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Difficulties in applied biomaterials often arise from the complexities of interactions in bio-

logical environments. These interactions can be broadly broken into two categories: those

which are important to function (strong binding to a single target) and those which are detri-

mental to function (weak binding to many targets). These will be referred to as specific and

nonspecific interactions, respectively. Nonspecific interactions have been central to failures

of biomaterials, sensors, and surface coatings in harsh biological environments. There is

little modeling work on studying nonspecific interactions. Modeling all possible nonspecific

interactions within a biological system is difficult, yet there are ways to both indirectly model

nonspecific interactions and directly model many interactions using machine-learning. This

research utilizes bioinformatics, phenomenological modeling, molecular simulations, experi-

ments, and stochastic modeling to study nonspecific interactions. These techniques are used

to study the hydration molecules which resist nonspecific interactions, the formation of salt

bridges, the chemistry of protein surfaces, nonspecific stabilization of proteins in molecular

chaperones, and analysis of high-throughput screening experiments. The common aspect for

these systems is that nonspecific interactions are more important than specific interactions.

Studying these disparate systems has created a set of principles for resisting nonspecific

interactions which have been experimentally demonstrated with the creation and testing of

novel materials which resist nonspecific interactions.
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Chapter 1

INTRODUCTION

The interactions which govern chemical processes may be broadly categorized into spe-

cific interactions and nonspecific interactions. Specific interactions are high activity inter-

actions between two molecules. They are by far the most researched of the two interaction

types. Some examples include designing functional peptides through screening libraries of

peptides,1 characterizization or design of enzymes possessing activity for a specific target,2

and catalyst design where activity for a specific substrate is desired.3 In contrast, nonspecific

interactions are weak interactions for all potential targets of a molecule. These are gener-

ally considered a nuisance to experiments and as few nonspecific interactions as possible are

desired. Nonspecific interactions are themselves the sum of many weak specific interactions.

Examples of systems that emphasize nonspecific interactions include proteins which are

stable in environments with many other macromolecules, materials which resist nonspecific

binding,4 and enzymes which are highly selective and rarely bind to non-targets. Despite

their ubiquity in biology and chemistry, nonspecific interactions are generally overlooked.

It is fundamentally a challenge to screen or study these ubiquitous and weak nonspecific

interactions.

One key application of understanding nonspecific interactions is in the development

of nonfouling materials, which resist the attachment of biomolecules and microorganisms.

They resist binding from biological species, preventing fouling. Although many nonfouling

materials, particularly zwitterionic polymers, have been used in applications,4 it is still

challenging to design synthetic drug delivery carriers matching native protein circulation

time in the blood stream and implantable materials fully compatible with human tissue.
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For example, the circulation half-life of albumin5 in blood is still longer than any synthetic

particles, even after state-of-the-art PEG-modification.6 These are interesting applications

because it is impossible to enumerate all the specific binding interactions which must be

minimized. The problem may only be modeled by studying nonspecific interactions.

A second application area is maximizing activity in real systems. It is well understood

how to maximize activity for enzymes or catalysts when only substrate is present. However,

it is often the nonspecific activity that prevents in vivo applications because nonsepcific

activity competes with specific activity.7 For example, antibodies exist which may detect

cancer biomarkers today, yet most biosensors fail at detecting cancer biomarkers because

whole blood contains so many nonspecifically binding components.8 Motivated by these

important applications, in this work I present three techniques to model nonspecific inter-

actions applied to three systems. In Chapter 2, atomistic molecular simulations are applied

to design nonfouling materials. In Chapter 3, bioinformatics are applied to model non-

specific interactions on protein surfaces and the nonspecific stabilization of protein folding

from molecular chaperones. In Chapter 4, structure-property relationships and motif mod-

els are applied to separate specific from nonspecific effects in high-throughput screening

experiments.
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Chapter 2

DESIGN OF NONFOULING PEPTIDES THROUGH MOLECULAR
SIMULATIONS

2.1 Molecular Mechanism of Nonfouling: Zwitterions and Polymers

In this chapter, the design self-assembling nonfouling peptides is described. Peptides are

short oligomers of amino acids. Due to the choice of 20 amino acids and choice of length

of peptides, there is an enormous design space. It is important to have a strong under-

standing of what causes nonfouling in order to narrow the design of nonfouling peptides.

In this chapter I consider three steps which result in experimentally successful nonfouling

peptides. In Section 2.2, I revisit the design criteria for nonfouling materials and address

remaining questions to narrow the possible amino acids to four charged amino acids: E, D,

R and K. These are shown in Figure 2.1. In Section 2.3, I study the interactions between

these four charged amino acids to determine which have minimal self-interactions and max-

imum hydration. Finally, in Section 2.4 I describe the modeling and experimental work to

incorporate the final nonfouling peptide design into a self-assembling peptide.

NH2
+

O

NHNH2

NH2

OH

OH

O-

NH2

O

O

O

O OH

O-

NH2

O

NH2

NH3
+

OH

R
E

K D

Figure 2.1: The four charged amino acids considered for nonfouling peptides. Side-chain

atoms are highlighted in red.



4

O

OO

S

N

OO

N

SB CB
Figure 2.2: SB is sulfobetaine, a commonly used nonfouling zwitterion. CB is carboxybe-

taine and is quite similar in structure to glycine betaine. CB and SB zero adsorption from

undiluted blood, providing some of the best nonfouling performance.

Fouling affects fields from medical device coatings to maritime coatings.9 Anti-fouling

materials have been studied for a number of years10–12. Well accepted materials, such as

poly(ethylene glycol)(PEG) and recently recognized materials, such as poly(carboxy be-

taine) (pCB) and poly(sulfobetaine) (pSB) are used as nonfouling materials in many en-

vironments.4 The relevant side-chains of these polymers are shown in Figure 2.2. Initial

studies on anti-fouling and the success of PEG hypothesized that the resistance of fouling is

due mostly to a polymer physics effect.13 There exists a rich description of theory for teth-

ered polymers and their resistance to adsorption.14 One of the key conclusions is that the

excluded volume is one of the most important parameters. Practically, the excluded volume

may be increased either by increasing molecular weight or the solubility of the polymers.

In water, this means ensuring a polymer is hydrophilic and has a high molecular weight.

When considering multiple chains, maximizing surface density also improves the physical

resistance to adsorption.

Surprisingly, it is also possible to resist protein adsorption with self-assembled monolay-

ers (SAMs).15 SAMs have no flexibility and thus no excluded volume effect. This demon-

strates that there must be another mechanism for resisting protein adsorption. Research

from Ostuni et al. 16 tested many chemistries for protein adsorption to discover the structure-

properties of chemical, as opposed to polymer, anti-fouling. They found that the compounds

must be hydrophilic, contain only hydrogen bond acceptors, and be net neutral.10 The net
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neutrality is easily explained; most proteins have a net charge. The condition of being

hydrophilic has been followed up with additional research.11,12,17 The hydration of a hy-

drophilic surface creates a layer of a well structured water.18 This water structuring then

imparts an enthalpic penalty for proteins to penetrate the water and adsorb.11 It is inter-

esting that this makes hydration doubly important for polymers. Polymers must be highly

soluble to create excluded volume and to have strong hydration.

Based on these principles, pCB has been recognized as being a highly hydrated and

effective nonfouling material. Quaternary ammonium zwitterions are an elegant answer to

the criteria for nonfouling. They are net neutral, but the strong charges create hydration.

The quaternary ammonium contains no hydrogen bond donors and the carboxylate anion

contains hydrogen bond acceptors.

Returning to the design of nonfouling peptides, we find there are no zwitterionic amino

acids. It is possible to alternate between positively and negatively charged amino acids,

but that introduces hydrogen bond donors from the amino positively charged amino acids

(K – primary amine, R – guanidinium). Another solution is to use uncharged amide or

hydroxyl groups which contain fewer hydrogen bond donors but are also less hydrophilic

than charged groups. Thus, we are left with competing designs due to the hydrogen bond

donor criterion.

The no hydrogen bond donor criterion comes from experimental results on methylation

of amine groups.16 Adding methyl groups to a primary amine gradually increases the non-

fouling performance. In the next section, I examine how this change from primary amines to

quaternary amines effects hydration so that we may understand why hydrogen bond donors

are detrimental to nonfouling and better choose a nonfouling peptide.

2.2 Choosing Amine Group: Primary vs Quaternary

2.2.1 Introduction

Molecular dynamics are used here to characterize the difference in hydration between glycine

and two of its zwitterionic analogues: N,N-dimethylglycine and N,N,N-trimethylglycine
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(glycine betaine). These three analogues contain primary, tertiary, and quaternary amines,

respectively. Hydration is critical for nonfouling performance, and studying these the hy-

dration of these three amine groups will help resolve the conflict between hydrogen bond

donors and hydrophilicity. The hydration of dodecane and oligo(ethylene glycol) was stud-

ied for reference. Both structuring and dynamics of bulk and bound water were examined

using a variety of properties and at multiple concentrations. Metrics, such as radial distri-

bution functions and residence times, were used to characterize hydration. Also, we used

more specialized metrics that can discriminate between subtle differences in hydration such

as condensed phase order parameters, Voronoi tessellations, and multidimensional pair-pair

correlation functions.

The molecules chosen for this study are dodecane, oligo(ethylene glycol), glycine, and

two glycine analogues: dimethylglycine and trimethylglycine. The three zwitterions have

a primary amine (glycine), a tertiary amine (dimethylglycine), and a quaternary amine

(trimethylglycine). The differences among these three amines are rarely studied, especially

their hydration. Dodecane is a hydrophobic alkyl chain. Alkyl self-assembled monolayers

are known to make poorly hydrated fouling surfaces and serve as a reference. Nonfoul-

ing oligo(ethylene glycol) self-assembled monolayers are highly hydrated surfaces and are

the most widely used nonfouling surfaces.4 Oligo(ethylene glycol) is the hydrated refer-

ence in this work. Glycine is the simplest amino acid and one of the smallest zwitterions.

Dimethylglycine is studied less often than the other molecules but has unique properties.

For example, of all the glycine methylated analogues (glycine, sacrosine, dimethylglycine,

trimethylglycine), dimethylglycine has the highest gas phase energy gap between the neu-

tral and zwitterion forms.19 Trimethylglycine has been found to have a diversity of uses in

nature. It is a naturally occurring osmolyte, allowing the human pathogen Listeria monocy-

togenes to grow at high salt concentrations for instance.20 It also encourages the growth of

Lactococcus lactis 21 and increases strawberry plants’ cold tolerance.22 It is able to prevent

protein aggregation,23 and its effect as a cosolvent is often studied.24 Trimethylglycine is

also the nonfouling moiety in pCB, where it effectively prevents nonspecific protein adsorp-
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tion.25

Both structure and dynamics are essential to understanding hydration. Structurally,

water adopts two structural motifs at ambient liquid conditions: a tetrahedral (icelike)

structure and an amorphous structure similar to gas-phase water26,27. In experiments, the

OH bond stretching is recognized as an indicator of tetrahedral geometry.28 In simulations,

the water tetrahedral order parameter, q, can be used to quantify how tetrahedral water

is.29,30 Dynamically, water is slowed by nearly any solute, except certain ions28,31–33. The

degree of slowing can measured by water self-diffusion coefficients and is an informative bulk

property. Local properties are important as well, especially when understanding confined or

volume localized hydration (e.g., the binding pocket of a protein). Local properties include

hydrogen-bond lifetimes and residence times. These allow one to see how transient the water

structure is and how strongly water is being held. A combined dynamics and structural

approach is important when describing hydration.

The importance of understanding hydration is not unique to nonfouling. Hydration

is gradually being recognized as integral for many phenomena, and simulation of explicit

water is a near necessity in biomolecular simulations. Recent experimental research on

the hydration monolayer around proteins, for example, has shown that polar groups on a

protein adopt conformations to satisfy the tetrahedral orientation of water.34 The removal of

a hydration layer has been found to be essential for protein-protein association.35 Hydration

of enzymes is needed to characterize kinetics and reaction mechanisms.36 All of these systems

in which water is key necessitate a strong understanding of hydration and an ability to

quantify it in simulations.

To the best of our knowledge, there are no theoretical studies of the comparative hydra-

tion of the N-methylated glycine sequence (glycine, dimethylglycine, and trimethylglycine).

The hydration differences between the primary, tertiary, and quaternary amine are also

important to understand in other research areas. In this work, we attempt to answer these

questions through simulations, which allow both bulk and local perspectives into hydration.
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Atom glycine N,N-dimethylglycine trimethylglycine

O -0.842 -0.839 -0.842

N -0.386 0.139 0.3914

C=O 0.900 0.914 0.883

CH2 0.022 -0.217 -0.122

C-N NA -0.292 -0.372

H-N 0.340 0.266 NA

H3-C NA 0.139 0.165

dipole 13.02 13.756 14.142

Table 2.1: Partial charges in elementary charge units and dipole moments in Debyes for the

three glycine analogues.

2.2.2 Methods

This research was done with molecular dynamics assisted by quantum chemistry. Molecular

dynamics has the advantage of being able to simulate ensembles large enough for dynamic

information (e.g., diffusion), while maintaining accuracy.37 Five solutes were studied: do-

decane, oligo(ethylene glycol) with 3 ethers, glycine, dimethylglycine, and trimethylglycine.

The zwitterion structures are shown in Figure 2.3. Solutions of 800 water molecules and 3,

8, 16, 25, 32, and 45 solute molecules were used, for a total of six simulation systems for each

zwitterion. Only 3, 8, and 16 solutes were simulated for the dodecane and oligo(ethylene

glycol) simulations. This corresponds to 0.1 M to 3 M solutions. A run of only water

molecules was done for comparison.

An OPLS-AA/Amber99 forcefield38 was chosen for the molecular dynamics. The partial

charges, when necessary, were supplemented with 6-31G(p,d) B3LYP quantum chemistry in

the Gaussian 03 software.39 The ESP (MK) electrostatic partial charge method40 was used

to derive the partial charges. This procedure was chosen because it best reproduced the
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OO

N

N,N,N-Trimethylglycine

OO

N
H

N,N-Dimethylglycine

OO

N
H

H

H

Glycine

Figure 2.3: The three zwitterionic glycine analogues studied.

charges on parametrized moieties in OPLS and provided a way to consistently create partial

charges. For example, MP2 gives a charge of 0.994 on the carboxylate anion carbon on

glycine betaine, HF gives 0.8968, B3LYP gives 0.883, and OPLS-AA lists 0.700 for a general

carboxylate anion. These charges are shown in Table 2.1. The TIP4P-Ew41 water model was

used because it has been shown to be one of the best models for reproducing experimental

water structure.42 It also closely matches experimental water self-diffusion.41 Although no

one water model is best, any constant systematic error should not affect conclusions drawn

by comparing results among the different molecules. Additionally, force field dihedral angle

minimums were verified using B3LYP quantum mechanics calculations.

The MD engine Lammps was used.43 The initial configurations were generated with

packmol44 and Nosé/Hoover NPT45 with the Martyna et. al equations of motion46 was

done for a 1.5 ns equilibration period and a 1 ns data collection period. Longer simulations

of 50 ns had no effect on the results and the solute torsions, the slowest molecular motions,

were examined to ensure sufficient sampling was accomplished. Particle-particle particle-

mesh was used to eliminate cutoff artifacts of the electrostatics.47

The data analysis was done with a mixture of custom code and Lammps. The custom

code was tested against VMD,48 Lammps, or literature values. The interaction energy (Ei)

was calculated and represents the sum of the nonbonded energy between two groups of

atoms. In this case, Ei is between water and the solute. Self-diffusion coefficients were cal-

culated with the mean squared displacement and Einstein equation.49 The 95% confidence

intervals were calculated by blocking the simulation into 100 ps regions as well as multiple
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starting configuration simulations.

Coordination shells, g(r), residence times, tetrahedral order, hydrogen bonding, and

hydrogen-bond lifetimes were calculated. The coordination shells were determined from the

minimum after the first peak in g(r), giving rsh. The coordination number, Nsh is given by

N(rsh), where N(r) is the number of molecules encapsulated by a radius r from a solute.

Residence times of solvent in the first coordination shell of the solute were calculated

using an autocorrelation function. Each coordination shell is considered a separate region.

The autocorrelation function is

Cres(t) =
〈R(0)R(t)〉
〈R(0)〉2

(2.1)

where R(t) is the residence function defined by

R(t) =
∑
i

∑
j

Rij(t) (2.2)

where i is the region index and j is the atom index. Rij(t) is 1 when the jth water oxygen

is within rsh of the ith solute; otherwise it is 0.

First order behavior was assumed for fitting. The 95% confidence intervals were calcu-

lated by blocking multiple simulations into 100 τres blocks.

The hydrogen-bonding was defined using geometric criteria.50 A water and a donor/acceptor

are considered hydrogen-bonding if the O-H· · ·O or H-O· · · H (for H-O· · · H-N bonds only)

angle is less than 30◦ from 180◦ and the distance between oxygen pairs or nitrogen oxygen

pairs is < 3.5Å. Although nitrogen has a slightly larger Van der Waals radius than oxygen,

changing the definition to account for this had a negligible effect on the hydrogen-bonding

count. The hydrogen bonding lifetime was calculated using an autocorrelation function:

Chb(t) =
〈h(0)h(t)〉
〈h(0)〉2

(2.3)

where h(t) is the hydrogen-bond population function defined by

hi(t) ≡

 1 i H-bond to solute

0 i no H-bond
, h(t) =

∑
i

hi(t) (2.4)
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Note that only water is considered here, so solute-solute interactions decrease hydrogen-

bonding. This has been chosen intentionally, since this research considers solute-solute

interactions as a decrease in hydration. hydrogen-bonding for water to water was defined

using the same correlation function and geometric definition, where the O· · ·O distance is

< 3.5Å and the H· · ·O-H angle is less than 30◦ from 180◦. First order behavior again was

assumed for calculating lifetimes. Although a first order exponential fit does not completely

capture the autocorrelation function, it does provide a single numerical value with which to

compare the similar molecules. Using, for example, a double exponential does not change

the qualitative trends.

The tetrahedral order parameter, q, was calculated for water. Here, a low q is less

tetrahedral order and q = 1 when there is a maximum.51 This is a common modification of

the traditional s tetrahedral order parameter.29 q is defined by:

qi ≡ 1− 3

8

3∑
j=1

4∑
k=j+1

[
cos θijk +

1

3

]2
(2.5)

θijk is the angled formed between two neighbor atoms, j and k, and the central atom i. q

is presented as a line plot of probability density, determined from histogramming. Negative

q values are possible, though these are excluded from the plots for simplicity.

Voronoi tesselations and Voronoi polyhedra analysis in the disordered condensed phase

have been described elsewhere.52 Qualitatively, it provides a method for measuring an en-

semble molecular volume and surface area from a trajectory using a geometric tessellation.

We used monodisperse tesselations, which means that the tessellation is not weighted by

atomic radii. The analysis is still sensitive to the force field because a molecular dynamics

trajectory is used for the tessellation. An external program, Voro++, was used.53

Pair-pair correlation functions in multiple dimensions were calculated to overcome the

radial symmetry implied in g(r). These pair-pair correlation functions are based on polar

spherical coordinates, with a polar angle, azimuthal angle and radial distance. The equation

is:

g(r, θ, φ) =

〈
1

ρbulk

N (r, θ, φ)∫ r
0

∫ 2π
0

∫ π
0 r

2 sin (φ) dφ dθ dr

〉
(2.6)
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Figure 2.4: Cartoon demonstrating the g(u, v)N,O. The left picture shows the way the normal

vector defines a plane and the right pictures shows the azimuthal dependence.

where ρbulk is the bulk number density. To create easily interpretable plots, the polar angle

was removed and thus the dimensions reduced to two using the equation
∫
g(r, θ, φ) sinφdφ.

This creates volume elements shaped like concentric orange peels. The plots are shown as

heat plots of the radial and azimuthal coordinates; however they are parametrized to a u,

v with u = r cosφ and v = r sinφ in order to make a square plot. Two reference vectors

are required to define the local coordinates for each molecule. Two atom-atom vectors are

used. The first defines the polar coordinate, which is the direction normal to planes plotted

in the figures. The second vector defines the azimuthal origin (which is on the left).

All of the figures in the paper use the same coordinate vectors and are g(u, v)N,O for

amine nitrogen and water oxygen atom pairs. The N · · ·α−C atom-atom vector defines

the normal vector. This makes the plots show a top view of the amine group with the

α−carbon directly below the nitrogen atom. The second atom-atom vector is N-Ca, where

Ca is the carboxylate anion carbon. Thus the left side of the figures represents the direction

of the carboxylate anion. The radial distance corresponds to g(r), so concentric circles in

the plot are equivalent to r values in g(r). For further clarification, the reader is directed

to a cartoon in Figure 2.4 which shows this graphically.
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2.2.3 Results and Discussion

The bulk dynamics were investigated where bulk refers to a system wide property. Its

behavior was found to be dependent on solute species, namely noncolligative. Glycine

aggregation was found to explain some of the differences between the three zwitterions.

The dynamics were also shown to correlate with the tetrahedral order of water. This led

us to investigate the local hydration. We used the spherically symmetric g(r) but found

it insufficient for a complete description of local hydration. Next, we used g(u, v), local

hydrogen-bond lifetimes and Voronoi tessellations to further elucidate the local hydration.

Bulk Dynamics

The self-diffusion coefficient of water (Dw) is a measure of water slowing. Our previous stud-

ies show that a nonfouling surface resists nonspecific protein adsorption due to its strong

surface hydration. Proteins are often considered “slaved” to waters and adopt configurations

subject to the tetrahedral geometry of water molecules.34 Dw may be a predictor of non-

fouling because it estimates the dynamic influence of a surface on water and thus a protein.

Thus, we consider these solution phase simulations to be a model for the more complicated

surface phenomenon. Also, some research suggests that slower solvent dynamics can inhibit

protein aggregation;54 Dw is a measure of these solvent dynamics.

Dw of the different species and concentrations is shown in Figure 2.5. The abbreviations

used in figures and tables are glycine (gly), dimethylglycine (dmg), trimethylglycine (tmg),

and oligo(ethylene glycol) (oeg). The pure water simulation Dw matches experiments quite

well, as expected for TIP4P-Ew.55 As expected, all solutes slow water diffusion. The hy-

drophobic dodecane affects water diffusion least due to its hydrophobicity, seen from its lower

partial charges. Oligo(ethylene glycol) is a commonly used hydrophilic nonfouling molecule

and slows water considerably more than the hydrophobic dodecane. It has a stronger effect

on Dw than the zwitterions, but this oligo(ethylene glycol) has a molecular weight of 194

Da compared with trimethylglycine’s weight of 118 Da. Also, oligo(ethylene glycol) is not

soluble up to the impressively high concentrations of trimethylglycine: 5.5 M at 25◦ C.56
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Figure 2.5: Self-diffusion coefficient of water, Dw, as a function of solute concentration. The

decrease in Dw is due to an increase in bound water. Notice the steep linear decline for

trimethylglycine Dw. Slopes are, in order of the legend, -0.36, -0.50, -0.57, -0.25, and -0.81.

Error bars represent 95% confidence intervals from multiple simulations or blocked (split

up) single simulations.
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Trimethylglycine has Dw values similar to those of the other zwitterions at the lowest con-

centration but gradually changes to the lowest Dw at higher concentrations. Glycine and

dimethylglycine are not as steeply decreasing. The slope of glycine is −0.36 · 10−9m2/M

s whereas the slope for the trimethylglycine is −0.57 · 10−9m2/M s. For reference, NMR

experiments have shown CH3COOK, the negative moeity on these zwitterions, to have a

slope of −0.25 · 10−9m2/M s. It is perhaps unexpected that glycine influences Dw less

than trimethylglycine. Glycine has five hydrogen-bonding sites, compared with trimethyl-

glycine’s two. One might expect the opposite trend: more hydrogen-bonding would have a

larger affect on Dw. An explanation for this is offered below, that glycine is aggregating.

On a per-weight basis, the trimethylglycine lowers Dw more than all other simulated

molecules. At an interface meant to be nonfouling, for example, trimethylglycine is likely

better because of its large effect on Dw. Additionally, proteins are known to be stabilized by

trimethylglycine,23 perhaps because of trimethylglycine’s large effect on water dynamics.

