypothesized from the results of simu-

lations can then be leveraged to develop targeted, well-designed experiments.

Classical molecular simulations depend on the functional form and

corresponding parameters (i.e. force field) used to model inter- and intra-

molecular interactions. While quantum mechanics (QM) can model these in-

teractions with high accuracy, the most accurate computations in solution are

intractable for biological macromolecules. A variety of force fields have been

developed for protein simulations. The most commonly used force fields in-

clude CHARMM [117] and Amber [127] variants as well as OPLS [128] and

GROMOS [129].

Force fields may differ in both the functional form of the energy function

and its empirically adjustable parameters. Each force field is derived with a

different methodology, but in general parameterization requires minimizing

differences between observed and molecular mechanical energies by adjusting

the energy function variables for a set of target data [130]. The target data

also differ between force fields, which can lead to force field biases, and an

understanding of this data used in the parameterization process should be

considered when using and interpreting results from one particular force field.

For example, the CHARMM36 (C36) force field optimized against a range of

condensed phase experimental data (e.g., J-couplings) for full length proteins

31



and polypeptides in combination with gas phase QM data [117].

With deficiencies noted in previous force fields, improvements in com-

putational capabilities and newly available structural data [131–138], force

fields are constantly undergoing systematic revisions of backbone and side

chain parameters [117, 127]. For example free energy calculations with C27

(i.e. C22/CMAP) predicted a misfolded conformation of the pin WW domain

to be lower in energy than the native fold, suggesting a problem with the

energy function [132]. Furthermore, C27 was shown to over-stabilize helical

structures [133, 134]. Towards improving the CHARMM force field, authors re-

leased C36 in 2012 where they reported new backbone CMAP and side chain

potentials parameterized against a variety of data, including more accurate

QM calculations and NMR couplings and shift data [117].

Amber force fields have undergone a similar evolution the result of

which is a number of variants including ff99SB, ff99SB-ILDN, ff99SB*-ILDN,

ff03, ff03*, among others [135, 136, 139, 140]. Most of these variants attempt to

refine backbone and side chain torsion potentials, yet biases manifest in differ-

ent ways. For example, ff03 and ff99SB-ILDN were shown to over- and under-

stabilize helices, respectively [133]. In 2012 Amber developers released ff12SB,

which is a combination of the ff99SB parameter and new backbone and side

chain torsion parameters, the details of which were not published. Generally,

many force fields perform similarly when modeling well-structured proteins or

polypeptides; that is, many force fields maintain distributions of conforma-

tions close to the native protein fold. However, when a protein or polypeptide
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lacks a stable structure under specified conditions, the conformational distri-

butions and secondary structure tendencies, or lack thereof, become increas-

ingly more important and the differences in conformational sampling between

force fields (e.g. parameterization process and target data used) may be more

pronounced [133]. Here we are interested in elucidating the effects that the

commonly used CHARMM and Amber force fields have on the distribution of

conformations of oligoglycine. Oligoglycine was chosen because a) CHARMM

and Amber developers compare with oligoglycine conformer data, b) it has

been frequently used to study structural and thermodynamic properties of the

protein backbone and protein folding [100, 109, 112], and c) we anticipate its

lack of structure (i.e. high degree of disorder) to capture force field dependent

conformation sampling well.

In this article we report a comparative structural analysis of Gly3 and

Gly10 from results of all-atom, microsecond MD simulations using the C27,

C36, and ff12SB force fields. For each force field, Gly3 and Gly10 were simu-

lated in explicit TIP3P aqueous solvent at constant pressure and temperature

for at least 300 ns and 1 µs, respectively. Simulations of two different lengths

of oligoglycine also allows us to evaluate how force field effects scale with

polypeptide length. Using a variety of structural metrics (e.g. end-to-end

distance, radius of gyration, dihedral angle distributions), we characterize the

distribution of oligoglycine conformers for each force field and show that each

sample conformation space differently.

33



2.2 Methods

2.2.1 System

Oligoglycine is a model disordered peptide and has been used previ-

ously to study thermodynamic and structural properties of the protein back-

bone as it relates to phenomena like solvent-induced collapse and aggregation

[95, 100, 109, 112, 119]. Additionally, oligoglycine conformers and available

structural data (e.g. NMR) were used in comparisons for both CHARMM

[117, 141] and Amber force fields [136]. Here, we chose two different oligo-

glycines containing three (Gly3) and ten (Gly10) consecutive glycine residues

to evaluate conformational sampling differences between C27, C36, and ff12SB,

and how these differences change with oligomer length.

For simulations with the CHARMM force fields, extended Gly3 and

Gly10 were built using VMD’s Molefacture plugin [142]. Neutral acetyl (ACE)

and N-methylamide (NME) caps were added and the system was solvated

with TIP3P water using VMD’s Solvate plugin. For simulations with Amber

ff12SB, extended and capped Gly3 and Gly10 were built and solvated with

TIP3P water using XLeap in AmberTools13 [127]. Initial box size for Gly3

was 4 nm on a side with 1955, 1953, and 2064 water molecules for C27, C36,

and ff12SB systems, respectively. Initial box size for Gly10 was 6 nm on a

side with 6782, 6782, and 6674 water molecules for C27, C36, and ff12SB,

respectively. All simulations were then performed using NAMD 2.9 [143].
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2.2.2 Simulations

All-atom C27, C36, and ff12SB protein parameter sets were used to

simulate Gly3 and Gly10 in explicit TIP3P solvent (either CHARMM or Am-

ber’s water parameter set) using the NAMD 2.9 molecular dynamics package

[143]. Steepest descent minimization was performed followed by equilibration

runs of at least 20 ns for Gly3 or 100 ns for Gly10 at constant number, temper-

ature, and pressure (NPT ensemble). Production simulations were similarly

performed in the NPT ensemble. Gly3 and Gly10 were simulated for 300 ns

and 950 ns, respectively, with each force field. Temperature and pressure were

maintained with a Langevin thermostat and barostat. The equations of mo-

tion were integrated with the velocity Verlet algorithm with a 2 fs time step.

The van der Waals forces were truncated at 1.2 nm with NAMD’s default

switching functions employed at 1.0 nm. Electrostatic forces were computed

using particle mesh ewald with a grid spacing of 1.0 Å. To match Amber’s

non-bonded exclusion convention, 1-4 scaling was set to 0.8333 for simulations

with ff12SB only. Coordinates and system information were saved every 500

time steps corresponding to every 1 ps.

2.2.3 Structural Analysis

To evaluate force field dependent conformational sampling we use a

variety of structural metrics to characterize the oligoglycine chains. Protein

coordinates from each simulation of Gly3 and Gly10 across the three force fields

were used to measure end-to-end distance, radius of gyration, solvent accessible
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surface area (SASA), dihedral angles, NMR J-couplings and representative

structural clusters.

2.2.3.1 End-to-end distance and radius of gyration

The probability distribution of the end-to-end distance and radius of

gyration provide information on tendencies to be extended or collapsed. End-

to-end distance, defined as the distance between terminal carbons in the ACE

and NME caps, and mass weighted radius of gyration were measured across

the trajectories. These values were binned and count normalized, yielding

probability distributions of end-to-end distance (bin size = 0.2 Å) and radius

of gyration (bin size = 0.05 Å) for both oligoglycines across the three force

fields. Error in the average estimates of end-to-end distance and radius of

gyration were calculated using a block standard error (BSE) method [144].

Briefly, a series of end-to-end distance or radius of gyration calculations are

broken up into blocks of a particular length such that N = M • n , where

N is the number of measurements corresponding to the number of frames

analysed from a trajectory, M is the number of blocks, and n is the block

length, or number of elements in one of the M blocks. For a given n the

average end-to-end distance or radius of gyration is calculated within each of

the M blocks. Then the BSE is calculated as the standard deviation of these

M block averages normalized by the square root of the number of blocks. A

series of BSE values are computed for a range of block lengths. The error in

the average end-to-end distance or radius of gyration is estimated as the BSE
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at the point in which the BSE curve plateaus.

Inspection of the BSE suggested that errors in average end-to-end dis-

tance and radius of gyration could be sufficiently estimated with 20 ns long

blocks for Gly3 and 50 ns long blocks for Gly10 across the three force fields.

Probability distributions of end-to-end distance and radius of gyration for each

of the 20 ns long blocks for Gly3 or 50 ns blocks for Gly10 were constructed

using the same bin sizes reported above. The standard deviation of the counts

in each bin was recorded and captured the within-bin spread. These are de-

picted as the shaded regions in the end-to-end distance and radius of gyration

results in Figure 2.1.

2.2.3.2 Comparison to random coil

Polymer models have been used to describe the behavior of disordered

polypeptide segments in a variety of aqueous conditions [145, 146]. To quali-

tatively assess polymer behavior of Gly10 and how this behavior might change

when using different force fields, we compare the end-to-end distance distribu-

tion of Gly10 to that predicted with an ideal, random coil polymer model. In a

random coil model it is assumed that there are no self-interactions or excluded

volume and that intramolecular and solvent interactions balance each other

[147]. As a result, the end-to-end distance distribution for a random coil can

be modeled as a 3D random walk (Eqn. 2.1):

P (r) =
4 π r2

(2/3π 〈r2〉)3/2
exp

[
− 3 r2

2 〈r2〉

]
(2.1)
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where r is end-to-end distance, and 〈r2〉 is mean square end-to-end distance.

〈r2〉 was measured from simulations of Gly10 with each force field and the

ideal polymer end-to-end distance distributions were compared to those mea-

sured from the simulations. Polymer models were developed for high polymers

containing thousands or more monomers. Gly10 is thus expected to show de-

viations from high polymer ideality. Nonetheless, evaluating these deviations

as a function of force field provides an additional way in which to compare the

effects force fields have on modeling highly disordered polypeptides.

2.2.3.3 SASA Probability Distributions

A protein’s solvent accessible surface area (SASA) plays a major role

in its solution and binding thermodynamics [37, 97, 125, 148]. To investigate

the dependencies between SASA and force field, we measured the SASA of all

Gly3 and Gly10 conformations in the C27, C36, and ff12SB trajectories with a

solvent radius of 1.4 Å in VMD. SASA probability distributions were generated

for each force field with bin sizes of 5 Å
2
.

2.2.3.4 Dihedral Angle Distributions and Free Energy Surfaces

Dihedral angles (φ,ψ) were collected along the trajectories for the in-

ternal (non-termini) residues of Gly3 and Gly10 from simulations with C27,

C36, and ff12SB. Histograms of (φ, ψ) were generated with 2◦ bin widths.

The values in each bin were converted to free energies via
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Gi = −RT ln (Ni/Ntot) (2.2)

where R is the gas constant, T is absolute temperature (300 K), Ni is the

count in bin i, and Ntot is the total number of counts. The free energy surface

is plotted with contour levels colored according to Gi (dark blue = minimum,

bright red = maximum). Populations of the major secondary structure regions

were assessed using the following criteria: poly-proline (PPII) with (φ, ψ) =

(-70◦ ± 30◦, 150◦ ± 30◦), β-strand (β) = (−150◦ ± 30◦, 150◦ ± 30◦), right

α-helix (αR) = (−85◦ ± 55◦, −7.5◦ ± 67.5◦), and left α-helix (αL) = (85◦ ±

55◦, 7.5◦ ± 67.5◦). The definitions of PPII and β-strand follow from [136],

however we elected to use larger, symmetric areas for the right- and left-handed

helical regions because of the symmetry (lack of chirality) and larger number

of sterically permitted states of oligoglycine. Error in the populations of these

regions was estimated with the block standard error approach detailed in the

Methods section on the end-to-end distance and radius of gyration analyses.

Here we used blocks of 50 ns and 125 ns for Gly3 and Gly10 respectively

2.2.3.5 NMR J-Couplings

J-couplings can be related to backbone dihedral angles via the Karplus

equation [149, 150]. The equation has the general form:

J(θ) = A cos2 (θ + ∆) +B cos (θ + ∆) + C (2.3)
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where A, B, and C are parameterized against experiment or theory, θ is a

backbone dihedral angle, either φ or ψ, and ∆ is a phase shift for a particu-

lar J-coupling. Karplus equation parameters were taken from [138] for Gly3.

Eight J-couplings that probe the dihedral angles of the central residue were

calculated across the trajectories of Gly3 and Gly10 for each force field.

2.2.3.6 Representative structure clusters

The quality threshold algorithm implemented in VMD [151] was used

to classify and visualize dominant structure clusters from simulations of Gly10

with the C27, C36, and ff12SB force fields. The mass weighted, root mean

squared distance (RMSD) between heavy atoms was used to measure structure

similarity. Five clusters containing structures within a cutoff RMSD of 2.5 Å

were chosen a priori from snapshots every 50 ps. We then compared the

dominant structure clusters from each trajectory using end-to-end distance

and radius of gyration.

2.3 Results and Discussion

2.3.1 Distributions of end-to-end distance and radius of gyration
exhibit force field dependency

To capture the structural properties of oligoglycine as a function of

force field we calculated the distance, r, between terminal carbon atoms and

the mass weighted radius of gyration, Rg, for each trajectory. Convergence

and errors in our measurements were estimated using a block standard error

approach (see Methods) with block lengths of 20 ns for Gly3 and 50 ns for
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Gly10. Considering Gly3, we find that probability distributions of end-to-end

distance and Rg vary considerably when using C27, C36, or ff12SB as depicted

in Figure 2.1 and Table 2.1.

Figure 2.1: Probability distributions of end-to-end distance and radius of gy-
ration for Gly3 (a. and c.) and Gly10 (b. and d.) as a function of force field.
Results for each force field are colored: C36 (blue), C27 (green), and ff12SB
(red). The colored dashed lines indicate the average end-to-end distance or
radius of gyration for the corresponding force field (Table 2.1). The shaded
regions represent the standard deviation of within-bin probabilities calculated
by blocking each Gly3 and Gly10 trajectories into 20 and 50 ns blocks, respec-
tively.

C36 samples more extended, less compact structures than C27 and

ff12SB with a narrower probability distribution concentrated around the mean
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end-to-end distance, 〈r〉C36 = 11.5 Å± 0.04 and mean Rg, 〈Rg〉C36 = 4.0 Å±

0.006. In contrast, both C27 and ff12SB sample more structures with short

to intermediate end-to-end distances than C36 resulting in similar 〈r〉′ s. Al-

though the C27 and ff12SB end-to-end distance distributions are similar, the

shapes of the Rg distributions are different, suggesting different structural ten-

dencies even though 〈Rg〉C27 and 〈Rg〉ff12SB are essentially the same. This sug-

gests that end-to-end distance alone may not be a sufficient metric to compare

force field structure sampling and that higher order moments of end-to-end

distance and Rg distributions should be considered.

Table 2.1: Moments of the Gly3 and Gly10 end-to-end distance and radius of
gyration distributions.

In parentheses next to the mean is the estimated BSE.

To evaluate how these force field dependent properties change with

oligomer length we performed the same structural analysis with trajectories

of Gly10 generated using C27, C36, and ff12SB. At this length of oligoglycine

the differences between the force fields are accentuated. We again find C36

to sample more extended, less compact structures with a mean end-to-end

distance at least 3 Å greater than C27 and ff12SB. Furthermore, both end-
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to-end distance and Rg distributions for C36 are skewed towards extended

structures, opposite those for the other force fields (Figure 2.1 and Table 2.1).

All three force fields across both oligoglycines show a small peak around ∼4 Å

end-to-end distance which is indicative of correlations in a loop-like formation.

C27 visits these structures more than ff12SB, and considerably more than its

successor C36. The question of which force field is accurately capturing the

frequency with which these correlated, looped Gly10 structures are formed may

be resolved, in part, by single molecule methods that measure the kinetics of

termini contact formation[108, 152]. The structural characteristics of ff12SB

appear to be intermediate to those observed for C27 and C36.

Few experiments provide detailed structural data for longer glycine

constructs making a direct comparison to experimental data challenging. This

may be attributed to the increasingly low solubility of oligoglycine with re-

spect to increasing length [112, 153]. A computational consideration of the

solubility limit of Gly5 solutions suggests a mechanism for the phase separa-

tion based predominately on non-hydrogen bonding amide dipole correlations

[95]. Furthermore, experimental and computational studies disagree about

the conformational preferences of the peptide backbone (extended vs. col-

lapsed), the quality of water as its solvent, and how these change depending

on chain length. Ohnishi et al. [154] used a combination of NMR and SAXS to

study the conformational preferences of various oligoglycine linkers separating

Acetyl-Tyr-Glu-Ser and Ala-Thr-Asp amino acid residues, which were used to

decrease resonance overlap, and concluded that oligoglycines in solution prefer
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the extended state. For Gly2 and Gly6 linkers they found an Rg of 7.90 Å and

9.10 Å, respectively. Our results for Gly10 with the C36 force field are not dra-

matically different considering that the three amino acids added to each end

of the oligoglycine linker may alter the structural preferences compared to a

pure glycine chain and that their polypeptide contains two additional residues.

Pappu et al. [107] constructed a potential of mean force as a function

of radius of gyration for Gly15 with the OPLS AA/L force field and found

that Gly15 collapses in water with a probability of Rg less than 7 Å to be 0.83.

Consistently, Gly15 was also shown to adopt a compact structure with a radius

of gyration less than 6.5 Å from simulations with C27 (Karandur, submitted).

These are similar to what we find for Gly10 across the three force fields and also

with what Ohnishi and coworkers [154] find for their shorter constructs. An

experimental study, Teufel et al. [100] determined the hydrodynamic radius

of gyration of Gly20 by fluorescence correlation spectroscopy to be ∼ 10.4 Å

corresponding to an Rg of ∼ 8 Å which is less than 1 Å larger than 〈Rg〉C36

for a system of twice the chain length. The effects of the reporting groups

is less certain. Recent work by Best et al. [155] suggests that current force

fields poorly solvate polypeptides leading to more collapsed, unfolded states

than suggested by experiment and that a better match to experiment can be

achieved by modifying the short range protein-solvent interactions for disor-

dered proteins. Given their observations and the fact that the Rg of these

oligoglycine models ranging considerably in length are relatively similar, fu-

ture work should aim to determine if the force fields are accurately capturing
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the scaling of the protein backbone’s structural properties.

2.3.2 Gly10 deviates from random coil polymer model but depends
on force field

Naturally, polymer models and theory have been extended to the study

of IDPs and have proven useful in understanding how the properties depend on

solvent, amino acid composition, and number of peptides [145, 146, 156, 157].

Ideal polymers, like the random coil, are modeled as a statistical random

walk where monomers can occupy the same space and the positions of the

monomers are uncorrelated [147]. These assumptions yield a skewed Gaussian

for the end-to-end distance probability distributions (Eqn. 2.1). Figure 2.1

clearly demonstrates positional correlations, however to show that different

force fields introduce different non-random coil behavior we compared the end-

to-end distance distributions for Gly10 obtained from simulations with C27,

C36, and ff12SB to what would be expected for a random coil (Eqn. 2.1)

with the same variance, 〈r2〉. Figure 2.2a-c shows the end-to-end distance

distribution (solid) overlaid with that predicted for a random coil with the

same 〈r2〉 (open triangle). The large tails and peak locations of the C27 and

ff12SB end-to-end distance distributions are captured very well by the random

coil model, however it clearly does not capture these features well for C36. As

a result of this “stiffer” behavior, C36 under-samples Gly10 conformations with

intermediate end-to-end distances compared to its random coil model. A non-

linear least squares fit of Eqn. 2.1 to the data also clearly shows that the

Gaussian functional form does not capture the distribution of long end-to-end
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distances for C36. Across all force fields self-interactions and other multi-body

correlations result in greater populations of structures with shorter end-to-end

distances (peak ∼4 Å) than their random coil counterparts, but the extent to

which they deviate from random depends on the force field.

Figure 2.2: End-to-end distance distributions from simulations of Gly10 (solid
line) with C27 (a), C36 (b), and ff12SB (c). Overlaid is the distribution
expected for a random coil with the same mean squared end-to-end distance
measured from simulations (open triangle) and the distribution following a
nonlinear least squares fit (x’s) of Eqn. 2.1 to the data.

Single molecule methods, like smFRET, can be used to estimate the

distribution of end-to-end distances in IDPs from measurements of the reso-

nance energy transfer by assuming the distribution in Eqn. 2.1 [152, 158]. The
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fact that the functional form of the end-to-end distance distribution depends

on force field should be considered when attempting to compare results from

simulations and single molecule experiments. Which force field is most accu-

rately modeling the distribution of end-to-end distances in Gly10 remains to

be seen. Single molecule experiments could be used to determine how 〈r2〉

scales with the length of the protein backbone and thus force field accuracy.

2.3.3 Solvent accessible surface area exhibits force field dependen-
cies

IDPs or intrinsically disordered regions are often found in regulatory

network hub proteins and facilitate binding to multiple partners [125]. Con-

formational selection and concomitant binding and folding are thought to be

two of the major IDP-facilitated recognition or binding mechanisms [159]. In

either case, an IDP’s conformational ensemble is likely to provide a range of

available surfaces to accommodate its many binding partners. For example,

Dunker and coworkers have shown that a disordered region of p53 adopts four

different structures when binding four different partners and that the change

in accessible surface area vary considerably [125]. Many IDPs have been shown

to form extended binding surfaces with their targets [37]. The SASA for in-

dividual protein or polypeptide conformations can be easily calculated from

snapshots of a molecular simulation. However, the distribution of SASA will

depend on the conformational sampling and thus the model or force field used

in the simulation.
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Figure 2.3: Probability distributions of SASA measured from simulations of
Gly3 (left) and Gly10 (right) with the C27 (Green), C36 (Blue), and ff12SB
(red) force fields. A solvent probe of 1.4 Å was used to calculate SASA. The
mean SASA (dashed lines) for Gly10 simulated with C27, C36, and ff12SB was

880, 1010, and 934Å
2
, respectively.

To highlight these dependencies we generated SASA probability dis-

tributions for Gly3 and Gly10 from the C27, C36, and ff12SB trajectories

(Figure 2.3). The SASA distributions for Gly3 concentrate around very simi-

lar average SASAs with 〈Gly3 : SASA〉 C27 = 463 Å
2
, 〈Gly3 : SASA〉 ff12SB =

465 Å
2
, and 〈Gly3 : SASA〉 C36 = 470 Å

2
. However, clear differences between

force fields emerge when we consider Gly10. The Gly10 conformations sampled

by the three force fields yielded a wide range of SASA (∼ 700 − 1100 Å
2
)

and very different probability distributions (Figure 2.3). C36 overwhelmingly

samples extended conformations with a large SASA (〈Gly10 : SASA〉 C36 =

1010 Å
2
) whereas C27 samples conformations with a broad distribution of

compact, short and intermediate SASAs (〈Gly10 : SASA〉C27 = 880 Å
2
). Again

with structural properties intermediate to C36 and C27, we find a small peak

at a large SASA and a broad distribution across small and intermediate SASAs,
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albeit less so than what we observe for C27, which yields 〈Gly10 : SASA〉ff12SB =

934 Å
2
. While consistent with what we observed from the distributions of end-

to-end distance and radius of gyration, the differences in structural properties

of Gly10 modeled with these three force fields are further accentuated when

considering SASA.

2.3.4 Dihedral angle free energy surfaces

Dihedral angle distributions were constructed for internal residues of

Gly3 and Gly10 from simulations with C27, C36, and ff12SB. These distribu-

tions were count normalized and converted to free energy surfaces as described

in the Methods. The free energy surfaces as a function of force field and oligo-

glycine length are depicted in Figure 2.4 as contour plots using the same color

scale with dark blue and red representing free energy minima and maxima,

respectively. Surface plots of the corresponding probability distributions are

found in Supplemental Figure A.1. Comparing results for Gly3, we find the

minimum free energy in the right and left helix region for C27. This helical

bias was noted previously [117, 134]. In contrast, C36 has changed this bias

with the energy minima occurring in the polyproline II regions (PPII). The

locations of the free energy minima match well with what MacKerell et al.

observed for uncapped Gly3 [117].

With no predominantly deep energy wells, ff12SB samples the major

regions of the Ramachandran map more evenly and shows a greater sampling

of the β-sheet region than C27 and C36. This is consistent with the dihedral
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energy surfaces reported for Gly3 and the ff99SB force field in 2006 by [136].

Figure 2.4: Dihedral angle free energy surfaces as a function of force field. The
backbone dihedral angle pairs of internal residues were binned on a grid and
the counts were converted to a free energy representation as described in the
Methods. Figures a-c show results for Gly3 and Figures d-4 for Gly10 across
the C27, C36, and ff12SB force fields.

Upon comparison of the ff12SB and ff99SB protein parameter sets and analysis

of a preliminary simulation of Gly3 with ff99SB it appears that the backbone

dihedral parameters for glycine residues have remained unchanged. For Gly10,

the locations of the energy minima are consistent with Gly3 suggesting a length

independence. However, due to the considerably longer simulation times and

the number of internal residues for Gly10, we are able to sample higher free

energy regions. Overall, all force fields are sampling regions of dihedral space
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consistent in footprint with what is observed from a survey of the PDB (Sup-

plemental Figure A.2 and [160]). We note the PDB distribution shows corre-

lations with non glycine neighbors, partially skewing the expected symmetry.

However, it is the probability of occupying these regions that differs between

force fields and the survey from the PDB, which may be considerably more

important for disordered proteins than structured ones.

We also assessed the populations (Table 2.2) of the four major sec-

ondary structure regions. The dihedral populations of internal residues of

Gly3 and Gly10 are consistent with what we observe in the free energy sur-

faces. We expect in the limit of sufficient sampling that αR and αL populations

would approach equallity.

Table 2.2: Dihedral angle populations (percentages) of the central residues in
Gly3 and Gly10.

Regions of the Ramachandran map were defined as αR (φ, ψ) =
(−85◦ ± 55◦, −7.5◦ ± 67.5◦), αL = (85◦ ± 55◦, 7.5◦ ± 67.5◦), ppII =
(−70◦ ± 30◦, 150◦ ± 30◦), and β = (−150◦ ± 30◦, 150◦ ± 30◦). In parentheses
is the population error measured by splitting Gly3 and Gly10 trajectories into 50
and 125 ns blocks, respectively (see Methods for details on measuring BSE).

Interestingly, we find a larger error and more asymmetry in sampling of

these regions for Gly3 with C27 compared to C36 and ff12SB. This asymmetry
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decreases as we sample over a longer period of time and more dihedrals with

Gly10. The relatively slower kinetics of the backbone dihedral angles for C27

are likely the cause of the asymmetrical sampling. For a simple molecule

like butane, Grossfield and Zuckerman [161] found that that even after long

simulations the populations of the g+ and g- states were still different by three

percent. Finally, no major multi-body correlation effects on the φ, ψ surface

seem to be occurring in Gly10 since the patterns of dihedral populations are

consistent with Gly3.

Our analysis of the dihedral angle distributions in each force field only

reports on angles found in common secondary structures per residue and does

not suggest that oligoglycine assumes a stable global secondary structure. The

literature on oligoglycine conformations in solution is inconsistent. Asher and

coworkers [162] used Raman spectroscopy to study the structures of Gly5 and

Gly6 in lithium salt solutions. They concluded that in solution PPII-like con-

formations are stabilized and that these conformations are further stabilized

as lithium concentrations are increased. This may be the case in the par-

ticular solution they used, although extrapolating these findings per residue

to the global structural behavior of oligoglycine in solution is problematic.

Using Raman and IR spectroscopy, [163] suggested that cationic and zwitte-

rionic triglycine in D2O populate a mix of PPII, right-handed α-helices, and

β-turns. They interpreted their results to conclude that tripeptides in general

adopt well-defined secondary structures in water. From secondary structure

assignments across all trajectories using STRIDE in VMD, we find that nei-
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ther Gly3 nor Gly10 form stable, common secondary structures. Rather the

structures formed are transient and contain combinations of dihedral angles

which contribute to both the residue and the global equilibrium structural

probability distributions.