Glycine Aggregation Formation

These different degrees of hydration among the solutes can also be quantified using inter-

action energy between the solute and solvent, Ei. A feature noticed in Ei is a decrease in

magnitude of the glycine Ei values: Ei = −140 kcal/mol at dilute to Ei = −91 kcal/mol at

high concentration on a per solute molecule basis. A decrease in the water-glycine interac-

tion means that there must be an increase in the glycine-glycine interactions. An increase in

intermolecular glycine interaction presents an explanation for the higher Dw of glycine rela-

tive to trimethylglycine and dimethylglycine: there is glycine aggregation in the simulation.

This can be observed in the trajectory and quantitatively in Figure 2.6. Figure 2.6 shows

g(r)C,N for glycine at three concentrations. The g(r)C,N is the radial distribution function

between glycines (excluding intramolecular pairs) and is a metric for how near glycines are

to one another relative to the bulk glycine density. The large peak indicates pairing of

glycines. Dimers, cyclic dimers, and small clusters of glycines were observed forming and

dissipating in the trajectories. Trimethylglycine does not aggregate, and this leads to the
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Figure 2.6: g(r)C,N for glycine at various concentrations in number of waters per solute. The

pair is the carboxylate anion carbon and the primary amine nitrogen. The peak indicates

glycine aggregation. Trimethylglycine is included as a reference, at 16 waters per solute.

The disperse trimethylglycine creates the smoother g(r)C,N.

larger magnitude values of Ei and lower Dw values. This further demonstrates the high

hydration of trimethylglycine.

The formation of cyclic glycine dimers has been the topic of previous research. There

is experimental evidence that cyclic dimers are not dominant forms, as seen in this work,

although some previous research has suggested otherwise.57 The number of cyclic dimers

vs. singly bonding N− H · · ·O pairs was found to match the heterogeneous aggregation of

glycine observed in other recent molecular dynamics studies.58

Connecting Bulk Structure and Bulk Dynamics

We use the tetrahedral order parameter q to describe how bulklike water is and thus if it is

solute bound or unbound. Bulklike here means water unaffected by solute and structurally

similar to neat water. This can be seen in Figure 2.7, which shows q as a histogram for neat

water (blue line). The peak on the right, at q = 0.8, represents water that is tetrahedrally
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Figure 2.7: Histogram of tetrahedral order of water. The location of the tetrahedral order

peak (q = 0.8) that corresponds to “ordered” water. The decrease of this peak corresponds

to an increase in bound water.
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Figure 2.8: Fit of the average q (tetrahedral water order) against diffusion. R2 = 0.95.

The good fit shows that it is possible to connect dynamic and structural features of water,

regardless of solute.
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Figure 2.9: Histogram of the tetrahedral order parameter as a function of the distance

from amine nitrogen of glycine at 0.5M. The density axis is the probability density, or

histogram, of q. The r axis is displaced because not enough water molecules are sampled

within 2 Å of the nitrogen for sufficient sampling. The right peak, 0.65 < q < 0.87, is

tetrahedrally oriented water. Water adopts the solute’s shape and returns to bulk water

after approximately 1.5 water coordination shells.

aligned with four other water molecules, which occurs only with bulklike water. The peak on

the left, at q = 0.47, is a mix of other water types, including unbound water only coordinated

with one other water, bound water, or other unstructured water. Thus, a decrease in the

average q can be considered a decrease in bulklike water, as seen upon the addition of glycine

or trimethylglycine shown in Figure 2.7. Adding either of these two solutes increases the

q = 0.47 peak as well as decreases the proportion of bulklike water. This trend can be

used to fit the Dw values (Figure 2.8). The fit shows that much of the change in Dw is

correlated with the tetrahedral order of water. The quality of the fit (R2 = 0.95) means

there is a strong correlation between a dynamic and structural property of water: as the

water structure is deformed from additional solute, the self-diffusion coefficient of water

decreases. Bulk water is quite fast,59 and an increase in bound water from solutes would

be expected to slow the dynamics. Tetrahedral order allows this to be quantified.
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Local Hydration through g(r) and q

Additional evidence for the assumption that one peak is predominately bound, local water

and the other is bulklike water can be found in Figure 2.9. This figure shows the q his-

togram as a function of distance from a glycine nitrogen. The r value is the distance to the

nearest solute. As we look farther from the glycine, there is a shift from a single peak at

q = 0.47 to the two peak motif found in pure water. Thus, a disappearance of the second

peak corresponds to bound water (less tetrahedral). The characteristics of local water can

be quantified using the tetrahedral order and plots such as Figure 2.9. Among the three

zwitterions, the emergence of a bulklike q distribution is found between 1.5-2.0 water coor-

dination shells away. Thus, the solvation shell can be interpreted as extending 1.5-2.0 water

shells, which is similar to what is seen in other molecular simulations.60 Among the different

amines, trimethylglycine has bulklike water closest to its nitrogen, followed by dimethyl-

glycine and glycine. This is interesting since the methyl groups on the quaternary amine are

larger and exclude much more solvent than the hydrogen atoms on the primary amine. The

above analysis breaks down at higher concentrations because the solutes are within each

others hydration shells. Nevertheless, in general glycine, dimethylglycine, and trimethyl-

glycine affect water two coordination shells away at high concentration. The tetrahedral

order requires 4 neighboring water molecules and is not effective at characterizing water

adjacent to a solute’s surface. g(r), on the other hand, can provide excellent structural

data. Using g(r), Table 2.2 can be generated.

All the properties in Table 2.2, with the exception of hydrogen bonding, are derived from

the g(r) of the amine group in the zwitterions. These properties are meant to quantify both

the structure and dynamics of hydration near the different amines. Looking at the table,

one can see a 30% decline in the glycine amine water coordination number between the val-

ues at the low and high concentrations. This change is not seen in the amine methyl water

coordination numbers (dimethylglycine, trimethylglycine), instead only in the amine hydro-

gens. The reduction in amine water coordination is related to inter-solute aggregation. This

matches the trends seen before which indicate glycine and to a lesser extent dimethylglycine
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Nw/Ns rsh [Å] N(rsh) τres [ps] H-bond

gly 250 3.4 4.04 0.53± 0.02 0.98

gly 18 3.3 2.82 0.69± 0.07 0.67

dmg 250 3.3(4.6)a 1.09(10.37)a 0.46± 0.25(1.67± 0.03)a 0.94

dmg 18 3.2(4.6)a 0.72(10.37)a 0.39± 0.02(0.31± 0.02)a 0.66

tmg 250 4.6 9.04 1.75± 0.03 NAb

tmg 18 4.5 8.69 0.129± 0.004 NAb

a Values in parenthesis are based on methyl groups attached to the nitrogen, whereas the other values are

based on the nitrogen. b There are no hydrogen-bond donors on the quaternary amine.

Table 2.2: Hydration properties for amine group. Nw/Ns is the number of water molecules

per solute. It is inversely related to concentration. rsh is the first water coordination shell ra-

dius. N(rsh) is the number of water molecules in the coordination shell. τres is the residence

time of water in the first coordination shell. The properties are calculated from either the ni-

trogen (glycine, dimethylglycine) or methyl carbon (trimethylglycine, dimethylglycine) and

water oxygen radial distribution function. The hydrogen-bonds are water hydrogen-bonds

per hydrogen-bond donor, in this case per amine hydrogen.
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aggregate. Bulk aggregation affects local hydration structure; consequently, it changes the

dynamics of the bound water. Glycine bound water has a slight increase in residence time.

Considering the structure and dynamics together, glycine has few waters at higher concen-

tration but they are bound longer. Trimethylglycine and dimethylglycine amine methyls’

residence times are more sensitive to the concentration: they retain water as long as the

hydrogen-bonding primary amine on glycine, but at higher concentrations the water moves

rapidly between the dimethylglycine or trimethylglycine molecules. Recall that the resi-

dence time here measures how long a water resides at a given trimethylglycine molecule.

Thus, the water molecules may be exchanging rapidly with bulk or other trimethylglycines.

In order to determine which, the residence time of water within the coordination shell of

any trimethylglycine molecule was calculated. It was found to be 150 ps at the highest con-

centration as opposed to 0.13 ps between a given trimethylglycine. Thus, water is near any

trimethylglycine amine for a long period but changes between individual trimethylglycine

molecules quickly.

A similar table for dodecane and oligo(ethylene glycol) based on g(r)EO,O and g(r)CH3,O

is shown in Table 2.3. There is a significant difference in residence times between the

zwitterions and the oligo(ethylene glycol) ( 0.7−1.7 ps versus 0.3 ps). Oligo(ethylene glycol)

ethers do not retain water as well as the zwitterions. There is a reduction in dodecane water

coordination similar to glycine mostly due to phase separation. The dodecane values also

show there is a true difference between the methyls seen on trimethylglycine and those on

an uncharged hydrophobic molecule.

The same techniques were applied to the carboxylate anion side, as seen in Table 2.4. The

hydration of the carboxylate anion is in general stronger than that of the amines. There are

about two hydrogen-bonds per oxygen and the water resides there for much longer. There is

again a decrease in hydrogen-bonding number for the aggregating solutes. Trimethylglycine

has a much larger residence time at dilute concentrations: 5.5 ± 0.7 ps compared with the

1.2± 0.16 and 4.21± 0.24 ps seen for glycine and dimethylglycine, respectively. This trend

stands out from the typically similar results seen for the zwitterions. In order to better
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species Nw/Ns rsh [Å] N(rsh) τres [ps]

alkyl 250 5.7 14.64 0.58± 0.06

alkyl 50 5.7 6.25 0.378± 0.007

oeg 250 3.1 1.09 0.3± 0.2

oeg 50 3.1 1.00 0.26± 0.1

Table 2.3: A summary of local hydration properties for the non-zwitterion species. Nw/Ns

is the number of waters per solute. It is inversely related to concentration. The dodecane

properties are based on g(r)C,O, where the C is the methylene carbon and O is the water

oxygen. The oligo(ethylene glycol) properties are based on the g(r)EO,O, where the EO is

the ether oxygen and O is the water oxygen. rsh is the first water coordination shell radius.

N(rsh) is the number of waters in the first coordination shell. τres is the residence time of

waters in the first coordination shell.

Nw/Ns H-bond τres in [ps]

gly 250 2.39 1.2± 0.16

gly 18 1.79 0.45± 0.05

dmg 250 2.35 4.21± 0.24

dmg 18 2.18 0.63± 0.03

tmg 250 2.44 5.5± 0.7

tmg 18 2.35 0.63± 0.03

Table 2.4: Hydration properties for carboxylate anion. Nw/Ns is the number of water

molecules per solute. It is inversely related to concentration. The hydrogen-bonds are

water hydrogen-bonds per solute site, in this case per carboxylate anion oxygen. τres is the

first water coordination shell residence time.
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explain this result and the others, a two dimensional pair-pair correlation function was

calculated, g(u, v).

Beyond Spherical Symmetry

The two dimensional pair-pair correlation, g(u, v), is based on polar spherical elements

which are projected onto a plane for visualization. This creates a density distribution

which is dependent on radial distance and orientation relative to the vectors that define the

coordinate system.

The g(u, v) results are seen in Figure 2.10. The plots show the zwitterions’ g(u, v)N,O

looking down the molecule with nitrogen as the center. g(u, v)N,O for glycine is shown in

Figure 2.10d. The hydrogen-bonding sites are easily recognized as the red patches in the

first shell. Also, the water hydrogen bound to the carboxylate anion is seen on the left of the

plot. The dimethylglycine g(u, v)N,O is shown in Figure 2.10e. The single hydrogen donor

is seen in the tiny inner shell and the second shell is larger than the glycine second shell.

The trimethylglycine g(u, v)N,O is shown in Figure 2.10f. The second shell has a significantly

larger peak than both dimethylglycine and glycine which results in larger coordination num-

bers. The advantage of this method is seen at the point (-5,0) where the trimethylglycine’s

amine second coordination shell aligns with the carboxylate anion coordination shell. This

adjacency of the coordination shells gives the trimethylglycine a single coordination shell

that extends all the way across the molecule. This unified coordination shell is similar

to a combined hydration shell seen in ion association. The unified coordination shell of

trimethylglycine is seen to a lesser extent in dimethylglycine. Near opposite behavior is

observed with glycine which has unaligned coordination shells. Notice how the (−5, 0) is far

from the hydrogen bonding peaks in the glycine plot. The positive and negative functional

groups are too near to form independent shells and the coordination shells of water for

those two functional groups overlap. The lack of alignment of coordination shells between

the amine and carboxylate anion causes the water near the interface of the positive and

negative groups to be weakly bound.
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Figure 2.10: Amine water pair-pair correlation functions. g(r)N,O is the amine nitrogen

water oxygen radial distribution function. g(u, v)N,O is a spherical two dimensional pair-

pair correlation. The color gradient goes from black to white to red. Note the red spots on

the glycine g(u, v) which are the hydrogen bonding sites. Also, notice the trend to a more

diffuse hydration shell as the number of methyl groups is increased. See the text for more

details. The radial distances in g(u, v) correspond to those in g(r).
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Figure 2.11: Hydrogen-bonding autocorrelation function around α−carbon. Only hydrogen

bonds within the methyl hydration shell of 4.7Å. The glycine water is similar to bulk whereas

the trimethylglycine water is different than bulk and resides for longer times. Thus, the

trimethylglycine α−carbon water is bound.
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The water between the amine and carboxylate anion is near the middle α-carbon. Fig-

ure 2.11 shows the hydrogen-bonding lifetime of this water. “Near” is defined as water

within the methyl coordination shell of 4.7Å. The water near the trimethylglycine α-carbon

has longer hydrogen-bonding lifetimes as result of the aligned coordination shells. Near the

glycine α-carbon, water has hydrogen-bonding lifetimes similar to bulk water and thus is

not considered to be hydrating. A monodisperse Voronoi tessellation was calculated on the

water near the α-carbon and Voronoi volumes of water molecules were calculated. This

gives an estimate of the compression of the water molecules. There is a statistical difference

between the glycine and trimethylglycine, with the trimethylglycine waters being more com-

pressed. The glycine waters approach bulk water volumes more quickly, thus showing that

there is less hydration around the molecule. The Voronoi plot can be seen in Figure 2.12.

Thus, the lack of alignment affects both the structure and the dynamics of the molecular

hydration of glycine.
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Figure 2.12: Voronoi tessellation volume of water molecules as a function of distance from

the central α−carbon’s hydrogens on glycine and trimethylglycine. The lines represent the

mean and confidence intervals. The water line is bulk water volume. The trimethylglycine

waters are more compressed and this points towards more hydration around trimethyl-

glycines.
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2.2.4 Conclusions

Molecular dynamics simulations have been used to characterize the hydration of five im-

portant molecules relevant to protein aggregation and biointerfaces. Both structuring and

dynamics of bulk and bound water were examined using a variety of properties and multiple

simulations. This enables a holistic view of hydration and provides a method to predict the

behavior of these molecules in more complicated systems where hydration is key, especially

nonfouling.

Trimethylglycine was found to have the most bound water, slow bulk water diffusion

the most, and remain well solvated even at high concentrations. Glycine was found to form

dimers and aggregate more than the other two zwitterions. Each of the three zwitteri-

ons was found to only affect the tetrahedral geometry of water within 1.5-2.0 coordination

shells, with trimethylglycine structurally affecting water the least. Water near the quater-

nary amine on trimethylglycine resides in the first coordination shell briefly (0.13 ps) but

is almost always near any trimethylglycine. Trimethylglycine was found to have a contigu-

ous hydration shell that extends across the entire molecule. This was observed using two

dimensional pair-pair correlation functions, hydrogen-bond lifetimes, and Voronoi tessella-

tions. Conversely, glycine has overlapping hydration shells between the positive and negative

sides of the molecule. This results in less bound water even at dilute concentrations.

2.3 Free Energy of Solvated Salt Bridges from Simulations and Experiments

The aggregation of glycine detracted from its hydration. It is clear from Section 2.2 that

minimizing self-interactions of a nonfouling group is key to hydration. Glycine contained

both hydrogen bond donors and acceptors, hence the strong self-interaction. This helps us

better understand as well why pCB is such a successful nonfouling material: it contains

only hydrogen bond acceptors thus minimizing self-interaction.

Returning to peptides, we see that it is possible to select positively and negatively

charged amino acids. However, it is necessary minimize the interactions between the two

amino acids which in turn maximizes the hydration. Inter- and intra-peptide interactions
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always detract from the hydration. In this section I model the interaction among the charged

amino acids in order to both find the minimal self-interaction and maximal hydration.

2.3.1 Introduction

The interactions between charged amino acids, glutamate (E), lysine (K), arginine (R)

and aspartate (D) are crucial for protein-protein interactions, protein stability and protein

function. Charged amino acids are the most common types on the surfaces of proteins as

determined from a recent analysis of many structures from the protein data bank.61 They

are especially prevalent on proteins found in the cytoplasm, an aggregation-prone crowded

environment,62 and thermophilic organisms.61,63 Charged amino acids are also found on the

interior of molecular chaperones where they are thought to be responsible for the repair of

misfolded proteins.64 It has been hypothesized that K and E are important for stabilizing

proteins in aggregation-prone environments.61 The common occurrence of R on protein

surfaces is less clear; however, it has been shown that R is present in protein functional sites

more than three times as often as K.65 What difference in chemical properties makes nature

prefer R over K, despite both being positively charged? A similar phenomenon occurs with

E and D; D is more common in functional sites of proteins yet it has similar properties and

structure to E. Motivated by these questions, we describe here the molecular interactions

of salt bridges between K, R, E and D.

Simulations have been done in the past on free amino acid salt bridging using umbrella

sampling,66 a technique which can quantify the free energy of binding along a particular

reaction coordinate. However, these techniques do not allow complete freedom of motion.

Another simulation system which has been studied is short peptides which have a designed

salt bridge that stabilizes helix formation.67,68 Such systems are easily compared with ex-

periment through circular dichroism, infrared spectroscopy, or nuclear magnetic resonance

experiments (NMR), although the conclusions are sensitive to the peptide sequence used.

The most commonly used experimental technique is the double-mutagenesis experiment.69,70

This technique quantifies the effect of the salt bridge on the folding free energy of a protein
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and has been successfully used to elucidate the role of salt bridges in specific proteins.69,71

However, few general conclusions have been reached about salt bridging through these ex-

periments because they study salt bridges fixed by the geometry of a protein. In some cases,

buried salt bridges destabilize folding free energies, perhaps by adding conformational flex-

ibility to the unfolded state or from the desolvation penalty of forming the salt bridge.72,73

In other cases they stabilize structures, providing anchors between different locations on a

protein.69

In this work, we study the interaction of E, K, D, and R in explicit solvent, similar to the

environment of surface salt bridges. Utilizing well-tempered metadynamics,74 a free energy

measurement technique, it is possible to quantitatively rank the binding of the four possible

salt bridges (K+E, R+E, K+D, R+D). We also make use of replica-exchange75,76 to ensure

sufficient sampling for this technique, allowing the removal of fixed reaction coordinates

required for umbrella sampling simulations. Well-tempered metadynamics allows us to also

provide quantitative measurements of hydration, similar to the recently developed indirect

umbrella sampling technique from Patel et al. 77 which also quantifies the free energy as a

function of the number of coordinating water molecules. Finally, we have used NMR to test

predictions from simulations and found agreement in the ranking of strength of interactions.

By combining these detailed atomistic simulations with experimental data, we can better

address questions on salt bridging on protein surfaces, the role of charged amino acids, and

the more general chemical phenomenon of ion pairing.

2.3.2 Theoretical Methods

Molecular dynamics simulations were used in order to answer questions about salt bridging

and hydration of the four most commonly occurring charged amino acids: R, K, E and D.

Two types of molecular dynamics simulations were conducted. In order to study hydration,

free single amino acids were simulated in water. In order to study salt bridging, two free

single amino acids of opposite charge were simulated in large simulation boxes. The large box

size is important to allow binding and unbinding of the two amino acids. The interatomic
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forces for the simulations were calculated using the OPLS-AA force field38 and TIP4P-

Ew water model.41 The OPLS-AA force field is parametrized to replicate properties of

small organic molecules and was chosen over traditional biophysical force fields which are

generally parametrized for large peptides or proteins. The simulations were conducted

in the NVT ensemble using the stochastic Bussi-Donadio-Parrinello NVT thermostat.78

Replica exchange was used to enhance the sampling of many configurations.75,76 150 replicas

were simulated with each replica simulating the system at a different temperature. This

allows the replica of interest, the 300 K temperature simulation, to explore phase space

not only through stochastic molecular dynamics, but also by exchanging configurations

with other replicas. Finally, in order to calculate free energy we utilized the well-tempered

metadynamics technique,74 which also enhances sampling. This technique creates a “map”

of where a simulation has been before and pushes the simulation towards unexplored regions.

Keeping track of where the simulation must be pushed allows the algorithm to recover the

free energy surface despite the biasing of the simulation.

The N- and C-termini of the amino acids were taken to be neutral (NH2, COOH) to elim-

inate non-sidechain salt bridging. This convention was used in the four water/amino acid

hydration simulations to make comparisons consistent. The four simulations studying the

interactions between water and amino acids were conducted with single amino acids in 30 Å

cubes. These will be referred to as the hydration simulations. The simulations studying salt

bridging were done in 45 Å cubes containing two free amino acids: one anionic acid and one

cationic base. These will be referred to as the salt bridging simulations. The systems were

prepared with energy minimization, 200 ps annealing (100-500 K), and 20 ns equilibration

molecular dynamics in Parrinello-Rahman NPT79 at 300 K. For the hydration simulations,

five independent well-tempered metadynamics NVT simulations (different water configura-

tions) were conducted for 45 ns each amino acid (20 total simulations). Replica-exchange

was not used for the water/amino acid simulations. The salt bridging simulations used 150

replicas with temperatures from 300K to 550K for 20 ns with exchanges attempted every
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100 fs. The temperatures were distributed according to:

Ti = Tc

(
Th
Tc

)i/N
(2.7)

where Ti is the ith replica temperature, Tc is the coldest replica temperature, i is the replica

index (starting from 0), Th is the hottest replica, and N is the number of replicas. The

resulting replica exchange frequency was between 68-75% for the salt bridging simulations.

The stochastic Bussi-Donadio-Parrinello NVT thermostat (τ = 0.5 ps) was used.78

Particle-mesh Ewald summation was used for the long range coulombic force calculations47

and a shifted, truncated Van der Waals potential was used. The cutoff was 8 Å for inter-

atomic forces. All covalent hydrogen bonds were constrained using the LINCS algorithm.80

The equivalent concentration of 100 mM sodium and chloride ions was added to all systems

and to ensure the system is neutral. Simulations were conducted in the GROMACS simu-

lation engine.81 The PLUMED plug-in was used for implementation of the well-tempered

metadynamics algorithm.82 Solvent density plots were produced using VMD.48

Well-tempered metadynamics is an enhanced sampling technique which also allows cal-

culation of free energies. Details of the method are described elsewhere.74 The difficulty

in applying well-tempered metadynamics is choosing collective variables (CVs) which de-

scribe the physical phenomena of interest. The output of the well-tempered metadynamics

is the free energy as a function of the CVs of the system. In the hydration simulations,

the CV was the coordination number of water with the acid or base group as implemented

in PLUMED.82 The coordination number is continuous in order for derivatives of it to be

taken, which are necessary for the metadynamics algorithm. See Table S1 for the parame-

ters. The coordination of salt ions was monitored as well and when states with ion-amino

acid coordination were excluded, no change was found in the free energies. In the salt bridge

simulations, three CVs were biased: the coordination number between the negative and pos-

itive functional groups, the distance between the negative and positive functional groups,

and the orientation of the negative and positive groups. The metadynamics parameters σ

for these CVs are: 0.25, 1, and 0.1 rad. See Table S2 for the parameters. Additionally,

interactions between the N-termini, C-termini, and side chains of the amino acids were
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Figure 2.13: The value of the collective variables and metadynamics hill height as a function

of simulation time for the R+E salt bridge simulation. Figures A-C show that the CV space

is quite well explored. Figure D shows that the amount of bias added to the simulation has

decayed to a small amount by the end of the simulation.
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prevented through a harmonic restraint as implemented in PLUMED (κ = 50 kJ / mol,

exp = 2). The PLUMED code removes the influence of that restraint on the free energy.

The salt bridge simulation well-tempered metadynamics parameters were a bias factor of

5, an initial hill height of 2 kJ / mol and a hill deposition rate of 600 fs. The hydration

simulations used a bias factor of 10. Convergence of the simulation may be addressed by

examining the exploration of the CV space as shown in Figure 2.13. The decay in amount

of bias added to the simulations further demonstrates convergence of the free energy values

and is shown in Figure 2.13.

Experimental Materials and Methods

Single amino acids were synthesized to compare simulation results with NMR experiments.

In simulations, the N- and C-termini may be uncharged to prevent coulombic interactions

with the charged sidechains. However, such a titration state is not synthetically possible

and the two termini were replaced with hydrophilic groups that may not participate in salt

bridges to approximate this. These are an acetly group at the N-terminus and an amide

group at the C-terminus; both uncharged hydrophilic functional groups.

N -Fluorenylmethoxycarbonyl (Fmoc)-protected amino acids with the amine and sidechain

protected (Fmoc-Glu(OtBu)-OH, Fmoc-Asp(OtBu)-OH, Fmoc-Lys(Boc)-OH, Fmoc-Arg(Pbf)-

OH), Rink amide AM resin, O-Benzotriazole-N,N,N’,N’ -tetramethyl-uronium-hexafluoro-

phosphate (HBTU), N -Hydroxybenzotriazole (HOBt), and N,N -dimethylformamide (DMF)

were bought from Aapptec (Louisville, KY). Trifluoroacetic acid (TFA), pyridine, and acetic

anhydride were bought from EMD (Darrnstadt, Germany). Piperidine, dichloromethane

(DCM), triisopropylsilane (TIPS), and phosphate buffered saline (PBS), were purchased

from Sigma Aldrich (St. Louis, MO). Ethanol was purchased from Decon Labs, Inc. (King

of Prussia, PA). Tris(2-carboxyethyl)phosphine hydrochloride (TCEP) was purchased from

Pierce (Rockford, IL). AG 50W-X8 sulfonic acid cation exchange resin was purchased from

Bio-Rad (Hercules, CA). Deuterated dimethyl sulfoxide (DMSO) and hydrogen dioxide were

purchased from Cambridge Isotopes (Andover, MA).



34

5 10 15 20
0

2
4

6
8

10

Time[ns]

Δ
A

[k
J/

m
ol

]

KE
KD
RE
RD

NH2
+

O

NHNH2

NH2

OH OH

O-

NH2

O

O

O

O OH

O-

NH2

O

NH2

NH3
+

OH

E

DR

K

most
favored

least
favored

Figure 2.14: Free energy of forming a salt bridge as a function of simulation time to demon-

strate convergences. The dashed lines indicate the final values as determined from a 95%

confidence interval from the last 10 ns of simulation time. The structures of the four amino

acids composing the salt bridges are shown on the right. The simulations were replica-

exchange well-tempered metadynamics with 150 replicas.

The compounds were synthesized using the Aapptec Titan 357 automated synthesizer by

a solid-phase technique, starting from Rink amide AM resin (0.58 mmol/g loading capacity).

Coupling was performed using amino acid, HBTU, HOBt, and DIPEA prepared in DMF in a

molar ratio of 1.1:1:1:2 in four times excess of the loading capacity of the resin. Deprotection

of Fmoc groups was achieved using 20% piperidine in DMF. N-terminal acetylation was

achieved with a solution of pyridine (5%), acetic anhydride (5%) and DMF (90%) (v/v/v).

The cleavage of the final product was performed by a TFA (20%), DCM (70%), water (5%)

and TIPS (5%) (v/v/v/v) cleavage cocktail. Am-R-Ac was purified through precipitation

in cold ether and TFA. Am-K-Ac was purified via chloroform extraction. Am-D-Ac and

Am-E-Ac were deprotonated on a sulfonic acid cation-exchange column in water followed

by purification via cold ether precipitation in methanol. Synthesis was confirmed via NMR.

All NMR was conducted on Bruker Avance AV 500 MHz NMR.
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2.3.3 Results and Discussion

Figure 2.14 shows the free energies of binding for the four possible salt bridges over the course

of the simulations. This plot was calculated by integrating the free energy difference between

conformations where the coordination number was 0 (no salt bridge) and greater than 0.75

(salt bridge). The free energy is shown as a function of time to demonstrate convergence.

The dashed lines represent 95% confidence intervals from the last 10 ns of simulation time.

This free energy is not the well-depth of a PMF as in Masunov and Lazaridis 66 , but the

Boltzmann-averaged free energy difference beween the associated and dissociated state.

This means our dissociated state includes the negative free energy of solvation that may be

observed in the second free energy well of distance dependent PMFs. This is important for

understanding the interplay between hydration and salt bridging. The binding free energy

has a dependence on concentration because the salt bridging translational entropy change is

linear in volume. That dependence vanishes, however, when looking at differences between

salt bridging free energies.

All the salt bridges considered have a positive free energy, indicating that salt bridging is

disfavored when the amino acids are completely solvated at this concentration (20 mM). This

is consistent with the NMR results in water at a similar concentration (30mM). Additionally,

the lowest free energy salt bridge is the R+E pair, which has been noted in Masunov and

Lazaridis 66 . The K+E and K+D salt bridges are the next lowest in free energy and are

indistinguishable. Finally, the R+D pair is the highest in free energy, which is puzzling due

to the small structural differences between the R+E and R+D pair. The only difference is

an additional methylene group on E between the acid side chain and amide backbone, as

shown in Figure 2.14. The R+D simulation was extended for an additional 20 ns to confirm

its convergence and a change of less than 0.5 kJ / mol was observed. There is no difference

in the partial charges of the OPLS-AA force field between the acid groups and thus there

is not a change in electrostatic interactions. As described below, the conformations that

contribute most to the salt bridging involve the acid group (D / E) being in plane with the

guanidinium group of R. The reduction of one methylene, and thus one torsion, reduces
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Figure 2.15: The uppermost one-dimensional plots shows free energy as a function of coor-

dination number between the two amino acids. The coordination number is the sum of all

coordinating pairs. The heatmap plot shows the free energy as a function of both. The green

annotations show the decrease in free energy, and orientations (y-axis), of R+D relative to

R+E in the double coordinating salt bridge.
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Figure 2.16: 1H NMR spectra (500 MHz) for Ac-R-Am and 1:1 Ac-R-Am + Ac-E-Am

or 1:1 Ac-R-Am + Ac-D-Am in DMSO. Upfield peak shifts indicate hydrogen bonding.

The hydrogens labeled A see a significant change in peak shape when Ac-E-Am is added,

indicating hydrogen bonding. This is not seen with Ac-D-Am, correlating with what is

observed in simulations. The hydrogen labeled B shows a more discernible upfield shift,

which has its peak shift annotated for the different conditions. Ac-E-Am + Ac-R-Am form

stronger salt bridges than Ac-D-Am + Ac-R-Am.

the number of available salt bridge orientations of D when the acid group is in plane with

the R group, explaining the significant increase in the free energy of the R+D pair relative

to the R+E pair. This may be observed in the contraction of the projection of the free

energy surface onto the salt bridge orientation in R+D relative to R+E seen in Figure 2.15.

Such a large change from the removal of one methylene group has been previously observed

in the large difference of solubilities between glutamine and asparagine.83 Pair–pair radial

distributions between the β− and δ− carbons of D/E and R from unbiased simulations (no

metadynamics) are similar, ruling out aliphatic interactions from the additional methylene

being responsible for the large free energy difference.

The simulations show that R has the ability to discriminate between the two acids E and

D, whereas K cannot. This is intriguing due to the significant amounts of R in the active

sites of proteins as compared to K.65 R appears to be suited for specific interactions whereas

K appears to be suited for weak nonspecific interactions. The free energy difference between
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K+D and R+D binding is 3.6 ± 1.2 kJ / mol, so a similar, though tenuous, argument can

be made for aspartic acid which is also more common in active sites.65 In order to confirm

these results, R, K, D and E amino acids were synthesized. The goal of the experiments are

to ascertain if one methylene difference (D vs E) can result in an observable experimental

difference and corroborate the specific R+E salt bridge structure seen in simulations. In

simulations, the N- and C-termini may be uncharged to prevent interference with the salt

bridging simulations. However, such a titration state is impossible experimentally and thus

the two termini were replaced with hydrophilic groups that may not participate in salt

bridges. The structure of the backbone is shown in R in Figure 2.16. As discussed in the

Supporting Information, the most stable salt bridges were formed on the secondary amine

of R and the chemical shift of that proton can be monitored using 1H NMR in DMSO. That

peak is labeled as B in Figure 2.16 and the overlapping peaks were resolved via 1H-1H 2D-

COSY90 NMR.84 The B peak is sharp and it is possible to quantify its shift. The primary

amine protons appear as a broad peak and are labeled as A. Changes in that peak are not

quantitative and only serve to corroborate the presence of salt bridging. The pure 30mM

Ac-R-Am spectrum is shown in purple and equimolar solutions of Ac-R-Am + Ac-D-Am

and Ac-R-Am + Ac-E-Am are shown in blue and green, respectively. Upon the addition Ac-

D-Am there is no change in either peak A or B, indicating little change in the interactions

of the protons. Upon the addition of Ac-E-Am there is an upfield shift in both peaks A

and B, indicating the presence of hydrogen bonding.85 Peak B shows a shift of 0.25 ppm

for Ac-R-Am + Ac-E-Am, compared with a shift of -0.01 ppm for Ac-R-Am + Ac-D-Am.

The sharpening and upfield shift of peak A corroborates the presence of strong interactions

between Ac-E-Am and Ac-R-Am. The large difference in spectra between the R+E and

R+D solutions confirm the large difference in interactions between the salt bridge types.

The metadynamics free energies for the salt bridge simulations may be plotted as a

function of the coordination number between the two amino acids and the orientation of

the salt bridge. This is shown in the potential mean force (PMF) plot in Figure 2.17. The

free energies shown are for the R+E and K+E salt bridges in Figures 2.17a and 2.17b,
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Figure 2.17: The potential mean force for the (a) R+E and (b) K+E salt bridge simulations.

The uppermost one-dimensional plots shows free energy as a function of coordination num-

ber between the two amino acids. The coordination number is the sum of all coordinating

pairs. The heatmap plot shows the free energy as a function of both. The bold lines are

in increments of 10 kJ / mol and the thin lines are in increments of 2 kJ / mol. Both salt

bridges are unfavored relative to being completely solvated. R prefers two hydrogen bonds

and its lowest free energy conformation (E-NE,NH2) with a salt bridge is shown in the

structure. K prefers single hydrogen bonds while salt bridging and this structure is shown

on the right.
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respectively. The topmost plots showing free energy as a function of coordination number

show that the lowest free energy state is always non-salt bridging, which is also shown

in Figure 2.14 where the free energies of salt bridging are positive. The topmost plot in

Figure 2.17a shows that R has another free energy minimum at a coordination number of

two (two hydrogen bonds) as opposed to K which has its salt bridge free energy minimum

at one in Figure 2.17b. Comparing the minimums in the heatmaps, we see that R+E has a

deep minimum (4 kJ/mol) with two hydrogen bonds whereas K+E has its minimum at one

hydrogen bond (6 kJ/mol). R+E and R+D salt bridges generally occur as planar double

hydrogen bonds and K+E and K+D salt bridges occur with freely rotating single hydrogen

bonds.

The free energy profiles of the free amino acid hydration simulations are shown in Fig-

ure 2.18. The minimum free energy for K is at three water molecules, five for R and six for

D and E. The relative rankings of K and R follow water/octanol solvation free energy exper-

iments.86 This may be seen by comparing the free energy of removing all water molecules

from the two amino acids, which is highest for R, with the solvation free energy values from

literature. However, something which is not observable in experiments is the partial desol-

vation of the amino acids. The partial desolvation of R is easier than K. The free energy

difference to remove the first two water molecules from R is the same as removing a single

water molecule from K. Thus, K may be considered to bind water more tightly than R. The

two acids, D and E, are nearly identical in their hydration, although E appears to have a

slightly higher free energy of solvation compared to D which is confirmed in experiments as

well.86 This is in contrast to their binding with R, where E interacts much more strongly

than D.

The geometry of the interactions between the salt bridges are shown visually in Fig-

ure 2.19. The density of the side chain oxygens of E is shown in the top two panels. The

preference of the secondary amine salt bridge may be seen clearly on the R+E salt bridge.

The K+E is seen to have no particular orientational preference, due to the rotational sym-

metry of the primary amine. The water density when there is a salt bridge is shown in the
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Figure 2.18: Free energy as a function of coordination number of water. K has a lower free

energy of complete desolvation (coordination number of 0), as compared with R. However,

removing a single water from K has a higher free energy than removing one from R. Thus,

R is easier to partially desolvate as compared with K. The acids have similar free energy

profiles, although D has a lower free energy of complete desolvation relative to E. D and E

bind more water than R and K.
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K-E R-E

K-Water R-Water

Figure 2.19: Solvent density and pair density for salt bridges. The top panel shows the

density of the oxygen atoms of E when R or K is salt bridging with E. These densities are

found by aligning salt bridge conformations observed in the simulation and histogramming

the location of the oxygens, with metadynamics reweighting according to Bonomi et al. 87 .

There is a preferred salt bridging orientation with R with the hydrogen of the secondary

amine. K has no preference in orientation. The bottom two panels show the oxygen density

of water when there is a salt bridge. The water is removed equally from the K, whereas

water is removed from the secondary amine in R.
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bottom two panels of Figure 2.19. There again, one may observe the difference between R

and K. R-water has a higher density of water on the primary amines; the opposite pref-

erence compared to the salt bridge in R+E. This is because the water is excluded from

that site while R and E are salt bridging. K-water is symmetric. The free energy of the

salt bridges may be further broken down into the individual conformations through the

reweighting technique described in Bonomi et al. 87 . If the salt bridges between R+E are

divided into the five possible coordinating sites on R (E-NH1; E-NH2; E-NE; E-NE,NH2;

and E-NH1,NH2) it is found that the E-NE,NH2 salt bridge is lower by 8 kJ/mol from

the other conformations. This is the conformation shown in Figure 2.17. Thus, given that

there is a salt bridge between R and E, 75% of the conformations will be the E-NE,NH2

conformation according to the Boltzmann distribution. Two replica exchange simulations

without well-tempered metadynamics were conducted as well, to ensure the difference was

not an artifact of the free energy technique.

2.3.4 Conclusions

The most common amino acids on the surface of proteins are charged.61 Due to their

prevalence, it is important to understand their interactions with one another. In this work,

we have used state-of-the art molecular dynamics techniques to rank the interactions of the

four most commonly occurring charged amino acids: R, D, E, and K. The free energy of

salt bridging in increasing order (most favored to least), is: R+E, K+D, K+E, R+D. K is

found to interact equally well with both D and E, whereas R can discriminate between the

two acids. This result has been confirmed by NMR. R also has a specific orientation when

salt bridging and favors two hydrogen bonds, whereas K has no preferred orientation and

prefers single hydrogen bonds. D and E bind more water molecules than R and K. R liberates

single water molecules more easily than K, but it requires more free energy to remove all

water molecules from R. The partial desolvation, though inaccessible in experiment, is likely

more relevant to understanding binding behavior; salt bridging does not require complete

desolvation. The ability of R to discriminate between E and D and its strong geometric
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dependence may help explain its prevalence in active sites of proteins compared with K.65

Finally, the remarkable binding differences with R is one of the few distinguishing features

of E and D.

2.4 Rational Design of Nonfouling Peptide

R+D has the weakest interactions among the charged amino acids. However, R can form

specific strong salt bridges with proteins through the R+E salt bridging. This may in fact

be experimentally observed, where R is found to interact more with proteins than E, K and

D.88 Further, R seems to be easier to partially desolvate than K. Thus, K appears to be a

better positively charged group for self-assembling peptides. Amongst the two acids, E and

D appear to pair equally well with K. D would be a better choice due to its weak interactions

with any R on the surface of a protein. However, D can degrade through a deamidation

reaction and due to its predicted near equal performance compared with E, E appears to

be a more practical choice. Through a better understanding of nonfouling mechanism and

salt bridging, we’ve narrowed down our design of nonfouling peptides to K+E or K+D.

A nonfouling peptide SAM consists of three ingredients: a nonfouling moiety, a covalent

bond to attach the peptide and a functional group which encourages regular packing. The

nonfouling moiety will be KE. Our experimental detection is done using surface plasmon

resonance, which is easily accomplished on gold. Cysteine (C) is an amino acid which

contains an -SH group and can form gold-thiol bonds.89 Thus, we use C in our peptide

SAM design for surface attachment.

The choice of a self-assembling group is less clear. Proline (P) was selected for three

reasons. First, P is hydrophobic, which is essential for creating a strong self-assembling

force between peptides. Second, P is rigid amino acid. This reduces the conformational

entropy loss for adsorption of the peptide, encouraging adsorption of the peptides.90 The

rigidity also should promote a more regular structure. Finally, P inhibits α-helix formation

which allows for extended chains.91 Extended chains allows for better packing and higher

density.
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2.4.1 Methods

In order to test the hypothesized design, first the number of P residues must be determined.

The study of addition of P to the peptides was done using the Rosetta protein structure

prediction package.92 It has had excellent performance in the past with de novo structure

prediction.92 The goal of the simulation was not to determine the structure of the peptides,

but to instead see if the peptides have a more extended conformation. The peptides were

first built to have their ideal rotamers with ideal α-helix rotamers and ideal β-sheet (non-P

residues only), thus giving two starting structures for each sequence. Next, their bonds,

angles, and dihedrals were optimized according to the Rosetta scoring function using the

“idealize” module of Rosetta. Then, a Monte Carlo optimization of the structures was

done for 400,000 steps. The Monte Carlo moves are backbone dihedral changes. The

top 12 structures for the α-helix and β-sheet were chosen for continuation, resulting in 24

structures for each sequence. Next, the “relax” module of Rosetta was used to minimize

side-chain clashes by changing χ-rotamers of the sidechains of the top 24 structures. This

was followed by another backbone Monte Carlo optimization on each of the 24 structures

for 300,000 steps and the structures were again relaxed. Finally, the 10 structures with the

lowest scores among the 24 candidates were considered the result.

To test the proposed extended conformations of the P containing peptides, molecular

dynamics simulations were conducted on three systems. The first sequence, Am-C-PPPP-

EKEKEKE, contains P and expected to be most extended. The second sequence is Am-C-

GGGG-EKEKEKE and is a flexible hydrophilic reference. The last sequence is the linker

free Am-C-EKEKEKE. The peptides were built using the α-helical Dunbrack rotamers.93

MD simulations were conducted using the GROMACS 4.5.3 simulation engine81 and the

AMBER99sb-ildn94 force field. The peptides were energy minimized using 10,000 steps of

steepest descent. The minimized systems were solvated in a box such that the peptides

had 1 nm of solvent in all directions. Ions were added to charge equilibrate the system.

Annealing was then done for 200 ps with a schedule from 100 K to 500 K in the NPT

ensemble.45 Finally, an equilibration for 100 ps again in the NPT ensemble was conducted.
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Replica exchange with 100 replicas,75 exchange attempts every 50 fs, and a time step of

2 fs in the NVT ensemble was used for the simulations. The temperature distribution was

from 300 to 450 K according to the Equation (2.7).

Particle-mesh Ewald sums were used to treat electrostatics.47 The van der Walls cutoff

was 1 nm with an appropriate shifting function. The “v-rescale” thermostat, a stochastic

thermostat not to be confused with velocity rescaling, was used.78 The thermostat time

constant τ was 0.5 ps. The simulations were run for 20 ns, and the C-α distances between

the two terminal amino acids were measured.

Peptides were synthesized according to Nowinski et al. 95 . An SPR sensor was used to

detect protein adsorption from fibrinogen and lysozyme, a negatively charged and positively

model protein, respectively.25 Peptides were self-assembled in PBS buffer for 24 hours at

0.2mg/ml. Protein adsorption was measured by flowing 1 mg/ml protein solution for 10

minutes over the peptide SAM followed by a 10 minute PBS buffer rinse. More detail on

these experiments may be found in Nowinski et al. 95 .

2.4.2 Results

The conformations of the 10 lowest energy conformations of the P containing peptides

are shown in Figure 2.20. Their protein adsorption data is shown as well. There is a

visible trend in both the conformational ensemble and the SPR protein adsorption data.

Additional Ps increases the nonfouling performance of the peptides. The peptide with

the most P, EKEKEKE-PPPP-C-Ac has nonfouling below the level for ultra-low-fouling,96

below which blood will not clot on a material.

The results from the MD simulation are shown in Figure 2.21. It is clear that the P

residues extend the conformation of the peptides. The glycine linker is also shown to be

more flexible by having a wider distribution of end-to-end distances. These results match

the nonfouling performance, where the P linker had 4.4 ± 2.9 ng/cm2 fibrinogen adsorption

and the G linker had 17.9 ± 11.4 ng/cm2.
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1 Proline 2 Proline 3 Proline 4 Proline

Figure 2.20: Effect of peptide linker length on protein adsorption. (Top) Ten lowest energy

(score) conformations from 24 different starting structures as predicted using the Rosetta

structure prediction package. They are aligned and oriented with the cysteine (C-terminus)

at the bottom. The important feature to note is the increasing extended conformations

as proline is added, due to the change from random coil to polyproline helix. The pro-

line also makes the conformations more rigid, which reduces the entropic penalty of pep-

tide adsorption onto a gold surface. Sequences from left to right are EKEKEKEPC-Am,

EKEKEKEPPC-Am, EKEKEKEPPPC-Am, and EKEKEKEPPPPC-Am. (Bottom) Ad-

sorption of protein on peptide SAMs composed of proline linker series EKEKEKEC-Am,

EKEKEKEPC-Am, EKEKEKEPPPC-Am and EKEKEKEPPPPC- Am determined from

a surface plasmon resonance sensor (SPR) in the unit of wavelength shift (nm) or converted

surface concentration (ng/cm2). (Black fibrinogen, White lysozyme). Each data point

represents an average value ± standard deviation (SD) from at least three independent

measurements.
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Figure 2.21: NVT MD simulation histogram of end-to-end distance of self-assembling

peptides. -C is EKEKEKE-C-Ac, -PPPPC is EKEKEKE-PPPP-C-Ac, and -GGGGC is

EKEKEKE-GGGG-C-Ac. The vertical lines indicate that the P sequence has the most

extended conformation median.

2.4.3 Conclusions

Based on atomistic simulations, I’ve designed self-assembling nonfouling peptides. E and

K can be mixed to create net neutral, zwitterionic, highly hydrated peptides which have

minimal self-interactions. Adding P induces a more rigid and extended conformation in

the peptides, creating strong self-assembly forces. If gold-attachment is desired, C may be

added. Based on these principles, the sequence EKEKEKE-PPPP-C-Ac was designed and

synthesized. Its nonfouling properties are excellent, reaching the ultra-low fouling standard

necessary to prevent coagulation of blood.

2.5 Chapter Summary

Nonspecific interactions are difficult to model directly because they are, by definition, in-

teractions between one compound with many others. In this chapter, we exploited the

hydration of a material as a technique to indirectly study nonspecific interactions. If a

material strongly binds to water, then it will resist interactions with other molecules. In
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Section 2.2, I studied the effect of self-interactions and methylating amines on nonspecific

interactions through the hydration of the molecules. In Section 2.3, I maximized the hydra-

tion of charged molecules by minimizing their interactions with one another. Additionally,

by studying these four amino acids we saw a molecular example of specific binding where

R is able to discriminate between the acids E and D. K has no such ability. These simula-

tion results were accompanied by experiments wherever possible and the principles learned

resulted in a self-assembling peptide that resists nonspecific interactions.