2.3.5 J-Couplings

J-coupling constants are a measure of the local structure within a pro-

tein or polypeptide. Table 2.3 shows the calculated J-coupling constants for

the central residues of Gly3 and Gly10 across the three force fields along with

the experimentally measured values [138]. Overall, the three force fields re-

capitulate the experimentally measured J-couplings quite well given that the

uncertainty in these calculated values has been estimated to be at least ±1

Hz [164, 165]. The R2 values from a linear fit between calculated and mea-

sured J-couplings were all above 0.96 for each force field. In most cases the

calculated J-couplings only differ by a few tenths of one Hz between force

fields and all force fields systematically either over- or under-estimate the J-

couplings when compared to experiment. It is important to note that Graf et

al. [138] performed these NMR experiments in very acidic conditions (pH=2)

where the carboxyl terminus of Gly3 would be protonated. In parameterizing

the C36 force field, [117] found that the calculated J-couplings from simula-

tions of uncapped, protonated Gly3 matched experiment well after the initial

QM calculations, and so no further adjustments of the torsional correction

(CMAP) were made to exactly match experiment. They did however use the
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Table 2.3: J-coupling constants calculated for the central residue of Gly3 and
Gly10.

J-couplings were calculated using the Karplus equations and parameters from [138].
The experimentally measured J-couplings for Gly3 at a pH of 2 are reported as well
as those calculated from simulations of Gly3 with Gromos [138] and uncapped Gly3

with C36 [117]. [1] Best et al. 2012 [117]. [2] Graf et al. 2007 [138].

measured J-coupling constants from Graf et al. as target data to optimize

side chain dihedral parameters. The linear fit for uncapped Gly3 (R2=0.988)

is only slightly better than what we measure for our capped Gly3, suggest-

ing the neutral caps are not significantly altering the distribution of internal

backbone dihedral angles. While we cannot make a direct comparison of the

calculated J-couplings for the central residue of Gly10, we do find that they

did not change considerably compared to those for Gly3 across all force fields.
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While NMR provides valuable structural and dynamical data of polypep-

tides in solution that can be used to refine force field parameters, issues arise

due to the ensemble averaged nature and degeneracy of NMR observables

[130, 134, 164]. For example, it has been pointed out that three very unique

dihedral angle distributions can yield the same J-coupling constant calculated

using the Karplus equations [164]. Also, [134] noted that 8 different force

fields, all sampling structures of polyalanine with different secondary struc-

ture propensities, match experimental NMR data well. Similarly, we find that

although C27, C36, and ff12SB match experimental J-coupling constants well,

the structural distributions and properties of oligoglycine simulated with these

force fields are quite different.

2.3.6 Structure clustering

To further characterize the differences in conformation sampling be-

tween force fields we clustered similar structures of Gly10 from the C27, C36,

and ff12SB trajectories as described in the Methods section above. Five dom-

inant structure clusters were generated independently for each force field, the

results of which can be seen in Figure 2.5. The dominant clusters sampled

in C36 are much more extended and less complex than C27. Figure 2.5 also

shows the average end-to-end distance, 〈r〉, and radius of gyration, 〈Rg〉, per

cluster. In all clusters 〈r〉C36 is greater than 16 Å and 〈Rg〉C36 is greater than

7 Å, both of which are well above those found in C27 clusters. The dominant

ff12SB clusters are more structurally diverse than C36 and C27 with 〈r〉ff12SB
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and 〈Rg〉ff12SB spanning a wider range. The characteristics of the ff12SB clus-

ters appear to be a combination of those observed for C27 and C36. Taken

together, these findings are consistent with what we observed in the end-to-end

and radius of gyration analysis (Figure 2.1).

Figure 2.5: Five representative structural clusters of Gly10 from C27 (top), C36
(middle), and ff12SB (bottom) force fields. Clusters were generated using the
quality threshold algorithm in VMD with a cluster cutoff of 2.5 Å. Reported
below each representative structure is average end-to-end distance and radius
of gyration of all structures within that cluster.

2.4 Conclusions

Considerable effort over the last decade has been dedicated to under-

standing how structural disorder is needed for many proteins to function prop-
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erly [6, 9, 36, 125]. Furthermore, the prevalence of protein disorder in various

diseases has prompted numerous studies and the development of experimental

and computational techniques aimed at characterizing structural properties of

disordered proteins [9, 17, 100, 145]. Low solubility, among other factors, has

made investigating the structural ensemble of increasingly longer disordered

proteins in solution experimentally challenging.

Computer simulations are not limited by the same experimental con-

straints and can provide atomic resolution structural properties of the underly-

ing models that can then be used to develop hypotheses. Classical simulations

rely on a force field approximation of inter- and intra-molecular interactions.

There exist a variety of classical force fields all of which have been parame-

terized against different QM and experimental data. Force field specific biases

can result from target data used and the parameterization process [130]. Many

of these force fields describe structured proteins similarly well but it is impor-

tant to continually challenge these force fields with diverse systems to ensure

their accuracy [133].

Here we have used oligoglycine as a protein backbone model to inves-

tigate conformational sampling biases of the commonly used C27, C36, and

ff12SB force fields. A structural analysis of Gly3 and Gly10 revealed that C36

preferentially samples extended structures while C27 and ff12SB favor more

compact, complex structures. The helical bias noted with C27 has been con-

siderably reduced in C36, which more strongly samples polyproline-II regions,

while ff12SB more evenly samples the major regions of Ramachandran space.
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We find that these force field dependent properties are more pronounced for

Gly10 than Gly3. From this comparative study, we conclude that more exper-

iments are needed to ensure that force fields are capturing the length depen-

dence of the protein backbone’s structural properties. Interestingly we also

found that the J-couplings of the central residue of Gly3 calculated using the

Karplus equation for each force field matched experiment quite well, despite

each force field exhibiting some clearly different structural properties. Others

have also observed this in force field comparison studies using polyalanine [134]

and other alanine rich peptides [24]. While NMR provides valuable data on

polypeptides in solution, the highly averaged, somewhat uncertain nature of

NMR observables and the degenerate relationship between these observables

and protein backbone dihedral angles may be problematic when attempting to

optimize a force field against such data [24, 130, 164, 165]. Protein force fields

have traditionally been used to model well-structured proteins. Our results

suggest that care must be taken not only when applying these force fields to

IDP systems but also when making mechanistic inferences based on the results

from using a single force field.
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Chapter 3

Solvation Thermodynamics of Oligoglycine

with Respect to Chain Length and Flexibility

This work has been published in Drake, J. A., Harris, R. C., and Pettitt, B.

M. (2016). Solvation Thermodynamics of Oligoglycine with Respect to

Chain Length and Flexibility. Biophysical Journal, 111(4), 756767.

https://doi.org/10.1016/j.bpj.2016.07.013

3.1 Introduction

The protein trinity hypothesis states that proteins may exist in an or-

dered, collapsed-disordered (molten globule), or extended-disordered (random

coil) conformational state and that these states give rise to particular, biologi-

cal functions [3, 36]. Intrinsically disordered proteins (IDPs) or regions (IDRs)

within proteins present a diverse ensemble of structures with a range of molec-

ular dimensions. To capture this diversity, Uversky et al. proposed the addi-

tion of an intermediate pre-molten globule thermodynamic state characterized

with a compactness and residual structure between that of the collapsed and

extended states [12]. An IDP or IDR’s occupancy in and interconversion be-

tween these states depends, in part, on sequence composition and chain length
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[36, 116], while other processes (e.g. binding, allostery, post-translational mod-

ifications) shift the equilibrium between these states. Here we are interested

in how the innate properties of a short, model IDP may affect the competi-

tion between intrapeptide and peptide-solvent interactions and thus result in

extended or compact conformational ensembles of relevance to longer IDPs.

Extended IDPs tend to lack hydrophobic side chains and often have a

large overall net charge [12, 19, 96, 116, 166]. Many IDPs collapse or aggregate

despite the absence of hydrophobic side chains and/or the presence of a large,

net charge [83, 86, 158, 167]. Oligoglycine (i.e. the common protein backbone)

is a particularly interesting example as it is found in many IDRs [13, 168], ex-

hibits IDR qualities and has been shown to collapse in a length dependent

manner [26, 98, 100, 107]. High glycine content has also been associated with

compact IDRs [96]. Evidence suggests that as chain length increases, favor-

able protein backbone interactions out-compete backbone-solvent interactions

resulting in oligoglycine collapse [98, 100]. The fact that the solubility of oli-

goglycine decreases dramatically with chain length (N=1-5) further supports

this idea [112]. However, whether favorable intrapeptide interactions are due

to H-bonding, electrostatic (elec) and/or van der Waals (vdw) interactions is a

subject of debate [95, 98, 100, 107]. Interestingly, the solvation free energy of

fixed conformations of oligoglycine in infinite dilution is negative and contin-

ues to decrease with chain length [97, 153] – further suggesting that collapse

may not be a consequence of unfavorable solvent interactions but due to the

availability of more potential intrapeptide interactions. Few studies have con-
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sidered the entropic contributions to the solvation free energy of oligoglycines

in particular - or IDPs in general - as a function of chain length. While the

hydrophobic effect (i.e. solvation entropic penalty) is known to play a key role

in protein folding, its importance to aggregation and collapse of IDPs is less

clear.

Using computational free energy methods we performed a decompo-

sition of the solvation thermodynamics for successively longer oligoglycine

polypeptides (Gly2-Gly5). We use multistage free energy perturbation (FEP)

to calculate solvation free energy (∆Gsol) and its vdw (∆Gvdw) and elec (∆Gelec)

components. We further decomposed ∆Gsol, ∆Gvdw, and ∆Gelec into their en-

tropic and enthalpic components. FEP simulations were performed with oli-

goglycine models either constrained to a rigid-extended conformation or com-

pletely flexible (i.e without positional constraints) using both the CHARMM36

(C36)[117] and Amber ff12SB [127] force fields. We consider rigid and flexible

oligoglycine models because we have previously shown how ∆Gsol depends on

flexibility and geometry [97, 148, 169]. C36 and ff12SB are used to discrim-

inate and control for force field effects and to investigate how the differences

observed in the structural properties of oligoglycine predicted by these two

force fields [26] affect the solvation thermodynamics.

We find that ∆Gvdw and ∆Gelec decrease with chain length but their

magnitude and rate of decrease depends on conformational flexibility. Despite

force field dependent structural properties of oligoglycine, both force fields

yield very similar thermodynamic scaling profiles with respect to chain length.
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As chain length increases −T∆Ssol becomes more unfavorable but is offset by

a more favorable ∆Hsol for both rigid and flexible oligoglycines. Differences

in −T∆Ssol and ∆Hsol between flexible and rigid oligoglycines is pronounced,

however, due to their compensatory nature, they yield small differences in

∆Gsol. Significant compaction of oligoglycine is predicted for chains containing

more than ten glycine residues [98, 100, 107]. The question remains whether

the solvation thermodynamics of short oligoglycines can predict (i.e. group-

additivity) the solvation free energy of longer oligoglycine chains that can form

complex, compact structures.

Both free energy error estimates and the necessary computational re-

sources increase with chain length and limit the current study to relatively

short oligoglycines. However, our results help to provide mechanistic insight

into the forces that may drive the collapse of longer oligoglycines.

3.2 Methods

Free energy perturbation (FEP) simulations were performed for a rigid-

extended conformation of Gly2, Gly3, and Gly4 as well as for completely flexible

Gly2-5 using NAMD 2.10 [143] with the CHARMM36 (C36) [117] and Amber

ff12SB force fields [127] at 300K and 320K. Solvation free energy, ∆Gsol, was

calculated by first scaling the van der Waals (vdw) interactions with the sol-

vent followed by electrostatic (elec) charging by means of a coupling param-

eter, λ. Below we describe the setup of the simulations, common simulation

parameters, parameters specific to FEP, and the analysis methods.
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3.2.1 System

For simulations with C36, oligoglycines were built in an fully extended

state using the VMD plugin MoleFacture [142] and capped with neutral acetyl

(ACE) and N-methylamide (NME) groups. They were similarly built using

XLeap in AmberTools [127] for simulations with ff12SB. Systems were solvated

with TIP3P water using either VMD’s Solvate plugin or XLeap ensuring at

least a 10 Å padding between oligoglycine and the sides of the simulation box.

3.2.2 General Simulation Parameters

All simulations were performed at constant temperature (either 300K

or 320K) and pressure (1 atm) using a Langevin thermostat and barostat.

NAMD’s default switching function at 1.0 nm was used to smoothly truncate

non-bonded interactions at 1.2 nm. Electrostatic forces were calculated using

particle mesh ewald on a grid with a 1.0 Å spacing. The 1-4 scaling was set

to 0.8333 for simulations with ff12SB to match Amber’s non-bonded exclusion

convention. The velocity Verlet algorithm with a 2 fs time step was used to

integrate the equations of motion. Coordinates and energies were saved every

1 ps.

3.2.3 Free Energy Perturbation Simulations

To set up the FEP simulations, we first performed a steepest descent

minimization for each system, allowing only water coordinates to change for

simulations with fixed oligoglycine. Configurations for FEP simulations of
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flexible oligoglycines were taken either from a short equilibration run or from

the final configurations from long MD simulations from previous studies in our

lab at constant temperature and pressure. These configurations were used to

initiate the FEP simulations at 300K.

The process of solvating each oligoglycine was decomposed into two

pathways following a protocol similar to that of Kokubo et al [169]. First, the

vdw interactions between oligoglycine and the solvent are gradually turned

on via a coupling parameter, λvdw, that takes on values between 0 (i.e. gas

phase) and 1 (i.e. vdw interactions fully on). For intermediate λvdw’s, the vdw

interactions are scaled according to a soft-core potential [170]. Then, with

λvdw = 1, the elec interactions are linearly scaled with λelec such that when

λelec = 1 oligoglycine is fully solvated. The interactions between atoms in oli-

goglycine were not scaled. For the vdw pathway, a ∆λvdw of 0.02 (50 windows)

was used for rigid/fixed and flexible Gly2, Gly3, and Gly4 simulations, while a

spacing of 0.04 was used for flexible Gly5. A ∆λelec of 0.0625 (16 windows) was

used for all electrostatic pathways. Independent, concurrent MD simulations

at 300K were performed at each λ for 50 ns for fixed and flexible Gly2-4 and 80

ns for flexible Gly5. The change in free energy was computed from these sim-

ulations at each λvdw and λelec and is discussed in the following section. The

simulations were then repeated at 320K, using the final configuration from

the simulations at 300K, in order to measure the change in solvation entropy

[171, 172]. One nanosecond at each λ was attributed to equilibration. In to-

tal, 1748 simulations were performed for an aggregate simulation time of 92.3
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microseconds. While the overall solvation free energy is a state function, its

vdw and elec components, as defined here, are path/protocol dependent.

3.2.4 Solvation Free Energy

The vdw and elec contributions to solvation free energy are computed

separately according to the exponential form of the FEP formula [173, 174]:

∆Gvdw = − 1

β

nvdw∑
i=1

ln
〈
exp

(
−βUvdw

i

)〉
i
, (3.1)

∆Gelec = − 1

β

nelec∑
i=1

ln
〈
exp

(
−βU elec

i

)〉
i
, (3.2)

∆Gsol = ∆Gvdw + ∆Gelec, (3.3)

where i is used to index a particular λvdw
i or λelec

i that take on values between

0 and 1, β is the inverse temperature, ∆U i = ∆U (λi+1) − ∆U (λi) – that is

the difference in either the vdw or elec potential energy for a configuration

generated in the λvdw
i or λelec

i ensemble and those for the same configuration if

it were in the λvdw
i+1 or λelec

i+1 ensemble, respectively. 〈. . .〉i is an ensemble average

and the summation is either over the λvdw’s or λelec’s. Simulations at each λ

yield trajectories of ∆Uvdw
i ’s or ∆U elec

i . Note that the small contributions from

pressure and volume are not included in the estimates of ∆G. For a detailed

review on multistage FEP calculations we refer the reader to [169, 173]. The

total solvation free energy, ∆Gsol, is the sum of ∆Gvdw and ∆Gelec.
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3.2.5 Solvation Entropy and Enthalpy

Two approaches were used to decompose ∆Gsol into its enthalpic and

entropic components. In the first method, referred to as the finite difference

(FD) approach, we further decompose ∆Gvdw and ∆Gelec into their enthalpic

and entropic components. In this approach the vdw and elec contributions

to solvation entropy are given by a central finite difference approximation

[171, 172]:

∆Svdw (T0) = −∂∆Gvdw

∂T

∣∣∣∣
T0

≈ −∆Gvdw (T0 + ∆T )−∆Gvdw (T0 −∆T )

2∆T
, (3.4)

∆Selec (T0) = −∂∆Gelec

∂T

∣∣∣∣
T0

≈ −∆Gelec (T0 + ∆T )−∆Gelec (T0 −∆T )

2∆T
, (3.5)

where T0 is 310 K, and ∆T is 10 K. Similarly, ∆Ssol is the sum of ∆Svdw

and ∆Selec. To calculate solvation enthalpy and its components we estimate

∆Gsol, ∆Gvdw, and ∆Gelec at 310K as the average of those measured at 300K

and 320K and use the fact that ∆G = ∆H − T∆S.

Alternatively, we directly calculate solvation enthalpy at 300K and

320K as the difference in the average, total potential energy of the fully sol-

vated state (aqueous) and the gas phase reference state (referred to as the end

point energy (EP) approach):
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∆Hsol ≈ ∆U sol = 〈Uaq〉 − 〈Ugas〉 , (3.6)

∆Hsol ≈
〈
U total

(
λvdw = 1 ∩ λelec = 1

)〉
−
〈
U total(λvdw = 0 ∩ λelec = 0)

〉
, (3.7)

Here, U total is the sum of all bonded and non-bonded peptide-peptide,

peptide-solvent, and solvent-solvent potential energy terms. Whereas the sol-

vation free energy depends only on the peptide-solvent potential energy, the

solvation enthalpy and entropy include contributions from all bonded and non-

bonded interactions in the system [175]. ∆Ssol at 300K and 320K is calculated

as T∆S = ∆H −∆G. Note that ∆Ssol was not further decomposed into its

vdw and elec components as in the FD approach. To directly compare to the

FD approach, ∆Ssol and ∆Ssol were approximated at 310K as the average of

those measured at 300K and 320K. The change in the heat capacity of sol-

vation is minor and indicates that both the FD approach and the averaging

of the thermodynamic quantities to yield estimates at 310K are reasonable

approximations for the temperature range considered.

3.2.6 Error Analysis

We use two independent methods to estimate errors (i.e. statistical

uncertainties) in ∆Gvdw and ∆Gelec at 300K and 320K. We briefly describe

these methods but a more detailed description can be found in Appendix B.

The first method involves estimating the correlation times from autocorrelation
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functions (ACFs) of exp (−β∆Ui(t)) for each of the 1748 λ-simulations. We

note that ACFs of ∆Ui(t) yielded very similar autocorrelation times. Error

propagation, corrected for the number of independent observations using the

correlation times, is applied to the exponential form of the FEP equation [173]

to estimate errors, σvdw
ACF and σelec

ACF, in ∆Gvdw and ∆Gelec, respectively. In the

second method, we use a blocking approach [144, 161] in which trajectories

of Uvdw
i and U elec

i are broken up into blocks that span λ-space. ∆Gvdw and

∆Gelec are calculated using Eqns. 3.1 and 3.2 for each block and the variance

of these block estimates is used to calculate the block standard error (BSE).

The BSEs are calculated as a function of block length and the point at which

the BSE stops varying with block length will yield error estimates, σvdw
BSE and

σelec
BSE, of ∆Gvdw and ∆Gelec, respectively. The errors measured by these two

methods are then propagated, separately, to estimate errors in ∆Gsol.

For the FD approach, ACF and BSE errors in ∆Gsol, ∆Gvdw, and ∆Gelec

are propagated to estimate errors in ∆Ssol, ∆Svdw, ∆Selec, ∆Hsol, ∆Hvdw,

and ∆Helec. For the EP approach, autocorrelation times of Uaq(t) and Ugas(t)

were estimated from their respective ACFs similarly detailed in Appendix B.

Errors in 〈Uaq〉 and 〈Ugas〉 were corrected for the number of independent ob-

servations and then propagated to estimate the error in ∆Hsol. Additionally,

BSEs were calculated in a similar manner detailed above but with 〈Uaq〉 or

〈Ugas〉 estimated within each block. The error in the endpoint energy estimate

of ∆Hsol calculated via the ACF or BSE approaches were combined with the

corresponding errors in ∆Gsol to estimate the errors in ∆Ssol.
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3.3 Results

Towards understanding the solvation thermodynamic mechanisms that

dictate, in part, the structural properties of disordered oligoglycine chains, we

have decomposed the solvation free energy (∆Gsol) of oligoglycine into its vdw

(∆Gvdw) and elec (∆Gelec) components as a function of chain length and force

field using stratified FEP. The solvation free energy was further decomposed

into its entropic (∆Ssol) and enthalpic (∆Hsol) contributions using two inde-

pendent approaches (i.e. the finite difference (FD) and end point energy (EP)

approaches as discussed in the Methods section). The FD approach also yields

the vdw and elec components of ∆Ssol and ∆Hsol. Because the FD approach

provides a more accurate estimate of ∆S at the midpoint (i.e. 310K) and in

order to compare results from both approaches, ∆Ssol and ∆Hsol calculated

via the EP approach were approximated at 310K as the average of those mea-

sured at 300K and 320K. We also investigate the effects of conformational

flexibility on these various thermodynamic quantities. Below we present the

results for each quantity at 310K and provide the results at 300K and 320K

in Appendix B.

3.3.1 Solvation Free Energy

Figure 3.1 depicts the scaling of ∆Gsol, ∆Gvdw, and ∆Gelec with chain

length (N) for fixed, rigid-extended (solid line) and flexible (dashed line) oligo-

glycines from FEP simulations with C36 and ff12SB at 310K. The subscripts

“fix” and “flex” are used to denote solvation free energies from simulations
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Figure 3.1: Solvation free energy of extended (solid) and flexible (dashed)
oligoglycines at 310K as a function of chain length from simulations with the
C36 (left) and ff12SB (right) force fields. The vdw, elec and overall solvation
free energy are shown in order from top to bottom. Errors associated with
each quantity can be found in Table B.1.

in which oligoglycine is fixed in an extended, rigid conformation or allowed

to freely explore conformation space, respectively. We used two independent

approaches to estimate errors. These approaches are detailed in the Methods

section and Appendix B. Both methods yield errors ∼ 1 kcal/mol or less for
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the ∆G values, suggesting our estimates have converged to sufficiently high

precision to infer mechanism. Table B.1 provides ∆Gvdw, ∆Gelec, and ∆Gsol

for each oligoglycine at 300K and 320K, which were averaged to yield estimates

of those at 310K.

Both force fields yield similar trends in the scaling of ∆Gsol
fix , ∆Gsol

flex

and their vdw and elec components with N . For example, ∆Gsol
fix is negative

and continues to decrease linearly as the number of residues increase. The

average difference, or slope, in ∆Gsol
fix between Glyn and Glyn+1 is -5.12 and

-5.44 kcal/mol per peptide unit for C36 and ff12SB, respectively. This scaling

is consistent with the -5.00 and -5.48 kcal/mol per peptide unit reported by

Tomar et al. [176] and Hu et al. [153] using different force fields and confor-

mations of oligoglycine. Compared to ∆Gsol
fix , ∆Gsol

flex decreases at a slower rate

with respect to N with an average contribution per peptide of -4.27 kcal/mol

for C36 and -3.54 kcal/mol for ff12SB. There appears to be a transition occur-

ring at Gly3 that estimates the scaling of the longer oligoglycines. In terms of

the free energy components, both ∆Gelec and ∆Gvdw are negative for rigid and

flexible oligoglycines and also depend on conformational flexibility. ∆Gvdw
flex

is consistently, slightly less favorable than ∆Gvdw
fix , but their contributions to

∆Gsol are small in comparison to their dominant electrostatic counterparts.

The differences in ∆Gelec between force fields (Figure B.1) are ∼2 kcal/mol or

less with those for ∆Gsol around 1 kcal/mol at both temperatures.
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3.3.2 Solvation Entropy

In the FD approach, solvation entropy was calculated from the nu-

merical derivative with respect to temperature using the free energy at 300K

and 320K. Figure 3.2 (solid triangles) shows the scaling of ∆Ssol and its elec

(∆Selec) and vdw (∆Svdw) components for rigid and flexible oligoglycine. Data

are provided in Table B.2. Similar to the trends in solvation free energy, we

find that ∆Ssol
fix , ∆Svdw

fix and ∆Selec
fix to be reasonably linear with respect to

the number of residues with average contributions per peptide being -13.55,

-8.68, and -4.90 cal/mol/K, respectively, for C36 and -13.48, -7.85, and -5.58

cal/mol/K for ff12SB. ∆Ssol
flex , while still unfavorable, is more positive than

∆Ssol
fix indicating that conformational flexibility reduces the entropic penalty of

solvating these short oligoglycines. The separation between ∆Ssol
flex and ∆Ssol

fix

is largely due to the differences in the scaling of the vdw component which

contributes more to the overall solvation entropy than the elec component.

In the EP approach, ∆Ssol at 300K and 320K was calculated first by

directly estimating ∆Hsol as the difference in the average potential energy

of the system in the fully solvated state relative to the gas phase at both

temperatures , then using ∆Gsol = ∆Hsol − T∆Ssol to solve for ∆Ssol (Fig-

ure B.2, data provided in Table B.3). To compare to the FD approach, ∆Ssol

at 310K was approximated as the average of ∆Ssol at 300K and 320K. ∆Ssol
fix

and ∆Ssol
flex calculated by the EP approach scale in a manner consistent with

that observed from the FD approach (Figure 3.2, open triangle). Again, both

force fields yield a similar scaling of ∆Ssol, ∆Selec, and ∆Svdw for rigid and
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Figure 3.2: Solvation entropy of rigid/extended (solid) and flexible (dashed)
oligoglycine as a function of chain length from simulations with the C36 (left)
and ff12SB (right) force fields using the FD (solid triangle) and EP (open
triangle) approaches. The vdw, elec and overall solvation entropy are shown
in order from top to bottom. Error estimates are provided in Tables B.2 &
B.3.

flexible oligoglycine with N (Figure B.3).
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3.3.3 Solvation Enthalpy

Next, for the FD approach, we calculated solvation enthalpy (∆Hsol)

and its components at 310K using ∆H = ∆G+ T∆S. We selected a temper-

ature of 310K because the finite difference used to approximate ∆Ssol is more

precise at the midpoint than at 300K or 320K. ∆Gsol at 310K was estimated

as the average of ∆Gsol at 300K and 320K. For the EP approach, ∆Hsol was

directly calculated at 300K and 320K then averaged to give ∆Hsol at 310K.

Figure 3.3 shows ∆Hvdw, ∆Helec, and ∆Hsol as a function of chain length,

force field, and approach for rigid and flexible oligoglycines. Data are provide

in Tables B.4 & B.4. Both ∆Hsol
fix and ∆Hsol

flex are large and negative, but

the rate of decrease with respect to length of ∆Hsol
flex is slightly less. The scal-

ing of ∆Hsol with chain length is predominantly determined by ∆Helec. The

average rate of decrease of ∆Hvdw
flex is -1.09 and -1.25 kcal/mol/unit for C36

and ff12SB, respectively, which is less than half of those observed for ∆Hvdw
fix .

Differences between force fields were slightly larger for ∆H than ∆S and ∆G

with differences ranging between -4 and 4 kcal/mol (Figure B.5).

Whereas ∆Gsol depends only on peptide-solvent interaction energy,

∆Hsol and ∆Ssol include bonded and non-bonded intrapeptide contributions

as well as a solvent reorganization energy [175]. To parse out these contri-

butions, we decomposed ∆U sol (i.e. the EP approximation of ∆Hsol) into

its various peptide-peptide (∆Uvdw
u,u , ∆U elec

u,u ), peptide-solvent (∆Uvdw
u,v , ∆U elec

u,v ),

solvent-solvent (∆Uvdw
v,v , ∆U elec

v,v ), and intrapeptide, bonded (∆U b) average en-

ergies for flexible Gly2 and Gly5. Figure 3.4 depicts this energetic breakdown.
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Figure 3.3: Solvation enthalpy of rigid/extended (solid) and flexible (dashed)
oligoglycine at 310K as a function of chain from simulations with the C36
(left) and ff12SB (right) force fields calculated by the FD (solid triangle) and
EP (open triangle) approaches. The vdw, elec and overall solvation enthalpy
are shown in order from top to bottom.

We find that ∆Hsol is favorable and continues to decrease with chain length

due primarily to a favorable, decreasing change in the elec peptide-solvent

interaction energy. As expected, this is slightly offset by a positive ∆Uvdw
v,v

and much more so by ∆U elec
v,v , or a solvent reorganization penalty. For rigid
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oligoglycines, bonded and non-bonded intrapeptide energies cancel and fa-

vorable peptide-solvent interactions yield a favorable, decreasing ∆Hsol with

chain length. However, for flexible oligoglycines, solvation has the effect of

reducing intrapeptide electrostatic energy resulting in a positive ∆U elec
u,u , and,

to a lesser extent, ∆Uvdw
u,u , in a length dependent manner. The bonded, in-

trapeptide potential energy contributes little to the solvation enthalpy. That

the electrostatics dictates the scaling of ∆Hsol with N is consistent with what

we observe by the FD approach.

Figure 3.4: Differences in the average energies of the components contributing
to ∆Hsol ≈ U sol for flexible Gly2 (left) and Gly5 (right). The subscript u
denotes the solute/peptide and v denotes the solvent. ∆U b is the difference
between the average bonded intrapeptide energies (e.g., dihedral, bond, angle
energies) of oligoglycine in the final, solvated state and the gas phase.

3.3.4 Error Analysis

Calculation of entropy differences from free energies requires strict con-

trol of errors. Accurately estimating errors in free energy calculations continues

to be a challenging problem [173]. Here, we used two independent methods

to estimate errors, the details of which can be found in the Methods and Ap-

pendix B. Table B.1 provides errors in the free energy and its components from
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the autocorrelation function (ACF) and the block standard error (BSE) ap-

proaches. Both approaches demonstrate that the error in ∆Gsol
flex is largely due

to the error in ∆Gelec
flex whereas the errors in ∆Gvdw

fix and ∆Gelec
fix are of similar

magnitudes. Errors also increase with chain length. However, the ACF errors

are systematically larger than those calculated using the BSE approach. Two

reasons may explain, in part, this observation.

First, the procedure used to fit the ACFs to estimate the correla-

tion times appears to be sensitive to weak, long-time correlations (<5% self-

similarity and oscillation), which are predominantly present in simulations

of flexible oligoglycines in which the electrostatic interactions are turned on.

The correlation times across the λelec simulations for flexible oligoglycines

ranged from 1 picosecond to 34 nanoseconds and increased with chain length.

The BSE approach appears to be less sensitive to these weak, long-time cor-

relations. To test this, we calculated the BSE at each λvdw and λelec at

300K and 320K for flexible Gly5 and calculated the correlation times using

BSE = σ
√
τ/N , where σ is the variance, τ is the correlation time, and N is

the number of samples. While the profiles of correlation times across λelec were

similar for both approaches, the correlation times calculated with the BSE ap-

proach were orders of magnitude (data not shown) less than those reported

by the ACF approach. Others have noted that this BSE approach typically

underestimates the true correlation time of dynamic observables [161, 177]. In

contrast, the vdw correlation times differed by at most a factor of 2.

Second, we took a conservative approach in estimating the correlation
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times as four times the decay constant from a best fit of the ACFs to an

exponentially decaying function. For these reasons, we interpret the errors

from the BSE and ACF approaches as loose lower and upper bounds, respec-

tively, on the true error. The ACF errors, although larger, still indicate that

our estimates of ∆Gvdw, ∆Gelec, and ∆Gsol have converged to a precision less

than 1 kcal/mol for rigid and flexbile Gly2-4 (Table B.1) and slightly larger

for flexible Gly5. Due to the propagation of uncertainty and the fact that we

are taking a finite derivative in the FD approach, the ACF and BSE errors

are larger for ∆Ssol, ∆Hsol and their vdw and elec components (Tables B.2

& B.4). Interestingly, persistent, weak correlations were not present in the

ACFs of Uaq(t) and Ugas(t) as compared to the ACFs of exp(−β∆Ui (t)). This

led to errors (Tables B.3 & B.5) in ∆Hsol and ∆Ssol that were systematically

less than those calculated via the FD approach. The BSE’s reported by both

approaches are more similar. We also do not observe as strong of a length

dependence of the errors estimated by the EP approach.

3.4 Discussion

3.4.1 Scaling of solvation free energy, enthalpy, and entropy with
chain length and the effects of flexibility

Computational free energy methods can be used to measure the ther-

modynamic properties of disordered polypeptides that are otherwise difficult

to access with experiment. Here, we have performed a complete thermody-

namic decomposition of the solvation free energy of oligoglycine as a function
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of chain length (N), force field, and positional constraints. Few studies have

considered the scaling of solvation entropy of the protein backbone with the

number of residues and the effects of flexibility on this scaling relationship.

Accurately estimating the solvation free energy and entropy even for these

short oligoglycine models required extensive sampling, particularly for flexible

oliogoglycines. This study required a total of 1748 simulations for an aggregate

simulation time of 92.3 microseconds.

We find that both force fields yield very similar trends in the scaling

of ∆Gsol, ∆Hsol, ∆Ssol and their vdw and elec components with N (Figures

3.1-3.3). Figure 3.5 shows ∆Gsol, ∆Hsol, and −T∆Ssol for rigid-extended and

flexible oligoglycines as a function of chain length and force field at 310K (Ta-

bles B.6 & B.7) calculated by the FD and EP approaches. ∆Gsol is negative

and continues to decrease at a rate similar to that observed in previous stud-

ies of oligoglycine fixed in various conformations [153, 176, 178]. Unlike for

successively larger alkanes [179], the scaling of ∆Gsol is enthalpically driven

and only moderately compensated by unfavorable entropy changes. This is

consistent with the transfer free energy of N-methylacetamide (NMA), a pep-

tide group analog, from the gas to solvent phase [107, 180]. However, ∆Gsol

of NMA is -10 kcal/mol at 298K which is nearly twice as large as the glycine

peptide contribution per monomer we find for rigid oligoglycines and larger

yet for flexible oligoglycines.

When considering the effects of flexibility, we find that −T∆Ssol in-

creases and ∆Hsol decreases at a slower rate than their rigid counterparts.
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Figure 3.5: Thermodynamic decomposition of solvation free energy for ex-
tended (solid) and flexible (dashed) oligoglycines as a function of chain length
and force field at 310K calculated by the FD and EP approaches. Filled cir-
cles respresent ∆Gsol calculated by free energy perturbation and filled and
open triangles represent ∆Hsol and −T∆Ssol calculated by the FD and EP
approaches, respectively. Note that ∆Hsol and −T∆Ssol at 310K was approx-
imated as their averages at 300K and 320K.

However the increase in entropy associated with solvating flexible oligoglycines

offsets the reduction in enthalpic interactions relative to that observed for rigid

oligoglycines, and, as a result, differences in ∆Gsol
flex and ∆Gsol

fix are less pro-

nounced. The FD and EP approaches predict very similar thermodynamic

scaling profiles for the rigid and flexible oligoglycine models. However, the

EP approach yields smaller statistical uncertainties and requires half as many

FEP simulations to obtain ∆Hsol and ∆Ssol as the FD approach.

Given the trends in the scaling relationships established here for short

oligoglycines, we expect the differences in ∆Gsol
flex, ∆Gsol

fix and their entropic

and enthalpic components to be amplified for longer oligoglycines. As we will

discuss below, this will have implications for the validity of group-additive

models to predict the thermodynamics of long, disordered polypeptides from
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the thermodynamic properties of its isolated chemical groups. Future work

will address the predictive capabilities of these scaling relationships for longer

oligoglycines.

Decomposing ∆Gsol, ∆Hsol, and ∆Ssol into vdw and elec components

provides insight into the mechanisms that yield their scaling relationships

with N . ∆Gelec dominates ∆Gvdw and largely dictates the scaling of ∆Gsol,

as has been previously noted for various oligoglycine and oligoalanine chains

[153, 169]. On the other hand, ∆Svdw is of the same order of magnitude of

∆Selec but contributes more to ∆Ssol. This is consistent with the idea that

inserting a large vdw cavity in water reduces the translational entropy of the

solvent and disrupts the water-water interaction network more so than the

subsequent charging of the cavity [181, 182]. The inverse relationship between

enthalpy and entropy is also apparent in their vdw and elec components with

∆Helec being ∼1.5-3 times more favorable than ∆Hvdw for rigid and flexible

oliogoglycines. In general, both the absolute value and the rate of decrease

of the vdw and elec components of ∆G, ∆H, and ∆S change when posi-

tional constraints are not imposed on the oligoglycine chain. Most notably,

∆Gvdw
flex , ∆Hvdw

flex , and ∆Svdw
flex are consistently more positive than their fixed

counterparts. We note that in a previous study in which oligomers of alanine

were decomposed in a similar fashion, vdw solvation free energies were found

to be consistently more positive for flexible alanine polypeptides than their

rigid-extended counterparts [169]. Flexibility has the consequence of giving

less instantaneous vdw exposure to the solvent for most conformations as fa-
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vorable peptide-solvent interactions may be screened. This is understandable

given the range of vdw attractions to solvent. However, for flexible alanine

chains the slope of ∆Gvdw
flex turned positive. Yet, just as in the current study,

the overall solvation free energy was dominated by the elec component.

3.4.2 Force field comparison

Figures B.1, B.3, and B.5 show the differences in ∆Gsol, ∆Hsol, and

∆Ssol and their components between force fields. Differences in ∆Gsol between

C36 and ff12SB are within 1-2 kcal/mol for rigid and flexible Gly2-5. Inter-

estingly, there appears to be a compensatory relationship between force fields

in that ff12SB consistently underestimates ∆Gvdw relative to C36, but over-

estimates ∆Gelec for Gly2-4, resulting in smaller differences in ∆Gsol. These

cancellations are also observed for flexible Gly5, but do not follow the afore-

mentioned trend. Hu et al. [153] previously measured ∆Gsol for various fixed

conformations of Gly2-5 using the CHARMM27 (C27) force field and found

an average contribution per peptide of −5.48 kcal/mol which is consistent

with the −5.26 and −5.57 kca/mol/unit we find with C36 and ff12SB, respec-

tively. However the absolute values of ∆Gsol were different. For example they

reported a ∆Gsol of Gly5 that was roughly 10 kcal/mol less than what we

find with C36 and ff12SB which further highlights the effects of flexibility on

solvation free energy.

While employing different strategies, C36 and ff12SB were parameter-

ized to match experimental and theoretical structural and thermodynamic
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data [117, 127]. We have previously shown that C36 generates structural en-

sembles of Gly3 and Gly10, to a greater extent, that is more extended, less

compact than ff12SB with significant differences in individual dihedral angle

populations [26]. The small differences we observe in ∆Gsol between C36 and

ff12SB may suggest either that the solvation thermodynamic properties of oli-

goglycine are robust to differences in force field structural parameters or that

the chain lengths considered here are too short to realize significant differences

in structural ensembles generated by C36 and ff12SB. The former implies a

degenerate relationship between the structural manifold of oligoglycine and its

solvation thermodynamics. Even for Gly5 differences in force fields are pro-

nounced with ff12SB sampling more compact conformations than C36 (data

not shown). Given the striking differences in the structural ensemble of Gly10

produced by these two force fields [26], we expect differences in the scaling of

∆Gsol to become more apparent for larger N . While this clearly needs to be

tested, we note that caution should be exercised when attempting to connect

structural ensembles to biological mechanisms from such potential models (i.e.

force fields) even when those models are in thermodynamic agreement.

3.4.3 Implications for group-additivity

The notion of group-additivity posits that the solvation free energy of

a macromolecule is the result of additive contributions of the chemical groups

that comprise it. Additive principles have been applied to and observed in

numerous studies of hydrocarbon and protein systems [112, 153, 183–189].
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However, evidence continues to mount that additivity is context specific, de-

pends on local chemical environment and molecular conformation/geometry.

While rough estimates are possible, the method may not accurately predict the

solvation free energy of amino acids and proteins [97, 110, 148, 176, 178, 190–

194]. From a study of 50 conformations of decaglycine we have shown that

even an individual atom’s contribution to ∆Gvdw and its repulsive component

are not well defined and vary with respect to conformation; the result depends

on local chemical environment and force field, which is contrary to what one

would expect if additivity held [97].

While chemical context and conformation matter, the apparent linear

scaling of ∆Gsol
fix with N and the relatively small differences between ∆Gsol

flex

and ∆Gsol
fix observed here are consistent with an additive contribution of the

glycine peptide unit to the overall solvation free energy. However, our data

also indicate different rates of decrease of ∆Gsol
flex and ∆Gsol

fix with N . A recent

study [176] has shown that the binding energy of a glycine peptide with the

solvent depends on or is correlated with that of its neighboring peptides for a

series of extended, fixed oligoglycines. They note that correlated fluctuations

can change the free energy of the solute and this effect occurs over spatially

distant moieties. For longer, flexible oligoglycines structural fluctuations and

long-range peptide-peptide interactions alter the local solvent structure around

any one glycine peptide in the chain from that of the linear peptide. As a re-

sult the contribution of each glycine peptide to the overall solvation free energy

of the entire chain is conditioned by both its near and spatially more distant
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neighbors. These correlations or cooperative effects could not have been pre-

dicted from the solvation free energy of an isolated glycine and, thus, leads to

a departure from group-additivity. This may explain why ∆Gsol
flex and ∆Gsol

fix

decrease at different rates initially for short oligoglycines and oligoalanines

[169] and suggests that longer chain lengths will be needed to better resolve

the effects of flexibility and structural correlations on the solvation free energy

of each peptide unit.

3.4.4 Implications for aggregation of short oligoglycines and col-
lapse of long oligoglycines

If the scaling relationships we establish here hold, then favorable en-

thalpic interactions with the solvent will continue to drive the decrease in

∆Gsol for long oligoglycines. However, long oligoglycines (N ≥ ∼15) collapse

in relatively dilute or infinitely dilute solutions as observed in both experiment

and simulation [98, 100, 107]. In addition, short oligoglycines become exceed-

ingly insoluble with visible aggregates forming for Gly5 at finite (millimolar)

concentrations [95, 112]. Thus solvation does not drive the aggregation of

short oligoglycines and the collapse of long oligoglycines.

We previously investigated the hydrophobic effect as a potential force

driving the collapse of decaglycine [97]. ∆Gvdw is often defined as the hy-

drophobic solvation free energy, and, as seen for macromolecules and various

alkanes [179], it is expected to increase roughly linearly with solvent exposed

surface area ∆Gvdw = γvdwA, where γvdw is the implied surface tension, inde-

85



pendent of the chemical properties of the solute and A is the exposed surface

area [195, 196]. Others have suggested that ∆Gvdw should be split into an

attractive (∆Gatt) and repulsive (∆Grep) component and that ∆Grep should

increase linearly with A (∆Grep = γrepA) [197, 198]. For a detailed review

on various theories of hydrophobicity we refer to [193, 199]. A solvation free

energy that increases with A would favor the initial folding or collapse of pro-

teins by limiting the surface area exposed to solvent. Interestingly, from our

study of 50 conformations of decaglycine, we found that ∆Gvdw actually fa-

vors extended conformations with γvdw < 0 because −γatt > γrep and that γrep

was weakly correlated, if at all, with A and depended on the conformation of

decaglycine [97]. Taking N as a proxy for A, in the current study we also find

that γvdw < 0, but it depends both on force field and flexibility. While we

did not further decompose ∆Gvdw here, it is reasonable to assume that the

attractive component outweighs the repulsive component. Tomar et al. sim-

ilarly find that attractive peptide-solvent dispersion interactions can prevent

the collapse of decalanine [200] . This seemingly counterintuitive observa-

tion that water-mediated, hydrophobic interactions promotes chain expansion

rather than collapse as the surface area (i.e., solute size or chain length) in-

creases is discussed in detail in [201].

A reasonable explanation for the observed collapse of long oligoglycines

and their insolubility is that peptide-peptide interactions outcompete the still

favorable peptide-solvent interactions – an observation that could not have

been predicted from the solvation free energies of short, isolated oligoglycines.
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Using single molecule fluorescence correlation spectroscopy, Teufel et al. [100]

found the hydrodynamic radius of gyration (Rh) of Gly20 to be significantly less

than that of NME-Gly20 (wherein the amide hydrogens of Gly20 were replaced

with methyl groups). They conjectured that the methyl groups preclude the

formation of backbone H-bonds resulting in the observed increase in solubility

and Rh of NME-Gly20 relative to Gly20. In another study using MD simula-

tions, Karandur et al. [98] found that the collapse of Gly15 and Gly25 may be

explained by non-hydrogen bonding, intrapeptide dipole-dipole interactions.

In a similar manner, these dipole-dipole correlations and charge layering were

also observed to stabilize clusters or aggregates of Gly5 [95]. It appears that

as chain length or concentration increase, and subsequently the number of

available intra- or inter-peptide interactions increase, these interactions are

favored over peptide-solvent interactions. Uversky et al. [116] has noted that

the extent of collapse or compaction of IDPs is, in part, a length dependent

property and that “. . . weak, intramolecular interactions can be unspecifically

amplified by an increase in protein size.”

Alternatively, if the thermodynamic scaling relationships presented here

do not hold, then at some longer chain length T∆Ssol may overtake ∆Hsol and

the initial collapse of long oligoglycines would be entropically driven as others

have noted [107]. In this situation, collapsed states may be further favored

via backbone interactions. So group-additive models would fail to predict

the solvation thermodynamics of long oligoglycines from short ones. How-

ever, the scaling of ∆Gsol, ∆Hsol, and ∆Ssol with chain length for shorter
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oligoglycines may provide upper bounds on these quantities for longer oligo-

glycines by explicitly neglecting structural correlations between short segments

that comprise the larger chain. Further work will need to assess the predictive

capabilities of the scaling relationships we established and whether a thermo-

dynamic transition exists in which a negative entropic component to the free

energy drives collapse of longer oligoglycines.

3.5 Conclusion

The structural ensemble of an IDP/IDR is the result of a complex com-

petition between intrapeptide and peptide-solvent interactions [147, 202, 203].

A number of determinants, like chain length [116], sequence composition [96],

and charge patterning [115] influence the propensity of an IDP/IDR to adopt

compact or extended structures. The protein trinity hypothesis [3, 36], and its

variants [12], have been useful in classifying or characterizing the structural

properties of IDPs/IDRs and relating those properties to biological function.

Here, we sought to gain insight into the solvation thermodynamics of long

chains by considering isolated, short oligoglycine chains more amenable to

computational free energy methods. IDRs, especially those found in the dis-

ordered regulatory domains of nuclear transcription factors [168], are enriched

with oligoglycine tracts and glycine content [13, 96].

We have performed a complete thermodynamic decomposition of the

solvation free energy into its enthalpic and entropic components as well as each

of their vdw and elec contributions as a functions of chain length. For both
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rigid and flexible oligoglycine models, the decrease in ∆Gsol with chain length

is enthalpically driven with only a weak entropic compensation. Solvation free

energies of alkanes and polypeptides are often measured by imposing positional

constraints on their structures. Here we have shown that the rate of decrease

of ∆Gsol, ∆Ssol, ∆Hsol, and their vdw and elec components with N depends

on conformational flexibility, however longer chain lengths may be needed to

better resolve differences between ∆Gsol
flex and ∆Gsol

fix . The differences in the ini-

tial rate of decrease of ∆Gsol
flex and ∆Gsol

fix for shorter oligoglycines may be due

to local solvent reorganization around individual peptide groups brought on

by correlated, structural fluctuations (i.e. near and spatially distant neighbor

effects) as proposed by Tomar et al. [176] For these reasons, we anticipate dif-

ferences ∆Gsol
flex and ∆Gsol

fix to become more pronounced for longer chain lengths

where long range interactions (e.g. excluded volume) are more prominent and

weak peptide-peptide interactions are amplified.

Previously, we have shown that the C36 and ff12SB fields yield consid-

erably different conformational ensembles of Gly3 and Gly10 with C36 sampling

more extended oligoglycine structures [26]. Even for Gly5 we find ff12SB to

sample more compact structures than C36 (data not published). Interestingly,

these force fields, both of which were parameterized with different structural

and thermodynamic target data, yield remarkably similar scaling relationships

of ∆Gsol
flex, ∆Ssol

flex, and ∆Hsol
flex with chain length. This seems to imply a degen-

erate relationship between conformational ensemble and solvation thermody-

namics, and complicates the ability to make consistent mechanistic inferences.
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A favorable, enthalpically driven solvation free energy that continues to

decrease with chain length (or surface area) does not account for the observed

insolubility of Gly5 [95, 112] or the preferred collapse of longer oligoglycines

[98, 100, 107]. Alternatively, our work supports the idea that peptide-peptide

interactions outcompete favorable peptide-solvent interactions. Whether sol-

vation entropy promotes the collapse of longer oligoglycines outside the current

scope of work remains to be seen. Attempting to predict the solvation ther-

modynamics of longer, disordered polypeptides from that observed for shorter

chain segments where intrapeptide interactions are limited may be problematic

and render group-additive models less useful.

While there is a tendency for long oligoglycines to collapse, they adopt a

diverse set of conformations [26, 98, 107, 109, 153] with shorter chain segments

assuming extended conformations more exposed to the solvent. This obser-

vation, in combination with the fact that we find short oligoglycine tracts

to favorably interact with solvent, may suggest that the conformational en-

semble of long oligoglycine chains could be shifted to favor more extended or

collapsed states without the need to overcome excessively high free energy bar-

riers. In this way, the protein backbone provides a scaffold amenable to both

collapsed-disorder and extended-disorder and that evolutionary forces have se-

lected unique combinations of side chains to alter the distribution of these two

states.
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Multibody Correlations in the Hydrophobic
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4.1 Introduction

Computing accurate solvation energies (∆G) is a major goal of com-

putational chemistry. If such calculations could be made simple and rou-

tine, then they would allow more complicated chemical transformations to

be computed in vacuum, where such calculations are often easier to per-

form [195, 204]. One common approach to computing ∆G is to divide it

into two components: the energy of inserting an uncharged molecule (cavity)

into solution (∆Gvdw) and the energy of turning on the atomic partial charges
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(∆Gel) [205, 206]. Several theories have been developed to predict ∆Gel, in-

cluding approaches based on the Poisson equation (Poisson-Boltzmann [207]

and generalized Born[208] methods), integral equations [209], and structured

continuum approaches [121, 210, 211]. Here, we tested various theories for

computing ∆Gvdw.

Many researchers have assumed [195, 212–214] that ∆Gvdw = γvdwA,

where A is the solvent-accessible surface area of the molecule and γvdw is a

positive surface tension that is independent of the properties of the molecule.

This behavior is expected for macroscopic interfaces with and cavities in sol-

vent [215]. Because a solvation free energy that increased with A would favor

compact conformations, the notion that ∆Gvdw drives the initial collapse dur-

ing protein folding and aggregation is widely held [195, 216, 217].

Other researchers have, however, noted that the arguments that lead

to the idea that ∆Gvdw = γvdwA only account for the energy of expelling

the water from the molecular cavity and do not account for the formation

of favorable dispersive interactions between the solute and solvent [148, 197,

218–224]. These studies have therefore proposed to split ∆Gvdw into purely

repulsive (∆Grep) and attractive (∆Gatt) components. Also, several other

studies [182, 225–227] have claimed that ∆Grep should be proportional to

the solvent-accessible volume (V ) rather than A for sufficiently small solutes.

Following these ideas, several studies have attempted to compute ∆Gvdw by

assuming that ∆Grep is a linear function of A and V and that ∆Gatt can be

computed from other means [220, 221, 224].
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Two other methods that have been used to estimate ∆Gvdw or ∆Grep

are to assign separate γvdw or γrep to different atom types [186] and in an

analogy with macroscopic interfaces to add a correction term to γvdw to account

for the curvature of the molecular surface [228, 229].

Recent work seems to contradict some of the assumptions underlying

these models [148, 153, 169, 230]. These studies demonstrated that ∆Gvdw de-

creases with the number of monomers for glycine and alanine peptides and that

it also decreases with increasing A and V for decaalanine [230]. These find-

ings appear to contradict the common hypothesis [195, 216, 217] that ∆Gvdw

drives aggregation and collapse during peptide aggregation and protein col-

lapse and folding. By decomposing ∆Gvdw into ∆Grep and ∆Gatt according

to a Weeks-Chandler-Andersen (WCA) decomposition [197, 218], we showed

that ∆Gvdw decreased with A for deca-alanine because although ∆Grep did in-

crease with A, this increase was more than matched by increasingly favorable

∆Gatt [148]. This finding appears to support studies [197, 218–224] that argue

that ∆Gatt should be computed separately from ∆Grep. However, γvdw for a

series of alkanes differed from that for four configurations of decaalanines, and

the derivatives (∂∆Grep/∂xi) of ∆Grep with respect to the coordinates (xi) of

the atomic centers were not linear in ∂A/∂xi, as would be expected if γvdw

were a well-defined quantity. These findings may help explain such apparent

anomalies as the observation that ∆G increases at different rates with A for

cyclic or branched, rather than linear, alkanes [231]. They also indicate that

γrep is probably not universally well defined and that how ∆Grep changes when
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an atom is moved depends not just on how A changes but also on multibody

interactions with neighboring atoms and the local structure of the molecular

surface.

In a recent study we considered the decomposition of ∆Gvdw into ∆Grep

and ∆Gatt for a series of alkanes and four conformers of deca-alanine. [148]

The study raised questions about both variation with respect to chemistry and

the sensitivity of the results to model parameters. In the present study, we

extend our analysis to fifty sampled conformations of decaglycine taken over a

few hundred nanoseconds and examine the sensitivity of our conclusions to the

choice of force field by comparing two different force fields, CHARMM27 [232,

233] and AMBER ff12sb (models (1) and (2) respectively). Although the

model force fields produce different quantitative results, the basic findings are

consistent with our previous studies of decaalanines and alkanes. The values

of γrep, γatt, and γvdw differ significantly from those we found for deca-alanine

and the alkanes, implying that these are not universally well-defined quantities,

and that ∂∆Grep/∂xi is not correlated with ∂A/∂xi for some atom types.

Additionally, here we consider ∆Grep of each isolated atom type in

the decaglycine to test atom-scaling models of hydrophobicity. We find the

repulsive component of the free energy of the isolated atoms, scaled by the

exposed surface of the atom in the molecule does not reproduce ∂∆Grep/∂xi

versus ∂A/∂xi for each atom type. This finding, combined with the poor

correlations between ∂∆Grep/∂xi and ∂A/∂xi for some atom types and the

finding that the slopes of such plots for some atom types differed from the
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slopes obtained for the same atom types in decaalanine imply that using a

separate surface tension for each atom type is not able to explain our results.