50

Chapter 3

NONSPECIFIC INTERACTIONS IN PROTEINS AND CHAPERONES

3.1 Nonspecific Interactions in Nature

In Chapter 2, I indirectly studied nonspecific interactions in simulations by studying hy-

dration. In this chapter, nonspecific interactions are directly studied using bioinformatics.

The protein data bank contains a wealth of structural data and this may be used to study

nonspecific interactions among proteins. In Section 3.2, the adaption of proteins to resisting

nonspecific interactions is characterized. This does not involve any modeling, but the con-

clusions are tested by experiments. In Section 3.3, I model a nonspecific biophysical process

directly, protein stabilization, using a combination of bioinformatics and phenomenological

modeling.

3.2 Decoding Nonspecific Interactions from Nature

Proteins resist nonspecific adsorption in order to be stable in complex environments such

as the cytoplasm of a cell, which contains thousands of protein types.62 The cytoplasm is a

crowded environment and provides many spurious binding targets for proteins; yet proteins

have evolved high selectivity and stability through resisting nonspecific interactions. The

non-interacting property of proteins is often put into practice in biomaterials and biosen-

sors research where proteins, bovine serum albumin for example, is used as a blocking agent

to block nonspecific adsorption of non-target proteins onto surfaces.97 Another example

of nature resisting nonspecific interactions is found in molecular chaperones, which guide

proteins from a misfolded or unfolded conformation back into a native conformation.98 The

defective (substrate) proteins fold while enclosed inside a cavity of the molecular chaper-

one. The chemistry of this cavity is unique among biological surfaces in that it contacts

not only thousands of proteins, but many conformations of each protein.99 Yet chaperone
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proteins do not irreversibly bind with proteins. The cavity is sometimes described as a

“non-stick” surface.100 Thus molecular chaperones provide a second system which has this

non-interacting property.

By examining many proteins from both these systems, it is possible to separate nonspe-

cific effects from the many specific functions of proteins. We use two types of bioinformatics

methods for this. The first studies the sequence and abundance of amino acids in the pro-

teins, similar to the molecular formula of a molecule. The second set examines the structure

and interactions among the amino acids in a protein and solvent, similar to the 3D struc-

ture of a molecule. Through these two methods and two systems, it is possible understand

the way these proteins avoid nonspecific interactions. We analyzed a database of protein

surfaces and molecular chaperone cavity surfaces using these two techniques. The questions

to be answered are which amino acids are most common, how often do they interact, do

they interact with water more than other amino acids, and do they prefer to interact with

protein surfaces or interiors. Next, the modeling conclusions were used to design peptide

based materials which should resist nonspecific interactions. Finally, these peptides were

synthesized to test their resistance to nonspecific interactions with proteins. These pep-

tides do create surfaces which resist nonspecific interactions and compare well to others

low-fouling peptides which have been reported in the literature.95,101–103

3.2.1 Methods

Protein Dataset Construction

Three datasets of proteins with Protein Data Bank (PDB) structures were constructed.

The first dataset consists of 1,162 unique human proteins. The second dataset is a subset

of the first with 34 proteins and the additional criterion that the proteins are located in

the extracellular space (GO ID:5615).104 The last is again a subset of the human dataset

with the additional criterion of being located in the cytoplasm (GO ID: 5737). It has

221 proteins. We ensure a diversity of structures by using a 40% homologue cut-off and

all structures containing residue gaps are excluded. Further constraints are that the X-
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ray resolution is ≤ 2.5Å, ‘mutant’ must not appear in title, no large ligands (e.g., DNA,

RNA), and the only macromolecule in the structure is a protein. The molecular chaperones

considered are all crystal structures in the cis or closed conformation. This is the confor-

mation during which substrate proteins refold. The molecular chaperons considered are:

GroEL-GroES isolated from E. coli (‘E. coli GroEL’),105 a GroEL-GroES complex from

Thermus thermophiles (‘Thermo GroEL-GroES’),106 a group II chaperonin protein isolated

from Methanococcus maripaludis (‘Group II’),107 a eukaryotic molecular chaperone isolated

from yeast (‘HSP90’)108 and a cytosolic chaperonin isolated from yeast (‘CCT’).109

Statistical analysis was performed using the R statistical package.110 SQLShare was

used for managing data.111 The PDBs and data used for each dataset are available from:

http://sqlshare.escience.washington.edu The human, cytoplasm, and extracellular datasets

are available as SQL data tables under the ‘h2’, ‘cph2’, and ‘eh2’ tags, respectively. X 1,

X 2, and X 3 (where X is the dataset) contain the protein information, residue information,

and atomic information, respectively. X c contains the surface contacts (only available for

‘h2’).

Surface Identification

All water was removed from the PDB structures before calculating the accessible surface

area. Surface area was calculated using Accessible Surface Area.112 A residue is classified

as ‘surface’ when it is 30% or above its maximum surface area. Maximum surface area for a

given residue is defined as the surface area occupied by the side chain atoms of a Gly-X-Gly

peptide, with X being the residue of interest. The rotamers were taken to be α-helical and

the lowest energy χ−rotamers were used.

The identification of interior residues in molecular chaperones consists of three steps:

(1) identify surface residues, (2) tabulate heavy atoms from the surface residues which are

occluded, (3) identify which residues have more than h heavy atoms occluded. Once a

residue is identified as a surface residue, it may be either an interior or an exterior surface

residue. To be an interior surface residue, h heavy atoms (non-hydrogen atoms), or more,
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Figure 3.1: A graphic showing how to test if atom A is occluded by atom O. Atom A’s

point is projected onto S to obtain line r. By the Pythagorean theorem, o may be found

knowing r and d, the distance from Atom A to atom O. If o is shorter than the occlusion

margin, M , atom O is occluding atom A.

in the residue must not be occluded by atoms from other residues.

Occluded atoms are atoms which have another atom occluding its orthogonal vector to

the principal axis of the protein (
#»

S ). The orthogonal vector is occluded when another atom,

O, has an occlusion line segment o which is less than the occlusion margin, M , away from

r (see Figure 3.1). r is given by the formula for the projection of a point onto a line:

PB =
#»

S
PA ·

#»

S

|S|

r = PB − PA, d = PA − PO

Using the Pythagorean theorem, o, can be found:

|o|2 =
∣∣∣d∣∣∣2 −

(
d · r

)2
|r|2

where the last term is from the projection of atom O onto r. If |o| < M , the atom is occluded.

Only heavy atoms are tested and they are tested against only heavy atoms. After tabulating

all occluded atoms, if a residue contains greater than or equal to h occluded heavy atoms,

it is considered an exterior residue.
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Short Name PDB ID Cutoff h M [Å]
#»
S [Å] ε rmax [Å]

GroEL Open 1SX4 0.3 2 2 (0, 0, 1) (−25, 35) 40

GroEL-GroES 1SX4 0.3 2 2 (0, 0, 1) (−70, 35) 60

Thermo GroEL Open 1WE3 0.3 2 1.8 (−0.01,−0.68, 0.73) (−15, 23) 45

Thermo GroEL-GroES 1WE3 0.3 2 2.2 (−0.01,−0.68, 0.73) (−75, 30) 60

Group II 3KFB 0.3 2 1.8 (0.71, 0, 0.71) (−35, 20) 70

HSP90 2CG9 0.3 2 1.3 (1, 0, 0) (−30, 45) 22

Yeast CCT 3P9D 0.3 3 1.8 (0.83, 0.33, 0.45) (−61, 61) ∞

Table 3.1: The parameters used for identifying interior residues for the various chaperone

proteins.

A few additional details are necessary as well. First, the occluding atom O must not lie

on the other side of
#»

S from the atom being considered A. O must not be behind A (d·r > 0).

Residues whose projection onto
#»

S exceeds an extent, ε
#»

S , are considered occluded. Finally,

residues which are farther away than rmax are considered occluded. A table containing

the specific parameters used for each chaperone protein are shown in Table 3.1. The free

parameters, M and h were chosen by visual inspection of the resulting interior. This may

be seen in Figure 3.2.

Expected Number of Amino Acid Pairs

To estimate the number of residues which should be next to each other in sequence if the

sequence is random, a background model was calculated. It is a multinomial model. The

number of pairs can be calculated as:

E [Nij ] = Np̂ip̂j , i 6= j (3.1)

E [Nii] =
1

2
Np̂2i (3.2)

p̂i =
Ni

N
(3.3)
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Figure 3.2: Visualization of the interiors of the molecular chaperones considered. Interior

residues are in red and exterior residues are shown in blue. The top row is Yeast CCT,

the second row is GroEL-GroES (same as Thermo GroEL-GroES), the third row is Group

II, and the final row is HSP90. The resulting interiors demonstrate the effectiveness of the

techniques described here for identification of the interior of molecular chaperones
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Nij is the number of sequence residue pairs between types i and j on the surface, Ni is the

number of residues of type i on the surface, and N is the total number of residues on the

surfaces. The uncertainty in this estimate, relying on a truncated Taylor expansion, is:

σ2Nij
= N2p̂2iσ

2
p̂j +Np̂2jσ

2
p̂i i 6= j (3.4)

σ2Nii
= N2p̂2iσ

2
p̂i (3.5)

where σ2p̂i is the sample variance with each protein treated as an observation. This estimate

is reasonably valid if the number of categories is high, which in this case is true with 20

amino acids.

Structure and Interaction Equations

The proportion of amino acids which are interacting may also be calculated as:

p̂i = 1− NC
i

Ni
(3.6)

where NC
i is the number of residues of type i that are in contact with at least one side-

chain and Ni is the number of residues of type i observed on the surface. The preference

for amino acids to interact with water is calculated as:

p̂wi =
Niw

Niw +
∑
j Nij

(3.7)

where Niw is the number of contacts between surface residues of type i and water and

Nij is the number of contacts between surfaces residues of type i and side-chains of residue

type j. This statistic is slightly different from the propensity of a residue to be in contact

with water, because the normalization is relative to all contacts. The energy of interaction

between a single amino acid and a protein interior (buried) or surface is calculated according

to:

Ei =
20∑
j

pjχij (3.8)

where pj is the fraction of each residue present either on the protein surface (dark bar) or

buried (light bar). The interaction energies, χij , are described below.



57

Interaction Energy Definition

The interaction energies are derived from counts of residue contacts and total number of

residues. The interaction energy is defined as:

χAB ≡ UAB − UA − UB

where U indicates energy and A and B are residue types. Now, substituting the Boltzmann

distribution:

χAB = − 1

β
ln
(
e−βUAB

)
+

1

β
ln
(
e−βUA

)
+

1

β
ln
(
e−βUB

)
, β = kT

where k is Boltzmann’s constant and T is the temperature. Replacing the Boltzmann

distribution with the probabilities:

χAB = − 1

β
lnPAB +

1

β
lnPA +

1

β
lnPB = − 1

β
ln

PAB
PAPB

(3.9)

The probabilities may be found using maximum likelihood estimators[1] and shown to be:

P̂A =
NA∑
iNi

, P̂AB =
NAB

NFreeA +
∑
yNAy

(3.10)

where NA indicates the number of residues of type A, NAB indicates the number of A,B

pairs and ‘Free’ indicates unpaired A. The summation in the denominator is across all pairs

where A is part of the pair.

Residue contacts were calculated by finding the pair-wise distance between each side-

chain heavy atom on each residue. Neighboring residues, as determined by residue indices

in PDB files, were excluded from being in contact. If any of the heavy-atom pairs were

below the cutoff distance, the side-chain pair is said to be in contact. The heavy atom pair

cutoffs were taken to be Van der Waals energy minimum radii. The following Van der Waal

radii were used: nitrogen: 3.25Å, oxygen 2.96Å, and sulfur 3.55Å. The following mixing

rule was applied:

rij = 21/6
√
σiσj (3.11)

where σ is the Van der Waals radius.
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Error Analysis

Figure 3.5 uses standard error for the error bars and the amino acid surface fractions errors

reported in text were standard errors. Standard error is calculated as:

σi =
1√
N

√∑
j(pij − p̂j)2

N − 1
(3.12)

where i is the residue type, j is the protein, pij is the fraction of residue type i on protein

j, p̂i is the average residue fraction of type i, and N is the number of protein. Notice that

the standard error calculations were done by considering each residue fraction on each

protein as a single observation. The choice of standard error means the error considered

is uncertainty in the mean. This is different from standard deviation. This is because our

design principles should be based on our materials being in contact with a population of

proteins, not a single protein. Thus, uncertainty in the mean is most important. The use of

these statistics assumes normality, which can be seen visually in Figure 3.3. As one can see,

the higher residue fractions are normal and the assumption is valid. For the more rarely

observed residues, for example cysteine, the assumption of normality is not correct and the

error bars may not be exact in Figures 3.5 and 3.6. Note that this does not affect the values

themselves.

A sensitivity analysis similar to bootstrap resampling was used for the error analysis

called “bootstrap error,” specifically in Figure 3.7, except for the error bars in Figure 3.7a.

The sensitivity analysis was done by treating each protein as an independent observation.

Pseudo-replicates of the data were created by sampling from the protein dataset with re-

placement. Each pseudo-replicate has the same number of proteins as the original dataset;

there are repeats and omissions in the pseudo-replicates. The sampling was done 500 times

for each statistic. Quantiles were calculated on the pseudo-replicates to obtain errors. 95%

confidence intervals are shown as error bars in Figures 3.7b, 3.7c, and 3.7d.
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Figure 3.3: A histogram of the 20 amino acid surface fractions on protein surfaces. This plot

shows that the assumption of normality is true for the more commonly observed residues.
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Figure 3.4: The E. Coli residue distribution as a function of surface cutoff. The total residue

distribution (no cutoff) is shown in blue. As the cutoff changes, the residue fractions change

slightly. There is a tend towards more hydrophilic residues as the cutoff increases, which

is expected since hydrophilic residues are generally more surface exposed than hydrophobic

residues. A cutoff of 0.3 was chosen for all calculations.

Sensitivity to Surface Cutoff

The effect of changing the surface cutoff is shown in Figure 3.4. The residue fractions are

relatively stable to cutoffs, with lysine (K) and glutamic acid (E) being the most sensi-

tive. The total change across the cutoffs considered here is 2% for the E and K fractions.

The cutoff chosen in text was 0.3. Hydrophilic residues tend to increase as the cutoff is

increased, which is expected since hydrophilic residues are generally more solvent exposed

than hydrophobic residues.

Peptide Synthesis and Characterization

N-Fluorenylmethoxycarbonyl (Fmoc)-protected amino acids with the amine and sidechain

protected (Fmoc-Glu(OtBu)-OH, Fmoc-Lys(Boc)-OH, Fmoc-Cys(Trt)-OH, Fmoc-Pro-OH,
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Fmoc-Gly-OH), Rink amide AM resin, O-Benzotriazole-N,N,N’,N’-tetramethyl-uronium-

hexafluoro-phosphate (HBTU), N-Hydroxybenzotriazole (HOBt), and N,N-dimethylformamide

(DMF) were bought from Aapptec (Louisville, KY). N,N-diisopropylethylamine (DIPEA)

was bought from TCI America (Portland, OR). Trifluoroacetic acid (TFA), pyridine, and

acetic anhydride were bought from EMD (Darrnstadt, Germany). Piperidine, dichloromethane

(DCM), triisopropylsilane (TIS), 1,3-dimethoxybenzene(DMB), 1,2-ethanedithiol (EDT),

1,1,1,3,3,3-hexafluoro-2-propanol (HFIP), phosphate buffered saline (PBS), fibrinogen from

bovine plasma, and lysozyme from chicken egg white were purchased from Sigma Aldrich

(St. Louis, MO). Ethanol was purchased from Decon Labs, Inc. (King of Prussia, PA).

Tris(2-carboxyethyl)phosphine hydrochloride (TCEP) was purchased from Pierce (Rock-

ford, IL).

The peptides were synthesized using the Aapptec Titan 357 automated synthesizer by

a solid-phase technique, starting from a polystyrene Rink amide AM resin (0.58 mmol/g

loading capacity). Coupling was performed using amino acid monomer, HBTU, HOBt, and

DIPEA prepared in DMF in a molar ratio of 1.1:1:1:2 in four times excess of the loading

capacity of the resin. Deprotection of Fmoc groups was achieved using 20% piperidine in

DMF. N-terminal acetylation was achieved with a solution of pyridine (5%), acetic anhydride

(5%) and DMF (90%) (v/v/v). Random peptide sequences were created using the mix and

split capability of the Aapptec Titan 357. The cleavage of the final product was performed by

a TFA (75%), DCM (15%), DMB (4%), water (2%), TIS (2%), and EDT (2%) (v/v/v/v)

cleavage cocktail. The peptide purity was evaluated by preparative reverse phase high

pressure liquid chromatography (RP-HPLC) for known sequences and purified as needed.

The purity of of the glycine peptide sequences was 92% and the asparagine peptide was

97%. Peptide were analyzed by matrix-assisted laser desorption/ionization time of flight

mass spectrometry (MALDI-TOF-MS).



62

Peptide Self-assembly and Protein Adsorption

Peptide self-assembled monolayers were prepared as previously described.101 Gold coated

surface plasmon resonance (SPR) chips were cleaned by rinsing with Millipore water, ethanol,

and then drying with filtered air. They were placed in the UV cleaner for 20 minutes. Once

removed, the gold chips were rinsed again with Millipore water, ethanol, and dried by fil-

tered air. The clean chips were incubated with a phosphate buffered saline (PBS) aqueous

solution (pH 7.4 and Ionic Strength of 150 mM) of 0.2 mg/ml peptide for 24 hours. After

incubation the chips were removed from solution, rinsed with Millipore water, and evaluated

by SPR.

A laboratory SPR sensor developed at the Institute of Photonics and Electronics, Prague,

Czech Republic was used113 as described previously25 to evaluate protein adsorption. Gold

chips covered with peptide SAMs were rinsed with Millipore water, dried by filtered air,

and mounted to the device. The temperature controller was set to 25 ± 0.01◦C. Protein

adsorption was measured by flowing PBS buffer at 40 µL/min for 10 minutes, 1 mg/mL

protein solutions of fibrinogen and lysozyme for 10 minutes, and PBS buffer again for 10

minutes. The wavelength shift between baselines before protein injection and after buffer

rinse was used to quantify the total amount of protein adsorbed. A reference channel

containing solely PBS buffer was flown for each chip and its baseline drift was subtracted

from the final wavelength change. A 1 nm wavelength shift from 750 nm corresponds to

17 ng/cm2 adsorbed proteins.114 The detection limit for the SPR sensor is 0.2 ng/cm2.25

For statistics reported in the paper, each chip corresponds to one data point for calculating

standard deviations.

3.2.2 Results

Abundance and Sequence

After constructing a dataset of proteins found in humans, it is possible to tabulate the

most abundant amino acids on protein surfaces. The average fractions of amino acids on
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Figure 3.5: Fraction of amino acids on protein surfaces. The fraction of amino acids on the

surface of proteins found in three different locations: human proteins (N = 1, 162), human

cytoplasmic proteins (N = 221), and human extracellular (N = 34) proteins. The y–axis

is the median of the fractions of each amino acid over the entire dataset. The figure shows

the large fraction of charged residues on protein surfaces, in particular E and K. The error

bars are standard error.
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protein surfaces found in humans are shown in Figure 3.5. The most striking observation

is the large fractions of lysine (K) and glutamic acid (E). In fact, charged amino acids,

including E, K, arginine (R), aspartic acid (D), and histidine (H), comprise 41% ± 0.3%

of the surface of proteins. Those amino acids comprise only 27% when considering both

surface and non-surface amino acids. It is generally assumed that proteins have the most

hydrophilic amino acids on their exteriors and the hydrophobic on the interior in order to

maintain their native conformation. Thus the ordering of most common to least common

amino acids on the surface may follow how hydrophilic the amino acids are. However, K and

E do not have the lowest free energy of solvation;86 hydrophilicity is not the determining

property for surface fraction.

The protein dataset is further broken into the cytoplasm and extracellular. The extracel-

lular environment, the space between cells, generally is not as crowded as the cytoplasm and

we expect that nonspecific binding is not as interfering compared to the cytoplasm. As seen

from our results, the largest difference between cytoplasmic and extracellular proteins is the

larger fraction of charged amino acids: 43.8%± 0.3% for the cytoplasm and 37.5%± 0.7%

for the extracellular. The extracellular dataset is lower in charged amino acids, but higher

in polar hydrophilic amino acids (27.3%±0.2% vs. 23.7%±0.6%), among which specifically

serine (S) and threonine (T) are more abundant than those in the cytoplasm. Polar hy-

drophilic amino acids are S, T, asparagine (N), and glutamine (Q). These results generally

follow the trends seen by Andrade, et al.,115 who examined a similar though smaller dataset.

In the cytoplasm, a crowded environment prone to protein aggregation,62 the proteins have

more E and K. Thus, the K and E play an important role in these nonspecific interactions.

Evidence that E and K are located in nonspecific regions of protein surfaces (unrelated to

function) can be found in work from Jimenez as well, who analyzed protein surfaces broken

into regions related to protein function and regions unrelated to function.116 He showed an

increase of 36% of charged amino acids in regions unrelated to function relative to regions

related to function.

A similar abundance analysis on the interior of molecular chaperones abundance is shown
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Figure 3.6: Fraction of amino acids on interior of chaperones. A) shows three views of

location of interior residues (red) for the E. Coli GroEL. B) The fraction of each amino acid

on the interior of 5 molecular chaperones. The median fraction of each amino acid type

on the surface of a collection of 528 E. coli proteins is shown in blue for reference. All the

chaperone structures used for these calculations were the cis or “closed” forms. The error

bars come from a 95% confidence interval from quantiling. The fractions of E and K are

the most different relative to E. coli proteins. The thermophilic GroEL-GroES mutant has

a very high fraction of charged residues, 70%.
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in Figure 3.6. The analysis here though is for a the interior of a single chaperone protein

complex. All the chaperones are in the closed (cis) conformation, during which encapsulated

substrate proteins are folding. Again E and K are the most common amino acids in the

interior cavities of this collection of chaperone proteins. The fraction of E and K is much

larger than the previous dataset and the fraction of each amino acid is over 20% on these

large proteins. The fraction of charged amino acids, in general, is much higher as well for the

molecular chaperones. A dataset containing 528 Escherichia coli proteins was constructed

to calculate if the fraction of charged amino acids is significant. The fraction of charged

amino acids on the surface of E. coli GroEL-GroES is 56%, which is a higher fraction

than 98% of all of the E. coli proteins considered (shown in blue for reference). This

large fraction of charged amino acids has been noted before.98,99 However, here we can see

exactly which amino acids are more common than expected (E) and how significant it is.

Figure 3.6 also shows how the interior cavity surface changes between the mesophilic GroEL-

GroES and a thermophilic GroEL-GroES (optimal growth temperature of 65◦C). Protein

folding is typically more difficult at higher temperatures due to the increasing importance

of entropy as temperature increases, and thus the thermophilic GroEL-GroES represents a

more challenged chaperone. The fraction of charged amino acids is increased to 70% for

the thermophilic GroEL-GroES, with most of the increase coming from E and K. Molecular

chaperones, where nature requires strong nonfouling against many protein types, appear to

use charged amino acids to accomplish this. E and K are the most utilized charged amino

acids in both systems considered.

The large fraction of K and E suggests that they may be part of a general sequence

pattern on protein surfaces; this was found to not be the case. The data considered here

are the amino acid pair frequencies in sequence space. The most frequently occurring pairs

for the human protein dataset are shown in Figure 3.7a. The plot of the pair frequency in

white and the black shows what the predicted distribution would be if the pairs followed

random chance, a multinomial distribution as a background model. The multinomial model

is the number of pairs that would occur by chance if we knew the amino acid surface
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Figure 3.7: Interactions of amino acids. These plots show statistics based on protein se-

quences (a) and structure (b,c,d). Panel a shows the observed number of pairs of amino

acids on the surface of proteins. The white bar is the expected number of pairs if the se-

quence were random. The order of left to right is from most frequently observed to least.

Only the G–S pair is considered to be significantly more common than expected. Panel

b shows the proportion of amino acids interacting from human dataset. An amino acid is

considered ‘interacting’ if it is in contact with any other amino acid. We see small chains (S,

P, A), E and K have the lowest proportions of interactions. Panel c shows the preference of

each amino acid for protein surfaces or protein interiors. See text for details. D, E, and N

have the highest preference for protein surfaces relative to protein interiors. Panel d shows

the preference of amino acids for water relative to interacting with another amino acids. E

and K have the highest water per contact. The green and purple colors are to guide the

eyes.
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fractions. Interestingly, few pairs occur next to each other more or less often than the

multinomial model suggested within the error. Results show that on the surface at least,

there are no global sequence patterns. There is one exception to this trend in Figure 3.7a:

the glycine/serine pair. Based on analysis of the G-S ramachandrin plots, that pair is most

commonly found as a type–II turn, resulting in its increased frequency over the multinomial

model. This demonstrates that the methodology can discover surface motifs; in this case

solvated type–II turns. The large fractions of K and E, however, are not correlated with a

frequently occurring sequence motif and are instead nearly randomly distributed.

Structure and Interaction

In order to understand why nature chooses E and K, a series of statistical measures based

on 3–dimensional structures were calculated and are plotted in Figures 3.7b, 3.7c and 3.7d.

These results are only for the protein surfaces dataset, not the molecular chaperones. Briefly,

Figure 3.7b shows that E, K and S have very few interactions with other amino acids,

Figure 3.7c shows that charged (E, K, R, D, H) and amide amino acids (N and Q) have the

most disfavored interactions with protein cores, and Figure 3.7d shows that charged amino

acids, amide (Q, N), and hydroxyl (S) are the most hydrated. These results are discussed

in detail below.

Figure 3.7b shows how often an amino acid is interacting with any other amino acid,

which characterizes their nonspecific interactions. These data are normalized by the number

of the amino acids, so that each bar is comparable. This data is only for amino acids observed

on the surface. S, K and E have the lowest proportion interacting among the charged and

polar hydrophilic amino acids. Alanine and proline are lower due in part to the small size of

their side-chains. K and E have large side-chains but still rarely interact. R has the highest

proportion of interactions among the hydrophilic amino acids, perhaps explaining why it is

so much less often observed on protein surfaces.

In addition to the amount of interactions described above, it is important to discover

with what amino acids interact. For nonspecific interactions, reversible interactions are
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preferred to irreversible. For example, aggregation is often an irreversible process which we

expect proteins to disfavor. Therefore we plot the strength of interactions of each amino

acid with surface and buried amino acids on an average protein. Generally, more favorable

interactions with the buried residues of a protein destabilize the protein, possibly leading

to unfolding and aggregation. The average protein is a hypothetical protein which has a

surface and buried residue distribution given by Figure 3.5. The strength of interactions was

calculated using quasi-chemical theory.117 The results are plotted in Figure 3.7c where the

dark colored bar indicates strength of interaction between an amino acid and the average

protein’s surface. The light colored bar shows the strength of interaction between an amino

acid and the average interior of proteins. Amide, charged, and alcohol amino acids have the

highest preference for protein surfaces. Combined with our previous results, we see that E

and K have fewer interactions (Figure 3.7b) and also favor interactions with protein surface

amino acids, not interior amino acids (Figure 3.7c). Nature seems to prefer these amino

acids as well in locations where resisting nonspecific interactions is necessary for function

(i.e., the cytoplasm and molecular chaperones).

It is well established that hydration is the key to resisting nonspecific interactions.118,119

Thus, we also analyze crystallographic proximity of waters to amino acids. The numbers

of water per contact are shown in Figure 3.7d. The choice of using the number of contacts

as the normalization was done to eliminate the size effects of amino acids. Those amino

acids with more atoms tend have more waters near them. Therefore, Figure 3.7d should be

thought of as the preference of an amino acid to interact with water relative to interacting

with another amino acid. Again, we see E and K resisting other amino acids and preferring

water. The amides and alcohols follow the trend as well. Overall, Figure 3.7 shows E and

K are randomly distributed and rarely interact. If E and K do interact, they prefer water

to amino acids. If E and K do interact with amino acids, they prefer to interact with

those found on the surface of proteins instead of the interior. Regardless of the abundances

of E and K found, these structural results strongly indicate E and K resist nonspecific

interactions.
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Figure 3.8: Protein adsorption of peptide SAMs. Protein adsorption results as deter-

mined by SPR. Ac-[EK]7PPPPC-Am (EK), Ac-GGGGGGGPPPPC-Am (G), and Ac-

CPPPPNNNNNNN-Am (N) sequences were self-assembled onto gold and protein solution

was flowed over. Bound protein after buffer wash is shown in the bars. Untreated gold and

poly-glycine are shown for reference. EK and N show similar nonfouling performance.

Implications for Design of Nonfouling Materials

There are three separate results indicating E and K resist nonspecific interactions. First, E

and K are the most common amino acids on protein surfaces and even more so on protein

surfaces in the cytoplasm, a crowded environment. Second, E and K are the most common

amino acids found on the interior of molecular chaperones, a location which must resist

nonspecific binding with thousands of protein types and conformations. Lastly, the struc-

ture and interaction results indicates that K and E rarely interact with other amino acids,

favorably interact with water, and lack observed sequence patterns. We tested the ability

of E and K to resist nonspecific interactions through the design of a nonfouling material.

Nonfouling materials are an ideal experimental system and provide a direct measure of non-

specific interactions. When a nonfouling material is coated onto surfaces, the degree of its

resistance to nonspecific adsorption can be quantitatively measured using highly-sensitive
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surface plasmon resonance (SPR) sensors. The choice of using both K and E is to balance

charges and avoid a cationic or anionic surface. A random mix of E and K was used to test

the conclusion that nature distributes E and K without a sequence pattern (Figure 3.7a).

Among the uncharged residues, N had the most similar properties to E and K, especially

in its preference for protein surfaces (Figure 3.7c).

Experimental studies of protein adsorption on a peptide surface containing random K

and E motifs were performed. The chosen sequence is Ac-[EK]7PPPPC-Am, where the

square brackets indicate seven random E and K. Ac and Am indicate acetylation and ami-

dation, respectively. The proline repeat and cysteine provides a stable anchor for self-

assembling peptides on gold surfaces.95 The peptides were self-assembled onto a gold sur-

face and adsorbed fibrinogen and lysozyme measured via SPR. The results are shown in

Figure 3.8. Untreated gold was and poly-glycine were used as controls. The EK surface

performance is comparable to the ultra-low protein fouling standard of <5 ng / cm2 of fib-

rinogen.96 Additionally a AC-[N]7PPPPC-Am peptide was synthesized because N had best

modeling results among the uncharged amino acids. It also had results below the ultra-low

fouling threshold.

3.2.3 Conclusions

A fundamental understanding of nonspecific interactions has been gained by examining pro-

tein surfaces via bioinformatics. It was observed that (a) K and E are the most abundant

on the surface of proteins and molecular chaperones, two disparate systems; (b) the KE

content increases from extracellular proteins (21%) to cytoplasm proteins (27.5%) to molec-

ular chaperones (38%) and to thermophilic molecular chaperones (52%); (c) K and E are

distributed randomly; (d) K and E have strong water-binding capabilities, but weak bind-

ing with surrounding amino acids; (e) The uncharged amino acids which preferred water

to other interactions were also abundant, N and S. These amino acids are used by proteins

and molecular chaperones to resist nonspecific interactions, as supported by evidence from

experiments with the random K and E peptide SAMs from this work, zwitterionic poly–
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EK alternating peptide SAMs from our previous studies95,101 and poly–serine SAMs by

others.102,103 Understanding and mimicking nature’s resistance to nonspecific interactions

is key to addressing emerging challenges in chemistry, especially in practical applications

where complex environments can degrade materials and surface coatings. The techniques

and conclusions here provide new insights and directions into the understanding, character-

ization and design of nonspecific interactions.

3.3 Role of Nonspecific Interactions in Molecular Chaperones through Model-
based Bioinformatics

Section 3.2 demonstrated that bioinformatics may be used to better understand nonspecific

interactions. Interestingly, nearly the same conclusions were reached when mimicking nature

as when designing rationally designing nonfouling peptides in Chapter 2. Nonfouling has

been considered only as a technique to resist nonspecific interactions thus far. However,

it may be viewed more as resisting irreversible protein adsorption. Protein adsorption is

inevitable for a biomaterial. If a surface, however, causes a protein to remain in its native

conformation, the adsorption is more likely reversible. In this section, I model and study

how nature stabilizes native conformations through nonspecific interactions.

3.3.1 Introduction

Molecular chaperones stabilize proteins is through a nonspecific process. These molecular

complexes are able to nonspecifically help proteins fold or correct their misfolding. They

contact many protein types and reversibly bind with them while stabilizing their folding.98

This property of nonspecifically resiting irreversible binding with the proteins to be folded

is sometimes called “non-stick.”100 The most well characterized chaperone protein is the

GroEL-GroES complex found in E. coli from the chaperonin family. This large complex

has seven-fold symmetry and may be described as a macromolecular machine.98 Briefly,

misfolded substrate proteins bind to the interior cavity of GroEL followed by the binding of

GroES, a protein ‘cap’ which encases the substrate protein inside a chamber. Seven ATP
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molecules bind to the complex and it undergoes a conformational change which affects the

interior cavity conformation. The substrate protein then attempts to refold in the cavity

until ATP hydrolysis, after which GroES unbinds, the substrate protein unbinds and the cy-

cle begins anew, either with the same protein because it failed to refold correctly or another

protein.120 This description is a simplification of a relatively complicated process and there

are open questions about this process. For example, it is unknown how deterministic the

process is.121 Also, it is unknown if the protein refolding is actively encouraged by changing

the folding free energy, or if GroEL-GroES simply gives proteins another chance to fold

free of other macromolecules interfering. A few recent reviews have been written on the

topic.98,99

Recent research has quantified the interior cavity surface of GroEL-GroES along with

four other molecular chaperones.61 It was found that these interior surfaces have a high

number of lysine and glutamic acid. Furthermore, when these two particular amino acids are

used to create a surface, proteins are unable to irreversibly adsorb onto the surface, providing

direct experimental evidence for the “non-stick” property of molecular chaperones. However,

there remains several outstanding questions. Is the resistance of protein adsorption a passive

effect which allows proteins to fold free of the interference of other macromolecules or are

proteins actively stabilized? Can a molecular chaperone actively interact nonspecifically to

stabilize protein folding? In this work we show that a simple model of interactions between

proteins and the GroEL-GroES interior captures the trends observed in experiment. The

model demonstrates that it is possible for GroEL-GroES to nonspecifically assist the folding

of a large number of proteins through changes to the free energy of protein folding in its

interior cavity. The mechanism of this stabilization is the enhancement of the hydrophobic

effect inside the cavity; GroEL-GroES strengths the energetic difference between having

hydrophobic groups exposed on the surface and having polar groups exposed.

In addition to enlightening the role of nonspecific interactions in biological systems, there

is an interesting connection between surfaces which resist nonspecific protein adsorption

and molecular chaperones. Nonspecific protein adsorption impacts biosensors, biomedical
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implant coatings, and even marine coatings of commercial ships,4 where the prevention

of nonspecific protein adsorption is essential. As mentioned above, molecular chaperones

provide a naturally occurring example of resisting protein adsorption. They contact many

misfolded protein types, yet the molecular chaperones are able to unbind them. Thus a

better understanding of GroEL-GroES can directly apply to the creation of new materials

which resist nonspecific protein adsorption.

There has been previous research into molecular simulations of specific proteins in

GroEL-GroES models.122,123 Such research can be used to test scaling arguments or vali-

date other models which generalize to many proteins. In this work, we exploit the lack of

specificity in GroEL-GroES to make a model simple enough to be independent of the folding

details of substrate proteins enclosed by GroEL-GroES yet accurate enough to match cur-

rent experimental understanding. This avoids the nearly impossible molecular simulations

necessary to consider fully atomistic protein folding inside the GroEL-GroES complex. The

model developed in this work treats proteins at a simple level, which enables analysis of the

folding of hundreds of proteins in GroEL-GroES. Confinement effects are included in order

to determine which effects are most important and because confinement has been proposed

as the mechanism of action for the folding assistance of proteins.124

This work can be divided into three parts. In part 1, we develop our model of protein

folding inside the GroEL-GroES system. In part 2, we describe our model results on proteins

found in E. coli. Finally, in part 3 we optimize our model to predict a hypothetical “best”

GroEL-GroES interior surface and compare this to both the molecular chaperones proteins

found in other organisms and the surface chemistry seen in materials which resist protein

adsorption.

3.3.2 Methods

The PDBs and data used are available at http://sqlshare.escience.washington.edu.111 The

E. coli data are split into three tables: “ecoli nogaps 1.csv” which contains the per protein

data, “ecoli nogaps 2.csv” which contains the per residue data, and “ecoli backbone contacts.csv”
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which contains the data used to calculate the interactions energies. The E. coli proteins

were selected from the protein data bank using a homologue cut-off of 40%, X-ray resolution

< 2.5Å, “mutant” must not appear in the title, no large ligands (e.g., DNA, RNA), the only

macromolecular in the structure is a protein, the number of residues is greater than 100,

and no gaps within a chain appear in the structure. The statistical analysis was done using

the R statistics language and program.110 A residue was classified as on the surface when

its surface area is 30% of its maximum surface area. The choice of 30% is commonly used

and, in general, residues that are buried have no surface area so the results are relatively

insensitive to cutoffs between 10-50%.61,115 Surface area was calculated using accessible sur-

face area.112 The maximum surface area for a given residue was defined as the surface area

occupied by the side chain atoms of a free Gly-X-Gly peptide, with X being the residue of

interest. The backbones were taken to be α−helical and the lowest energy χ-rotamers were

used93 for these tripeptides. Once the surface residues are identified, the surface residue

fractions, pfi , can be calculated for each protein, which are used in the model.

The algorithm describing the identification of interior surface residues of the GroEL-

GroES complex can be found in 3.2. The radii of gyration for the GroEL trans and GroEL-

GroES cis conformation were calculated from the C-α carbons from residues which were

identified as interior. The characteristic lengths for these two conformations are 29.96 and

46.4 Å for cis and trans conformations, respectively. The number of residues used in the

model calculations was taken from the ATOM lines in the PDB files. This number was used

for the calculation of the random coil radius of gyration.

3.3.3 Results

Model Description

A model is developed here which describes the influence of GroEL-GroES on protein fold-

ing. There have been previous efforts to quantify the influence of molecular chaperones

on protein folding.125,126 Here, we extend these entropy based arguments to include an en-

thalpy term derived from the distribution of residues from White et al. 61 . In that work,
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the fractions of each amino acid found on the interior cavities of molecular chaperones was

calculated. This quantitative model can provide folding free energy perturbations (∆∆A)

which describe the effect of encapsulation in GroEL-GroES on protein folding using the

knowledge of this residue distribution and the radii of the protein and GroEL-GroES. The

folding free energy perturbation may also be interpreted as a type of free energy excess

function, which quantifies the difference between folding free energy in the ideal case (no

chaperone) and with chaperone. This term includes both the entropic confinement effects

and energetic interactions between amino acids. There are some features which are lack-

ing from this model, among which the most important are considering clusters of residues

(e.g., a hydrophobic patch), the flexibility of GroEL, and the kinetics of this process. This

model is only parametrized for E. coli GroEL-GroES, which will subsequently referred to

as GroEL-GroES. We begin with the expression of free energy of protein folding:

∆A◦ = U◦ − T∆S◦ (3.13)

where ◦ indicates without the influence of GroEL-GroES. We will use a simple two state

model for protein folding, where the first state is all unfolded conformations, represented by

a random coil state, and the second state is the folded conformation. The entropic effect of

confinement on the folded state is considered to be negligible due to that state’s collapsed

conformation. The entropic effect of confinement on the unfolded state inside GroEL-GroES

is described by a scaling exponent from Takagi et al. who used a Gō-like model to evaluate

scaling arguments for spherical confinement.125 The entropic effect on folding is given by:

∆S = (S◦fold + Sfold)− (S◦coil + Scoil) = (3.14)

∆S◦ +

(
0−

[
−k

(
Rg
L

)3.25
])

where Sfold is the folded state entropy with GroEL-GroES, S◦fold is the folded state entropy

wihtout GroEL-GroES, likewise for the unfolded state (coil), L is the characteristic size

of the confinement, which is the radius of the GroEL-GroES cavity, k is the Boltzmann’s

constant, Rg is the random coil radius of gyration, and 3.25 comes from Takagi et al. 125 .
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The confinement effect is positive because the unfolded protein state cannot occupy con-

formations that are larger than the cavity. For GroEL, the confinement of the substrate

protein is modeled as a random coil in cylindrical confinement, which changes the exponent

to 5/3 from 3.25.127 Rg for random coil state proteins is given by:

Rg = Nν l (3.15)

where ν was shown to be 0.6 by Kohn et al.128 N is the number of amino acids and l is the

Kuhn length, which was estimated to 1.93Åfor a large collection of proteins.128

The internal energy perturbation comes from interactions between the proteins and the

interior surface of the GroEL-GroES complex. It is given by:

∆U = ∆U◦ + Efold − Ecoil (3.16)

where E is the interaction energy between the protein and chaperone, given by:

E = Ns

20∑
i

20∑
j

piχijp
g
j (3.17)

where Ns is the number of residues on the surface, pi is the fraction of residue type i on

the surface of the protein, χij is the energy of the interaction between residues of type i

and type j, and pgj is the fraction of residues of type j on the interior surface of the GroEL-

GroES complex. The pgj were calculated as described in White et al.61 In that work, surface

residues were identified by measuring their accessible surface area112 and the interior surface

residues of GroEL-GroES were identified using a geometric algorithm. Ns is used because

we assume the number of interactions to be equal to the number of surface residues. This

assumes there are not multiple interactions and that the number of chaperone residues is

large enough that they do not limit the interactions.

The interaction energies, χij , are the only energy terms in the model. Thus, all of

our energy values depend on the accuracy of these interaction energy terms. These values

were derived using the ‘knowledge based’ or ‘quasi-chemical’ approach which is employed

in protein structure prediction, among other fields.129 The process uses experimental crys-

tallography data and decsribed below. The last term is pi, the fraction of each amino acid.
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This was calculated for the folded state by tabulating the residues present on the surface of

a protein according to White et al. 61 . The unfolded state’s residue distribution is assumed

to be the same as the whole protein residue fractions. A more sophisticated model would

consider the influence of the chaperone on the unfolded residue distribution, which would

likely lower the magnitude of the change in interaction energy between folded and unfolded

proteins. However, such a model would inevitably involve simulating protein geometry and

greatly complicate the model. The collection of pi’s will be called the residue distribution.

Equations 2-5 can be combined into Equation 1 and rearranged to give:

∆A = ∆A◦ + ∆∆A

∆∆A =
20∑
i

Ns

(
pfi −

Rfg
Rug

pui

)
20∑
j

χijp
g
j − kT

(
Rg
L

)3.25

(3.18)

where the f indicates the folded state, u indicates the coil state, and the
Rf

g

Ru
g

term is due to

the change in the number of surface residues in the unfolded state. The number of residues

on the surface of the random coil unfolded state is different than the folded state. We can

assume that the surface density is proportional to the density:

Ns

A
∝ N

V

where N is the total number of residues. This leads to:

Ns ∝
A

V
∝ 1

R

The increase in the radius of gyration upon the transition from folded to random coil states

can be used to predict the number of surface residues:

Nu
s

Nf
s

=
Rfg
Rug

Thus leading the term appearing in Equation 7.

Model Results

The model results from a sample of E. coli proteins are shown in Fig. 3.9. The x−axis

shows the free energy of folding perturbation (∆∆A) due to confinement in the closed, or cis,
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Figure 3.9: The y−axis is the predicted folding free energy perturbation from the open or

trans GroEL complex. A negative number indicates stabilization. The x−axis indicates

the perturbation from the closed or cis GroEL-GroES complex. Most hypotheses of the

GroEL-GroES complex action predict that the closed form should be most stabilizing, which

is indeed observed for the majority (98%) of the proteins. This is indicated by being above

the dashed line.
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GroEL-GroES complex and the y−axis shows ∆∆A for the open, or trans, GroEL protein.

The two deltas indicate free energy perturbations to free energy differences, specifically

perturbations to the free energy difference upon protein folding. As expected, all the points

are on the left of the green line, meaning all proteins examined are stabilized by the closed

form of the GroEL-GroES complex. This is essential for a model of GroEL-GroES. The

median ∆∆A for the closed GroEL-GroES complex is -14.8 kT, or -36.9 kJ/mol at 300 K

(0.10 kJ/mol·residue). The dashed gray line separates those proteins which are stabilized

more by the open form from those which are stabilized more by the closed form. As seen in

the plot, most proteins are stabilized more by the closed form because they lie above that

line. A few small proteins near the origin lie below this line. This matches the mechanism

for GroEL-GroES130 which shows that the model performs well. The median change in

∆∆A between the closed and open forms of GroEL is -10.5 kT or -26.2 kJ/mol at 300 K.

The blue line indicates which proteins have a stabilized fold when encapsulated by the open

form. The proteins are weakly stabilized by the open form; all the points lie below the blue

line. This does not follow the expected mechanism for GroEL, which should show positive

∆∆A values. GroEL should destabilize proteins; it interacts preferentially with misfolded

proteins. This discrepancy is described in detail below. Overall, the model can assign a

quantitative free energy to the conformational changes observed between the open and closed

forms of the GroEL-GroES complex, it matches what is understood from experiments, and

it shows that the closed form of GroEL-GroES stabilizes protein folding.

Arguably the most well-established hypothesis on the mechanism of action for GroEL-

GroES includes a preferential binding of misfolded proteins to GroEL.99,131–133 Our model

does not predict that the open form generally stabilizes the unfolded state. The cause of this

can be determined by breaking down the model into entropy and internal energy terms as

shown in Fig. 3.10. The open form is indeed energetically destabilizing, as indicated by the

positive values for the internal energy. However, the entropy is stabilizing in the open form.

This is due to the small size of the open form, especially relative to the closed form of GroEL-

GroES. The characteristic open length is 29.96 Å, compared with 46.4 Å for the closed form.
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Figure 3.10: The contribution to the folding free energy perturbation from the change in

internal energy is plotted on the y−axis. The internal energy is nearly always positive,

indicating all proteins are energetically destabilized in the closed form. The entropy or

confinement contribution to the folding free energy perturbation is shown in the x−axis. It

is negative for most of the proteins. Points below the dashed lines are stabilized more by

confinement than the internal energy.
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Figure 3.11: The key feature here is which residues change. There is a higher fraction of

charged residues in the closed form and the open form does have more hydrophobic residues,

specifically leucine, isoleucine, valine, and methionine.

The preferential binding of a misfolded protein may still occur because the hydrophobic

regions exposed while unfolding may be the only part of a substrate protein sequestered in

the open form, whereas the remaining residues are outside. Or, more likely, the two state

model is an oversimplification. Many of the misfolded protein conformations may be smaller

than the random coil state yet still have hydrophobic residues exposed. Such conformations

would indeed bind more favorably to GroEL than the native conformations. Their smaller

size would decrease the magnitude of confinement yet the misfolded conformations would

still interact favorably with the GroEL residues which favorably interact with unfolded

residue distributions.

It is important that the model does predict that proteins will be energetically perturbed

towards unfolding in the open form from the interaction energy. The cause for the difference

in interaction energies between the open and closed form is from the residue distribution,

which is shown in Fig. 3.11. As one can see, there is a large change in the number of

hydrophobic residues and charged residues. The leucine and isoleucine perturb proteins
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Figure 3.12: The contribution to the folding free energy perturbation from the change in

internal energy is plotted on the y−axis. The internal energy is nearly always negative,

indicating nearly all proteins are energetically stabilized in the closed form. The entropy

or confinement contribution to the folding free energy perturbation is shown in the x−axis.

It is negative for all of the protein. Points above the dashed lines are stabilized more by

confinement than the internal energy, which is rare except for the larger proteins. Note that

proteins which cannot fit into the GroEL-GroES complex while folded are not included in

this analysis.

towards unfolding, whereas aspartic acid, glutamic acid, and lysine strongly perturb proteins

towards folding (see Table 3.2). Another interesting feature to note is the exchange of

arginine with lysine between the two distributions. Lysine is more stabilizing than arginine

(see Table 3.2).