In the results section we obtain estimates of γvdw for decaglycines (-

74 and -56 cal/mol/Å
2

for models (1) and (2)) that are larger and more

negative than what we found for decaalanines (-3 cal/mol/Å
2
) or alkanes

(5 cal/mol/Å
2
), implying that ∆Gvdw favors extended rather than compact

structures for decaglycine. [148, 169, 230] We consider the implication of these

results and the inability of area scaling the solvation free energy of isolated

atoms to reproduce that for a molecule in the context of available models.

4.2 Theory

Decomposing free energies into components can be challenging, as path

dependencies in energy definitions can lead to difficulties in interpreting the re-

sults. Our chosen decomposition of ∆Gvdw into ∆Grep and ∆Gatt according to

a WCA decomposition [197, 218], in contrast, is a well-defined decomposition

with a strictly defined path. Because ∆Grep is well-defined, we can examine

its sensitivity to the molecular structure by computing its derivatives with

respect to the atomic coordinates [148].

4.2.1 Free Energy Definitions

We define ∆Gvdw to be the free energy required to go from a system

where the solute and solvent do not interact to one where the interaction

potential between solute and solvent atoms is given only by a Lennard-Jones
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potential,

U ij
vdw = εij

[(
rmin
ij /rij

)12 − 2
(
rmin
ij /rij

)6
]
, (4.1)

where rij is the distance between the atoms, rmin
ij is the distance to the min-

imum of Uvdw, and εij is the energy at the minimum of Uvdw. As we are

computing ∆Gvdw and not ∆G, the electrostatic interaction between solute

and solvent is not included. We define ∆Grep to be the free energy required to

go from a system where the solute and solvent did not interact to one where

the interaction potential between solute and solvent atoms is given by the

repulsive component of a Weeks-Chandler-Andersen [197, 218] breakdown of

∆Gvdw:

U ij
rep = εij


(
rmin
ij

rij

)12

− 2
(
rmin
ij

rij

)6

+ 1 if rij < rmin
ij

0 otherwise.
(4.2)

We define ∆Gatt ≡ ∆Gvdw −∆Grep and U ij
att ≡ U ij

vdw − U ij
rep.

4.2.2 Computation of Free Energies and Free Energy Derivatives

To compute the energy (∆Gi
rep) of inserting a single atom of each atom

type i in the force field, we used free energy perturbation (FEP) [234, 235]. A

λ-dependent potential with a soft core was used,

U (λ) = λεij
∑

(
rmin
ij

rij(λ)

)12

− 2
(
rmin
ij

rij(λ)

)6

+ 1 if rij < rmin
ij

0 otherwise,
(4.3)
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where rij (λ) =
(
r2
ij + (1− λ)

(
rmin
ij

)2
)1/2

.

Linear response theory (LRT) estimates of ∆Gatt (∆Glrt
att) were com-

puted by

∆Glrt
att = 1/2 [〈Uatt〉0 + 〈Uatt〉1] , (4.4)

where 〈. . .〉0 signifies an average over an ensemble where the solute and solvent

interaction potential is U ij
rep, 〈. . .〉1 signifies an average over an ensemble where

the potential is U ij
vdw, and Uatt =

∑
U ij

att, where this summation was taken over

all solute-solvent atom pairs.

As in our previous study [148], ∂∆Grep/∂xi was computed by

∂∆Grep/∂xi = 〈∂Urep/∂xi〉0, (4.5)

where Urep =
∑
U ij

rep, again taken over all solute-solvent atom pairs.

Once estimates of ∂∆Grep/∂xi had been obtained, perturbative esti-

mates (γder
rep) of γder could be obtained by computing the slopes of best-fit lines

of plots of ∂∆Grep/∂xi against ∂A/∂xi.

4.3 Methods

The simulations used to obtain the configurations of decaglycine in

models (1) and (2) were run with NAMD 2.9 [143]. To create the conforma-

tions of decaglycine in model (1) a simulation was run with the CHARMM27
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force field [232, 233]. First, an extended decaglycine was created with the

MOLEFACTURE plugin in VMD [236] and placed in a 45x45x45 Å water

box. It was then minimized for 10000 steps and equilibrated for 20 ps. We

then simulated for 300 ns, and configurations were saved every 10 ps. The

structures with the largest and smallest A were taken from these configura-

tions. The remaining 48 structures were selected to ensure an even spacing

in A between the structures with the largest and smallest A. To create the

conformations of decaglycine in model (2) the same protocol was followed ex-

cept that the initial extended decaglycine was created with xleap [127] and

the force field parameters were taken from the AMBER ff12sb force field.

To compute ∆Glrt
att and ∂G/∂xi, each selected decaglycine structure

was placed in a water box 20 Å larger than the molecule in each dimension,

and these systems were minimized for 5000 steps. Two copies of each system

were then created, one where the interaction potential between the solute

and solvent was U ij
rep and the other where it was U ij

vdw. The temperatures of

these systems were then increased from 25 to 300 K in increments of 25 K,

with 2 ps simulations at each temperature. Next, each system was simulated

for 1 ns, snapshots were taken every 0.2 ps, and these frames were used to

compute the averages in Equation 4.4. We computed ∂∆Grep/∂xi from the

same simulations we used to compute ∆Glrt
att.

ALPHASURF in the PROGEOM package [237] was used to compute

A and ∂A/∂xi. As in our previous work, A was defined to be the solvent-

accessible surface area of the molecule [238], defined with a probe radius of
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1.7682 Å (the van der Waals radius of a water oxygen in the CHARMM27

force field) rather than the more normal 1.4 Å. The traditional choice of a

radius of 1.4 Å is due to the OO peak in the water-water radial distribution

function. However, this exceptionally close approach between water molecules

(more than 0.5 Å closer than the minimum in their U ij
vdw) is caused by the

strong favorable hydrogen-bonding energy between neighboring molecules. In

our calculations the solute molecules contained no charges, so there were no

similar strong attractive forces between the solute and solvent to change the

effective radius in U ij
vdw. For this reason and because it yielded slightly better

correlations between ∆Grep and A in our previous study on decaalanines we

made this area defining choice [148, 169].

Another approach that we might have considered would be to use alter-

native surface definitions, and curvature corrections such as those explored by

Honig and coworkers. [228] However, many alternative surfaces are often ap-

proximated with triangulated or other meshes. We did attempt to use other

surface definitions in our previous work on decaalanines, [148] but we did

not include the analysis because the resulting estimates of ∂A/∂xi were fre-

quently not consistent with finite-difference estimates of these derivatives. The

type of analysis performed in the present study, where we compare ∂A/∂xi to

∂∆Grep/∂xi to test the proposition that ∆Grep is linear in A, would not con-

verge well with such triangulated surface definitions.

To compute the repulsive component (∆Gi
rep) of the ∆Gvdw of insert-

ing a single atom of type i into solution, λ-space was divided into 10 equally
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spaced windows. A single solute atom of each type was placed in a water

box 20 Å on a side, and this structure underwent 50000 steps of minimiza-

tion. From this minimized structure, initial structures for each λ value were

created by increasing the temperature of this box from 25 to 300 K in 25 K

increments. At each temperature the system was simulated for 2 ps. Each of

the resulting systems was then run for 1 ns, configurations were taken every

0.2 ps, and these frames were used in the FEP calculations. Although FEP is

more accurate when a particle is being inserted into rather than removed from

solution [173], the differences between the estimates obtained from forward

FEP and those from backward FEP provided rough estimates of the errors in

these calculations.

4.4 Results

Panels a and c of Figure 4.1 show γder
rep as a function of A for mod-

els (1) and (2). Rather than being a constant, γder
rep ranged from 19.7–50.3

and 15.8–41.4 cal/mol/Å
2

for models (1) and (2), and the correlations be-

tween ∂∆Gder
rep/∂xi and ∂A/∂xi were weak for many of the configurations of

decaglycine. (The Pearson’s correlation coefficients (R2) between these two

quantities ranged from 0.53–0.84 and 0.33–0.78 for models (1) and (2), re-

spectively.) The average values of γder
rep from models (1) and (2) (40.4 and 32.2

cal/mol/Å
2
) differed from what we found for decaalanine (43 cal/mol/Å

2
), but

the range of γder
rep in model (1) did at least contain the value of γrep we found for

decaalanine. The values of γrep obtained here also differed significantly from
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what we found for a series of alkanes (69 cal/mol/Å
2
), implying that γrep is

not a well-defined quantity.

To verify that the estimates of γder
rep had converged, we also computed

these quantities from estimates of ∂∆Grep/∂xi obtained from the first halves

of the trajectories used to generate our estimates of γder
rep and estimates of

∂A/∂xi obtained from finite difference derivatives computed by moving each

atom 0.001 Å in each direction. These coarser estimates of γder
rep differed from

those in Figure 4.1 by less than 1.1 cal/mol/Å
2
.

Panels b and d of Figure 4.1 show ∆Glrt
att plotted as a function of A

for models (1) and (2). As in our previous study, this energy was roughly

linear in A, although here the correlations between ∆Glrt
att and A (R2 = 0.92

and 0.98 for models (1) and (2)) were weaker than that between ∆Gatt and A

for decaalanine in our previous study. (R2 = 0.99.) The weaker correlations

in the present study may be a consequence of the larger number of diverse

configurations, which allowed us to better test the proposition that ∆Gatt

should be linear in A. Furthermore, the estimates of γlrt
att obtained from this

data (-114 and -88 cal/mol/Å
2

for models (1) and (2)) differed from either

what we observed for the decaalanine peptides (γatt = −48 cal/mol/Å
2
) or

what we observed for the alkanes (γatt = −64 cal/mol/Å
2
).

As in our previous study, whether ∂∆Grep/∂xi was proportional to

∂A/∂xi depended on the atom type considered. In panels a and c of Figure

4.2, ∂∆Grep/∂xi is plotted as a function of ∂A/∂xi for models (1) and (2),

and the points are colored by their atom types in the CHARMM27 force field.
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Figure 4.1: (a): The slope (γder
rep) of the least-squares lines between the deriva-

tives (∂∆Gder
rep/∂xi) of the repulsive component (∆Grep) of the van der Waals

component (∆Gvdw) of the solvation free energy with respect to the coordinates
(xi) of the atomic centers and the derivative (∂A/∂xi) of the solvent-accessible
surface area (A) with respect to the xi as a function of A. (b): Linear response
theory estimates (∆Glrt

att) of the attractive component of ∆Gvdw as a function
of A. The values in (a) and (b) were computed with the CHARMM27 force
field and configurations taken from a simulation run with CHARMM27. (c)
and (d): The same as (a) and (b), respectively, but the values in these plots
were computed with AMBER ff12sb and configurations taken from a simula-
tion run with AMBER ff12sb.The slopes of the least-squares lines in (c) and

(d) were -114 and -88 cal/mol/Å
2
, and the Pearson’s correlation coefficients

of these lines were R2 = 0.92 and 0.98.
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Atoms of type C were the carbonyl carbons, atoms of type CT2 were the α-

carbons, atoms of type CT3 were the terminal carbons, atoms of type HA
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Figure 4.2: (a): The derivative (∂∆Grep/∂xi) of the repulsive (∆Grep) com-
ponent of the van der Waals component (∆Gvdw) of the solvation free energy
with respect to the coordinates (xi) of the atomic centers as a function of the
derivative (∂A/∂xi) of the solvent-accessible surface area (A) with respect to
the xi. (b): The probability densities (f) of the angle (θ) between ∇iA and
∇i∆Grep where ∇i = (∂/∂xi, ∂/∂yi, ∂/∂zi) and (xi, yi, zi) were the coordinates
of the center of atom i. The points in (a) and the curves in (b) are colored by
the atom type in the CHARMM27 force field. The values in (a) and (b) were
computed with the CHARMM27 force field and configurations taken from a
simulation run with CHARMM27. (c) and (d): The same as (a) and (b),
respectively, but the values in these plots were computed with AMBER ff12sb
and configurations taken from a simulation run with AMBER ff12sb.
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were the hydrogens bound to the terminal carbons, atoms of type HB were

the hydrogens bound to the α-carbons, atoms of type NH1 were the nitrogens,

and atoms of type O were the oxygens. The atom types in AMBER ff12sb

do not exactly match those in the CHARMM27 force field (AMBER ff12sb

groups the α- and terminal carbons into the same atom type (CT), it groups

the hydrogens bound to the α-carbons with those that bind to the N-terminal

carbons into the same atom type (H), and it gives a separate atom type (HC)

to hydrogens that bind to the C-terminal carbons), but because the α- and

terminal carbons had different relationships between ∂∆Grep/∂xi and ∂A/∂xi

in both models (Figure 4.2 and Table 4.1), we classified the atoms according

to the CHARMM27 force field. Given this difference in classification, the

estimates of ∂∆Grep/∂xi and ∂A/∂xi in model (2) were computed with the

parameters from the AMBER ff12sb force field.

Table 4.1 contains the slopes (γder,i
rep ) of plots of ∂∆Grep/∂xi against

∂A/∂xi for each atom type in the CHARMM27 force field, computed on both

models (1) and (2), along with the R2 of these plots. Also shown in Table 4.1

are ∆Gi
rep of each atom type i in the CHARMM force field divided by A. If γrep

did not depend on the chemical environment of the atom, then ∆Gi
rep/A would

equal γder,i
rep . Clearly, ∆Grep/A differs significantly from γder,i

rep . This observation

further indicates that γrep depends on the molecular environment of the atom

in question and is therefore not really a well-defined quantity.

As can be seen in Figure 4.2, the value of γder
rep is determined primarily

by atoms of types HA, HB, and O, both because these atom types had the
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Table 4.1: FEP estimates of γder,i
rep for each atom type, Pearson’s correlation

coefficients (R2) of the corresponding least-squares lines of plots of ∂∆Grep/∂xi
versus ∂A/∂xi, and estimates of ∆Gi

rep/A obtained by inserting a single atom
of each type into solvent and dividing by the solvent-accessible surface areas
of these atoms.

CHARMM27 AMBER ff12sb

Atom type ∆Gi
rep/A γder,i

rep R2 γder,i
rep R2

C 32 18 0.11 -4 0.01
CT2 32 38 0.69 -54 0.15
CT3 32 48 0.86 12 0.44
HA 21 38 0.89 32 0.89
HB 22 34 0.78 28 0.83
NH1 33 8 0.02 22 0.14

O 30 45 0.85 38 0.69

All γderrep and ∆Grep/A were in units of (cal/mol/Å
2
).

largest ∂∆Grep/∂xi and because their ∂∆Grep/∂xi were roughly proportional

to ∂A/∂xi. Table 4.1 shows that the correlations between ∂∆Grep/∂xi and

∂A/∂xi were significant for these three atom types in each model. Additionally,

∂∆Grep/∂xi was significantly correlated with ∂A/∂xi for atoms of type CT2

and CT3 in model (1), but not in model (2).

Some of the statistics in Table 4.1 differ from those in our previous

work on decaalanine and various alkanes [148]. In that study, ∂∆Grep/∂xi

was correlated with ∂A/∂xi for the oxygens and hydrogens, as in the present

study. These two quantities were significantly correlated for the α-carbons in

model (1), whereas ∂∆Grep/∂xi was not significantly correlated with ∂A/∂xi

for the α- carbons in the decaalanines. Additionally, in our previous study

∂∆Grep/∂xi was correlated with ∂A/∂xi for the nitrogens and carbonyl car-
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bons, but the γder,i
rep were negative. In contrast, ∂∆Grep/∂xi and ∂A/∂xi were

not correlated for these atom types in the present study. These findings demon-

strate how the relationship between ∂∆Grep/∂xi and ∂A/∂xi for an atom type

can change when the surrounding atoms in the solute molecule change.

Panels b and d of Figure 4.2 show the probability densities (f (θ)) of

the angle (θ) between ∇i∆Grep and ∇iA, where ∇i = (∂/∂xi, ∂/∂yi, ∂/∂zi)

and (xi, yi, zi) were the coordinates of the center of the atom i. If ∆Grep were

perfectly linear in A then θ would equal 0◦. For atom types HA, HB, and

O, f (θ) was peaked at 0◦, and these were the atom types noted above that

determined γder
rep . Interestingly, some of the other atom types had significantly

different f (θ) in the two models; (θ) was peaked at 180◦ for atom types C and

CT2 in model (2) but not in model (1). In our previous study, we suggested

that atom types for which f (θ) were peaked at 180◦ might tend to lie at the

bottom of valleys in the solvent-accessible surface [148]. Additionally, some of

these f (θ) differ from those we found for decaalanine. In that case, f (θ) was

peaked at 180◦ for atoms of type NH1 and C, whereas in the present study

f (θ) showed no clear peak for atoms of type NH1 and was only peaked at

180◦ for atoms of type C in model (2). These findings further emphasize the

effects of the local molecular geometry and chemical environment on solvation

free energy.
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4.5 Conclusions

By examining 50 conformations of decaglycine, we were able to test

the propositions that ∆Grep, ∆Gatt, and ∆Gvdw are linear functions of A more

extensively than in our previous works [148, 153, 169, 230]. The different

configurations of decaglycine produced γder
rep that covered a large range of values,

implying that γrep may not be a well defined quantity at the molecular scale

we are investigating. Additionally, the correlations between ∆Glrt
att and A in

this study were weaker than those between ∆Gatt and A for either decaalanine

or alkanes, and the magnitude of γatt was significantly larger than those we

observed for either decaalanine or alkanes. As a result, the estimates of γvdw

obtained in the present study (-74 and -56 cal/mol/Å
2

for CHARMM27 and

AMBER ff12sb) were larger than what we observed previously. These findings,

in combination with our previous findings, seem to imply that none of ∆Grep,

∆Gatt, and ∆Gvdw is a simple linear function of A for a wide range of molecules

and molecular shapes.

That the full γvdw for decaglycine was large and negative confirmed

previous findings on shorter glycine oligomers [153, 230]. Previously, we found

that γvdw was negative for decaalanine because −γatt > γatt and γatt < 0, but in

that case, the magnitude of γvdw was fairly small [148]. One could have argued

that ∆Gvdw could simply be neglected for that system. In contrast, the large

γvdw for these decaglycines is probably not negligible and that it is negative

implies that ∆Gvdw favors extended over compact states for these peptides.

Apparently, whether ∆Gvdw favors extended or compact conformations and
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how strongly will have to be determined on a case-by-case basis.

We found that the relationship between ∂∆Grep and ∂A/∂xi was differ-

ent for different types of atoms. Overall γder
rep was apparently largely determined

by the well exposed hydrogen and oxygen atoms in the peptides. Addition-

ally, the relationships between ∂∆Grep/∂xi and ∂A/∂xi for some of these atom

types differed from what we saw for decaalanines. In our previous study we

found that f (θ) was peaked at 180◦ for the carbonyl carbons and nitrogens

in decaalanine, whereas in these decaglycines f (θ) for the nitrogens had no

clear peak and it was only peaked for the carbonyl carbons when the AMBER

ff12sb force field was used. Furthermore, for several atom types ∂∆Grep/∂xi

was not correlated with ∂A/∂xi. These observations could not be explained

by assigning different surface tensions to different atom types.

Collectively, these findings imply that none of ∆Grep, ∆Gatt, and ∆Gvdw

can be assumed to be linear in A with well-defined surface tensions (γrep, γatt,

and γvdw). Instead, each atom’s contribution to these free energies appears

to depend on its chemical identity and multibody interactions with neighbor-

ing solute atoms. These contributions therefore appear to contain nontrivial

dependencies on the local structure of the molecular surface. Successful hy-

drophobic theories will have to account for such interactions.
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Chapter 5

Nonpolar Solvation Free Energy from

Proximal Distribution Functions

This work has been published in Ou, S.-C., Drake, J. A., and Pet-

titt, B. M. (2017). Nonpolar Solvation Free Energy from Proximal Distri-

bution Functions. The Journal of Physical Chemistry B, 121(15), 3555–

3564. https://doi.org/10.1021/acs.jpcb.6b09528. JAD was responsible

for performing simulations, experimental design, interpretation of results, and

co-writing manuscript. SC was responsible for experimetnal design, analysis,

interpretation of results, and co-writing manuscript.

5.1 Introduction

The accurate calculation of solvation free energies is critical to com-

putational drug design and structure optimization as well as understanding

important biophysical processes like aggregation and protein folding. Two

central issues in computational free energy calculations include ensuring suffi-

cient sampling of phase space and the accuracy of the force field used to model

molecular interactions. The sampling issue remains a bottleneck in applica-

tions of free energy approaches to ever more complex systems; that is, in order
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to investigate thermodynamic behavior of a system, sampling of a represen-

tative number of configurations within the given ensemble is required, which

often requires expensive simulations [239–241]. Force fields continue advancing

in accuracy often at the expense of added complexity [242–244].

Due to the transferable nature of atomic level force fields for a given

chemical context, molecular mechanics force fields provide an extensible archi-

tecture to study the thermodynamic properties of a wide range of solutes [245].

Free energies of solvation (∆G) depend on the solute-solvent potential [175],

and the distribution of solvent around a solute. Here, we seek a set of trans-

ferable functions to approximate solvent density distributions which will allow

for rapid estimation of ∆G and its differences due to chemical processes in

solution.

In assessing free energy differences it is common to consider a thermo-

dynamic cycle for a given reaction process. For example, the relative change in

free energy associated with the change or mutation of molecule A to B is given

by the difference in solvation free energy (∆G) of the two molecules [246–251].

In computational free energy methods, the solvation process in which a solute

is transferred from the gas phase to the aqueous phase is often decomposed

into two stages or contributions. First an uncharged, solute cavity is created

in the solution and the free energy required to insert this cavity is defined as

∆GvdW. This cavity is then gradually charged and the change in free energy

associated with this process is defined as ∆Gelec [252]. This process, though

non-physical, does allow us to calculate each component of the potential func-
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tion with explicit simulations [253] or individual functional theories with less

computational costs [254, 255]. While ∆G is a state function and path in-

dependent, the components ∆Gelec and ∆GvdW are well known to be defined

only by a process and therefore path-dependent [256].

Many approximate techniques have been developed to rapidly estimate

∆G. ∆Gelec is often estimated using dielectric continuum theory based tech-

niques [252, 257] such as the generalized Born model [258, 259], Poisson-

Boltzmann equation [260, 261] or Linear Response theory (LRT) [262–264].

The nonpolar cavity contribution, ∆GvdW, has been approximated as a lin-

ear function of the solvent accessible surface area (SASA) [265–267]. How-

ever, the correlation between ∆GvdW calculated by SASA and explicit solvent

models using rigorous thermodynamic integration or free energy perturbation

is far from exact for organic molecules, especially at the level of small non-

polar molecules [253, 268–270]. Further decomposition of ∆GvdW into the

solute-solvent repulsive and attractive interactions has been proposed with an

additional estimator accounting for solvent accessible volume [255]. The use

of implicit solvation models to estimate ∆GvdW remains a challenge due to

non-additive, multibody correlations with neighboring atoms [270–272], and

the complex geometry of the solute-solvent interface [273–276]. An approach

that yields estimates of solvation free energies rapidly but retains the accuracy

associated with explicit solvent models would be highly desirable. Methods

relying on pre-computed quantities from explicit simulations of small solutes

to estimate ∆GvdW of large solutes are therefore being developed. For exam-
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ple, the Semi-Explicit Assembly (SEA) approach [277–279] pre-computes the

modified non-bonded van der Waals interactions between a series of nonpolar

solute spheres and water, then assembles the total interactions based on the

given configurations of large solutes.

Here, using precomputed near neighbor or proximal distribution func-

tions (pDFs) of solvation about atoms in chemically bonded (small molecule)

context we estimate the solvation structures around larger and more complex

solutes. We then use these approximately transferable distributions to calcu-

late ∆G. pDFs approximate solute-solvent pair correlation functions at the

near neighbor level to describe the local solvent structure around a solute [280–

284]. They have been shown to be a near universal and transferable descriptor

between different globular proteins [285]. That is, pDFs constructed for small

molecules can be used to predict the solvent structures around complex biolog-

ical macromolecules that are composed of chemically similar components [286–

288]. Average solute-solvent interaction energies, and subsequently solvation

free energies, can then be calculated from these reconstructed solvent struc-

tures.

Electrostatic interaction energies estimated using pDFs in combination

with Linear Response theory have been shown to approximate ∆Gelec well for a

variety of solutes compared to simulation [289–291]. We have recently shown

that van der Waals solute-solvent interaction energies can be approximated

with good accuracy using pre-computed pDFs, but requires a finer spatial res-

olution than what is used to estimate the more smoothly varying electrostatic
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interactions [292]. Here, we extend the pDF-approach to calculate ∆GvdW of

a variety of solutes and assess the accuracy of this approach by a comparison

with the more expensive explicit solvent thermodynamic integration.

Below we review the generation of pDFs from small solutes and how

they can be used to reconstruct the distribution of solvent density around an

arbitrary solute to estimate average solute-solvent interaction energies. Then

we show how to calculate ∆GvdW by constructing a set of pDFs as a function

of a coupling parameter that gradually scales the van der Waals interactions

between a small solute and solvent (i.e. we define a pathway along which

to calculate ∆GvdW). To benchmark this approach, we calculate ∆GvdW of

butane, and propanol and compare with more rigorous estimates obtained from

alternative approaches. We then generate transferable pDFs from monomers

of alanine and glycine and use those to calculate ∆GvdW for various tri-glycine

and deca-alanine systems. We study the effects of flexibility, or disorder, on

∆GvdW by comparing ∆GvdW of a fixed, extended conformation of tri-glycine

to that obtained for a large ensemble of tri-glycine conformers generated from

a molecular dynamics (MD) simulation. For completeness, we include linear

response estimates of ∆Gelec and thus construct an approximate total solvation

free energy.

5.2 Theory

In this section, we briefly review nearest neighbor proximal distribution

functions (pDFs) and how they are used to reconstruct solute-solvent density
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distributions and subsequently estimate solute-solvent energetics. Then we

discuss how the pDF formalism can be modified to estimate ∆GvdW using a

thermodynamic integration scheme.

5.2.1 Distribution Functions and Solute-Solvent Energetics

Proximal distribution functions (pDFs, or g⊥(r)) are average density

distributions calculated from solvent molecules to their nearest solute atom [280,

293, 294]. The solvent probability distribution most nearly perpendicular to

the kth solute atom gk⊥(r) can be written as:

gk⊥(r) =
T∑
t=0

n∑
j=1

δ(Inf[| ~rij(t)|]i=1,m − r)
δτ(~rj(t), k)

(5.1)

where ~rij(t) represents the position vector from the ith solute atom to the jth

solvent atom at time t, m is the number of solute atoms and n is the total

number of solvent molecules in the system. Inf[| ~rij(t)|]i=1,m returns the dis-

tance between a particular solvent atom and the nearest solute atom k - i.e. k

is the assigned solute atom with the closest distance to the jth solvent atom. In

this way, the solvent space is effectively divided into Voronoi polyhedra [295]

and the resulting distribution functions are defined essentially perpendicularly

to the exposed surface of the respective solute atoms [289] (illustrated in Ap-

pendix C). δτ(~rj(t), k) is the volume element around the jth solvent molecule,

which is defined by all ~r vectors, where |~rk−~r| ≤ |~ri−~r|. A graphical illustra-

tion for this process can be found in Appendix C. In practice, a pDF can be

computed from a MD simulation mapped to a three-dimensional grid where
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each individual grid point along with its corresponding time-averaged solvent

density is assigned to the closest solute atom for gk⊥(r) calculations. The de-

tailed theory and computational procedure can be found elsewhere [280, 282].

A variety of solute atom sets or groupings can be used to define the

pDFs. For example, at one extreme one could take each atom of a molecule

as having a unique g⊥(r). Alternatively, pDFs can be constructed for each

force field atom type or, using an even coarser grouping, by chemical identity

or similarity [286]. In general, we refer to a particular grouping or atom set

by χ and refer to a particular pDF defined by this grouping with χk. Previous

work shows that the pDFs classified using force field atom types for proteins

and nucleic acids yields nearly universal functions which are thus transferable

to chemically similar solute molecules [282, 285, 287].