The effects of confinement and the cavity surface in the closed form can be compared

by again breaking the model equations into entropy and internal energy terms, as shown

in Fig. 3.12. The effect of confinement, or entropy, on the folding free energy perturbation

is plotted on the x−axis and the effect of the cavity surface, or internal energy, is plotted

on the y−axis. This plot shows that the internal energy is more important at the smaller
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protein sizes, where confinement has a negligible effect. The exponent on the entropy term,

however, causes the term to grow quickly as the radius of gyration of the random coil

state increases. This causes the trend to curve at the bottom of the plot. The dashed line

indicates the separation between proteins which are stabilized more by entropy and those

which are stabilized by internal energy. In general, the proteins are more stabilized by the

internal energy due to interactions between the proteins and the surface of the cavity. The

reason for this strong effect is the high number of charged residues on the interior cavity.

Charged residues enhance the hydrophobic effect through their unfavorable interactions

with hydrophobic groups. Aspartic acid in particular has the most unfavorable interactions

with hydrophobic groups followed by asparagine and glutamic acid (see Table 3.2). Equally

important is that the charged residues have favorable interactions with charged and polar

residues, which are most common on the surface of proteins.61 In particular, lysine is the

most common residue found on the surface of E. coli proteins, and thus aspartic and glutamic

acid, which interact very favorably with lysine, have a very low interaction energy with the

surface of proteins (Table 3.2). This effect of internal energy and the role of the interior

cavity of the GroEL-GroES complex is still an open question with much of the recent

discussion in literature focused on the role of water.134–137 Water is included implicitly in our

model through the residue-residue interaction terms, which come from experimental crystal

structures containing water. The internal energy effect on protein folding is a nonspecific

effect and independent of the geometry of interactions.

Detailed Description of Interaction Energy

The interaction energies are derived from counts of residue contacts and total number of

residues. The interaction energy is defined as:

χAB ≡ UAB − UA − UB
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where U indicates energy and A and B are residue types. Now, substituting the Boltzmann

distribution:

χAB = − 1

β
ln
(
e−βUAB

)
+

1

β
ln
(
e−βUA

)
+

1

β
ln
(
e−βUB

)
, β = kT

where k is Boltzmann’s constant and T is the temperature. Replacing the Boltzmann

distribution with the probabilities:

χAB = − 1

β
lnPAB +

1

β
lnPA +

1

β
lnPB = − 1

β
ln

PAB
PAPB

(3.19)

The probabilities may be found using maximum likelihood estimators138 and shown to be:

P̂A =
NA∑
iNi

, P̂AB =
NAB

NFreeA +
∑
yNAy

(3.20)

where NA indicates the number of residues of type A, NAB indicates the number of A,B

pairs and ‘Free’ indicates unpaired A. The summation in the denominator is across all pairs

where A is the first residue. The interaction energies for each residue is shown in Table 3.2.

Residue contacts were calculated by finding the pair-wise distance between each side-

chain heavy atom on each residue. The PDB files described in the main text were used

for these calculations. Neighboring residues, as determined by residue indices in PDB files,

were excluded from being in contact. If any of the heavy-atom pairs were below the cutoff

distance, the side-chain pair is said to be in contact. The heavy atom pair cutoffs were taken

to be Van der Waals energy minimum radii. The following Van der Waal radii were used:

nitrogen: 3.25Å, oxygen 2.96Å, and sulfur 3.55Å. The following mixing rule was applied:

rij = 21/6
√
σiσj (3.21)

where σ is the Van der Waals radius.
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Ideal Cavity Surface

Now that it is possible to quantify folding free energy perturbations, we can treat the in-

terior surface of the GroEL-GroES complex as a design variable in order to maximize the

magnitude of the folding free energy perturbation. That is, we may consider an idealized

GroEL-GroES where all residues are alchemically transformed to give an ideal residue dis-

tribution. This will demonstrate which residues are most important in stabilizing proteins

in GroEL-GroES. The geometry of the cavity will not change in this analysis, only the

residue identities. The model equations are linear in the residue fractions of the GroEL-

GroES surface (Equation 6) and the fractions are bound between 0 and 1. The extreme

values of the model thus occur when any residue fraction is 1 and the others are 0. This

is plotted in Fig. 3.13, where the x−axis labels indicate which residue fraction is 1 (with

all others being 0) and the y−axis is the median ∆∆A. For example, the bar labeled “D”

shows what the median free energy of the 528 E. coli proteins would be if every residue on

the interior surface GroEL-GroES were replaced with aspartic acid. Aspartic acid is the

most stabilizing residue, followed by asparagine. Their median ∆∆As are −27.6 and −23.1

kT respectively. The actual GroEL-GroES residue fraction has a median ∆∆A value of

-14.8 kT which is shown in the horizontal dashed line. After aspartic acid and asparagine

comes glutamic acid, lysine, and arginine, meaning four of the five most stabilizing residues

are charged. The charged residues are the most important for stabilizing protein folding.

Therefore, the high number of charged residues seen in chaperone proteins is not so unex-

pected. The reason for charged residues being so stabilizing is that they have the largest

difference in interaction energies between a folded and unfolded protein (see Table 3.2).

Among the uncharged residues, asparagine is the most stabilizing. Asparagine is similar in

geometry to aspartic acid but contains an amide functional group. We can gain some in-

sight into the effect of the negative charge by examining the difference between aspartic acid

and asparagine. Specifically, asparagine has more favorable interactions with hydrophobic

residues (0.25 vs. 0.49 kT) and much more favorable interactions with aromatic residues

(0.06 vs. 0.22 kT) (Table 3.2). Thus the negative charge seems to repel aromatic groups and
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Figure 3.13: The median folding free energy perturbation as predicted by the model from

GroEL-GroES on 528 E. Coli proteins is shown on the y−axis. The x−axis is the single

residue type which is maximal. For example, the A indicates that only alanine is present

on the surface of the GroEL-GroES and the bar height is the median folding free energy

for E. coli proteins if only alanine were present in GroEL-GroES. The plot shows that the

isoleucine destabilizes proteins the most, along with other hydrophobic residues as expected.

Aspartic acid is the most stabilizing residue, followed by asparagine, glutamic acid, and

lysine. Cysteine is not expected to be stabilizing or destabilizing due to its unique disulfide

bonding.
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hydrophobic residues slightly more, which are more common on the interior of proteins as

opposed to their surface. As expected, the residues which most perturb folding free energies

away from folding are the hydrophobic residues: valine, leucine, and isoleucine.

The mutations between the Thermus thermophiles and E. coli GroEL-GroES complex61

can be better understood from the results described above and those shown in Fig. 3.13.

The large increase in lysine and glutamic acid relative to E. coli GroEL-GroES stabilizes

protein folding more inside the Thermus thermophiles GroEL-GroES complex. There is a

corresponding decrease in alanine, glycine, proline, serine, threonine, leucine and isoleucine

on the surface. All those residues stabilize protein folding less than glutamic acid and lysine

or destabilize protein folding. There is a decrease in aspartic acid as well, though it is small

in comparison to the increase of the other charged residues.

3.3.4 Discussion and Experimental Comparisons

There is debate in the study of molecular chaperone proteins about whether they directly

perturb the free energy of folding for a protein.99 Some researchers have argued that the

mechanism of GroEL-GroES may be explained without GroEL-GroES stabilizing protein

folding.139 It is clear that it is possible to stabilize a protein fold through nonspecific inter-

actions. For example, osmolytes can accomplish this. Further, there exists a general residue

distribution on the surface of proteins and on the interior of proteins.61 It is possible for a

surface to create favorable interactions with those residues and thus nonspecifically make a

folded state more favored than an unfolded state. Alternatively, a surface may have strongly

unfavorable interactions with those residues which are not seen on the surface of proteins

(hydrophobic residues). Therefore, it is possible for the cavity of GroEL-GroES to stabilize

protein folding via its surface chemistry. It would be surprising if nature did not make use

of this. The model presented here shows that the effect is significant: the folding free energy

perturbation is 10 kJ/mol per 100 residues. Additional evidence for this can be seen from

the fact that the interior cavity of GroEL-GroES is unlike what is typically seen on the

surface of E. coli proteins. There is a folding free energy perturbation from GroEL-GroES.
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There is a remaining question of why aspartic acid is less common than glutamic acid

inside the chaperone cavities. It is not always the case, for example a group II chaperonin

protein isolated from Methanococcus maripaludis107 has slightly more interior aspartic acid

than glutamic acid.61 However, generally glutamic acid is present in more than double the

amount of aspartic acid. The two acids have similar hydration free energies,140 similar in-

teraction energies, and size. A difference which may explain the preference of GroEL-GroES

for glutamic acid is that glutamic acid interacts less than aspartic acid.61 Essentially, as-

partic acid has more protein stabilizing interactions given that it is interacting but glutamic

acid interacts less while still having stabilizing interactions.

The effects of confinement have been studied experimentally through tail-multiplication

studies.139,141 A Gly-Gly-Met ‘tail’ found at the C-terminal of WT-GroEL-GroES may

be extended to decrease the volume of the closed conformation by approximately 4% per

tail multiplication. At four tails a drastic decrease in activity is observed for large and

small substrate proteins, though the effects at shorter tail lengths are imperceptible.139

The change in entropy predicted from the model for these tail multiplication studies is

approximately the same as the change in volume (V ∝ R3, ∆∆S ∝ R−3.25, ∆∆S ∝ V −1.08).

Thus, even at four tails the effect on entropy is modest, with a 13% decrease. This is

supported from the results of Farr et al., which showed most of the change in GroEL-GroES

activity for the four tail GroEL-GroES mutants is due to changes in ATPase activity.139

Thus, the magnitude of confinement in our model is consistent with experiments.

There have been experiments exploring the hydrophilic character of the interior cav-

ity of GroEL-GroES through mutations.139,142 Most mutations which affect only the closed

GroEL-GroES conformation have shown negligible effects on the activity of GroEL-GroES,100

with the exception of two mutations which created a net neutral charge for the interior

cavity.142 Our model is unable to account for the loss of activity when the interior cav-

ity becomes neutral; those particular results may be due to a change in the structure of

GroEL-GroES or some other large scale effect. Neglecting these two mutation results, the

other 11 mutation sets referenced were all without effect in experiments. According to the
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model, two of the most mutated variants have median folding free energy perturbations

of −13.3 and −14.7 kT for the E252A/D253A/E255A mutant and D359N/D361N/E363Q

respectively. These mutations are too slight to overcome the effect of the other charged

residues and confinement. According to the model, only drastic mutations may produce

an effect without removing the negative charge inside the cavity. Eight Lysine to leucine

mutations and eight aspartic acid to leucine mutations would keep the negative charge but

strongly increase the folding free energy perturbations (destabilizing proteins) enough to

cause positive folding free energies in 25% of the proteins. Interestingly, mutation counts

below that number are still not significant enough to overcome both the other hydrophilic

residues stabilization and the confinement entropy. Alanine to aspartic acid mutations may

increase the folding free perturbations (stabilizing proteins), although it is generally difficult

to increase wild-type activity.

There are experimental results showing which proteins strictly require GroEL-GroES,

so-called ‘Class III’ proteins.143 Model calculations on Class III proteins which have crys-

tallography structures produced a higher median free energy perturbation value of -22.0 kT

compared with -14.8 kT for the E. coli dataset. The perturbation is stronger, as expected.

Compared to proteins of similar size, though, it is not significantly different. Thus, it ap-

pears that their GroEL-GroES dependence is a combination of their higher free energies of

folding and stronger effect from GroEL-GroES.

More direct evidence for the role of charged residues and asparagine may be found

from experiments studying nonspecific protein adsorption on self-assembled monolayers

(SAMs) of oligo-peptides. Glutamic acid and lysine combinations and poly-aspargine have

been shown previously to resist irreversible protein adsorption, demonstrating that these

residues strongly prefer interacting with protein surfaces (reversible binding) and not all

protein residues (irreversible binding).61,101,144 In fact, these SAMs function quite similarly

to GroEL-GroES in their ability to bind proteins reversibly. Other research has shown that

asparagine and aspartic acid have the lowest nonspecific protein adsorption, following the

trend seen in the model.145
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3.3.5 Conclusions

Molecular chaperones have a unique distribution of residues in their interior cavities which

have large fractions of charged residues.61,99 In the GroEL-GroES chaperonin found in Ther-

mus thermophiles, the interior cavity has 70% charged residues.61 The role of these charged

residues is to stabilize protein folding inside the chamber by increasing the hydrophobic

effect, as demonstrated through the simple model of protein folding inside GroEL-GroES

presented here. Thus GroEL-GroES stabilizes a large number of proteins through interac-

tions between protein surfaces and the interior cavity of GroEL-GroES. The median free

energy perturbation on folding free energy in GroEL-GroEL isolated from E. coli is -10

kJ/mol per 100 residues for a diverse sample of 528 E. coli proteins. This model provides

predictions which are qualitatively consistent with the hypothesized mechanism of GroEL-

GroES, experiments, and captures the behavior of both confinement entropy and energetic

effects from the surface chemistry of GroEL-GroES. The residues which provide the most

protein stabilization are aspartic acid, glutamic acid, asparagine, and lysine of which lysine,

aspartic acid, and glutamic acid are present in high amounts on the interior surface of many

chaperone proteins.61 This research brings a better understanding of how nature is able to

interact nonspecifically with proteins.

3.4 Chapter Summary

Section 3.2 demonstrated that proteins have general patterns on their surfaces and that

these may relate to resisting nonspecific interactions. Mimicking the patterns leads to

molecules that resist nonspecific interactions, strengthening this hypothesis. Interestingly,

the same two amino acids, E and K, as seen in Chapter 2 were found on protein surfaces

in harsh biological environments and make good nonfouling peptides. New designs, based

on asparagine, were found as well. Section 3.3 showed how to model nonspecific interac-

tions directly through model based bioinformatics and addressed the relationship between

resisting nonspecific interactions and stabilizing protein conformations.
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Chapter 4

ANALYZING PEPTIDE LIBRARIES

The previous chapters have utilized nonfouling as motivation throughout and many of the

results have been directly related to the design of nonfouling materials. In this Chapter, the

knowledge of nonspecific interactions is applied to high throughput peptide library screening.

Currently, experimental collaborators in my research group are developing techniques to

create libraries for screening nonfouling peptides. The analysis of this data is limited by

the general lack of techniques for analyzing peptide library data. In Section 4.1 I address

this by describing a set of state-of-the-art statistical tools to analyze peptide libraries and

apply them to known peptide libraries in the literature. These tools can analyze peptides

either by examining their motifs or quantitative structure-activity relationships (QSARs).

Known peptide libraries in literature are generally concerned with specific interactions such

as protease activity on peptides, peptide-protein binding, or antimicrobial peptide activity.

Thus, they are concerned with motifs and to a lesser extent with the chemical properties of

the peptides, such as solubility. In contrast, the peptides which our group searches for are

more impacted by the chemical properties, but motifs are of interest to a lesser degree. In

Section 4.2, I develop new statistical tools based on current research in the machine learning

of speech recognition which can integrate information about both motifs and QSARs. These

new models are shown to be flexible, interpretable, quick to train and perform as well as

the best classifiers in literature at predicting antimicrobial activity, a difficult benchmark

task.
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4.1 Standardizing and Simplifying Peptide Library Analysis

4.1.1 Introduction

Combinatorial peptide libraries are powerful tools for quickly screening millions of peptides

for activity. With an appropriate assay, it is possible to obtain the individual sequences of

active peptides. This may be used to discover protein ligands,146 antimicrobial peptides,147

and even molecules for protein separation.148 Peptide libraries are a large collection of

peptides each with different sequences. A process is applied to the library that separates

active peptides from inactive peptides. For example, running the library over a column with

an immobilized target molecule will elute the non-binding peptides away from those which

bind. Then the peptides which are bound may be examined to identify active sequences.

The remarkable aspect of peptide libraries is that millions of sequences can be tested in

parallel, enabling high-throughput experiments.

One of the most accurate types of peptide libraries are solid-phase combinatorial li-

braries.149,150 Solid-phase libraries are unique in their ability to eliminate biases in amino

acid frequency while still providing individual active sequences. Some peptide library meth-

ods have confounding factors; for example, FLITRX libraries, which display peptides using

E. coli, are estimated to lose around 10% of peptides due to expression problems.151 Bac-

teria or phage libraries require multiple iterations and tuning to ensure that multiple active

sequences are discovered.152 Other methods can have convoluted results. For example, us-

ing affinity columns with the target bound to the column and peptides in the mobile phase

screens for both peptide abundance and affinity,153 whereas peptide affinity is the only vari-

able with which we are concerned. Solid-phase libraries are well suited to analysis because

they provide individual sequences based only on affinity.149 Utilizing solid-phase libraries

consists of three basic steps: synthesis, activity determination, and sequencing. During

synthesis, the library of peptides is constructed on solid particles, ranging from 90 µm up to

200 µm depending on the chemistry and application150,154. Each particle, or bead, contains

tethered peptides, all with the same sequence. Between beads, however, there are different
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sequences. During the activity determination step, each bead is tested and beads which

are active are isolated. This is done, for example, using a colorimetric or fluorescence assay

and the beads may be separated via an automated sorter.155 Finally, during sequencing the

peptides are cleaved one amino acid at a time and sequenced using MALDI-TOF in a tech-

nique called partial edman degradation.149 The result of these steps is a list of sequences

which are active.

There are two techniques used for analyzing the peptide libraries in this work. The first

is quantitative structure-activity relationships (QSAR), which excel at describing small

molecules. A descriptor is a quantitative metric based on chemical structure, for example

number of double bonds, which may then be correlated with activity. The correlation of a

descriptor with activity is called a QSAR. The second technique is motif discovery. Motifs

are frequently occurring short strings of amino acids. For example, ‘RGD’ is a motif, the

one letter amino acid abbreviations are used. Typically, motif lengths are between 3-10

amino acids long.

Analysis of these solid-phase peptide libraries is still relatively unexplored, excepting

traditional consensus sequence analysis. There are three main challenges for analysis of such

experiments. The first is that the variable regions of the peptides are typically too short

(3-10 amino acids) to be analyzed using existing techniques from proteomics or genomics.

For example, the popular Multiplied EM for Motif Elicitation algorithm, which discovers

sequence motifs, is suggested to work on at least 8 amino acid length peptides and typically

used for searching whole proteins or long gene sequences for motifs156,157. The second

challenge is that, when viewed from a traditional QSAR descriptor based perspective, the

peptides have molecular weights far beyond what most descriptors were designed for. This

limits the applicability of QSAR techniques, and even analysis of two amino acid dipeptides

is challenging.158 Finally, the results of peptide libraries are a list of active sequences. This

makes it difficult to utilize the large number of QSAR classification techniques which require

examples of both active and inactive structures.159 Experimentally, it is possible to sequence

inactive sequences but the results will be quite close to random peptide sequences, providing
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little information. These challenges limit the use of the large amount of data generated from

such experiments.

In this work, we describe a collection of algorithms meant to solve these challenges and

simplify the analysis of peptide library data. Most of the algorithms operate on the sequence

view of the peptides; each peptide is represented as a string of letters. This is the most

relevant perspective in biology, where a consensus motif or sequence is the desired output

from a peptide library. It is often the case, however, that certain active sequences do not

contain a consensus motif and thus we also describe algorithms which examine such peptides

from a molecular perspective using traditional QSAR descriptors.

The algorithms produce four important results. The first is the number of motifs present

in a peptide library. The second is the grouping of the sequences based on the number of mo-

tifs. Although not discussed in this work, the grouping is enough to produce a substitution

matrix for PSI-BLAST to find examples of the grouped sequences in protein databases.160

The third result is the motifs of the grouped sequences, as determined from a model fitting

procedure. These motifs are ultimately the output of a peptide library. The motifs indicate

the preferred substrate for the peptide library assay. Finally, if the motif fit is unsatisfactory,

QSARs may be calculated to test if other structure-property relationships fit the sequences

better than motifs.

4.1.2 Methods

An overview of the techniques of this work is given in Figure 4.1. Sequence-sequence dis-

tances are calculated, a distance matrix may be derived from these distances, the matrix is

used to separate the sequences into clusters and motifs are fitted to each cluster. Separately,

QSARs are calculated on all sequences and we test if the distribution is different than that

of the entire peptide library.

K-means clustering was used to cluster the sequences.161 K-means is a clustering tech-

nique which finds the local optimum grouping of sequences for a given number of clusters.

It is a “hard” clustering technique, meaning that each sequence may belong to only one
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Figure 4.1: An overview of the techniques presented in this work for analyzing peptide

libraries. Sequence-sequence distances are calculated (1), a distance matrix is derived from

these distances (2), the matrix is used to separate the sequences into clusters (3) and motifs

are fitted to each cluster (4). Separately, QSARs are calculated on all sequences and we

test if the distribution is different than that of the entire peptide library.
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cluster. The Hartigan and Wong algorithm162 was used as implemented in the statistical

computer program R110 with 20 random starts to account for the local optimization.

Principal component plots were calculated by first computing the eigenvector matrix of

the sequence-sequence distance matrix using singular value decomposition and then multi-

plying the data matrix by the eigenvector matrix. Only the first two columns are retained,

which is the data projected onto the principal two components. The implementation of this

algorithm in R was used.110

The motif model used is derived from the MEME model presented in Bailey 156 . The

expectation-maximization (EM) algorithm is used to optimize the motif model on the se-

quences, where the “hidden” data is the motif starting position.163 In the implementation of

the MEME algorithm, initial guesses based on statistics derived from genomic analysis were

used; the frequency of amino acids is non-uniform in naturally occurring proteins. However,

in our implementation we use uniform distributions throughout for initial guesses due to

the uniformity of solid-phase peptide libraries. The EM algorithm is considered converged

here once the sum of the squares of the model parameters of the model changes by less than

0.1%.

The equation to update a motif (M-step) is:

mkja =

∑N
i zik1{a=si(j+k)} +

Q

A∑N
i

∑A
a zik1{a=si(j+k)} +Q

(4.1)

where mkja is the estimated probability of amino acid a occurring at position j in the kth

motif. j ∈ [1, w]. w is the motif width. The number of starting positions is L−w, where L is

the sequence lengths. k ∈ [1, L−w]. zik is the estimated probability for the ith sequence to

start the motif in the kth position. 1{x} is the indicator function, which is 1 if the condition

x is true. si(j+k) is amino acid at the (j + k)th position in the ith sequence. The other

unknown parameter, zik, is updated (E-step) according to:

zik =

∑k+w
j=k mk(j−k+1)(sij)∑L−w

k=1

∑k+w
j=k mk(j−k+1)(sij)

(4.2)

where mk(j−k+1)(sij) is the estimated probability of the amino acid belonging to the ith
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sequence at the jth position occurring at the (j − k + 1)th position in the kth motif. The

initial guesses for zij and mkja are uniform. The background distribution is not updated as

described in Bailey 156 . Instead, it is known to be uniform for solid-phase peptide libraries

and is constant 1
A . The equation to calculate the pseudocount, a sort of “guess” for the

motifs which becomes less important as the amount of data grows, is given below:

Q = min(N,A) (4.3)

where Q is the pseudocount, N is the number of sequences, and A is the size of the alphabet.

Here the alphabet size is the number of amino acids (20) plus a gap character and unknown

residue character.

The width of the motif model is chosen a priori and is ultimately a decision of the

expert using the algorithms. The procedure used in this paper which recovered motifs seen

by experts analyzing the datasets is to start with a motif width of three and increase by one

amino acid as long as the additional motif positions have one amino acid with greater than

15% probability mass. Another method is to create elbow plots of the log-likelihood as a

function of motif width.164 The starting position, z, of the motifs may be set as to be the

same for all sequences or different for each motif. If it is the same for all sequences, the EM

algorithm operates on z as a vector and if it’s different for each sequence a matrix is used

for z. Throughout this work, it is not assumed that the motif starts at the same position

for each sequence.