We can reconstruct the solvation density around a given solute config-

uration with a three-dimensional grid and assign solvent density to the grid

point (x, y, z) with the pre-computed gχk

⊥ (r′):

g(x, y, z) = gχk

⊥ (r′) (5.2)

where r′ = |~ri− (x, y, z)| is the minimum distance between the grid point and

all solute atoms i, χk is the assigned atom set type of the closest solute atom

and (x, y, z) denotes the center of the grid volume. In this framework, the

solvent density at grid point (x, y, z) is therefore:

ρ(x, y, z) = ρgχk

⊥ (r′) (5.3)
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where ρ is the bulk solvent number density. In our pDF calculations (both

pDF-collections and solvent density reconstructions), we used 0.2 Å and 0.01 Å

as the reconstruction grid space resolution and g⊥(r) collection resolution,

respectively. The selection of g⊥(r) resolution is more important in the van

der Waals reconstruction process and a resolution of 0.01 Å is suggested based

on previous work [292].

Any solute atom may exclude solvent from any grid point when there

is overlap or volume exclusion. In solvent density reconstruction, a grid point

is assigned zero solvent density if any gχk

⊥ (r′) ≈ 0. As an example we consider

a grid point density assignment near a hydrogen covalently bonded to a heavy

atom whose van der Waals radius effectively eclipses that of the hydrogen’s.

While the hydrogen atom is the nearest grid point and gH⊥ (r′) > 0, the pDF of

the bonded heavy atom (i.e. next nearest neighbor) could dictate that solvent

should be excluded at the grid point with the given distance, r′. This becomes

increasingly important at small distances when using a soft-core van der Waals

potential as is common in free energy calculations (addressed in next section,

Appendix C and reference [292]).

We use a two step process to ensure that grid points are assigned the ap-

propriate solvent density during reconstruction. First we eliminate grid points

at distances in which the pDFs of heavy atoms in the set χ predict essentially

zero solvent occupation (referred to as the cavity rule). Conceptually, solvent

space is divided into Vornoi polyhedra with heavy atoms at this step. Then,

we exclude or zero out any grid points in a similar manner using gχ⊥ of the
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remaining atoms (referred to as the exclusion rule). The whole reconstruction

process including the cavity and exclusion rules can therefore be formulated

as:

ρ(x, y, z) =

{
mH∏
i 6=χk

δicav (|(x, y, z)− ~ri|)

}
· ρgχk

⊥ (r′) ·

{
m∏

j 6=χk

δjexcl (|(x, y, z)− ~rj|)

}
(5.4)

Here mH is the number of solute heavy atoms, and m is the number of all

solute atoms. The cavity factor δicav is defined as:

δicav =

{
1, if gχi

⊥ (|(x, y, z)− ~ri|) > 0
0, if gχi

⊥ (|(x, y, z)− ~ri|) = 0
(5.5)

and notice that i loops over solute heavy atoms only. Similarly, the exclusion

factor δjexcl is written as:

δjexcl =

{
1, if g

χj

⊥ (|(x, y, z)− ~rj|) > 0
0, if g

χj

⊥ (|(x, y, z)− ~rj|) = 0
(5.6)

where j loops over the remaining atoms in the set χ.

Once the solvent density is reconstructed around the solute, the average

solute-solvent interaction energy can then be written as:

〈Usolu−solv〉 = ρ

∫
g(x, y, z)U(x, y, z)dxdydz

≈
x,y,z∑ m∑

i=1

∆vρ(x, y, z)Uij(|(x, y, z)− ~ri|)
(5.7)

where U(|(x, y, z)− ~ri|) is the solute-solvent interaction energy for solute atom

i, ∆v is the unit volume which depends on the spatial resolution and the

outer sum is taken over all grid points. Depending on the potential energy
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function, U may be decomposed into the sum of electrostatic and van der

Waals interaction energies. The average electrostatic and van der Waals solute-

solvent interaction energies can then be calculated using Equation 5.7.

We have previously shown that the solute-solvent electrostatic inter-

action energy and electrostatic solvation free energy can be reasonably ap-

proximated from the pDF-reconstructed solvent density. Here, we extend the

pDF approach to estimate the change in free energy (∆GvdW) upon inserting

uncharged solutes in solution using a soft-core van der Waals potential and a

thermodynamic integration scheme.

5.2.2 Thermodynamic Integration with Soft-Core Potentials

To calculate the solvation free energy of cavity formation (∆GvdW) we

use a thermodynamic integration (TI) approach. We construct a pathway be-

tween the initial gas phase and final solvated state by means of a coupling

parameter, λ, which varies between 0 and 1 such that when λ = 0 the interac-

tion energy (Uij) between solute atom i and solvent atom j is zero and when

λ = 1, Uij = UvdW
ij , or the typical van der Waals potential energy function. To

avoid singularities and numerical instabilities at the λ = 0 end-point, a soft-

core potential is commonly used to scale UvdW
ij along the pathway [296, 297]:

UvdW
ij (r;λ) = 4εijλ

[(
σ2
ij

r2
ij + δ (1− λ)

)6

−
(

σ2
ij

r2
ij + δ (1− λ)

)3
]

(5.8)

where rij is the distance between solute and solvent atoms, ε is the van der
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Waals well depth and σ is the contact distance. δ is a radius-shifting coeffi-

cient of λ and here is taken to be 5.0 throughout the simulations and pDF-

reconstructions. Trivially at λ = 1 this is the usual Lennard-Jones form. We

note that the effective σij is reduced as λ decreases, which leads to water

residing at closer distances to the solute atoms.

The total solute-solvent van der Waals interaction energy (UvdW) is the

sum of UvdW
ij over all solute-solvent atom pairs. The van der Waals solvation

free energy is calculated as the integral of the average derivative of UvdW with

respect to λ:

∆GvdW =

∫ 1

0

〈
∂UvdW(λ)

∂λ

〉
λ

dλ (5.9)

One can approximately calculate ∆GvdW using numerical integration methods

with the ensemble averages of ∂UvdW/∂λ at various values of λ. The derivative

of UvdW with respect to λ is readily obtained from the analytical expression:

∂UvdW
ij (r;λ)

∂λ
= 4εij

[
σ2
ij

r2
ij + δ (1− λ)

]6 [
1 +

6λσij
r2
ij + δ (1− λ)

]
− 4εij

[
σ2
ij

r2
ij + δ (1− λ)

]3 [
1 +

3λσij
r2
ij + δ (1− λ)

]
(5.10)

∂UvdW

∂λ
=
∑
i,j

∂UvdW
ij

∂λ
(5.11)
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In our pDF approach, we first construct gχk

⊥ for the atom type set of

a small representative chemical group (e.g., an alkane or peptide substituent)

from MD simulations performed at regularly spaced values of λ. For each λ,

we obtain unique gχk

⊥ ’s. Then using these pre-computed pDFs, we reconstruct

the average, λ-dependent solvent density distributions on a 3D grid around a

given solute configuration (e.g., a long alkane or polypeptide) for each λ value.

We directly estimate
〈
∂UvdW/∂λ

〉
λ

using a form like Equation 5.7 but with

Uij replaced with ∂UvdW
ij /∂λ. Finally, numerically integrating

〈
∂UvdW/∂λ

〉
λ

along λ yields ∆GvdW. Note that the λ-dependent pDFs only need to be

constructed once but may be used to predict ∆GvdW of more complex solutes

that are composed of similar atom type sets for which the pDFs were generated.

5.3 Methods

5.3.1 Simulation

The solutes butane, propanol, ala1, ala10, gly1, gly3 were chosen for this

study. Molecular dynamics simulations were performed with NAMD 2.9 and

2.10 [298, 299] with the CHARMM36 force field parameters [300] to generate

the pDFs and calculate free energy benchmarks. pDFs were generated for

butane and propanol as a control to compare with more rigorous free energy

calculations. The pDFs for the longer peptides were generated from ala1 and

gly1. Each solute was solvated with TIP3P water [301] in a volume with at

least 10 Å from each boundary to the solute atoms. Peptides were capped with

neutral acetyl (ACE) and N-methyl amide (NME) chemical groups. The ini-
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tial conformations of deca-alanines and tri-glycine peptides are from previous

studies [270, 289, 292, 302] and presented in Appendix C. Three-dimensional

periodic boundary conditions were applied. A rigid water geometry is enforced

using SHAKE [303]. Particle Mesh Ewald (PME) [304] was used to treat elec-

trostatic interactions using a grid of 1.0 Å resolution. The Lennard-Jones

(L-J) interactions were gradually switched off over the range 10 Å to 11 Å.

The temperature was fixed at 300K via a Langevin thermostat with damping

coefficient of 5ps−1. A timestep of 2.0 fs was used to integrate the equations

of motion.

The pDFs for this free energy study were generated in 11 windows with

a λ-spacing of 0.1 between 0 and 1. Solvent reconstruction and calculation of

∆GvdW were performed with these λ values. In general, it is necessary to

sample more extensively at certain λ-windows depending on the chosen soft-

core potential function (near end points in our case) to accurately depict the

repulsive van der Waals forces when inserting the solute into the system [248].

More detail on the analysis can be found in the Results section below. In this

paper we show how to use pDFs to reproduce
〈
∂UvdW/∂λ

〉
at all λ-windows

with our pDF-reconstruction algorithm, which is subsequently integrated to

estimate ∆GvdW.

Throughout the simulations, the solute molecules were rigid except as

noted below for gly3. The pDF sampling simulations were initially equilibrated

in the NV T ensemble for 1 ns. The simulations were then switched to NPT

at 1 atm pressure, with the first 1 ns excluded as equilibration. The pDFs
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and
〈
∂UvdW/∂λ

〉
were calculated from production simulations that ranged

between 4-10 ns at each λ. Trajectory snapshots were saved every 0.2 ps for

analyses. The convergence of
〈
∂UvdW/∂λ

〉
at each λ window is discussed in

Appendix C. For each λ window, the uncertainty of
〈
∂UvdW/∂λ

〉
is estimated

as the block standard error [305]. The final uncertainty of ∆GvdW is calculated

by the propagation of errors across all λ.

In addition to the fixed solute conformations, we also examined ∆GvdW

of gly3 without positional constraints (i.e. allowed to be completely flexible

during simulations). The simulation parameters and λ-windows are identical

to those of simulations with gly3 fixed in an extended conformation. We used

10000 solute configurations from a typical 50 ns MD simulation (λ = 1) of

flexible gly3 for calculating ∆GvdW from pDF-reconstructions.

In the following sections, we also provide estimates of ∆Gelec based on

Linear Response theory. That is, ∆Gelec can be approximated as half of the

solute-solvent electrostatic interaction energy instead of integrating the aver-

age derivative of U elec with respect to a coupling parameter that gradually

scales solute-solvent electrostatic interactions. Thus, a set of simulations with

charged solutes is employed to achieve full electrostatic solute-solvent inter-

actions. In our previous work, we have reported the averaged solute-solvent

electrostatic interaction energies for configurations of butane, propanol, and

ala10 [292], along with the corresponding pDFs used for solvent density recon-

struction. In this contribution, with a goal of calculating total solvation free

energy, we further include estimates of ∆Gelec for fixed ala1, gly1 and flexible

125



gly3 from free energy simulations to compare with pDF-reconstructions. The

simulation details are the same as the above free energy simulations except for

having charges on solute atoms and the total sampling time for each system

is 100 ns with a 2 ps save frequency.

5.4 Results & Discussions

5.4.1 Butane & Propanol

We compare the
〈
∂UvdW/∂λ

〉
of a single butane/propanol molecule

obtained from TI simulations and pDF-reconstruction using the same solute

configuration and same number of λ points. In general, the more extensive the

set of atom types we include, the higher the accuracy in solvent structure and

solute-solvent energetics we can expect during the reconstructions [288, 292],

especially for the non-polar contributions. Here, we consider all six force field

atom types (i.e. the set χ) for butane and propanol: methylene carbon (CT2),

methyl carbon (CT3), methylene hydrogen (HA2), methyl hydrogen (HA3),

the hydroxyl oxygen (O1) and the bonded polar hydrogen (HO1). The pDFs of

each atom type with respect to water oxygen atom (OT) at selected λ windows

are shown in Figure 5.1. The pDFs of each atom type with water hydrogen

atoms (HT) are included in Appendix C.

Ideally, the pDFs at λ = 0 should be 1 (i.e. bulk solvent density) at

all interatomic distances. Therefore, we set the pDFs at λ = 0 to 1 for all

distances. Essentially, all atom types are uncharged and considered as pure

covalently bonded Lennard-Jones spheres, and thus show similar behaviors;
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Figure 5.1: pDF of the butane/propanol atoms to water oxygen atoms at
different λ. Numbers above each pDF indicate the corresponding λ of this
atom type.

as λ increases, the position of the peaks are shifted to larger distances with

stronger magnitudes in the first peak.

The simulated and pDF-reconstructed estimates
〈
∂UvdW/∂λ

〉
for each

λ are presented in Figure 5.2. Differences between
〈
∂UvdW/∂λ

〉
calculated

by TI simulations and pDF reconstruction at each λ are shown in the insets.

Overall
〈
∂UvdW/∂λ

〉
calculated by pDF reconstruction for both solutes are

consistent with the simulations with deviations for most windows less than
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1 kcal/mol. The largest deviation (∼ 2 kcal/mol) of
〈
∂UvdW/∂λ

〉
between

both methods occurs at λ = 0.1. The deviations are diluted upon integration

when computing ∆GvdW. ∆GvdW calculated for both solutes and methods are

Figure 5.2: Simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ window

for (a) butane (b) propanol. The inset of each panel shows the difference
between the simulated and pDF-reconstructed

〈
∂UvdW/∂λ

〉
. Panel (c) illus-

trates the thermodynamic cycle of mutating a methyl group of a butane into
hydroxyl group to form a propanol.

listed in Table 5.1. Differences in simulated and pDF-reconstructed ∆GvdW for

butane and propanol are -0.33 and 0.18 kcal/mol, respectively. The uncertainty
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for each λ window is estimated using block standard errors [305], and the

final uncertainty of ∆GvdW is computed using error propagation. We include

the estimated ∆Gelec for butane and propanol from TI simulations and pDF-

reconstructions in Table 5.1. These values are obtained as half of solute-

water electrostatic interaction energies based on standard Linear Response

theory [285, 289] and are adapted from our previous work [292]. Essentially

all free energy components are in good accord with those obtained from TI

simulations.

Table 5.1: Comparison of solvation free energies of butane and propanol using
thermodynamic integration with simulations and pDF-reconstructions.

∆G Simulated T.I. pDF T.I.

butane
∆GvdW 2.67(0.14) 2.34
∆Gelec −0.13(0.01) −0.14
∆Gtotal 2.54(0.14) 2.20

propanol
∆GvdW 1.88(0.28) 2.06
∆Gelec −6.84(0.03) −6.42
∆Gtotal −4.96(0.28) −4.36

Comparison of solvation free energies of butane and propanol using thermodynamic
integration with simulations and pDF-reconstructions. ∆GvdW is obtained using
Equation 5.9. ∆Gelec is approximated as half of electrostatic solute-solvent interac-
tion energy using LRT and is adapted from Ref [292]. Uncertainties obtained as the
block standard errors [305] are denoted in parentheses. Uncertainties for ∆GvdW

and ∆Gtotal are calculated using error propagation. The units are all in kcal/mol.

To demonstrate the utility of using this pDF approach to estimate solva-

tion free energies, we consider a free energy cycle of mutating the methyl group
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in butane to a hydroxyl group to form propanol (illustrated in Figure 5.2).

Since free energy is a state function, ∆∆G = ∆G4 − ∆G3 = ∆G2 − ∆G1.

∆G3 and ∆G4 are the free energies of mutating butane to propanol in vac-

uum and solution, respectively, and their difference can be calculated by the

difference in solvation free energies of butane and propanol. Using the val-

ues reported in Table 5.1, we obtain the pDF-reconstructed ∆∆G = -6.56

kcal/mol, which is within 1 kcal/mol of the simulated ∆∆G = -7.50 kcal/mol.

5.4.2 Deca-alanine

We next estimate ∆GvdW from pre-computed pDFs for a deca-peptide.

pDFs were constructed from a single alanine monomer (ala1) and used to

compute ∆GvdW of four different conformers of deca-alanine, ala10 (referred to

as d, d1, d2, d3 in Appendix C). The set of atoms chosen for pDF generation

and solvent density reconstruction include {CT3, C, O, NH1, CT1, HA3, HN,

HB1}, where C and O represent the carbon and oxygen atoms of the carbonyl

group, NH1 is the peptide nitrogen, HN is the polar hydrogen bonded to the

nitrogen, CT1 is the backbone carbon, and HB1 is the backbone hydrogen.

We use the pDFs for CT3 and HA3 from our analysis of butane and propanol

(Figure 5.1). The pDFs for the rest of the atom types at several values of λ

are presented in Figure 5.3.

We start with comparing the simulated and pDF-reconstructed esti-

mates of
〈
∂UvdW/∂λ

〉
for ala1 using the same solute configuration, as shown

in Figure 5.4a. From the inset we observe that the deviations of
〈
∂UvdW/∂λ

〉
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between both methods are slightly larger than those observed for butane and

propanol for all λ windows, but still within 2 kcal/mol. The simulated and the

pDF-reconstructed ∆GvdW and ∆Gelec are listed in Table 5.2. The difference

in ∆GvdW between simulation and pDF-reconstruction is 0.60 kcal/mol, while

the difference in ∆Gelec is -0.51 kcal/mol. These differences cancel and yield

a pDF reconstructed ∆G within the uncertainty of ∆G obtained by TI simu-

lations. We note ∆Gelec is generally the dominating term in ∆G. Estimated

uncertainties of ∆Gelec are smaller than the uncertainties of ∆GvdW in most

of our studies.

We use the pDFs calculated from ala1 to estimate the ∆GvdW of ala10.

The results of simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ for

conformer d are shown in Figure 5.4b. The results for the other three con-

formers are similar and included in Appendix C. The inset shows the deviations

of
〈
∂UvdW/∂λ

〉
between simulations and pDF-reconstructions at each λ for all

four conformers. While the deviations are large (10∼15 kcal/mol/window) and

increase with system size, they are suppressed upon integration when calculat-

ing ∆Gvdw in a manner similar to what we observed for butane and propanol.

The pDF reconstructed estimates of ∆GvdW of all ala10 conformers are con-

sistent with those obtained from TI simulations (Table 5.2). The differences

between simulated and reconstructed ∆GvdW for the different conformers in

order are 0.17, 2.88, 0.84 and -0.05 kcal/mol. Differences of ∆Gelec between

methods (adapted from our previous work [292]) are larger than those observed

for ∆GvdW. Owing to the extremely twisted configuration of conformer d1, we
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Figure 5.3: pDF of alanine/glycine atoms to water oxygen atoms at different
λ. Numbers above each pDF indicate the corresponding λ.

find the largest deviation (∼ 7 kcal/mol) between simulation and reconstruc-

tion for both ∆GvdW and ∆Gelec. We note that Poisson-Boltzmann calcula-

tions fared worse in reproducing the ∆Gelec of d1 [289]. This highly twisted

conformation is a low probability structure with peculiar internal interatomic

correlations. Thus, we consider this conformer to be a most challenging case

for this theory based on pairwise near neighbor solvent correlations for the

estimation of ∆G.
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Figure 5.4: Simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ win-

dow for (a) ala1 (b) ala10 (the configuration referred to as d in Appendix C).
The inset of each panel shows the difference between the simulated and pDF-
reconstructed

〈
∂UvdW/∂λ

〉
.

5.4.3 Flexible and Fixed Tri-glycine

Finally, we extend our approach to the calculation of ∆GvdW for a large,

diverse ensemble of gly3 conformations and assess the effects of flexibility,

or disorder, on these calculations by comparing to a single fixed/extended

conformation of gly3. We chose to calculate the pDFs from a single fixed

glycine (gly1) to evaluate the ∆GvdW of fixed and flexible tri-glycines (gly3).

The configuration of fixed gly3 is in Appendix C. The atom set used to generate

the pDFs used here include {CT3, C, O, NH1, CT2, HA3, HN, HB2}. pDFs

for these atom types have been presented in the previous sections except for

HB2, which represents the aliphatic backbone hydrogen atoms bonded to the

CT2 atoms. Results of simulated and pDF-reconstructed ∆GvdW and ∆Gelec

for fixed gly1 are presented in Table 5.3. Differences of both components

133



Table 5.2: Comparison of solvation free energies of single alanine and different
conformers of deca-alanines using thermodynamic integration with simulations
and pDF-reconstructions.

∆G Simulated T.I. pDF T.I.

ala1

∆GvdW 1.08(0.36) 1.78
∆Gelec −20.21(0.02) −20.72
∆Gtotal −19.13(0.36) −18.94

d
∆GvdW 5.75(1.77) 5.92
∆Gelec −78.19(0.08) −74.26
∆Gtotal −72.44(1.77) −68.34

d1
∆GvdW 5.83(2.20) 8.70
∆Gelec −67.75(0.08) −60.70
∆Gtotal −61.92(2.20) −52.00

d2
∆GvdW 5.42(1.81) 6.27
∆Gelec −89.97(0.10) −89.00
∆Gtotal −84.55(1.81) −82.73

d3
∆GvdW 5.72(1.69) 5.67
∆Gelec −86.88(0.08) −85.86
∆Gtotal −81.16(1.69) −80.19

∆GvdW is obtained using Equation 5.9. ∆Gelec is approximated as half of electro-
static solute-solvent interaction energy using LRT and is adapted from Ref [292].
The units are all in kcal/mol.

between methods are 0.06 kcal/mol. We next use these pre-computed pDFs

to estimate ∆GvdW of fixed and flexible gly3.

Consider the ∆GvdW term. The comparisons of simulated and pDF-
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Table 5.3: Comparison of solvation free energies of single glycine and tri-glycine
using thermodynamic integration with simulations, pDF-reconstructions and
benchmark free energy perturbation calculations.

∆G Simulated TI pDF TI FEPa

gly1

∆GvdW 0.39(0.34) 0.45
∆Gelec −16.31(0.12) −16.25
∆Gtotal −15.92(0.36) −15.80

gly3, flexible
∆Gflex

vdW −0.41(0.32) −0.33 −0.03(0.05)
∆Gflex

elec −28.75 −24.01(0.50)
∆Gflex

total −29.08 −24.04(0.50)
gly3, fixed

∆Gfix
vdW −1.29(0.38) −1.10 −0.84(0.04)

∆Gfix
elec −25.62(0.12) −24.13 −22.08(0.03)

∆Gfix
total −26.91(0.40) −25.23 −22.16(0.05)

∆GvdW is obtained using Equation 5.9. For fixed configurations, ∆Gelec are ap-
proximated as half of electrostatic solute-solvent interaction energies using LRT.
The units are all in kcal/mol. aFree energy perturbation results are adapted from
Ref [302].

reconstructed
〈
∂UvdW/∂λ

〉
, along with the deviations (in the insets) at each λ

for flexible and fixed gly3 are presented in Figure 5.5 a and b. The deviations

are all within 2 kcal/mol. The values of ∆GvdW are listed in Table 5.3. To

estimate ∆GvdW of flexible gly3, we extracted 10000 solute configurations from

a molecular dynamics simulation and, for each one, calculated
〈
∂UvdW/∂λ

〉
at all λ values. The

〈
∂UvdW/∂λ

〉
values are then configurationally averaged.

We show the distribution overall conformations of
〈
∂UvdW/∂λ

〉
at λ = 0 from

simulation in Figure 5.5c. This shows the deviation among the solute config-
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urations. This width should not be surprising given the structures sampled

in the current CHARMM36 force field versus those from the ff12SB force

field [306]. It would be an interesting comparison to test the distributions of

∆GvdW using different force fields as they can display different distributions

of solute configurations and flexibility.
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Figure 5.5: Simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ window

for (a) flexible gly3 (b) fixed gly3. The inset of each panel shows the difference
between the simulated and pDF reconstructed

〈
∂UvdW/∂λ

〉
. Panel (c) shows

the distribution of
〈
∂UvdW/∂λ

〉
for flexible gly3 at λ = 0. The average of pDF-

reconstructed
〈
∂UvdW/∂λ

〉
corresponds closely with the average of the sim-

ulated
〈
∂UvdW/∂λ

〉
. Panel (d) shows the distribution of pDF-reconstructed

∆Gelec using the solute configurations from flexible gly3 simulations, with the
red dashed line representing the ensemble average.

The differences between simulated and pDF-reconstructed ∆GvdW for

flexible and fixed gly3 are within 0.2 kcal/mol. In addition to the 11 λ win-

dows used for thermodynamic integration, we include the results using the
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free energy perturbation (FEP) method with 50 equally sized λ windows be-

tween 0 and 1 from recently published work [302]. Due to the nature of the

soft-core potential used in this contribution, the integrand is changing more

rapidly (as shown in all 〈∂U/∂λ〉 figures) at small λ. This is a likely source of

error in the ∆GvdW reported here. The comparison of using different numbers

of λ windows for calculating the ∆GvdW of the same solute can be found in

Appendix C. We observe that ∆∆GvdW = (∆Gflex
vdW−∆Gfix

vdW) calculated from

the current free energy simulations, pDF-reconstructions, and FEP are 0.88,

0.77, and 0.81, respectively. The fact that the ∆GvdW for flexible gly3 is less

favorable (or more repulsive) than the fixed gly3 is not surprising. With so-

lute flexibility, gly3 can form configurations that prevent water from accessing

parts of the solute, consequently increasing ∆GvdW. The striking part is that

all three methods eventually lead to a consistent ∆∆GvdW, which is not trivial.

More extensive tests of our approximate ∆∆GvdW are certainly warranted.

To complete the estimation of the total solvation free energy, results for

∆Gelec are presented in Table 5.3. Here we do not include the ∆Gelec of flexible

gly3 calculated by TI simulations since the noise of ∆Gelec computed from the

ensemble of solute and solvent configurations instead of from only the ensem-

ble of solute configurations (like in continuum models or the current concept

using pDF-reconstruction) is much larger [307–309]. For the fixed gly3, the

differences of ∆Gelec between these three methods are within 4 kcal/mol. For

flexible gly3, the difference of ∆Gelec between pDF-reconstruction and FEP

increases slightly and is within 5 kcal/mol considering a 0.5 kcal/mol uncer-
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tainty for FEP reported ∆Gelec. Figure 5.5 d shows the distribution of pDF-

reconstructed ∆Gelec using 10000 solute configurations generated from simu-

lation. This distribution has a standard deviation of 7.42 and is larger than

the distribution from pDF-reconstructed ∆GvdW. ∆∆Gelec(= ∆Gflex
elec−∆Gfix

elec)

calculated from pDF-reconstruction and FEP are 3.85 and 1.88 kcal/mol, re-

spectively.

5.5 Discussion and Conclusion

In this contribution, we used pre-computed solvent density distributions

at multiple alchemical windows with free energy methods to estimate the van

der Waals and electrostatic solvation free energies for a variety of solutes. By

computing solute-solvent pDFs from small molecules, we can reconstruct the

solvent densities around arbitrary solutes with similar chemical composition

and, subsequently, estimate solvation free energies without performing lengthy

simulations. Using this framework, we have shown that ∆GvdW can be repro-

duced to within useful accuracy. In the future, we will extend our work to the

calculation of solvation free energies of complex macromolecules.

The two polypeptide examples of calculating ∆∆G encourage applica-

tions to different biological systems. Combinations of solvation free energies

with appropriate free energy cycles may allow rapid estimations for molecular

associations [247], alanine scanning [310] and the predictions of pKa values of

proteins and amino acid side chains [311].
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Chapter 6

Thermodynamics of Oligoglycine

Conformational Transitions

6.1 Introduction

Over the past 20 years it has become clear that the classical structure-

function paradigm is not a universal property of the eukaryotic proteome [7, 19,

36]. While structure dictates function for a large class of proteins, like enzymes,

a vast array of proteins rely on highly dynamic, intrinsically disordered regions

(IDRs) to carry out diverse functions, many of which are associated with regu-

lation and control of signaling networks [7, 13, 19, 20, 36]. Furthermore, mod-

ular proteins, like nuclear transcription factors (NTFs), rely on a combination

of order and disorder to function and a coupling between these regions provides

additional regulatory mechanisms to fine tune, for example, binding affinity,

and consequently, downstream signal cascades [42, 44, 49, 64, 312]. Unsur-

prisingly, then, mutations in IDRs can abrogate control of signaling networks

eventually leading to disease onset [7, 9, 53]. A seemingly ubiquitous and func-

tionally necessary property of IDRs is their ability to undergo structural transi-

tions in response to a number of factors including protein/ligand binding, post-

translational modifications, and environmental changes [7, 20, 39, 43, 44, 46–

48]. These transitions may proceed to more ordered or disordered states, but
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can also redistribute the disordered, structural ensemble [7, 43, 44, 47]. To

successfully target drugs to IDRs or genetically engineer IDRs with certain

therapeutic properties to treat various diseases, we need a more complete

understanding of the thermodynamics associated with IDR conformational

transitions.

IDRs directly responsible for facilitating protein interactions primarily

do so with relatively short, contiguous amino acid sequences that become more

ordered, or structured, upon binding.These functional elements or sequence

motifs have been referred to as short linear motifs (SLiMs), eukaryotic linear

motifs (ELMs), and molecular recognition features (MoRFs) [7, 53, 54, 56,

313], among others, and have been ascribed somewhat subtle, operational

definitions. For example, SLiMs are typically around 3-10 amino acids [54]

while MoRFs, by definition form secondary structures upon binding, are longer

at 10-70 amino acids [56] (for a detailed review of these elements see [7]).

Transcription factors are enriched with these motifs [314]. p53, for example

contains multiple MoRFs with individual MoRFs being able to bind many

partners by forming different secondary structures [40], thus allowing it to

serve as a hub protein or master regulator in signaling.

Protein, DNA, and small molecule binding can also induce structural

transitions or a redistribution of the structural ensemble in disordered regions

distal to the binding interface. For example, Kidera et al. [72] and Zea et

al. [48] found that ligand binding increased or decreased disorder in regions

that were typically less than 10 amino acids long from large scale analyses
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of protein structure databases.There are also numerous examples in which

proteins use conformational transitions in IDRs (or simply disorder in general)

in an allosteric, or cooperative, mechanism to effect downstream signaling [42–

44, 60]. These observations prompted the development of new allostery models

based on the ensemble nature (i.e. structural diversity) of IDRs [41, 43–45].

Propagation of the allosteric signal does not necessarily require the folding or

unfolding of an IDR, rather it can be also achieved through the remodeling of

the disordered ensemble [44].

Of particular interest is the potential thermodynamic coupling between

effector and allosteric sites facilitated by IDR structural transitions. Confor-

mational entropy is a critical property to describe or understand the thermody-

namics associated with IDR structural transitions and how such transitions can

modulate protein binding at distal sites [39, 43, 44]. Recently, NMR methods

have been developed to probe binding-induced conformational entropy changes

in structured proteins. This so-called “entropy-meter” [315, 316], which relates

changes in backbone and side chain motions to changes in conformational en-

tropy, has highlighted the importance of conformational entropy in suppressing

or driving ligand binding [315, 317–319]. As a result, one emerging concept

is that protein structural plasticity, or the capacity of a protein to alter its

internal structural fluctuations, provides a reservoir of entropy, and thus free

energy, that is available to the protein to carry out its function [320]. So,

we consider IDRs as significant conformational entropy reservoirs from which

free energy may withdrawn or deposited via structural transitions (e.g. due to
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binding). With respect to protein or ligand binding, these transitions would

mediate the thermodynamic connection between allosteric and effector sites.

Qualitatively, our understanding of how proteins can tune conformational en-

tropy to modulate IDR function continues to improve [39, 43, 44], yet a

complete, quantitative description is lacking.

In this paper, we are primarily interested in the thermodynamics un-

derlying structural transitions of short IDRs, which we expect will provide in-

sight into the numerous biological processes that rely on order-disorder tran-

sitions of IDRs of varying lengths and establish a framework to develop a

more quantitative theory of IDRs as free energy reservoirs. We use oligo-

glycine (GlyN where N is chain length) as a protein backbone mimic and model

IDR [99, 107, 112, 153]. IDRs are often enriched in glycine residues [46, 321],

a high glycine content has been associated with more compact IDRs [96], and

stretches of oligoglycine can be found in large disordered domains [35, 42].

We begin first by calculating the conformational entropy of oligoglycine from

backbone φ and ψ dihedral angles sampled by molecular dynamics (MD) as a

function of chain length (N = 3 to 15 residues) comparing the Quasi-harmonic

Analysis (QHA) [322, 323], Boltzmann Quasi-harmonic (BQH) [324–326], and

Mutual Information Expansion (MIE) methods [327]. Since proteins contain-

ing IDRs likely impose structural constraints on the disordered region and

order-disorder transitions may alter global structural properties of an IDR, we

calculate the backbone conformational entropy of Gly15 as a function of end-

to-end distance and radius of gyration. Then we consider how much conforma-
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tional entropy is lost or gained as free energy when oligoglycine is constrained

to or released from particular conformational states.

6.2 Theory

We briefly review the theory underlying the approaches we use to cal-

culate the conformational entropy of various glycine polypeptides. We refer to

conformational entropy as the contribution to the system entropy that depends

only on the spatial coordinates of the solute molecule. While this paper pri-

marily focuses on the dihedral angle contributions to conformational entropy

(discussed in detail in the Methods section), the theories presented below are

general and may be used with any coordinate system and any number of coor-

dinates. Where appropriate, we refer the reader to more detailed discussions

and for consistency we follow the notation of [94, 326, 327]

6.2.1 Solute Entropy and Coordinate System

The entropy of a solute can be expressed in terms of the probability

density, ρ(r), of Cartesian coordinates (r) and conjugate momenta (p) as

S solute = −kB
∫∫

ρ(p, r) ln [hsρ(p, r)] dp dr, (6.1)

where kB is Boltzmann’s constant, h is Planck’s constant, and s is the num-

ber of coordinate-momenta pairs that define solute phase space. In Cartesian

coordinates, s = 3N , where N is the number of solute atoms. Due to indepen-

dence, ρ(p, r), can be factored into marginal distributions of p and r, which,
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upon expanding Eq. 6.1 gives

S solute = −kB
∫
ρ(p) ln [hsρ(p)] dp− kB

∫
ρ(r) ln [ρ(r)] dr

= Sp + Sr, (6.2)

with Sp and Sr being the momentum and conformational contributions to

Ssolute, respectively. By separating Ssolute, neither Sp nor Sr are correctly

dimensioned due to the factor hs and only upon their addition or considering

changes in entropy will Ssolute have the correct units [94].

It is often more convenient or appropriate to describe the conforma-

tion of a protein or polypeptide in an internal coordinate system, for example,

using bonds, angles, and torsions (i.e. BAT coordinates) [328–330]. Under a

transformation of Cartesian coordinates to internal coordinates (q), the con-

formational entropy becomes

Sr = Sint + Sext + kB ln〈J〉, (6.3)

where Sint is the conformational entropy associated with the 3N − 6 internal

coordinates that specify the relative atomic positions and is given by

Sint = −kB
∫
ρ(q) ln ρ(q) dq. (6.4)

Sext is the entropic contribution of the remaining six coordinates associated

with the overall translation and rotation of the molecule that specify the abso-

lute positions of the atoms. 〈J〉 is the ensemble average of the Jacobian of the
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coordinate transformation, r→ q. Expressions for Sext and the Jacobian in the

BAT coordinate system can be found in [94]. In BAT coordinates, the “hard”

bond and angle coordinates may be treated essentially independent of, or sep-

arable from, the “soft” torsions/dihedrals [328, 329, 331], and, therefore, their

contributions to Sint are additive. Depending on the system, it may be reason-

able to assume that an isothermal process (e.g. protein binding) does not sig-

nificantly perturb the bond and angle vibrations, which may be approximated

at their equilibrium positions. Then, from Eqs. 6.2 through 6.4, the change in

solute entropy can be approximated as ∆Ssolute = ∆Sr ≈ ∆Sint ≈ ∆Sdihed.

A number of methods have been developed to estimate Sint or ∆Sint [326,

332]. Below, we briefly sketch the QHA [322, 323], BQH [324–326], and

MIE [327] methods used in this paper.

6.2.2 Quasi-harmonic and Boltzmann Quasi-harmonic Analysis

In the QHA method, the distribution of internal coordinates, ρ(q),

around an average conformation is assumed to be multivariate Gaussian. This

allows the entropy integral in Eq. 6.4 to be evaluated analytically, giving

Sint ≈ SQHA =
1

2
kB ln

[
(2π)s |σσσ|

]
, (6.5)

where |σσσ| is the determinant of the variance-covariance matrix of q about 〈q〉,

and s = 3N − 6 (or perhaps a subset of the 3N − 6 internal coordinates).

Eq. 6.5 can be expressed in terms of a correlation matrix, C, by factoring out

the diagonal terms from σσσ [324–326]:
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SQHA =
1

2
kB

s∑
i=1

ln (2π e σi) +
1

2
kB|C|. (6.6)

The first term involves a sum over the variance (σi ≡ σii) of each internal

coordinate while the second term accounts for correlations among coordinates

through the determinant, |C|. Each element of the s×s matrix C is σij/
√
σi σj,

where σij is the covariance of coordinates i and j. Coordinate variances and the

correlation matrix can be calculated from the trajectories of atomic positions

from an MD simulation.

A Gaussian probability distribution maximizes the entropy integral

and, therefore, SQHA is a strict upper bound on the true value of Sint (i.e.,

Sint ≤ SQHA). However, this assumption can produce a poor approximation

of Sint when, for example, using BAT coordinates since torsion/dihedral angle

probability distribution functions are typically multimodal. To improve esti-

mates of Sint and account for non-Gaussian distributions, Di Nola et al. [324]

proposed replacing the first term in Eq. 6.6 with the Boltzmann entropy, such

that

Sint ≈ SBQH = −kB
s∑
i=1

∫
ρ(qi) ln(qi) dqi +

1

2
kB|C|, (6.7)

where i indexes one of the internal coordinates (qi). The probability distri-

bution, ρ(qi), and associated entropy integral (Eq. 6.4) can be numerically

approximated from one dimensional histograms collected over an MD trajec-

tory. Note that QHA and BQH only account for second order correlations

148



among coordinates through the correlation matrix (C), which effectively re-

duces the entropy as compared to a set of independent coordinates. That is,

the second term in Eqs. 6.6 and 6.7 will be negative and its magnitude will

depend on the extent of correlated motions in the molecule.

6.2.3 Mutual Information Expansion

The Mutual Information Expansion (MIE) [327] is a non-parametric

approach that estimates the probability density of all coordinates by factor-

izing the full density and truncating at certain orders of approximation using

the Generalized Kirkwood Superposition Approximation (GKSA) from liquid

theory. As a simple example, the second order approximation of a three di-

mensional density function of coordinates q1, q2, and q3 is

ρ(2)(q1, q2, q3) =
ρ(q1, q2)ρ(q1, q3)ρ(q2, q3)

ρ(q1)ρ(q2)ρ(q3)
, (6.8)

where the numerator includes joint distributions of all possible pairs of co-

ordinates and the denominator includes the marginal distributions of each

coordinate. Substituting this into Eq. 6.4 and expanding the logarithm gives

the second order MIE approximation of Sint:

Sint ≈ SMIE
2 = S1(q1)+S1(q2)+S1(q3)−I2(q1, q2)−I2(q1, q3)−I2(q2, q3), (6.9)

where the mutual information (MI) term is defined as I2(qi, qj) = S1(qi) +

S1(qj) − S2(qi, qj). The general functional forms of S1 and S2 are given by
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Eq. 6.4 but with their subscripts indicating that the entropy integral is over

a marginal or joint distribution, respectively. Note that the sum over the S1

terms in Eq. 6.9, which we will refer to as SMIE
1 , is equivalent to the first term

in Eq. 6.7. While the QHA and BQH methods account for correlations among

coordinates via a harmonic approximation, MIE estimates the entropic con-

tribution to Sint due to correlations directly from the joint distributions that

define the MI terms. For a more complete discussion of MIE, its application

to a number of molecular systems, and its generalization to higher order ap-

proximations with any number of internal coordinates we refer to [327]. In

this paper, we will at most consider a third order approximation of ρ(q) with

the corresponding estimate of Sint given by

Sint ≈ SMIE
3 = SMIE

2 + I3(q1, q2, q3). (6.10)

For a system with more internal coordinates, Eq. 6.10 will include an I3 term

for each coordinate triplet. The various marginal and joint distributions of in-

ternal coordinates can be estimated by constructing the necessary histograms

from MD simulation trajectories. While in principal, ρ(q) may be approxi-

mated at higher orders, practically it may become computationally prohibitive

to achieve the necessary conformational sampling required to converge esti-

mates of SMIE
3 , even for small systems, due to the sparseness of the three

dimensional histograms. This problem may be mitigated to a certain extent

by using coarser histogram bins or alternative binning strategies.

The focus of this paper is on estimating the change in free energy and
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conformational entropy when an ensemble of disordered polypeptide structures

is restricted or confined to particular conformational states. We use this pro-

cess, hereafter referred to as ensemble confinement, as a general framework to

study the thermodynamics associated with order-disorder transitions of short

IDRs (e.g. due to protein binding). In the following section, we describe a

general approach to estimate the free energy of ensemble confinement and its

relationship to conformational entropy.

6.2.4 Free Energy of Ensemble Confinement

We start by assuming there areM states that occupy mutually exclusive

regions of conformation space. The probability of observing a conformation in

state j is pj. Each state has an internal energy (Uj) and intra-state entropy

(Sintra
j ) that represents the degeneracy of the state. The dimensionless entropy,

Sintra
j /kB, is related to the conformational density of states within state j. The

conformational entropy, or entropy of the ensemble, excluding rotation and

translation, may be decomposed into two terms [333, 334] as

Sens =
M∑
j

pjS
intra
j − kB

M∑
j

pj ln pj = Sintra + Sstate, (6.11)

where Sstate is the entropy associated with the predefined, available states,

M . The free energy of restricting or confining the ensemble to a single state

i is ∆Ai = ∆Ui − T∆Si where ∆Ui = Ui − 〈U〉 and ∆Si = Sintra
i − Sens.

Substituting Eq. 6.11 into the expression for ∆Ai and rearranging terms gives
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∆Ai = Ui − TSintra
i +

M∑
j

pj
(
−Uj + TSintra

j − kBT ln pj
)
. (6.12)

Using the fact that

pj =
eS

intra
j /kB−βUj

Z
, (6.13)

where Z is the partition function that normalizes pj, Eq. 6.12, as expected,

simplifies to

∆Ai = −kBT ln pi. (6.14)

Eq. 6.14 indicates the free energy of ensemble confinement, ∆Ai, depends

only on temperature and the probability of state i, and is always positive or

unfavorable since pi ≤ 1. The average free energy of ensemble confinement

across the possible states is

〈∆A〉 =
M∑
i

pi ∆Ai = −kBT
M∑
i

pi ln pi = TSstate. (6.15)

While any collective variable may be used to define state i, we follow

the approaches of [334, 335] by defining the conformational state of oligo-

glycine in terms of backbone dihedral angles. As detailed in the Methods

section, we calculate the dihedral angle contribution to the conformational en-

tropy (Sint) of successively longer oligoglycines using the QHA, BQH, and MIE

approaches and, using the framework presented above, we quantify the extent
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of conformtional entropy, and free energy, lost upon confining the ensemble of

oligoglycine structures to particular conformational states.

6.3 Methods

We use oligoglycine as a model to study the backbone contributions to

the thermodynamics associated with order-disorder transitions of short IDRs.

Oligoglycine (GlyN where N is the number of residues) is a protein backbone

mimic and model disordered polypeptide [98–100, 112, 119, 153]. Tracts of

oligoglycine can be found in IDRs [168] and high glycine content has been

associated with compact IDRs [96]. Using MD simulations we sample the

structural ensemble of successively longer oligoglycines and calculate the dihe-

dral angle contributions to the absolute conformational entropy as a function

of chain length. Units of entropy (eu) are cal/mol/K. Since a protein contain-

ing an IDR may impose some structural constraints on the disordered region,

we consider these entropy estimates as a function of end-to-end distance and

radius of gyration. Using the ensemble confinement framework presented in

the Theory section, we determine the extent of backbone entropy lost or gained

when oligoglycine is constrained to or released from particular conformational

states. Below we provide details on the oligoglycine model, MD simulation

parameters/protocol, and the application of the various methods discussed in

the Theory section to calculate the backbone dihedral conformational entropy.
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6.3.1 System and Simulations

Gly3, Gly4, Gly5, Gly10, and Gly15 were built in an extended conforma-

tion with neutral acetyl (ACE) and N-methylamide (NME) caps using XLeap

in AmberTools [127]. Each oligoglycine was solvated in a box of TIP3P wa-

ter with at least a 10Å padding to the walls of the box. Simulations were

performed with NAMD 2.9 and 2.10 [143] with the Amber ff12SB [127] at

constant temperature (300K) and pressure (1 atm). MD trajectories of Gly3

and Gly10 were taken from a previous study [26] and the same parameters were

used here to simulate the remaining oligoglycines. Briefly, a steepest descent

minimization was performed for each system followed by production simula-

tions with a 2 fs time step using the Velocity Verlet algorithm. A Langevin

thermostat and barostat were used to maintain temperature and pressure, rep-

sectively. A cutoff of 12Å was used for non-bonded interactions and the Van

der Waals interactions were attenuated with a switching function beginning

at 10Å. Full electrostatic interactions were calculated every two steps using

Particle Mesh Ewald (PME) with a 1Å grid spacing. To be consistent with

Amber’s non-bonded exclusion policy, 1-4 scaling was set to 0.8333. Bonds

involving hydrogen atoms were fixed with SHAKE. Gly3, Gly4, Gly5, Gly10,

and Gly15 were simulated for 300, 550, 995, 950, and 1150 ns, respectively,

after dropping at least 20 ns for equilibration. Coordinates were saved for

analysis every 1 ps.
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6.3.2 Dihedral Angle Conformational Entropy

From simulations of each oligoglycine, we construct trajectories of the

φ and ψ backbone dihedral angles, neglecting the nearly rigid ω angles, and

calculate the backbone conformational entropy (Theory section). We refer to

the entropy estimates from each method as SQHA, SBQH, and SMIE, respec-

tively. By considering only dihedral angles, we are assuming they, as a set,

contribute to the conformational entropy, Sint (Eq. 6.4), independent of the

bonds and angles that define the BAT coordinate system. That is, we assume

any changes in the entropic contributions of dihedral-bond and dihedral-angle

correlations are negligible. SQHA, SBQH, and SMIE were calculated as a func-

tion of oligoglycine length.

6.3.2.1 Quasi-harmonic and Boltzmann Quasi-harmonic Analysis

To calculate SQHA and SBQH using Eqs. 6.6 and 6.7, dihedral angles

were represented on the unit circle in the complex plane, which is convenient to

construct the variance-covariance (σσσ) matrix, and subsequently, the correlation

matrix (C) for angular coordinates [336]. Each element of σσσ is computed as

σij = 〈ZiZ∗j 〉 − 〈Zi〉〈Z∗j 〉, where Z is the complex representation of dihedral i

or j and Z∗ is the complex conjugate. The diagonal terms were factored out of

σσσ to give C (see Theory section), which can then be directly used in Eqs. 6.6

and 6.7 to calculate SQHA and SBQH, respectively. For SBQH, histograms of

each dihedral angle were constructed on the range [−π, π] using 180 bins to

evaluate the exact Boltzmann entropy expression in Eq. 6.7. Note that the
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summations in Eqs. 6.6 and 6.7 are over the 2Nres dihedral angles, where

Nres is the number of glycine residues, and that the correlation matrix has

dimensions of 2Nres × 2Nres.

6.3.2.2 Mutual Information Expansion

With Eqs. 6.9 and 6.10, the second (SMIE
2 ) and third (SMIE

3 ) order MIE

approximations of the full entropy were calculated from the marginal and joint

distributions of the 2Nres dihedral angles using the program ACCENT [327].

Marginal and two-dimensional probability distributions were approximated

with histograms using 120 bins over the range [−π, π]. An analysis of SMIE
2

versus bin size suggested that 120 bins in each dimension was sufficient to

converge SMIE
2 to within 1 − 2 eu of those calculated with 110 and 130 bins

for all oligoglycines. However, SMIE
3 is much more sensitive with respect to

the number of bins, and due to the sparseness of the 3D histograms, 20 bins

were used in each dimension to calculate SMIE
3 . We also explored the use of

an alternative, second order MIE truncation strategy in which each residue

in oligoglycine is assumed independent of one another. Here, SMIE
res is calcu-

lated using only the mutual information (MI) terms for the φ and ψ angles

within each residue and ignoring those terms that include dihedrals from dif-

ferent residues. SMIE
res will always be greater than or equal to SMIE

2 since the

latter includes more MI terms that may potentially reduce SMIE
res . Equality is

achieved only when each residue represents an independent subsystem. How-

ever, depending on the strength of correlated dihedral motions and the desired
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accuracy, SMIE
res may be a reasonable and less computationally demanding ap-

proximation of SMIE
2 since histograms of all pairs of dihedrals are not needed.

In a similar fashion, if no third order, or higher, correlations exist between

dihedrals, SMIE
2 = SMIE

3 , and so on.

6.3.2.3 Convergence

To assess convergence, all entropy estimates were monitored as a func-

tion of simulation time. SMIE
2 and, to a greater extent, SMIE

3 , showed poorer

convergence than SQHA, SBQH, and SMIE
res , especially for Gly10 and Gly15. To

improve accuracy, functions of SMIE
2 and SMIE

3 with respect to time (t) were

individually fit to a hyperbolic function, f(t) = a − b/t, for all oligoglycines.

The asymptotes (a) were used as an additional approximation of SMIE
2 and

SMIE
3 and are referred to as SMIE,fit

2 and SMIE,fit
3 , respectively.

6.3.3 Effects of Structural Constraints on Entropy Estimates

A preliminary analysis of the Gly10 and Gly15 MD trajectories suggested

that constraints on the end-to-end distance (R), defined between carbons in

the ACE and NME caps, and radius of gyration (Rg) only weakly affected the

dihedral angle populations, and, therefore, likely the dihedral conformational

entropy. Due to a lack of conformational sampling from the explicit solvent

MD simulation, particularly at values of R and Rg far from average, eight

implicit solvent simulations of Gly15 were performed with end-to-end distances

restrained to 5, 10, 15, 20, 25, 30, 35, and 40 Å using a harmonic bias potential
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and the Amber ff12SB force field. Simulations were conducted at constant

temperature (300K) and volume with NAMD 2.11 [143] using the Generalized

Born implicit solvent model and a de-screening cutoff of 12 Å.

A force constant of 25 kcal/mol/Å
2

was used for the harmonic bias po-

tential to restrain R. Simulations were run for 1µs each with 10ns dropped

for equilibration. SMIE,fit
2 and SMIE,fit

3 were calculated as discussed in previ-

ous sections as a function of R. The trajectories were further partitioned by

selecting conformations with an Rg centered at 6, 7, 8, 9, 10, 11, 12, and

13 Å ± 0.5 Å. SMIE,fit
2 and SMIE,fit

3 were similarly calculated as a function of

Rg. Additionally, we compute the one dimensional entropy (SMIE
1 ) from the

marginal distributions of each dihedral angle (i.e.
∑2Nres

i S1 in Eq. 6.9).

6.3.4 Ensemble Confinement Free Energy

We use the ensemble confinement framework presented in the Theory

section to estimate the change in free energy (∆Ai) upon limiting the ensem-

ble of oligoglycine structures to some conformational state, i. To define the

reference state, we follow an approach similar to [334, 335, 337]. We begin by

partitioning the two-dimensional φ-ψ map (Figure 6.1) of a glycine residue

into six regions, labeled 1-6, that correspond to a high energy region (1), β

sheet (2), right (3) and left (4) ppII, and right (5) and left (6) α helix regions.

For a given oligoglycine conformation sampled from an MD simulation, each

residue, j ∈ [1 . . . Nres], is assigned to one of these six regions given its φ-ψ

pair. The conformational state (i) is then defined as i = {d1, d2, . . . , dNres}
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where dj takes on values of 1-6. The free energy change of confining oligo-

glycine to state i is calculated using Eq. 6.14 as ∆Ai = −kBT ln pi. For Gly3,

Gly4, and Gly5, pi was calculated as pi = hi/nf where hi is the number of

times oligoglycine visited conformational state i and nf is the total number of

observations, or simulation frames.

While pi may be accurately estimated for the short oligoglycines, it is

much more challenging to obtain a statistically meaningful, or physically rep-

resentative, estimate of pi for long oligoglycines as, for example, there are 615

possible conformational states of Gly15, most of which are transiently popu-

lated. Therefore, we treated Gly10 and Gly15 as being composed of two and

three independent, yet connected, systems of Gly5, respectively. pi can then

be factored into joint probability distributions of the Gly5 blocks, and approx-

imated as

pi ≈ p̃i =

{
p({d1−5})p({d6−10}), for Gly10

p({d1−5})p({d6−10})p({d11−15}) for Gly15.

For Gly10 and Gly15, ∆Ai is evaluated using the approximate distribution, p̃i,

with Eq. 6.14. The average change in free energy over all observed conforma-

tional states is given by Eq. 6.15 as 〈∆A〉 =
∑M

i pi∆Ai. While p̃i was used to

estimate ∆Ai for Gly10 and Gly15, we use the full distribution, pi = hi/nf , to

calculate the weighted average to limit any systematic error introduced by as-

suming they can be decomposed into independent blocks of Gly5 and to ensure

that the frequencies of conformational state, i, observed in the simulations are
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Figure 6.1: φ-ψ free energy map. For illustrative purposes, a 2D histogram of
φ,ψ dihedral angles was constructed across all residues from an MD trajectory
of Gly15. The histogram was converted to a free energy map relative to the
most populated bin. Regions with values greater than 3.5kcal/mol are colored
white. The map is partitioned into 6 regions, which are used to define the
conformational state of oligoglycine. States 2, 3, 4, 5, 6 correspond to β,
ppIIR, ppIIL, αR, and αL regions, respectively. State 1 corresponds to a high
energy region (Hi).

adequately accounted for. Additionally, to study the effects of inter-residue

correlations, we computed 〈∆A〉 for all oligoglycines assuming each residue is

independent of the others (i.e. pi ≈ p(d1)p(d2) . . . p(dNres). We refer to these

estimates as 〈∆A〉res and those based on the joint probability distributions

(pi or p̃i) as 〈∆A〉oligo.
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6.4 Results

We wish to better understand the thermodynamics associated with con-

formational transitions of short IDRs, and, in particular, the free energy af-

forded to such transitions in the form of backbone conformational entropy.

We begin by calculating the dihedral angle contribution to the absolute con-

formational entropy (hereafter simply referred to as conformational entropy)

of successively longer oligoglycine polypeptides (Gly3−5, Gly10, and Gly15).