The Wilcoxon paired signed rank test (Wilcoxon T-test) was used as implemented in

R.165 It is used to determine if two populations are significantly different. In order to esti-

mate the QSARs on inactive sequences, 500 sequences were randomly generated assuming

a uniform distribution of amino acids. QSARs were calculated on the randomly generated

sequences for the Wilcoxon T-test.

The QSARs reported in this research are intentionally simple and meant to illustrate

the methods. The counts of groups were calculated as follows: the basic groups are H, R,

and K. The acid groups are E and D. The aromatic groups are W, Y, and F. The polar

groups are S, T, C, P, N, Q, K, R, H, E and D. The charged groups are E, D, H, K, and R.
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Matrix Agglomerative K-means

Hamming 193 264

BLOSUM50 276 283

BLOUSM62 279 282

BLOSUM85 280 283

BLOSUM90 266 274

Table 4.1: Comparison of different clustering and substitution matrix types for clustering

the SHP2 Dataset. The table entries are the number of peptides which match the clustering

done by experts in149, which contains 331 peptide sequences. The version used in the main

text is bold.

ALogP is the average AlogP of the amino acids in the sequence, as calculated according to

Ghose and Crippen 166 and implemented in the Chemistry Development Kit.167

Comparison of methods

A comparison of the choice of substitution matrix and clustering methods are given in the

Tables 4.1 and 4.1. A hamming distance is a substitution matrix where all off-diagonal

elements are 1 and the diagonal is 0. This provides none of the chemical similarity infor-

mation encoded into a BLOSUM substitution matrix. Based on these results, the K-means

clustering method was selected and the BLOSUM85 substitution matrix was selected.

4.1.3 Results

Five previously published datasets are used to test the analysis techniques presented. The

first three come from Sweeney et al. 149 and the second two come from Chen et al. 168 .

All five peptide libraries target different phosphatase enzymes and are solid-phase peptide
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Matrix Agglomerative K-means

Hamming 86 151

BLOSUM50 108 101

BLOSUM62 109 102

BLOSUM85 86 102

BLOSUM90 93 107

Table 4.2: Comparison of different clustering and substitution matrix types for clustering

the TULA-Pre Dataset. The table entries are the number of peptides which match the

clustering done by experts in168, which contains 151 peptide sequences. The version used

in the main text is bold.

libraries. The algorithms are general and do not require that the data come from solid-phase

peptide library techniques149 or phosphatase enzymes.

Generally multiple sequences will be active in a peptide library. If most of these sequences

display a similar sequence, they may be considered to contain a common sequence or motif.

The motif may be determined by an expert examining the collection of active sequences.

In some cases, there may even be multiple unrelated motifs. However, it is difficult to

effectively and objectively categorize the sequences into a small number of motifs and also

choose the number of motifs. This is also complicated due to the large number of sequences

generated from solid-phase peptide libraries (100-500). One technique which is particularly

suited to alleviating this is clustering. If the number of motifs is known in advance, it is

possible to collect the sequences into groups based on how chemically similar they are.

K-means is a clustering technique that groups points, or sequences, into groups based

on their similarity. K-means clustering performs operations on a symmetric N ×N distance

matrix, where element i, j encodes the distance from sequence i to j. Although it is possible

to consider variable length peptide libraries using multiple sequence alignment tools,169 we’ll
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Figure 4.2: A plot of the two principal components of the distance matrix of the peptide

library data from two previously published datasets149,168. The colors in a and b represent

the segregation of sequences according to Sweeney et al. 149 and Chen et al. 168 , respectively.

The consensus sequences developed by Sweeney et al. 149 are in panel a in the legend. No

consensus sequences were reported for panel b but they were separated by Chen et al. 168

into two motifs. Square brackets denote the motif positions and “-” indicates a non-motif, or

background, position. The amino acids in brackets are ordered by most frequently occurring

to least in the motif positions. The results from K-means clustering are shown in panels c

and d. The K-means clustering produces similar results, capturing the key features of the

sequences. The point circled in red in panel a is a possible misclassification.

assume that each sequence has the same length within each peptide library. The distance

between two sequences may be calculated using substitution scores according to:

dij =
l∑

k=1

f(sik, sjk) (4.4)

Where l is the length of the peptide, f() is the substitution function (for example, the

BLOSUM62 matrix170) which measures how chemically similar two amino acids are, and

sik is the kth position of sequence i. If a BLOSUM matrix is utilized for the substitution

function, the distance matrix must be shifted. Positive numbers indicate similarity in BLO-
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SUM and low negative numbers indicate dissimilarity. Thus the shift should make the most

positive distance be the zero element and the most negative element become as large as

the largest difference in the un-shifted distance matrix. BLOSUM62 is used in this work.

The distance matrix may be visualized using a principal component analysis. This is shown

for two previously published peptide libraries in Figure 4.2. The colors in Figure 4.2a and

4.2b represent the clustering of the sequences as done by the authors (experts), and not an

algorithm. It can be seen that the distance matrix does a good job of separating the clusters

which were chosen by experts. Some possible mistakes in the classification also become visi-

ble as well. For example, sequence 133 which is circled in Figure 4.2a, begins with isoleucine

yet was classified into a cluster where each other sequence begins with tryptophan. The

results using the K-means clustering are shown in bottom two panels in Figure 4.2c and

4.2d. The clustering finds similar patterns but is automatic, reducing the risk of accidentally

misclassifying a sequence. The K-means algorithm operates on the entire distance matrix,

yet only the principal two components are shown in Figure 4.2, thus overlapping clusters

there do not necessarily mean they are overlapping in the other dimensions which are not

shown.

Choosing the number of clusters, and thereby the number of motifs, is an ongoing

research problem. One way to choose the number is the “elbow” technique, which is utilized

here.164 In the elbow technique, some measure of the goodness-of-fit as a function of the

number of clusters is plotted. The goodness-of-fit generally increases as a function of the

number of clusters; more model parameters create a better fit. The number of clusters

just before the goodness-of-fit flattens may be chosen as the number of clusters. This

involves searching for an elbow in a plot, hence the name “elbow” technique. This is shown

in Figure 4.3 for a collection of previously published peptide libraries. The solid vertical

line indicates the number of clusters as determined from experts. The dashed vertical line

indicates the number of clusters as determined from the elbow technique. In Figure 4.3a

the technique agrees well with the choice of experts, again differing by one. In Figures 4.3b

and 4.3c the authors did not consider multiple motifs. In Figure 4.3d the technique disagrees
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Figure 4.3: The elbow plots of the number of clusters or motifs in the five previously

published datasets149,168. The y-axis is the log-likelihood of the motif models over the

dataset and the x-axis is the number of clusters. The dashed vertical line indicates where

we choose the number of clusters, based on the elbow technique. The insets show the same

plot but to a larger number of clusters. The elbows are more visible in these plots. The

solid vertical lines show the choice of the experts who originally analyzed the datasets.

Panels b, c, and e were not considered to have multiple motifs by experts. Panel e is not

considered to have multiple motifs based on information described in text. These plots

provide a justifiable and straightforward technique for choosing the number of motifs.
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with the choice of the experts by one motif. Only one cluster was chosen for Figure 4.3e

because increasing the cluster number did not significantly change the motifs, which is

another test to determine the number of motifs. Although the process is in some ways still

subjective with elbow plots, they do provide an easily communicated and justifiable method

to choose the number of motifs.

The clustering algorithms described above assign each sequence to a particular cluster.

The next step in the analysis is to extract the motif or consensus sequence. Here, we use

a modified version of MEME.156,157,171 MEME is an expectation-maximization algorithm

that identifies the motif in a set of sequences and the location of the motif in the sequences.

The algorithm optimizes the likelihood of a particular motif, which is a measure of how

well the proposed motif fits the data. The likelihood for a collection of n sequences, each of

length l, given model M is given by:

L(S;M) =
N∏
i=1

l−w∏
z=1

z−1∏
j=0

Pr (sij | b)

z+w∏
j=z

Pr (sij | mj)

 w∏
j=z+1

Pr (sij | b)

 (4.5)

Where sij is the jth position of the ith sequence, b is the background model, which models

the non-motif positions, mj is the jth position of the motif, N is the number of sequences,

l is the length of the sequences, w is the length of the motifs, and z is the starting location

of the motifs. Each probability, Pr ( · | ·), is a normalized vector of probabilities, with one

probability for each possible amino acid occurring. Following the general EM algorithm, this

equation is not maximized directly, but instead the expectation of its log over the possible

starting positions (z) is maximized. Details of general EM algorithms may be found in

Dempster et al. 163 . The motif model equations produce a w × A matrix, where w is the

width of the motif and A is the number of possible amino acids (typically 20). Each column

in the matrix represents the probabilities of each amino acid at that motif position. If the

motif position is not variable, then the model reduces to the proportion of each amino acid

at the motif positions. This is the usual quantity analyzed for determining motifs from a

collection of sequences. See Sweeney et al. 149 or Chen et al. 168 for examples. The expected
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log-likelihood, the maximized quantity in fitting the model, is the goodness-of-fit used above

in the elbow technique.

The results of the motif models on a collection of 5 datasets are shown in Figure 4.4.

Figure 4.4a may be compared with the clustering as accomplished by experts and their motif

choices in Figure 4.2a. Although there are some minor differences, the motifs and clusters

are quite similar. The most significant partition is between the blue and other clusters. This

is captured in both Figures 4.4a and 4.2a. The advantage of the technique presented here

is that the process takes a few seconds and the effect of changing the number of motifs and

motif width may be tested just as quickly. Figure 4.4b shows the effect of segregating the

sequences into clusters in contrast to what is presented in Sweeney et al. 149 , where there is

no separation. The motif model determined the last three residues to be the most important,

with the blue points being the most conserved motif. The tyrosine in position 5 is unique

in that cluster. In Figure 4.4c, it is possible to see a significant difference between the

three motifs in positions two and three, where the green cluster shows a hydrophilic serine

in position two and the blue cluster shows an aromatic tyrosine. The red cluster shows a

threonine (similar to the serine in the green cluster) in position two but no aromatics in the

third position.

A complementary approach to motif searching is to examine quantitative structure-

activity relationships QSARs.172 QSARs are functions which take a peptide sequence as an

input and output a number representing some property of the peptide. For example, the

length of a peptide sequence is a QSAR. QSARs may be more appropriate for analyzing

peptide libraries when the chemical properties of the peptides seem more important than

the sequence. Searching for a motif is relatively simple, because if a pattern appears mul-

tiple times in active sequences then it is likely significant (assuming a uniform background

distribution of amino acids). However, a QSAR may contain the same value for each active

sequence simply because all peptides have that property. A trivial example would be the

number of chlorine atoms being zero for all active sequences. There are no amino acids with

chlorine atoms and thus all peptides in the library would have the same QSAR value. A
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Figure 4.4: A plot of the two principal components of the distance matrix of the peptide

library data from five previously published datasets. The colors correspond to the motifs

shown in the legend. Square brackets denote the motif positions and “-” indicates a non-

motif, or background, position. The amino acids in brackets are ordered by most frequently

occurring to least in the motif positions. The numbers of motifs were chosen according

to Figure 4.3. Panels a and c may be compared directly to experts’ clustering and motif

choices shown in Figure 4.2.
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QSAR p-value TULA-2 Pre p-value TULA-2 Post

Basic Group Count 6.71 · 10−4 2.88 · 10−7

Acid Group Count 8.71 · 10−2 7.77 · 10−22

Polar Group Count 2.77 · 10−15 4.57 · 10−3

Aromatic Group Count 2.65 · 10−48 4.60 · 10−29

Charged Group Count 1.11 · 10−1 2.22 · 10−5

ALogP 7.38 · 10−9 1.83 · 10−10

Table 4.3: QSARs from two peptide library datasets. A lower p-value indicates a signifi-

cant QSAR, as determined from a Wilcoxon T-test. A significant QSAR means that the

sequences which were active in the library have a QSAR value significantly different than

what was seen in the inactive sequences.

more subtle example is the surface area of the molecules, which is similar because it is mostly

a function of the length of the peptides and all peptides are generally the same length in a

peptide library. Thus, it is important to calculate QSARs on both the active sequences and

the inactive sequences. If the distributions of QSARs are significantly different, then it may

be said to be a relevant QSAR. This significance may be calculated by using a Wilcoxon

test,165 a non-parametric version of the Student’s t-test. This hypothesis test is used to

compare the median of two distributions and results in a p-value. A lower p-value means

the distributions are different and that the QSAR is significant. The only complication

is calculating a QSAR on the distribution of inactive sequences, which is unknown. One

approximation that may be easily checked during the assaying phase of peptide libraries

is that the active sequences are a small fraction of the peptide library. If that is the case,

and due to the lack of bias in solid-phase peptide library synthesis, then we may estimate

the inactive sequences as uniformly random sequences. These may be randomly generated

computationally to construct a distribution of QSARs on the inactive sequences for the



109

Wilcoxon test.

Figure 4.4e, which shows the TULA-2 Pre dataset, is a good example of when QSARs

are more appropriate than motifs. The motif in Figure 4.4e is four aspartic acids and a

tryptophan. However, that particular motif actually does not appear in the list of active

sequences. In fact, most of the active sequences contain two acids and one aromatic group.

A small set of QSARs on the active sequences were calculated along with their p-values,

which are shown in Table 4.3 under the TULA-2 Pre column. It is clear that the number

of aromatic groups and acid groups is a significant QSAR. For comparison, the p-values are

shown for the same analysis on the TULA-2 Post peptide library from the same publication.

That dataset is shown in Figure 4.4d as well. The number of acidic groups is no longer a

significant QSAR, but the number of aromatic groups still is. This is corroborated by the

motif shown in Figure 4.4d, where each of the motifs contains an aromatic amino acid but

not necessarily an acidic amino acid. QSAR analysis provide a complementary technique

for finding patterns in peptide libraries when there is no clear motif.

The algorithms presented here, along with additional analysis techniques for analyzing

peptide library data, have been packaged into a plug-in for R called “peplib.” It is available

on the CRAN repository (http://cran.r-project.org) along with a manual describing

its us and further information may be found at http://peplib.org.

To summarize the techniques presented, analysis of peptide libraries should begin with

elbow plots to estimate the number of motifs present in a dataset. Next, the sequences

should be clustered and a motif model be fit to each cluster to describe the motifs. If the

motifs have many variable positions, then QSARs may be fit instead to the sequences.

4.1.4 Conclusions

Solid-phase peptide libraries are powerful experimental techniques for quickly screening mil-

lions of peptides for activity. Analysis of such libraries is generally accomplished by experts

analyzing hundreds of sequences by hand and using intuition for the number of motifs and

consensus sequences. Reliable and freely available algorithms have been described here to

http://cran.r-project.org
http://peplib.org
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analyze the data generated from such experiments. We have described how to choose the

number of motifs in a peptide library, how to group sequences together based on similarity,

how to extract the motifs from similar sequences, and how to analyze the chemical properties

of the peptides with QSARs. The algorithms compare well with the work of experts in the

field on five previously published datasets and excel in their speed and consistency compared

with the current techniques. Implementations of these algorithms, documentation and a tu-

torial for them may be obtained at http://cran.r-project.org/web/packages/peplib/.

An online application is also available at http://peplib.org. It allows researchers to use

a basic version of the algorithms presented here on their data.

4.2 Modeling QSARs and Motifs Simultaneously with Graphical Models

Previously the analysis of peptide libraries has either been only motifs or only QSARs. In

the next section, I develop models that combine both and provide an introduction to the

power of graphical models, which are quickly permeating the fields of speech recognition,

computer vision, bioinformatics, and other fields. One of the most noticeable advantages

of graphical models is that the large and difficult to derive equations (Equation 4.2 and

4.1) are computed algorithmically. Thus, models may be quickly tested without the need

to re-derive equations.

4.2.1 Introduction

Graphical models are finding incredible success in speech recognition,173 computer vision,174

bioinformatics175,176 and other areas of machine learning.177 The graphical modeling frame-

work allows common models (e.g., PCA, LDA, LSA), dynamic models (e.g., genomics mod-

els, speech recognition), and models with complex structure to all be specified, trained, and

applied using the same algorithms. The power of graphical models lies in their ability to

express sophisticated model structure with completely general training techniques. Thus

little to no time is spent on training algorithms for a given model and instead time may be

spent on searching for the best models. Furthermore, due to the generality of the training

http://cran.r-project.org/web/packages/peplib/
http://peplib.org
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algorithms, their efficiency has been tuned to the point that they can be applied to study

entire genomes.178 A recent review of them may be found in Bilmes 177 .

Graphical models are ideally suited for QSAR modeling due to their ability to encode

chemical knowledge, their speed, and ability to design interpretable models. Graphical mod-

els can be constructed to have a large number of constraints that allow one to incorporate

chemical knowledge into the model. For example, when applying a graphical model to small

drug-like molecules, one could specify that the molecule must have a molecular weight below

a cut-off and that at least two QSARs must be in a certain range. Such constraints are

difficult to embed into linear discriminant analysis, for example, and require a change to the

model fitting procedure. There is no such requirement in graphical models due to the gener-

ality of their training procedures. That generality also means that very fast algorithms have

been developed that make use of such constraints to reduce the training space. This has

made graphical models one of the techniques used on the massive ENCODE database,178

a deep sequencing project of the entire human genome. Finally, the combination of the

constraints and speed allow models to be constructed that are easily interpretable.175 For

example, it is possible to embed a dimensionality reduction into a graphical model so that

we may simultaneously find a reduced dimension for interpreting a QSAR model and fit the

model.

Another benefit of the use of graphical models is their ability to do integrative mod-

eling.179 Integrative modeling is is the combination of heterogeneous data into a unified

model. For example, combining the sequence data of a peptide with chemical descriptors

of a peptide is a challenging task. In a graphical models, two parts of the model may deal

with the different data types and be connected through probability distributions. This has

an advantage over other model combination techniques, such as consensus modeling,180 in

that both models may be simultaneously trained. Applying graphical models to chemistry

problems will open new ways of combining data such as bioavailability descriptors, sequence

models, and perhaps even simulation results.

Graphical models require the data to be viewed with probability distributions. QSAR
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modeling is traditionally unsuited to this because the space of all chemical compounds is

both unbounded and difficult to enumerate. Even when restricting a model to a chemical

domain of applicability, it is difficult to find all member compounds of that domain so that

a normalized probability distribution may be constructed. When modeling combinatorial

libraries, the space of chemical compounds is both bounded and known. This allows QSAR

descriptors to be constructed with normalized probability distributions using knowledge of

the complete chemical space. One particular example of this is peptide libraries and the

topic of this work.

As a case study, graphical models are constructed on two datasets. The first is the an-

timicrobial peptide database (APD).181 The second is a collection of fragments of sequences

from the surface of human proteins. Using graphical models, we ask the following questions

regarding these datasets: (a) what molecular descriptors are abnormal for these datasets, (b)

how different are the descriptors between the datasets, (c) are there antimicrobial peptides

that are similar to human proteins and might that be a predictor of low cytotoxicity, (d)

what are the motifs in the antimicrobial peptide database, and (e) what are the components

of the best classifier that can be built on the antimicrobial dataset: motifs, descriptors or

both. These questions are important from a biological standpoint and by answering them,

we also demonstrate the flexibility of graphical models.

In the Methods section, we describe the construction of the datasets and the training

procedure used for the graphical models. In the Results section we discuss how to prepare

descriptors for use in a probability model, introduce the models to be examined, discuss

parameter selection, and present the results for the models.

4.2.2 Methods

Two datasets were used. The first, ‘APD’, is the complete antimicrobial database (APD)

as of April 2013181 and contains 1,783 sequences. The second dataset, ‘Human’, is built

upon the protein Section 3.2 dataset. All contiguous amino acid sequences of length greater

than 4 amino acids present on the surface of proteins from that dataset were tabulated as
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Figure 4.5: Diverse proteins isolated from humans with structure in the protein data bank

created a database of 1,162 proteins. The surface was found as described in Section 3.2.

Contiguous surface sequences were found (darky gray) and converted into sequence frag-

ments. All with length greater than 4 were used.

independent sequences, as depicted in Figure 4.5. This yields 4,840 unique sequences.

Descriptors, except ALogP, were calculated using the peplib R plugin.182 ALogP was

calculated according to Ghose and Crippen 166 as implemented in the Chemistry Develop-

ment Kit.167 To estimate the distribution of ALogP values, the calculation was performed

on all peptides from lengths 1 to 3 and on a random sample of 5,000 peptides for each

length up to 10. The results of that calculation are available on SQLShare111 under dataset

‘alogp.csv’ and username ‘whitead’.

Graphical models were trained using the expectation-maximization algorithm163 as im-

plemented in the graphical model tool kit (GMTK).177,183 The models were first triangulated

and then junction tree inference was used for EM training.177 All prior distributions were

set to uniform, except classification priors which were set to their true values. This ensures

that if training on only one class of data, the active class for example, the prior reflects this.

EM training was terminated when the expected log-likelihood changed by less than 0.1%

per iteration. The training parameters were initialized randomly and EM training was done

5 times for each model. If the minimized expected log-likelihoods differed by more than
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1%, 15 more EM trainings were done to ensure the algorithm was not trapped in a local

optimum. After EM training, classification prior distributions were replaced with uniform

distributions. Prediction was done using the Viterbi algorithm with the trained parameters

as implemented in GMTK.183

4.2.3 Results and Discussion

Normalization of Descriptors

In order to use a structural descriptor in a graphical model, it must be converted into a form

that may be described by a probability distribution. An additional challenge for modeling

combinatorial libraries is that the descriptors can only adopt the values of the chemical

space of the library. This is difficult for a descriptor such as the number of chlorine atoms

in a library with no chlorines or a library where every compound has a single chlorine atom.

Thus, the first step towards converting descriptors into graphical models is converting them

to a form that corrects for the bias in the chemical space and allows them to be described

by a probability distribution.

The probability that a descriptor f(·) equals a value x in a molecule c is given by:

Pr(f(c) = x) =
1

Z

∑
i

wi1{f(c)=x}, Z =
∑
i

wi (4.6)

where Z is the partition coefficient, wi is the unnormalized probability (weights) of observing

the ith compound in the chemical space, and 1{} is the indicator function. Knowledge of

the complete probability distribution means one may calculate the significance of a given

descriptor value in the active set using a student’s t-test or a non-parametric (do not assume

normal distribution) Wilcoxon significance test.165 No knowledge of all inactive compounds

or quantitative activities is required; a significant benefit of this representation. Further,

the compounds may be weighted by their synthetic difficulty, recognizing the fact that the

experimentally active compounds are likely chosen with a bias. However, one must be

able to to enumerate all synthetically feasible structures, which is generally unbounded and

unintegrable.
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When modeling combinatorial libraries, the space of chemical compounds is both bounded

and known. This allows QSAR models to be constructed with normalized probability dis-

tributions using knowledge of the complete chemical space. The combinatorial library type

for this work is peptide libraries and the same techniques that apply here apply to com-

binatorial small molecule libraries. The weights of each compound are unity since peptide

libraries have little to no synthetic bias. The partition coefficient simply becomes Al, where

A is the size of the alphabet (generally 20 for amino acids) and l is the length of the amino

acid sequence.

Constructing probability distributions for group-wise additive descriptors follows two

approaches. When l < 3, all possibilities (203) may be enumerated to create a probability

distribution. When l > 3, the probability distribution may be approximated as a sum of l

identical normal distributions. The approximation is accurate, provided the number of 0’s

is low (e.g., the number of sulfur atoms in the peptides will not fit into this approxima-

tion). The mean of the normal distributions is the mean (µ) of the descriptor calculated

on the amino acids and the variance (σ) is calculated likewise. The sum of the l normal

distributions will have a mean of lµ and variance lσ2. For non-groupwise distributions, the

probability distribution may be estimated by sampling from the combinatorial library where

the sampling is done according to the weights wi.