Comparing the QHA, BQH, and MIE methods, we calculated the conforma-

tional entropy (S) from the φ and ψ backbone dihedral angles, sampled from

MD simulations. Superscripts are used to denote the method used to calculate

the conformational entropy, and, for the MIE approach, subscripts indicate the

order of approximation, or truncation strategy (see Methods). Entropy units

(eu) are cal/mol/K. Then we investigate the conformational entropy as a

function of end-to-end distance (R) and radius of gyration (Rg) of Gly15 using

restrained, implicit solvent simulations since IDR-containing proteins likely im-

pose global, structural constraints on the disordered region and order-disorder

transitions may alter R and Rg. Lastly, we consider the extent of conforma-

tional entropy lost or gained as free energy when oligoglycine is constrained

to or released from particular conformational states.

6.4.1 Conformational Entropy Scaling with Chain Length

Figure 6.2 shows the scaling of SQHA, SBQH, SMIE
res , SMIE,fit

2 , and SMIE,fit
3

as a function of oligoglycine chain length. SMIE,fit
2 , and SMIE,fit

3 are taken as
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the asymptotes of hyperbolic fits of SMIE
2 and SMIE

3 , respectively, as functions

of simulation time for each oligoglycine individually. The hyperbolic fits were

robust for all oligoglycines and all yielded R2 ≥ 0.99. As discussed in the

Methods section, SMIE
res is an alternative, second order MIE approximation

where we treat each glycine residue as independent of the others by ignoring

mutual information terms that include dihedrals from two different residues.

The data plotted in Figure 6.2 are provided in Table D.1. The various entropy

estimates in Figure 6.2 all scale linearly with the number of residues, or chain

length, with slopes ranging from 3.86−5.57 eu/res, or 1.16−1.67 kcal/mol/res

at 300K (Table D.1). Slopes were estimated from least squares fits, all of which

yielded values of R2 ≥ 0.99.

Figure 6.2: Backbone conformational entropy scaling with oligoglycine chain
length. Superscripts indicate the method used. For the MIE entropy estimates,
subscripts denote the order of approximation or truncation strategy. SMIE,fit

2

and SMIE,fit
3 are taken as the asymptotes of hyperbolic fits of SMIE

2 and SMIE
3 ,

respectively, as functions of time (see Methods section for more detail).
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The difference, or range, in slopes can be attributed to the assumptions

or approximations underlying each method used to calculate conformational

entropy (Theory section). Here, SQHA is a strict upper bound on the true

conformational entropy, and, as expected, SQHA > SBQH > SMIE
res > SMIE,fit

2 >

SMIE,fit
3 across chain lengths since each method, in the given order, more ac-

curately captures the multimodal distributions of and/or correlations among

dihedral angles than those preceding. With respect to the MIE approach, MI

terms may effectively reduce the entropy if there are substantial correlations

among dihedrals along the oligoglycine backbone. We find that differences

between SMIE
res , SMIE,fit

2 and SMIE,fit
3 are at most ∼ 1.1 eu for Gly3, Gly4, and

Gly5 suggesting that the most significant correlations exist between φ and ψ

dihedrals within each residue and that SMIE
res largely accounts for the entropic

contributions of these correlations. For Gly10 and Gly15, differences between

SMIE
res and SMIE,fit

2 increase slightly to ∼ 2 eu while a much greater difference

is observed between SMIE,fit
2 and SMIE,fit

3 . This large difference between the

latter two is likely due to insufficient conformational sampling and the large

bin widths required to estimate SMIE
3 . All second order MI terms, or entropies,

were less than 0.02 eu for pairs of dihedrals separated by two or more residues

in Gly15, suggesting that long range correlations are minimal in GlyN systems,

even at this longer chain length (data not shown). That significant correlations

do not span multiple glycine residues is consistent with various estimates of

the persistence length being on the order of 1−2 residues for denatured or un-

folded proteins [107, 145, 338, 339]. When excluding SMIE,fit
3 for Gly15, linear
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fits of SMIE
res , SMIE,fit

2 , and SMIE,fit
3 yielded slopes of 4.73, 4.52, and 4.11 eu/res,

respectively.

For the oligoglycine systems considered here, we find that SQHA, SBQH,

and SMIE
res converge considerably faster with respect to time than SMIE

2 and, to a

greater extent, SMIE
3 . As an example, Figure 6.3 shows the trajectories of these

entropy estimates for Gly15. We also provide trajectories of the MIE entropies

for all oligoglycines in Figures D.1 and D.2. Hyperbolic fits of the SMIE
2 and

SMIE
3 trajectories were robust across all oligoglycines (R2 ≥ 0.99 for all) and

allows us to probe the convergence properties of these entropy estimates. For

Gly3−5, sampling was sufficient to converge SMIE
2 and SMIE

3 to within less than

1 eu of their asymptotic values (SMIE,fit
2 and SMIE,fit

3 , respectively). However,

for Gly15 we estimate that it would take ∼5.9µs and ∼34.6µs of simulation

time to converge SMIE
2 and SMIE

3 to within 1 eu of their asymptotes (Table D.1).

The hyperbolic nature of the SMIE
2 and SMIE

3 trajectories may only be relevant

for the oligoglycine systems considered here in which the residues are highly

uncoupled. However, future work is warranted to determine if SMIE
2 and SMIE

3

follow hyperbolic trajectories for other short, disordered polypeptides as rel-

atively short simulations could be run to establish the initial scaling of the

hyperbola after which a least squares fit could be performed to conveniently

extract the asymptotes of SMIE
2 and SMIE

3 .
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Figure 6.3: Trajectories of Gly15 conformational entropy estimates with respect
to simulation time. The dashed lines indicate the asymptotes, SMIE,fit

2 and
SMIE,fit

3 , of the hyperbolic fits of SMIE
2 and SMIE

3 , respectively, and are colored
accordingly.

6.4.2 Effects of Structural Constraints on Dihedral Conformational
Entropy

To determine if structural transitions altering the end-to-end distance

(R) or radius of gyration (Rg) of and IDR elicit a significant entropic change,

we performed microsecond implicit solvent simulations of Gly15 constrained

to eight different values of R. We further partitioned conformations by Rg

as described in the Methods section. Then we calculated the conformational

entropy using the MIE approach as a function of R and Rg. We find that

SMIE
1 (one-dimensional entropy), SMIE,fit

2 , and SMIE,fit
3 are largely independent

of R and Rg (Figure 6.4, Table D.2) with the greatest effects observed at their

extreme values. Furthermore, these entropy estimates are also very consistent

with those obtained from the unconstrained, explicit solvent simulations (Table
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D.1). It appears, then, that global, structural changes in R or Rg, perhaps

due to protein binding, produces only a minimal change in backbone entropy

when compared to the absolute conformational entropy that could potentially

be lost or gained up such structural transitions (e.g. SMIE,fit
3 ≈ 64 eu, or

TSMIE,fit
3 ≈ 19.2 kcal/mol at 300K). In the following section we explore the

extent of conformational entropy lost as free energy when individual residues

are constrained to particular regions of the φ-ψ map (i.e. local vs. global

constraints).

Figure 6.4: First (SMIE
1 ), second (SMIE,fit

2 ), and third (SMIE,fit
3 ) order MIE ap-

proximations of the conformational entropy of Gly15 as a function of end-to-end
distance and radius of gyration. Implicit solvent simulations of Gly15 were
performed with the distance between terminal carbons constrained to eight
different values with a harmonic bias potential. Conformations were then par-
titioned by radius of gyration. The first order MIE approximation is given as∑2Nres

i S1 (i.e. sum over 1D terms in Eq. 6.9).

6.4.3 Ensemble Confinement Free Energy

Short IDRs often undergo transitions to more ordered or disordered

states in response to, for example, protein/ligand binding, post-translational

modifications, or environmental changes, among others [39, 44, 47, 48, 72,
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340, 341]. Towards developing a more quantitative understanding of the role

of backbone conformational entropy in such transitions, we use the ensemble

confinement approach presented in the Theory section to calculate the loss

(gain) of conformational free energy, and its entropic component, when indi-

vidual residues of oligoglycine are constrained to (released from) particular

regions of the φ-ψ map. We define a conformational state (i) of oligoglycine as

the composition of six possible dihedral states assigned to each residue accord-

ing to the partition of the φ-ψ map given in Figure 6.1 (see Methods section

for more detail). Multiple oligoglycine structures sampled during simulations

can populate a particular conformational state (e.g. all residues in the α-helix

region) and the change in free energy required to limit or collapse the struc-

tural ensemble to that state is given by Eq. 6.14 as ∆Ai = −kBT ln pi, where

pi is the probability of observing oligoglycine in state i. For Gly3−5, pi is cal-

culated directly from the observed frequencies of state i from simulation while

for Gly10 and Gly15 pi is approximated by assuming they are composed of two

and three independent, contiguous blocks of Gly5, respectively. ∆Ai calculated

with this definition of pi will be denoted as ∆Aoligo
i . Additionally, to study

the effects of correlations among residues, we calculate ∆Ai by approximating

pi as the product of the probabilities of each residue being in one of the six

predefined regions of the φ-ψ map for all oligoglycines. These estimates will

carry the superscript “res”.

A simple relationship between the confinement free energy and con-

formational entropy emerges when we consider the average of ∆Ai over the
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possible conformational states. Eq. 6.15 gives 〈∆A〉 = TSstate where Sstate

is the entropy related to the number of possible oligoglycine conformers. We

find that both 〈A〉oligo and 〈A〉res scale linearly with oligoglycine chain length

(Figure 6.5, Table D.3). Least squares fits of 〈A〉oligo and 〈A〉res yielded similar

slopes of 0.94 and 0.99 kcal/mol/res, respectively. The corresponding slopes

of Sstate
oligo and and Sstate

res are 3.14 and 3.28 eu/res, which represents a significant

fraction of the absolute conformational entropy per residue. In other words, a

large portion of the conformational entropy, on average, is lost as free energy

when the structural ensemble is confined to particular state. For example, the

Figure 6.5: Scaling of confinement free energy with oligoglycine chain length.
For Gly3−5, 〈∆A〉oligo was calculated from the joint distributions of φ-ψ dihe-
dral state assignments across residues while those for Gly10 and Gly15 were
approximated using the joint distributions of two and three consecutive blocks
of Gly5, respectively. 〈∆A〉res is estimated from the product of the marginal
distributions of the per residue state assignments (see Methods section).
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slope of Sstate
res is roughly 69% of that estimated for SMIE

res and the remaining

entropy can be attributed to the internal entropy within the conformational

states, which is often referred to as vibrational entropy [333, 334]. The slope of

Sstate
oligo is 85% of that measured for SMIE,fit

3 and 80% when excluding Gly15. That

〈A〉oligo and 〈A〉res exhibit similar scaling profiles with respect to oligoglycine

length again suggests that oligoglycine can be reasonably modeled as a system

of uncoupled glycine residues, even up to fifteen residues. These results were

also independently confirmed using the program CENCALC [342] (data not

shown).

Next, we provide more detail on the results for Gly15. Over the ∼1.1µs

simulation, Gly15 visited roughly 400,000 unique conformational states. Fig-

ure 6.6 (left) shows a plot of ∆Aoligo
i across the visited states, which are arbi-

trarily numbered and ordered by increasing values of ∆Aoligo
i . ∆Aoligo

i is large

and unfavorable and spans a range of ∼10−20 kcal/mol, corresponding to the

most and least energetically favorable, or probable, states, respectively. The

characteristic sigmoidal shape of ∆Aoligo
i shows that there are a large number

of somewhat energetically degenerate conformational states with very similar

values of ∆Aoligo
i . Conformational states with the lowest values of ∆Aoligo

i are

characterized by a higher poly-proline II content (Figure 6.6, right) while those

states with the highest values are composed of residues more equally propor-

tioned across the six major regions of the φ-ψ map (Figure 6.1). Interestingly,

the confinement free energy is insensitive to α-helical content.
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Figure 6.6: (Left) Gly15 confinement free energy as a function of conforma-
tional states (i). The vertical bar chart is a histogram of ∆Aoligo

i values.
(Right) Fraction of residues falling within the six partitions of φ-ψ map as a
function of the average confinement free energy (∆A) taken over a sliding, non-
overlapping window of 100 conformational states, ordered by increasing values
of ∆Aoligo

i . A windowing average was taken to reduce noise and is different
than the weighted average, 〈A〉oligo, which is taken across all conformations.

6.5 Discussion and Conclusions

A quantitative understanding of conformational entropy is necessary to

uncover the biophysical mechanisms underlying the diverse functions of IDRs.

Qualitatively, we understand that conformational entropy effectively broad-

ens or flattens the free energy landscape of IDRs, permitting the rapid inter-

change among energetically similar, yet functionally distinct, conformations.

Additionally, regulatory mechanisms have evolved to modulate conformational

entropy, and thus bias the free energy landscape, to discriminate functional

states in response to cellular demands (e.g. spatio-temporal regulation of TFs

is, in part, facilitated by large, disordered regulatory domains). Ubiquitous

to IDR function and these regulatory mechanism is the ability of IDRs, many

of which tend to be short, to undergo structural transitions between more
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ordered and disordered states (i.e. order-disorder transitions). Here we com-

puted the thermodynamics underlying such order-disorder transitions using a

protein backbone model (oligoglycine), which provides a benchmark or frame-

work with which to compare more sequence-complex IDRs. For example, we

can imagine the complex IDR sequence space as perturbations to the oligo-

glycine model that, through the introduction of correlations via the patterning

of side chains, can bias the backbone structural ensemble.

6.5.1 Conformational Entropy Scaling

The structural and thermodynamic properties of IDRs depend on chain

length. Therefore, we began first by calculating the absolute, backbone confor-

mational entropy of oligoglycine as a function of chain length using the QHA,

BQH, and MIE methods. The conformational entropy of oligoglycine is sig-

nificant (e.g. TSMIE,fit
2 ≈ 20 kcal/mol at 300K) and scales remarkably linearly

with chain length (Figure 6.2). SQHA provides an upper-bound on the true

conformational entropy. Both BQH and MIE improve upon this upper-bound

by more accurately capturing the multimodal (i.e. non-Gaussian) dihedral

angle distributions. However, BQH estimates the entropic contributions due

to second order correlations among dihedrals with a harmonic approximation,

which, for highly disordered polypeptides, may be an unreasonable assump-

tion. Therefore, non-parametric methods, like MIE, provide more accurate

conformational entropy estimates for short IDRs as the effects of correlations

are accounted for directly from joint distributions of dihedral angles. We find,
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though, that SMIE
2 , and to a greater extent, SMIE

3 , suffer from poor conver-

gence. However, both estimates follow hyperbolic trajectories with respect

to time nearly exactly for all oligoglycines studied here, which allowed us to

obtain more accurate estimates from the asymptotes of the hyperbolic fits.

Future work will need to address if the hyperbolic scaling of higher order

MIE entropies extends to other short, disordered polypeptide systems as rel-

atively short simulations could be performed to establish the initial scaling,

after which least squares fits could be performed to extract the asymptotes

of SMIE
2 and SMIE

3 . In theory, accounting for higher order correlations should

yield more accurate entropy estimates. From a detailed error analysis, Li et

al. [343] found this may only hold true for small systems (less than 35 degrees

of freedom) since the number of correction (mutual information) terms, each

of which carry statistical error, grows very rapidly with system size. This, in

effect, can counteract the benefit of considering higher order terms.

Taken together, the linear scaling of the various conformational en-

tropy estimates and the similarity between the MIE estimates suggests that

oligoglycine can be reasonably approximated as an independent set of glycine

residues with SMIE
res capturing the greatest effects of correlations along the

chain. The entropic contribution of ∼ 1.4 kcal/mol/res to the absolute free

energy of oligoglycine points to the fact that alternative splicing and insertion-

deletion mutations can substantially alter the thermodynamics, and thus func-

tions, of IDRs in a length dependent manner.
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6.5.2 Remodeling of the Disordered Ensemble

We next sought to understand the nature of structural transitions that

are able to elicit substantial entropic or free energetic responses. Protein or

ligand binding, particularly in allosteric systems, and changes in environment

can remodel the disordered structural ensemble [44] of an IDR (e.g. extended

disorder vs. collapsed disorder). Using end-to-end distance (R) and radius

of gyration (Rg) as disorder descriptors, we calculated the conformational en-

tropy of Gly15 from restrained, implicit solvent simulations as a function of

these global, structural parameters. We found that the conformational entropy

of oligoglycine is largely independent of both R and Rg, suggesting that the

energetic barrier to bias the Gly15 ensemble to values of R and Rg away from

their intrinsic averages may be enthalpic, rather than entropic, in nature. This

supports our working hypothesis that the collapse of oligoglycine in aqueous

solution is driven by the amplification of weak, non-covalent backbone inter-

actions in a length dependent manner and not a consequence of solvation and

conformational entropic penalties [95, 98, 99, 102]. That conformational en-

tropy does not oppose remodeling of the disordered structural ensemble may

be a necessary property for certain types of disorder-mediated allostery [44].

6.5.3 Order Transitions at Binding Interfaces

A more commonly observed structural transition is the binding-induced

folding of IDRs that directly interface target proteins. These processes, which

typically involve short polypeptide sequences on the order of∼10 amino acids [7,
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53], necessitate a significant loss of conformational entropy. Assuming that all

dihedrals in our oligoglycine model are fixed in a bound or folded state, we

can estimate the loss of conformational entropy (∆S) from the absolute con-

formational entropy scaling profiles in Figure 6.2. The MIE estimates yield

T∆S = 1.16 − 1.42 kcal/mol/res, which is consistent with the loss of en-

tropy upon folding of well-structured proteins reported from a number of dif-

ferent experimental and computational studies. For example, Thompson et

al. [344] estimated the absolute conformational entropy of the protein back-

bone, and consequently that lost upon folding, to be 4.16 − 4.92 eu/res, or

1.25 − 1.48 kcal/mol/res at 300K, from AFM experiments of beta-sheet do-

mains. From simulations of ubiquitin in the denatured and folded states, Baxa

et al. [337] calculated an average T∆S of 1.1 ± 0.3 kcal/mol/res. They also

provide a detailed survey of the literature and found T∆S to range between

0.9 and 2.2 kcal/mol/res, with a median of 1.4 kcal/mol/res, which is pre-

cisely the slope of SMIE
res reported here. The dihedral angle contribution to

the conformational entropy appears to be a significant fraction, if not all, of

∆S. That ∆S is consistent across very different biological systems may be ex-

plained by the conservation of diheral correlations between adjacent residues

in the disordered (denatured) and the bound (folded) states, such that their

entropic contributions cancel when measuring or calculating ∆S [337, 343].

The ensemble confinement framework provides a simple relationship

between the average free energy of confining (releasing) oligoglycine across ob-

served conformational states from simulation with the entropy associated with
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the multiplicity of those states, Sstate (Eq. 6.15). We find that the protein back-

bone largely resists ordering or structuring as 〈∆A〉res and 〈∆A〉oligo are unfa-

vorable and increase considerably with chain length (0.94 and 0.99 kcal/mol/res,

or 3.14 and 3.28 eu/res corresponding to slopes of Sstate, respectively). Side

chains may help lower this energetic barrier in IDRs. From an analysis of 103

polypeptide-protein complexes, London et al. [345] found an average polypep-

tide length of ∼ 9 amino acids with the polypeptide forming, on average,

∼ 8 hydrogen bonds at the interface. Additionally, polypeptide-protein in-

terfaces use significantly more main-chain/main-chain hydrogen bonds than

larger protein-protein interfaces, suggesting that binding, and folding, may be

achieved with a limited number of side chains, or “hot-spots”. In other words,

the protein backbone appears equipped to provide, at least partially, compen-

sating enthalpic interactions to promote folding upon binding, or recognition.

Assuming a 10-mer polypeptide can form 8 hydrogen bonds, the free energy

of hydrogen bond formation is about 12 kcal/mol at 1.5 kcal/mol/bond, which

is slightly larger and more favorable than the 〈∆A〉oligo = 9.74 kcal/mol we

calculated for Gly10.

For Gly15, the sigmoidal shape of ∆Aoligo
i (Figure 6.6) as a function

of the conformational states (i) shows that the confinement free energy is

similar across a substantial number of structurally distinct states. Of the

∼400,000 unique states that Gly15 visited, ∼136,000 (34%) have values of

〈∆A〉oligo between 14 and 15 kcal/mol. That the ∆〈∆A〉oligo is small between

a substantial number of conformations of our protein backbone model may help
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explain the ability of the same IDR sequence to assume different structures

when binding multiple different targets[40]. This necessitates a small energetic

barrier due to conformational entropy between bound structures given that the

same IDR sequence is likely limited in its ability to modulate binding enthalpy

significantly.

6.5.4 Disorder Transitions

While much of the literature has focused on the more common order-to-

disorder transitions of IDRs at binding interfaces, Uversky provides a detailed

review of a number of biological examples in which disorder is “awakened” in

protein regions in response to binding as well as environmental changes[46, 47].

With respect to protein or ligand binding, order-to-disorder transitions are ob-

served in short amino acid sequences distal to the binding interface[47, 48, 72].

The initial binding event may provide the necessary work to unfold the ordered

region, allowing the protein backbone access to the disordered ensemble with

a concomitant, substantial increase in conformational entropy, which can co-

operatively promote binding. From our results, we approximate this favorable

gain in free energy per residue that unfolds as the slope of −〈∆A〉oligo, which

is −0.99 kcal/mol. For Gly15 this is significant at roughly −15 kcal/mol. This

order-to-disorder mediated cooperativity, or entropic expansion of conforma-

tion space, has been proposed as a mechanism to target disordered proteins

with small molecules [73]. We note that ligand binding can also induce fold-

ing in regions away from the binding site and, in a few cases, can induce
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the simultaneous folding and unfolding of different regions [48]. Additionally,

binding-induced unfolding can facilitate allostery, for example, by exposing

additional binding sites [44].

6.5.5 IDRs as Entropic Reservoirs

Wand and coworkers proposed that the residual conformational entropy

of proteins provides an entropic reservoir that may be energetically coupled to

ligand binding [320, 346]. Evidence continues to mount that supports this idea

[317–320, 346]. For example, changes in conformational entropy, primarily at-

tributed to changes in side chain dynamics or fluctuations, have been shown

to promote or suppress protein/ligand binding to well-structured proteins.

The ability of zinc to allosterically inhibit homodimeric CzrA (chromosomal

zinc-regulated repressor) binding to DNA is a particularly interesting exam-

ple [318]. Upon binding DNA, there is an increase in side-chain motions in

CzrA that was estimated to be a significant contribution to the total, favorable

change in entropy. When bound, zinc appears to prevent this favorable change

in entropy by preventing an increase in side-chain dynamics when binding to

DNA, thus decreasing CzrA:DNA binding affinity. Tzeng and Kalodimos [317]

showed that mutations in the catabolite activator protein (CAP), which does

not structurally alter the interface when bound to DNA, can increase or de-

crease the affinity of CAP to the same DNA sequence. They attribute these

changes in affinity to changes in fast internal dynamics, i.e. conformational

entropy, throughout residues in the protein. In well-structured proteins, the
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protein backbone may not have the structural plasticity or capacity to alter

its dynamics to the extent observed for side-chains [319, 346]. That is, in well-

structured proteins, side-chains may be the source of the entropic reservoir.

In an analogy, order-to-disorder and disorder-to-order transitions of

IDRs are able regulate protein binding, or activity in general, through the

coupling of distant sites in a protein [43, 44]. Binding of a ligand at one

site may induce the folding or unfolding of a distal region, which, through a

thermodynamic coupling, may increase or decrease the binding affinity of a

second ligand. Changes in IDR conformational entropy are expected to play

an important role in these processes, yet a quantitative or predictive theory is

lacking. Extending the entropic reservoir concept to IDRs, we may consider

the protein backbone as an entropic reservoir from which free energy may be

extracted or deposited through IDR order-disorder transitions that alter the

backbone conformational entropy.

To further illustrate, we consider an idealized, disorder-mediated model

of allostery that parallels the zinc-binding, negative regulation of CzrA, dis-

cussed above, in Figure 6.7. In this example, TF binding to DNA induces

an order-to-disorder transition in the regulatory domain (RD) or short motif.

The entropic expansion associated with the IDR structural transition contri-

butions favorably to binding (∆G1). A co-factor (CF) can decrease the affinity

(∆∆G = ∆G3−∆G1) of the TF for DNA by 1) binding to and stabilizing the

RD (∆G2), and thus preventing the entropically favorable structural transi-

tion of the RD upon DNA binding or 2) destabilizing the TF:DNA complex
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Figure 6.7: Thermodynamic cycle of an idealized system exhibiting disorder-
mediated, negative allostery. Upon binding DNA, the regulatory domain (RD)
or short regulatory element of a TF undergoes an order-to-disorder transition
that entropically promotes binding. A co-factor may bind to the RD and
prevent the favorable increase in conformational entropy (bottom right), thus
decreasing the binding affinity of the TF for its target DNA sequence.

by reducing the conformational entropy of the IDR (∆G4) relative to its dis-

ordered state (Figure 6.7, top right). In either case, the increase in the free

energy or chemical potential of the CF:TF:DNA complex, relative to that of

the TF:DNA complex, is bounded by the loss of conformational entropy of

the RD (i.e. 0 < ∆∆G < −TSconf). We have clearly neglected a number

of thermodynamic contributions needed for a more physically representative

model (e.g. change in solvent entropy), however our goal with this example

is to illustrate the basic premise of the IDR free energy reservoir concept.
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The backbone conformational entropy, and the free energy required to con-

fine or order oligoglycines, combined with its favorable solvation free energy

that decreases with chain length [99], suggests that significant, compensatory

enthalpic interactions would be required to overcome the energetic/entropic

barrier of structuring the protein backbone, yet still permit switching between

ordered and disordered states. With respect to complex, biologically relevant

IDRs, this source of enthalpy may come from side chain patterning and a

stabilizing interface with its encompassing protein.

Our focus in this paper is not how order-disorder transitions are me-

diated, but rather our goal is to illustrate that the protein backbone confor-

mational entropy represents a sigificant source of conformational entropy (free

energy) that proteins may exploit through IDR conformational transitions to

regulate protein binding, and, ultimately, function. We believe our oligoglycine

model provides an important upper-bound on the amount of conformational

entropy potentially gained or lost as free energy when folding or unfolding of

IDRs is coupled to binding.
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Chapter 7

Summary and Future Directions

Conceptually, the disordered structural ensemble, or conformational

heterogeneity, of IDRs is best characterized by a flat, rugged free energy land-

scape wherein the probability of a particular conformation or conformational

state is directly related to the free energy [39, 46, 89, 92, 93]. The free en-

ergy that shapes this landscape is the result of a complex, delicate balance

between intra-peptide and peptide-solvent interactions, which consequently

influence the entropy of the IDR and solvent. A quantitative understand-

ing of these thermodynamic properties that enable disorder and their depen-

dence on amino acid composition is critical to establishing the first leg of a

sequence-disorder -function paradigm. Such a robust paradigm will reveal not

only the biophysical mechanisms that enable disorder-mediated functions but

also strategies to exploit those mechanisms for therapeutic purposes.

In this dissertation, we have taken a computational approach to parse

out the individual thermodynamic contributions that dictate the disordered

structural ensemble of oligoglycine polypeptides, a protein backbone mimic

and model IDR. We believe our work provides valuable context with which

to consider more sequence-complex IDRs as their sequence composition can
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be viewed as perturbations that alter innate, structural propensities of the

protein backbone. As our main scientific tool, we have used molecular dy-

namics (MD) simulations which not only provide a model of a protein’s struc-

tural ensemble at atomic resolution but also permit the dissection of system

energetics/thermodynamics that are inaccessible to classical, solution exper-

iments [23]. MD simulations rely on potential energy models of intra- and

inter-molecular interactions (i.e. force field) [23], which are typically pa-

rameterized with experimental and theoretical data for well-structured pro-

teins [117, 347]. In Chapter 2 we highlighted how three commonly used protein

force fields predicted conformational ensembles of oligoglycine with clearly dif-

ferent structural properties, which become more pronounced with chain length.

Indeed highly disordered protein systems continue to challenge the accuracy

of molecular mechanics force fields and, since the time Chapter 2 was pub-

lished, there have been numerous re-parameterizations of the CHARMM and

Amber force fields that report improved accuracy with respect to simulations

of IDRs [18, 27, 347, 348]. Nonetheless, molecular simulations in conjunction

with experimental observations, can provide insight into or potential hypothe-

ses explaining the structural and functional mechanisms of IDRs. However,

such mechanistic inferences must be considered in light of force force field-

dependent structural biases.

In solution, experiments and simulations demonstrate that short oligo-

glycines aggregate [95, 112] and long oligoglycines collapse [26, 98, 100, 102,

107, 109]– properties common with polar IDRs like polyglutamine [83, 86].
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What are the biophysical mechanisms driving these phenomena? For short

oligoglycines, we have shown (Chapter 3) that the favorable solvation free

energy (∆Gsol) decreases with chain length and is driven by an increasingly

favorable solvation enthalpy with only a moderate entropic compensation or

penalty. While such a detailed thermodynamic decomposition is computation-

ally intractable for longer oligoglycine systems, we investigated how the free

energy of cavity insertion (∆Gvdw), often attributed to a hydrophobic solva-

tion penalty, of representative structures of Gly10 scaled with solvent accessible

surface area (Chapter 4). Our results indicated that ∆Gvdw actually favors ex-

tended, exposed oligoglycine conformations. Furthermore, the absolute back-

bone conformational entropy of Gly15 is largely independent of end-to-end

distance and radius of gyration (Chapter 6). Taken together, our results sup-

port our working hypothesis that the collapse and aggregation of oligoglycine

systems are due to favorable intra-peptide interactions, dominated by electro-

statics, out-competing the still favorable peptide-solvent interactions, rather

than an entropic or hydrophobic penalty. We propose that the collapse and ag-

gregation of polypeptides and IDRs, devoid of hydrophobic residues, are due to

the same underlying biophysical mechanisms, which should be viewed through

the lens of solubility and the competition of intra- and inter-molecular inter-

actions as opposed to classical hydrophobicity arguments. For example, with

respect to an isolated oligoglycine, the effective, local concentration of residues,

and subsequently potential interaction sites, within oligoglycine increases with

chain length in a manner analogous to increasing the total number of oligo-
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glycines (global concentration) in solution. Despite the fact that the solvation

free energy of oligoglycine is favorable and decreases with chain length, at some

local or global concentration intra-peptide interactions saturate to drive the

collapse or aggregation of oligoglycine. We believe these innate, biophysical

properties of the protein backbone partially explain those of more complex,

polar IDRs.

A logical extension of this work would be to investigate the entropic

contributions to the thermodynamics and kinetics of oligoglycine phase transi-

tions (i.e. aggregation) [95], which would shed light on general IDR-mediated

aggregation processes in vivo. In this crowded yet dynamic aggregate, one

might expect a decrease in oligoglycine conformational entropy relative to

solution to resist phase separation. Alternatively, the number of possible con-

formational arrangements (i.e. configurational entropy) of oligoglycine within

an aggregate may be large enough to compensate for the entropy loss of indi-

vidual oligoglycines. Using the approaches presented in Chapter 6, one could

calculate the loss of oligoglycine conformational entropy, which, when com-

bined with our results of oligoglycine solvation free energy, would provide a

more complete, quantitative description of the phase diagram underlying the

aggregation of oligoglycines and its corresponding chain length dependence.

Furthermore, it would be possible to investigate if oligoglycine conformational

entropy changes with its location or mobility within an aggregate or cluster

(e.g. interior vs. periphery).

Short, functional IDRs are ubiquitous in eukaryotic proteomes and their
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functions (e.g., binding and allostery) are tied to their ability to undergo con-

formational transitions between functionally distinct states (see Chapters 1

and 6 for further discussion). Qualitatively, the large conformational entropy

of IDRs and changes in conformational entropy associated with structural

transitions are predicted to be important to IDR mediated functions, yet a

quantitative and predictive theory is lacking [39, 43, 44]. Towards this goal, in

Chapter 6 we showed that the backbone conformational entropy of our IDR

model is significant and scales remarkably linearly with chain length. Further-

more, using the ensemble confinement framework, we found that oligoglycine

conformational free energy (entropy), in concert with its favorable solvation

energetics, resists structuring or folding of the protein backbone in a length

dependent manner. With respect to more complex IDRs that undergo, for

example disorder→ order transitions, our data suggests that significant, com-

pensatory enthalpic interactions would be required to overcome the innate

entropic barrier of structuring the protein backbone yet still permit switch-

ing between conformational states. The source of enthalpy may come from

side chain patterning or extrinsic environmental factors. We also introduced

the idea that the protein backbone represents a free energy reservoir in which

free energy may be extracted or deposited as conformational entropy through

order → disorder or disorder → order transitions. Allostery or cooperativity

can be achieved when these structural transitions are coupled to distal binding

events. Testing this hypothesis would be challenging and undoubtedly require

a multidisciplinary approach. Below, we propose a possible approach to begin
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testing this hypothesis.

From a bioinformatics study of protein structural databases, Zea et

al. [48] highlighted a number of examples in which short protein regions (5−10

amino acids) became disordered upon ligand binding. Presumably, these

order → disorder transitions are coupled to ligand binding. Using the ap-

proaches outlined in Chapter 6, we can calculate the change in conformational

entropy (∆Sconf) between the ordered and disordered states from simulations

of a representative set of these IDRs in isolation. A more rigorous and poten-

tially more physically accurate approach would be to simulate these regions

in the context of their encompassing proteins, albeit at the expense of com-

putational efficiency. Additionally, biased and enhanced sampling simulation

methods could be used to calculate the total change in free energy associated

with the structural transition. Assuming the binding free energies of these pro-

teins have been measured (e.g., via isothermal calorimetry), mutations could

be introduced to bias the short regions to the disordered state, thus elimi-

nating the binding-induced, disorder transition. Naively, we may consider the

introduction of mutations to decouple the free energy reservoir from ligand

binding and the binding affinity would consequently decrease. Correlations

between the change in binding free energy (∆∆Gbind) of the mutant relative

to the native protein and ∆Sconf we calculated from simulations with the

native IDR could be assessed. While not confirmatory, a strong correlation

between ∆∆Gbind and ∆Sconf would suggest the latter cooperatively enhances

ligand binding in these systems and preventing the order → disorder transi-
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tions eliminates the energetic coupling to the binding site. While a number

of factors have been neglected, like changes in solvent entropy, in theory the

above approach could provide valuable insight into the free energy reservoir

hypothesis.
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Appendix A

Chapter 2: Supplementary Material

A.1 Supplementary Figures

Figure A.1: 3D surface plots of the probability distributions of dihedral angles
for the central residue(s) of Gly3 (a-c) and Gly10 (d-f) across the CHARMM27
(C27), CHARMM36 (C36), and Amber ff12SB force fields. Dihedral angles
were binned on a grid with 2◦ bin widths and then normalized by total count
without the transformation to a free energy representation as described in the
Methods section of Chapter 2.
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Figure A.2: (a) 3D probability distribution of glycine dihedral angles from
147151 observations in the Protein Data Bank (PDB)1. Glycine dihedrals
were compiled with the Protein Geometry Database2 with the following search
settings: Resolution 0-1.2 Å, R-factor 0-0.25, R-free 0-0.3, Threshold 25%. Bin
widths were 2◦ on a side. (b) Contour plot depicting the free energy surface of
the dihedral angles of glycine residues from the PDB. The distribution in (a)
was transformed following the procedure in the Methods section of Chapter
2. Equally spaced contour levels were colored based on free energy, with dark
blue representing a small free energy and thus a highly populated region in
dihedral space.

1Helen M. Berman, John Westbrook, Zukang Feng, Gary Gilliland, T. N.

Bhat, Helge Weissig, Ilya N. Shindyalov, and Philip E. Bourne. The Pro-

tein Data Bank. Nucleic Acids Research, 28(1):235242, January 2000. ISSN

0305-1048. doi: 10.1093/nar/28.1.235.

2Donald S. Berkholz, Peter B. Krenesky, John R. Davidson, and P. Andrew

Karplus. Protein Geometry Database: a flexible engine to explore backbone

conformations and their relationships to covalent geometry. Nucleic Acids

Research, 38(Database issue):D320325, January 2010. ISSN 1362-4962. doi:

10.1093/nar/gkp1013.
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Appendix B

Chapter 3: Supplementary Material

B.1 Free Energy Perturbation

The free energy change at a particular λ, ∆Gi, is a non-linear function

of ∆U i measured from an MD simulation and is given by Eq. (B.1) below.

We drop the vdw and elec superscripts as the following applies to both com-

ponents. While the simulations were performed in the NPT ensemble, we are

neglecting the small contributions of pressure and volume to the free energy.

∆Gi = − 1

β
ln

[
1

Ni

Ni∑
j=1

exp (−β∆U i,j)

]
, (B.1)

where Ni is the number of observations or frames from a simulation with λi,

j indexes each frame, and ∆U i,j = U(λi+1)j − U(λi)j. ∆G is then the sum of

the contributions ∆Gi:

∆G =
n∑
i=1

∆Gi, (B.2)

where n is the number of λ’s and will differ for the vdw and elec components.

B.2 Time Correlation Analysis

For a function, f(x1, x2 . . .) that is a linear combination of independent,

random variables x1, x2 . . ., the variance of f(x1, x2 . . .) is given by Eq. (B.3)
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(i.e. error propagation):

σ2
f =

(
∂f

∂x1

)2

σ2
x1

+

(
∂f

∂x2

)2

σ2
x2

+ . . . (B.3)

To calculate the variance of ∆Gi at λi (σ2
∆Gi

) we apply Eq. (B.3) but with

only one independent variable (∆U i), to Eq. (B.1), which gives

σ2
∆Gi

=
1

N eff
i β

2

〈exp (−2β∆Ui)〉i
〈exp (−β∆Ui)〉i

2 −
1

N eff
i β

2
, (B.4)

N eff
i =

Ni

2τi
∆t

+ 1
. (B.5)

N eff
i is the effective number of independent observations from a simulation, τi

is the correlation time and ∆t is the time interval at which the ∆U i’s were

saved. To determine τi we first generated the time autocorrelation function

(ACF), C(t), of exp (−β∆Ui(t)) for each simulation. Visual inspection of the

ACFs showed an initial, rapid decay in correlations, followed in many cases by

a second, slower decay as the ACF approach zero. Due to the large number

of simulations and in order to capture the two-phase decay, we fit the ACFs

with a double exponential function:

Cfit (t; γ1, γ2) = A1 exp

(
− t

γ1

)
+ A2 exp

(
− t

γ2

)
(B.6)

where γ1 and γ2 are the decay rate constants and γ1< γ2. If the double

exponential fit failed or A2 < 0.01, the ACFs were fit with a single exponential.

To improve the likelihood of capturing the true correlation time, the correlation

times were conservatively estimated as τi = 4γ2 or τi = 4γ1 for the double or

single exponential fits, respectively. In the situations where the fits yielded
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τi < 0, we took a conservative approach and set τi to 1 ps (i.e. ∆t). These

correlation times were used with Eq. (B.4) to estimate the errors, σvdw
ACFand

σelec
ACF (square root of the variance), in ∆Gvdw and ∆Gelec at 300K and 320K.

For the FD approach, Eq. (B.3) was used to estimate errors in ∆Gsol at both

temperatures, ∆Ssol, ∆Hsol, and their vdw and elec components. For the EP

approach, ACFs of Uaq(t) and Ugas(t) were similarly fit to Eq. (B.6) and their

autocorrelation times estimated as described above. Variances of 〈Uaq〉 and

〈Ugas〉 were adjusted for the effective number of independent observations with

Eq. (B.5) and then Eq. (B.3) was used to estimate the error in ∆Hsol at 300K

and 320K. Eq. (B.3) was then used to estimate the error in ∆Ssol at both

temperatures.

B.3 Block Standard Error (BSE) Analysis

Separately for the vdw and elec components we construct a matrix of

∆U i’s in which the columns are particular λ’s that span either λvdw or λelec

and the rows are time points. The matrix has dimensions N × n where N is

the total number of frames and n is the number of λ’s – subscripts have been

dropped because all simulations for the vdw and elec pathways, respectively,

were simulated for the same length of time and number of λ’s. The matrix is

then broken into blocks of a particular length such that N = M×b, where M is

the number of submatrices of dimensions b×n and b is the block length. For a

given b, ∆G values are calculated using Eqns. 3.1- 3.3 for each of the M blocks.

The BSE is the standard deviation of theseM block free energies divided by the
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square root of the number of blocks, M . A series of BSE values are computed

for a range of block lengths and the error is estimated at the point in which the

BSE curve plateaus or BSE stops varying with block length. A maximum block

length of 8 ns and 12 ns were used for fixed and flexible Gly2-4 and flexible

Gly5, respectively. Taking a conservative approach, we estimate the errors

σvdw
BSE and σelec

BSE in ∆Gvdw and ∆Gelec by taking the maximum BSE across the

range of block lengths. Eq. (B.3) was used to estimate the errors in solvation

free energy at 300K and 320K, solvation entropy, solvation enthalpy and their

vdw and elec components. For the EP approach, BSEs were calculated in a

similar manner except with 〈Uaq〉 or 〈Ugas〉 estimated within each block. Eq.

(B.3) was then used to estimate the BSE of ∆Hsol ≈ 〈Uaq〉−〈Ugas〉, which was

further combined with the BSE of ∆Gsol to yield the BSE of ∆Ssol at both

temperatures.

B.4 Supplementary Figures and Tables

Figure B.1: Differences in solvation free energy and its vdw and elec compo-
nents between C36 and ff12SB at 300K (left) and 320K (right). Black and gray
bars are the results for the rigid and flexible oligoglycine models, respectively.
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Figure B.2: Solvation entropy calculated by the end point energy approach
(see Methods) at 300K (top row) and 320K (bottom row) with the C36 (left)
and ff12SB (right) force fields.

Figure B.3: Differences in solvation entropy and its vdw and elec components
between C36 and ff12SB calculated at 310K using the finite difference approach
(left). Black and gray bars are the results for the rigid and flexible oligoglycine
models, respectively. The right figure shows differences in the overall solvation
entropy between force fields at 300K and 320K from the end point energy
approach.
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Figure B.4: Solvation enthalpy calculated by the end point energy approach at
300K (top row) and 320K (bottom row) with the C36 (left) and ff12SB (right)
force fields.

Figure B.5: Differences in solvation enthalpy and its vdw and elec components
between C36 and ff12SB calculated at 310K using the finite difference approach
(left). Black and gray bars are the results for the rigid and flexible oligoglycine
models, respectively. The right figure shows differences in the overall solvation
enthalpy between force fields at 300K and 320K from the end point energy
approach.
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Table B.1: Oligoglycine solvation free energies.

Solvation free energies of Gly2−5 either fixed in a rigid-extended conformation (sub-
script “fix”) or allowed to sample conformation space with no physical constraints
(subscript “flex”) at 300K and 320K. Results for the van der Waals (vdw), electro-
static (elec), and overall (sol) solvation free energies are reported from top to bottom
in units of kcal/mol for the C36 (left) and Amber ff12SB (right) force fields. ∆∆G’s
are provided as the difference between ∆Gfix and ∆Gflex for each component and
the overall solvation free energy at both temperatures. N is the number of glycine
residues, σvdw

ACF and σelec
ACF are the errors in ∆Gvdw and ∆Gelec, respectively, calcu-

lated from an autocorrelation time analysis (see Methods), and σvdw
BSE and σelec

BSE are
the errors in ∆Gvdw and ∆Gelec, respectively, calculated from a block standard error

analysis. Error propagation was used to compute σsol
ACF =

√(
σvdw

ACF

)2
+
(
σelec

ACF

)2
and

σsol
BSE =

√(
σvdw

BSE

)2
+
(
σelec

BSE

)2
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Table B.2: Oligoglycine solvation entropies calculated by the finite difference
approach.

Solvation entropies of rigid and flexible Gly2−5 calculated by the finite difference
approach (FD). Results for the vdw, elec, and overall solvation entropies are given
from top to bottom for C36 (left) and ff12SB (right). Units are in cal/mol/K.
Errors in ∆Svdw, ∆Selec, and ∆Ssol were calculated by propagating, separately, the
ACF and BSE errors in ∆Gvdw, ∆Gelec, and ∆Gsol. ∆∆S’s are provided as the
difference between ∆Sfix and ∆Sflex.
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Table B.3: Oligoglycine solvation entropies calculated by the end point energy
approach.

Solvation entropies of rigid and flexible Gly2−5 calculated by the end point energy
(EP) approach at 300K and 320K with the C36 (left) and ff12SB (right) force fields.
Errors in ∆Gsol were propagated with those in ∆Hsol estimated by the EP approach
at both temperatures to yield error estimates of ∆Ssol. ∆∆S’s are provided as the
difference between ∆Sfix and ∆Sflex.
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Table B.4: Oligoglycine solvation enthalpies calculated by the finite difference
approach.

Solvation enthalpies of rigid and flexible Gly2−5 calculated by the FD approach at
310K. Results for the vdw, elec, and overall solvation enthalpy are given from top to
bottom for C36 (left) and ff12SB (right). Units are in kcal/mol. Errors in ∆Hvdw,
∆Helec, and ∆Hsol were calculated by propagating, separately, the ACF and BSE
errors in ∆Gvdw, ∆Gelec, and ∆Gsol. ∆∆H’s are provided as the difference between
∆Hfix and ∆Hflex.
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Table B.5: Oligoglycine solvation enthalpies calculated by the end point energy
approach.

Solvation enthalpies of rigid and flexible Gly2−5 calculated by the end point energy
approach at 300K and 320K with C36 (left) and ff12SB (right). Errors in ∆Hsol

(σsol
ACF, σsol

BSE) were directly calculated and the details can be found in the Methods
section and Appendix A. Units are in kcal/mol and ∆∆H’s are provided as the
difference between ∆Hfix and ∆Hflex.
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Table B.6: Solvation thermodynamics calculated by the finite difference ap-
proach at 310K.

Solvation thermodynamics of rigid and flexible Gly2−5 calculated by the FD ap-
proach at 310K. Results for each component and the overall solvation free energy
are shown from top to bottom within each panel for C36 (top panel) and ff12SB
(bottom panel). ∆Gsol at 310K was approximated as the average of ∆Gsol at 300K
and 320K. Differences in each thermodynamic quantity between the rigid and flex-
ible oligoglycine models are shown on the right side of each panel. All units are in
kcal/mol.
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Table B.7: Solvation thermodynamics calculated by the end point energy ap-
proach at 300K and 320K.

Solvation thermodynamics of rigid and flexible Gly2−5 calculated by the EP ap-
proach at 300K (top row) and 320K (bottom row) with the C36 (left) and ff12SB
(right) force fields. Differences in each thermodynamic quantity between the rigid
and flexible oligoglycine models are shown on the right side of each panel. All units
are in kcal/mol.
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Appendix C

Chapter 5: Supplementary Material

C.1 Illustration of Voronoi Polyhedra

In the manuscript, we use

gk⊥(r) =
T∑
t=0

n∑
j=1

δ(Inf[| ~rij(t)|]i=1,m − r)
δτ(~rj(t), k)

(C.1)

to define the proximal distribution function g⊥(r). We use Figure C.1 to

illustrate this process. Assume the solute has four atoms (i = 1 ∼ 4). The

rest of the space can be divided into Voronoi polyhedra (k =I ∼ IV) depending

on the closest solute atom. If the jth solvent molecule locates in kth polyhedron,

the distance between ith solute atom and the jth solvent molecule (marked as

rij) is then recorded for g⊥(r) pair correlation calculation. In other words,

the polyhedra define the sampling volume for the corresponding solute atoms.

The solvent distribution is considered isotropic within each sampling space.
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Figure C.1: Illustration of Equation 1 in the manuscript. i = 1 ∼ 4 represents
the solute atoms, with k =I ∼ IV the corresponding Voronoi polyhedra sam-
pling volume. The case of an atom enveloped within another is demonstrated
with atom “H”. The exclusion factors are discussed below in this context.
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C.2 Cavity & Exclusion Factors

During the pDF-reconstructions, we used two factors δcav and δexcl in

order to remove the grid points that overlap with solute atoms. The total van

der Waals solute-solvent interaction can be written as

UvdW =
n∑
j

m∑
i

UvdW
ij (C.2)

where i loops over solute atoms and j loops over the solvent molecules. m is

the number of atoms in the solute and n is the number of solvent molecules.

Thus,

∂UvdW

∂λ
=
∂
(∑n

j

∑m
i U

vdW
ij

)
∂λ

(C.3)

We can take a representative term from the above equation

∂UvdW
i

∂λ
=
∂
(∑n

j U
vdW
ij

)
∂λ

(C.4)

For this value, we define a variable ∆i as the difference between simulated and

pDF-reconstructed of ith solute atom,

∆i =

(
∂UvdW

i

∂λ

)
Reconstructed

−
(
∂UvdW

i

∂λ

)
Simulated

(C.5)

We can then compare ∆i for each solute atom with both factors applied and

only one of the factors applied during the pDF-reconstructions. We choose the

reconstruction of ala1 as the example. The results are presented in Figure C.2.

When λ = 0.1, ∆i are within 0.5 kcal/mol, and the results using both

factors are well reproduced. The exclusion factor δexcl does not seem to be
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crucial when the cavity volume is already well-defined by the cavity factor

δcav. Without δcav, it is possible to reconstruct solvent densities for grid points

laid between two different solute atoms since all g⊥(r) become non-zero at

small r when λ is small. On the other hand, when λ = 1, both δcav or δexcl

itself are required to reproduce the simulated
〈
∂UvdW

i /∂λ
〉
. Therefore, we

keep both factors during our reported pDF-reconstructions.

Figure C.2: Comparison of ∆i using both factors or only one factor during the
pDF-reconstruction, for λ = 0.1 and 1.
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C.3 Solute Configurations

Figure C.3: Solute configurations used in fixed simulations. For ala10, peptide
backbones are represented with red ribbons. For convenience, we designate d,
d1, d2 and d3 for the configuration of deca-alanines respectively.
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C.4 pDFs for Solute Atoms with Water Hydrogen

Figure C.4: pDF of butane/propanol atoms to water hydrogen atoms at dif-
ferent λ. Numbers above each pDF indicate the corresponding λ of this atom
type.
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Figure C.5: pDF of alanine/glycine atoms to water hydrogen atoms at different
λ. Numbers above each pDF indicate the corresponding λ of this atom type.

Figure C.6: pDF of HB2 atoms to water oxygen/hydrogen atoms at different
λ. Numbers above each pDF indicate the corresponding λ of this atom type.
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C.5 Convergence:
〈
∂UvdW/∂λ

〉
and λ Spacing

In this section we address the convergence issues. Figure C.7 shows

the
〈
∂UvdW/∂λ

〉
as a function of sampling time at different λ windows, for

the case of ala10 (configuration d), since the deca-alanine is the largest solute

throughout this study. In all cases,
〈
∂UvdW/∂λ

〉
is certainly converged within

2 ns. One might argue that the uncertainties for small λ cases (∼ 1) are still

large relative the uncertainties for larger λ (∼ 0.2), but we should realize that

these uncertainties are already within 1% of the reported
〈
∂UvdW/∂λ

〉
.

Figure C.7:
〈
∂UvdW/∂λ

〉
as a function of sampling time. The values with

uncertainties indicate the simulated
〈
∂UvdW/∂λ

〉
reported in the main text.

Due to the nature of simulating the soft-core potential at λ = 0 we sim-
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ply zero the value of the correlation for our reported studies. Here we present

the results of simulated
〈
∂UvdW/∂λ

〉
and ∆GvdW using different ∆λ in Fig-

ure C.8. We use error propagation to estimate the uncertainties of ∆GvdW,

thus the uncertainty reduces as the number of λ decreases. Compared with the

∆λ = 0.05 case, ∆GvdW becomes more than doubled when ∆λ = 0.2. When

∆λ = 0.1, the ∆GvdW is overestimated with 1.82 kcal/mol, which is already

within the uncertainty of ∆GvdW obtained from ∆λ = 0.05 case. Therefore,

to simplify the illustration of our results and focus on the method itself, we

chose the case of ∆λ = 0.1 in our main text.

Figure C.8: Simulated
〈
∂UvdW/∂λ

〉
using the λ spacings of 0.05, 0.10, and

0.20. The inset shows the corresponding cumulative ∆GvdW. Uncertainties are
estimated using the propagation of block standard errors at the λ windows.
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C.6 pDF-Reconstructions for Ala10

Simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ window for

different configuration of ala10.

Figure C.9: Simulated and pDF-reconstructed
〈
∂UvdW/∂λ

〉
at each λ window

for different configuration of ala10. The inset of each panel shows the difference
between the simulated and pDF-reconstructed

〈
∂UvdW/∂λ

〉
.
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Appendix D

Chapter 6: Supplementary Material

D.1 Supplementary Figures and Tables

Table D.1: Conformational entropy as a function of the number of glycine
residues in oligoglycine.

Entropy units are cal/mol/K. Entropy was calculated using the QHA (SQHA),
BQH (SBQH), and MIE (SMIE) methods. SMIE

res is estimated from the distributions
of φ-ψ dihedrals within each residue, while ignoring inter-residue MI terms. SMIE

2

and SMIE
3 are the second and third order MIE approximations of the full dihedral

conformational entropy, respectively. SMIE,fit
2 and SMIE,fit

3 are the asymptotes of

least squares, hyperbolic fits of SMIE
2 and SMIE

3 as functions of time. tMIE,fit
2 and

tMIE,fit
3 are the simulation times required to converge SMIE

2 and SMIE
3 , respectively,

to within 1 cal/mol/K of their asymptotes.
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Table D.2: MIE entropy estimates of Gly15 as a function of end-to-end distance
(R)(top) and radius of gyration (Rg)(bottom).

Separate implicit solvent simulations were performed with the end-to-end distance
of Gly15 constrained to eight different values of R (left column). The trajectories
were further partition by Rg ± 0.5Å.
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Table D.3: Average confinement free energy and corresponding entropies as a
function of oligoglycine chain length.

For Gly3−5, 〈∆A〉oligo was calculated from the joint distributions of φ-ψ dihedral
state assignments across residues while those for Gly10 and Gly15 were approximated
using the joint distributions of two and three consecutive blocks of Gly5, respectively.
〈∆A〉res is estimated from the product of the marginal distributions of the per residue
state assignments. (see Methods). The average confinement free energy is related
to Sstate, the entropy associated with the number of oligoglycine conformations, as
〈∆A〉 = TSstate (Eq.6.15).
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Figure D.1: Trajectories of the first (SMIE
1 ), second (SMIE

2 ), and third order
(SMIE

3 ) MIE conformational entropy estimates with respect to time. One-
dimensional, independent entropy was calculated from the probability distri-
bution for each backbone dihedral angle using the Boltzmann entropy expres-
sion. The sum over these yields SMIE

1 . SMIE
2 and SMIE

3 were calculated as
described in the Theory and Methods sections. The dashed lines indicate the
asymptotes, SMIE,fit

2 and SMIE,fit
3 , calculated from the hyperbolic fits of the SMIE

2

and SMIE
3 trajectories, respectively, and are colored accordingly.
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Figure D.2: Trajectories of per residue entropy with respect to time. For a
given oligoglycine, the entropy for each residue was calculated from the joint
distribution of φ and ψ using the Boltzmann entropy expression (Eqn. 6.4)
and the maximum and minimum entropy values are plotted as a function of
simulation time. The entropy for each residue in a given oligoglycine all fall
within the shaded region, colored accordingly, and effectively capture their
spread.
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