Once the probability distributions are known for each descriptor across the entire com-

binatorial library, descriptors for the active compounds may be converted into a quantile

score between 0 and 100. This is done by first quantiling the probability distributions for

each descriptor across the whole library and then descriptors calculated on the active com-

pounds are ranked based on those quantiles. For example, if the number of double bonds

has a score of 95 for a compound, that means it is in the 95th percentile relative to the en-

tire peptide library. This approach has three benefits. First, it is now immediately obvious

if a descriptor is at an extreme value. Second, now when examining multiple descriptors,

their range corresponds exactly to their span of the entire combinatorial library. Thus, if

a descriptor range is 5–95, it is not significant. If it is within the range of 20–25, then
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Figure 4.6: A flowchart for converting a descriptor, f(c), into a score from 0–100 that both

removes biases from the chemical space of the library and normalizes it for use in a graphical

models.

the descriptors occupy a range that only 5% of the chemical space of the library occupies.

Third, the effect length on the descriptors may be removed by only comparing descriptors

against uniform length probability distributions. For example, if there are sequences from

lengths 3–10 in a library, the descriptors may be calculated relative only to sequences of the

same length. Then a score of 5 is interpreted as in the bottom 5% relative to sequences of

the same length. If this is not desired, only the probability distribution on the longest 2

lengths need to be calculated since that corresponds to 99.75% (1 − 1/202) of the possible

values. This process is depicted in Figure 4.6.

A set of group-wised additive descriptors were calculated on two datasets and are shown

in Table 4.4. The left values are the 2.5% quantile, the middle are the median, and the right

are the 97.5% quantiles. As corroborated in Section 3.2, the number of charged residues is

indeed high on human protein surfaces. This is also reflected in the high water solubility

(low ALogP values). It is also interesting that there is no dominant net charge in one

direction or another for human protein surfaces. Finally, the number of aromatic residues
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Dataset ALogP HB Acceptors BH Donors Charged Groups

Human (0, 31, 92)a (7, 65, 99) (5, 57, 99) (8, 77, 99)

APD NAb (0, 8, 94) (0, 14, 99) (1, 33, 99)

Dataset Polar Groups NonPolar Groups Aromatic Groups Net Charge

Human (10, 66 99) (1, 33, 90) (11, 18, 83) (0, 50, 99)

APD (0, 24, 97) (3, 76, 100) (1, 13, 81) (29, 90, 100)

Table 4.4: a 95% confidence interval from quantiling. Middle value is median. b ALogP is

not calculated due to its poor correlation at long peptide lengths found in the APD datasets.

is low which is expected since the number of aromatic residues is low across all proteins.

The APD dataset shows an abnormally low number of charged residues and a high number

of non-polar groups. Despite the lower number of charged residues though, the charges

are extremely skewed towards positively charged. This is consistent with past analysis of

antimicrobial peptides.184–186

Graphical QSAR Classifier

A graphical 2–state mixture model is used to classify sequences using the descriptors in

Table 4.4 and is shown as a graphical model in Figure 4.7a. When c = 0, all the descrip-

tors are drawn from whole chemical space descriptor probability distributions. Due to the

descriptors scores used, this is a uniform distribution from 0–100. When c = 1, the ac-

tive state, the descriptors are drawn from the descriptor distributions from a distribution

trained to match data. With simple graphical model techniques and normalized descriptors,

a powerful model-based classifier has been constructed which is similar to state-of-the art

model-based classification techniques.187

Three descriptors were chosen based on inspecting Table 4.4: net charge, number of non-

polar groups, and number of charged groups. The classifier was fit to the Human dataset
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Figure 4.7: Panel a is the graph of a 2-state classifier that fits 3 observed descriptors to

either distribution 0 or 1. Panel b is the results of the graphical model trained to the

Human dataset. Perfect fit would be 100% active on the withheld row. Withheld is 20% of

the Human dataset which was not used in training.

using EM training on 80% of the dataset. Classification was done with the Viterbi algorithm.

The confusion matrix, which shows the classifier performance, is shown in Figure 4.7b.

Only 28% of the APD dataset matches the descriptors seen in Human dataset. This shows

antimicrobial peptides are different from human proteins surfaces, which are thought to

be optimized for minimal nonspecific interactions.61,64 The classifier’s performance on the

withheld 20% of the data is 72% correct classification; relatively poor. This is likely due to

the large heterogeneity in the Human dataset.

There were 8 antimicrobial peptide sequence tied for most similar to human proteins by

the classifier. The shortest two (typically easiest to synthesize) are “GWMSKIASGIGT-

FLSGMQQ” (ADP ID:AP00167) and “FLPILGNLLSGLL” (ADP ID:AP01725). The first

sequence, called Phylloxin, was isolated from hylid frogs of South America and has activity

against both gram-positive (Bacillus megaterium, Corynebacterium glutamicum , Micrococ-

cus luteus ) and gram-negative bacteria (Rhizobium meliloti , Escherichia coli ).188 The
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second sequence was isolated from Rana boylii frogs from Oregon, USA and also has ac-

tivity against both gram-positive (Staphylococcus aureus) and gram-negative (Escherichia

coli) bacteria.189 They are similar to human proteins due to their low net charge and low

number of non-polar residues. Due to the connection between low protein adsorption and

human protein surfaces,61 these two sequences may be good candidates for antimicrobial

surface coatings.

Classifying Antimicrobial Peptides with Motifs

The most important tasks in QSAR modeling is predicting activity. In this section we de-

velop graphical models that predict if a given sequence should be an antimicrobial peptide or

not. One challenge of approaching this task is that there is no database of non-antimicrobial

peptides and thus no data to negative examples with which to train a classifier. Torrent

et al. 190 approached this problem by using sequences not reported to have activity, which

may be a good assumption since antimicrobial peptides are rare. We use a similar approach

to ensure our models are not overfit, but we do not use them in training. A decoy dataset

is generated by replacing each residue in the APD dataset with a randomly selected amino

acid. The models are then tested to see if they correctly reject the decoys.

The first model is the 2-state mixture model as described above and shown in Figure 4.7.

It was fit to 80% of the APD dataset with the EM training procedure and classification was

done via the Viterbi algorithm on the withheld 20% of the data. The same descriptors

were used as above (net charge, count of non-polar groups, and count of charged groups).

The median prediction success of 20 training/classification runs is 86.2%. This simple 3

descriptor classifier has performance near as good as the best performing examples in the

literature (88–94%).190–194 The classifiers performance at rejecting decoys was 73.0%, which

indicates the model is overfit to some extent.

Next, a graphical motif model is constructed and tested as a classifier on the APD

dataset. An emphasis is placed on keeping the model interpretable. A motif model with

the following attributes was chosen:
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1. There are 0 to k motif types

2. Sequences may contain 0 to ∞ motifs

3. Motifs may not be partially expressed

4. Non-motif residues in a sequence are drawn from the same distribution (background)

5. Motifs are of fixed length w and regularized to be sparse

6. The probability of a motif starting at a sequence position is iid

The changes that are unique to this description relative to other motif models157,182 are

the regularization of motifs, tied background distribution, uniform motif start probability,

and the ability to deal with variable length sequences. The regularization forces the motifs

to be sparse so that each motif position only has one or two possible residues. This makes

motif interpretation more intuitive. The tied background distribution reduces the number

of model parameters by (k−1)(A−1), where A is the number of amino acids. Such a change

greatly complicates traditional algebraic analysis of the model and is only practical with

graphical models. The uniform motif start probability reduces the number of parameters

by k(l − 1), where l is the length of the sequences. The ability to deal with variable length

sequences without pre-alignment is a significant feature and is what allows modeling of the

highly heterogeneous APD.

Classification is done by adding a membership variable that represents the probability

a sequence is antimicrobial or not. Now the model identifies motifs, classifies sequences

based on which motif they contain, and also predicts if a sequence will have antimicrobial

activity or not. The complete dynamic graphical representation of this model is shown in

Figure 4.8a and the inset Figure 4.8b. The complexity of the model is due to the large

amount of structure embedded into the model, as seen from the high number of structure

variables (nodes). For example, in order to enforce no partial expression of motifs, the
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inset showing how the motif indicator can switch the model to generate data from a motif or

from the background distribution. Panel c is the prediction accuracy from Viterbi decoding

on withheld data as a function of the motif width and motif number.
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motif position must be tracked and the position along the sequence. The structure does

not complicate interpretation of the model. The trained parameters will be a list of motifs,

the number of motif classes, the motif width, which motif class each peptide belongs to,

and the distribution of amino acids not described by motifs. This model is an example of a

dynamic Bayesian multi-net.195

Understanding Figure 4.8a is most easily done by interpreting it as a generative model;

pretending it is generating the data as opposed to being fit to data. First, it is randomly

decided if motif sequence data or non-motif sequence data will be generated at the member

node. If non-motif data is to be generated, the member node switches the data to be drawn

from the uniform background distribution for the first sequence position, also known as

frame. The member node is copied to the next frame of the model and again the data

is drawn from the uniform background distribution. This repeats until enough frames are

generated. If instead the member is set to generate motif data, the sequence data in the

first frame is generated either from the trained background distribution or a motif. The

sequence data is drawn from the motif if the motif occurrence indicator has been switched

on. Now we must traverse more of the graph to see where how the motif is generated. The

motif random variable is a kxwxA dimension distribution. The motif class is the first index

and chosen randomly in the first frame. The motif position is at 0 in the first frame, but

increments each frame when a motif is being expressed. The last index is the number of

amino acids. A similar walk along the graph can be used to understand the other parts

of the model. The complete model specification is given in a dynamic graphical model

grammar183 in Appendix A.

The models were trained using EM training on 80% of the APD data as described in

the Methods section. The figure of merit for the models is classification error on withheld

20% data. The adjustable parameters are the motif width (w) and the motif number

(k). 40 combinations were trained (w = [3, 8], k = [2, 10]) 5 times each and the median

classification error on these 40 combinations was 10.9%, with k = 10, w = 3 being the best

at 9.0% classification error and k = 6, w = 7 being the worst at 11.9%. Those results are
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Figure 4.9: Panel a is the probability of each amino acid in the 3 positions of a motif.

Notice the sparsity from regularization. Panel b is the list of motifs found by the model.

The predict column is the number of sequences which are predicted to be members of that

motif class by the motif model. The found column is the number of sequences that contain

the motif. Panel c is the background distribution of amino acids from the motif model. The

y-axis is probability.

shown in Figure 4.8. In order to determine if the motif model portion is most important

for performance or the background distribution (amino acid composition), training of the

background distribution was disabled. The same 40 combinations had a significantly higher

median classification error of 94.0%. There was also a stronger trend in the motif width and

length. The final parameters chosen were k = 6 and w = 3 since they were have the second

best prediction error (9.4%) and a smaller number of motifs than the best (k = 10). The

fraction rejected decoy sequences set was 91.3%, indicating much lass overfitting than the

QSAR classifier. This ability to reject decoys is inherit in the model due to the incorporation

of the “no-motif” block in Figure 4.8 which models sequences as uniformly random.

The ability to interpret the model may be seen in Figure 4.9. Figure 4.9a shows the

probability distribution from the first motif. The regularization operates as expected and the

motifs are sparse; only one or two amino acids have non-zero probability. Figure 4.9b shows
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all the motifs. The predict column shows the number of sequences which were assigned to

each motif by the model. The next column contains the number sequences which actually

contain each motif. We see the model has done well in assigning each motif to the correct

sequence based on the close match between the predict and found columns, but the sequences

which don’t have one of the motifs are simply placed into the TVV motif. Thus, we may

see that there are relatively few examples of the motifs discovered by the model. Only two

of the motifs found are likely significant, since the number of 3 amino acid combinations

is 8,000 and the dataset contains 53,000 3 amino acid positions. Only the FLP, VAK,

and possibly RPP motifs are frequent enough to be considered significant. Finally, the

background distribution is shown in Figure 4.9c. This may be considered the amino acid

composition of the library with the motifs observed in sequences removed. It is different

than uniform or the Human database61 and as mentioned above, contributes significantly

to the performance of the classifier. This is not unexpected since amino acid composition

is a well-used descriptor for analyzing peptides and proteins.

A classifier has been built which uses motifs and, implicitly, the amino acid composition

which works as well as the best previously described classifiers in the literature.190–194 The

significant advantage of the model described here is that it is simple to interpret, simple to

modify, and can be trained on the 1,500 sequence APD dataset in minutes.

The last classifier considered combines features from the previous two. It is shown in

Figure 4.10. The “omitted motif model” is shown in Figure 4.8. This classifier incorporates

the descriptors shown in Figure 4.7 into a new “QSAR” block in the model. The incorpora-

tion of descriptors demonstrates the integrative model of graphical models. The complete

model specification is given in Appendix A. The model takes in both sequence information

and descriptors. A lower motif number (k = 3), the same motif width (w = 3), and the same

descriptors (net charge, number of charged groups, and number of non-polar groups) were

used. The lower motif number was based on the marginal difference in misclassifications

seen in Figure 4.8c and the results in Figure 4.9b showing that likely only three of the motifs

are significant. The model was trained again on 80% of the APD data and its prediction
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Figure 4.10: Graph of combined QSAR/Motif model. The omitted motif block refers to

Figure 4.8.

was tested on the withheld data. The motifs and descriptor distributions were similar to

those described in the previous two separate models. Its classification performance on with-

held data is similar to the motif model at a median 9.6% vs the 9.4% of the motif model.

The QSAR-motif model sees a significant improvement in decoy rejection, predicting 97.8%

of randomly generated sequences will not be active vs. 91.3% of the motif model. This

demonstrates adding the extra descriptor distributions did not result in over-fitting; in fact

it improved the ability of the classifier to filter randomly generated sequences.

4.2.4 Conclusions

The application of graphical models to QSAR modeling has been introduced. Graphical

models are flexible and may encode sophisticated chemical knowledge, as seen from the

motif models presented. Their flexibility also allows models to be constructed with easy to

interpret parameters. This has been demonstrated with the motif models, where regular-

ization forced each motif position to only contain one amino acid, as opposed to previous

models where motif positions have non-zero probability on each of the 20 amino acids.157,182

Finally, the graphical models show excellent classification performance with 90.4% accuracy
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on withheld data and 2.2% misclassification error on decoy sequences. This is as good as the

more opaque and complex strategies such as multilayer artificial neural networks.193 As a

case-study they were applied to compare human proteins and antimicrobial peptides. It was

found that human proteins and antimicrobial peptides differ significantly. Human proteins

have more charged groups, less non polar groups, and a lower absolute net charge. Two

antimicrobial peptides were found that appear like human proteins and may show potential

as a nonfouling and antimicrobial surface. Overall, graphical models provide a significant

leap in the type of modeling that can be done in QSAR and the ease in which models can

be constructed.

4.3 Chapter Summary

In Section 4.1 I reviewed the state of existing peptide library analysis tools and found there

were few in existence, especially for the case of synthetic peptide libraries. A new standard

set of techniques was developed by combining existing tools from bioinformatics,157 machine

learning,161 and statistics.165 These techniques are well tested and perform well at clustering

peptide libraries and finding motifs as judged from their performance on peptide library

data from literature. Then, in Section 4.2, I introduced the newly developed graphical

models which come from machine speech recognition. These new techniques are capable

of both motif discovery and clustering. Additionally, they make excellent classifiers, can

combine QSAR and motif techniques, be quickly trained, and are flexible. These models

will transform the way QSAR modeling is done. This research has laid the foundation for the

modeling of the peptide library experiments being performed by collaborators in my research

group and provide a complementary “experiment first, analyze second” approach to the

previous Chapters. This research has studied the opposite side of nonspecific interactions.

Previously, a particular surface would interact with many unknown molecules. Here, there

are many peptides interacting in a particular assay. The common theme is the ambiguity

in the structure and molecules involved in the interactions.
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Chapter 5

CONCLUSIONS

Maximizing activity of a molecule in biology should always involve minimizing nonspe-

cific activity. It is easy to design a peptide which binds to a target protein. It is difficult

to make a peptide which binds only to a target protein. Through analyzing the different

systems in this research, the following principles for minimizing nonspecific interactions may

be derived:

1. Maximize hydration by using zwitterionic or strongly hydrophilic groups and avoiding

self-interactions.

2. Create an entropic penalty for binding. For example, by making a polymer more

flexible.

3. Minimize known unwanted specific binding. For example, be net neutral to avoid

electrostatic interactions with charged proteins. As another example, prevent strong

binding with amide groups which are present on protein backbones.

In Chapter 2, I designed self-assembling nonfouling peptides by applying these principles.

The resulting sequence matches the best performance of existing protein resistant peptide

SAMs reported in the literature. The change in hydration between a primary amine and

quaternary amine on zwitterions was studied as well to understand how self-interactions

affect hydration. Free energy simulations of solvated salt bridges were conducted to better

understand the association between charged amino acids. These simulations are especially

important when considering the results from Section 3.2 showed that these amino acids are

the most common on the surfaces of proteins and interior of molecular chaperones.
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Chapter 3 described research on the surfaces of proteins, how they interact with one

another, and how protein folding is affected nonspecifically by molecular chaperones. These

different methods led to the design of the same KE nonfouling peptides, as well as new

ideas on how proteins remain stable for so much longer than synthesized protein mimics5,6.

This will allow a more direct study of nonspecific regions and a better understanding of

nonspecific protein interactions.

New peptide library analysis techniques were developed in Chapter 4. These new tech-

niques solve the difficulties in utilizing peptide libraries for more complicated systems, where

many binding motifs are present. By utilizing new advances in machine speech recognition,

we may also combine QSAR and motif analysis into single models. This is critical when

using peptide libraries to study nonspecific effects. The introduction of these new graphical

models is also a significant breakthrough in the field of QSAR modeling.

The work presented demonstrates that it is possible to model nonspecific interactions

despite their ambiguity. They can be modeled indirectly by simulating hydration, directly

through bioinformatics, or experimentally with high-throughput screening.
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Appendix A

GRAPHICAL MODEL SPECIFICATIONS

A.1 Motif Model

GRAPHICAL_MODEL MOTIF

#define MAX_LENGTH 150

#define ALPHABET 20

#define CLASS_NUMBER 6

#define DATA_NUMBER 1445

#define MOTIF_LENGTH 4

#define MAX_MOTIF_LENGTH 3

%prologue frame

frame: 0 {

%does the sequence fit into the motif model?

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : nil using DenseCPT("membership");

}

%Motif class, the classification variable.

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : nil using DenseCPT("class");

}

%Sequence position. Starts at 0

variable : position {

type : discrete observed value 0 cardinality MAX_LENGTH;

conditionalparents : nil using

DeterministicCPT("zeroPosition");
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}

%Whether or not a motif is occuring.

variable : motifOccur {

type : discrete hidden cardinality 2;

conditionalparents : motifClass(0) using DenseCPT("motifStart");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete observed value 0 cardinality MOTIF_LENGTH;

conditionalparents : nil using DeterministicCPT("zero");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight: scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;

switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

%Normal frames

frame: 1 {

%Sequence position, counts up to observed length

variable : position {

type : discrete hidden cardinality MAX_LENGTH;

conditionalparents : position(-1)
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using DeterministicCPT("increment");

}

%Whether or not a motif is occuring

variable : motifOccur {

type : discrete hidden cardinality 2;

switchingparents : motifOccur(-1), motifPosition(-1) using mapping("motifOccurMapDT");

conditionalparents :

motifOccur(-1), motifPosition(-1) using DeterministicCPT("copyMotifOccur")

| motifClass(0) using DenseCPT("motifStart");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete hidden cardinality MOTIF_LENGTH;

conditionalparents : motifPosition(-1), motifOccur(0), motifOccur(-1) using DeterministicCPT("motifCounter");

}

%Motif class, which is just copied

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : motifClass(-1) using DeterministicCPT("copyClass");

}

%membership class, copied over

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : membership(-1) using DeterministicCPT("copyBinary");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight : scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;
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switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

%epilogue. All that changes is the position is observed

frame : 2 {

%Sequence position, counts up to observed length

variable : position {

type : discrete observed 1:1 cardinality MAX_LENGTH;

conditionalparents : position(-1)

using DeterministicCPT("increment");

}

%Whether or not a motif is occuring

variable : motifOccur {

type : discrete hidden cardinality 2;

conditionalparents : motifOccur(-1), motifPosition(-1) using DeterministicCPT("copyMotifOccur");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete hidden cardinality MOTIF_LENGTH;

conditionalparents : motifPosition(-1), motifOccur(0), motifOccur(-1) using DeterministicCPT("motifCounter");

}

%make sure we don’t end in the middle of a motif

variable : motifPositionCheck {

type : discrete observed value 1 cardinality 2;

conditionalparents : motifPosition(0) using DeterministicCPT("motifPositionCheck");

}

%Motif class, which is just copied

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : motifClass(-1) using DeterministicCPT("copyClass");
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}

%membership class, copied over

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : membership(-1) using DeterministicCPT("copyBinary");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight : scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;

switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

chunk 1:1

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%% Decisions Trees

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

DT_IN_FILE inline

9 % number of decision trees

% % % % % % % % % % % % % % % % % % % % % % % % %

0 % a DT that is always 0
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zeroDT

0 % no parents

-1 0

% % % % % % % % % % % % % % % % % % % % % % % % %

1 % a DT that copies the parent

copyDT

1 % 1 parent

-1 {p0}

% % % % % % % % % % % % % % % % % % % % % % % % %

2 % a DT counts downwards

incrementDT

1 % 1 parent

-1 {p0 + 1}

% % % % % % % % % % % % % % % % % % % % % % % % %

3 % a DT that counts upwards if a motif is occuring

motifCounterDT

3 % 2 parents. Parent 0 is motif position(-1) and parent 1 is the motif occurance(0)

1 2 1 default % are we in a motif?

0 2 MAX_MOTIF_LENGTH default % are we at the end of a motif and beginning a new one?

-1 0 % yes

2 2 1 default % should we increment because we already expressed a position, or are we in the default 0

-1 {p0 + 1} % no, increment

-1 0 % yes, we still shouldn’t increment

-1 0 %not occuring, so don’t increment

% % % % % % % % % % % % % % % % % % % % % % % % %

4 % a DT that switches between two parents into three outcomes

tripleSwitchDT

2 % 2 parents

0 2 1 default %are you a member?

-1 {p1 + 1} %yes, then use second parent offset by one (1 or 2)

-1 0 % no, then use the non-member rvs (0)

% % % % % % % % % % % % % % % % % % % % % % % % %

5 % Motif occurance decision tree.

motifOccurMapDT % A motif may occur if either we’re not in a motif or we were and the motif ended.

2 % motifOccur(-1), motifPosition(-1)
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0 2 1 default %Is there a motif occuring?

1 2 MAX_MOTIF_LENGTH default %is the length at its highest value?

-1 1 % yes it is. then a new motif may start

-1 0 % it is not at the highest length, so a motif is occuring and we’ll copy

-1 1 %there is not a motif occuring, so allow one

% % % % % % % % % % % % % % % % % % % % % % % % %

6 % Motif occurance copy decision tree.

copyMotifOccurDT % decision to copy motif occurance and end it if necessary

2 % motifOccur(-1), motifPosition(-1)

0 2 1 default %are we in a motif?

1 2 MAX_MOTIF_LENGTH default % are we at the end of the motif length?

-1 0 %Yes we were, thus the motif is over

-1 1 %We are not, thus continue motif occurance

-1 0 % no we are not in a motif and we didn’t want to start one.

7 % checks that we are not in the middle of a motif. Emits 1 if we aren’t

motifPositionCheckDT

1 % motifPosition(0)

0 3 0 MAX_MOTIF_LENGTH default

-1 1;

-1 1;

-1 0;

8 % repeat motif

copyMotifDT

1 % motif(0)

-1 {p0}

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%% Non-training Deterministic CPT

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

DETERMINISTIC_CPT_IN_FILE inline 10

0 % first one

zero

0% no parents

MOTIF_LENGTH

zeroDT

1
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copyPosition

1 % parent

MAX_LENGTH MAX_LENGTH

copyDT

2

copyMotifOccur

2 % parent

2 MOTIF_LENGTH 2

copyMotifOccurDT

3

copyClass

1 % parent

CLASS_NUMBER CLASS_NUMBER

copyDT

4

increment

1 % parent

MAX_LENGTH MAX_LENGTH

incrementDT

5

motifCounter

3 % parent

MOTIF_LENGTH 2 2 MOTIF_LENGTH

motifCounterDT

6

zeroPosition

0 % no parents

MAX_LENGTH

zeroDT

7

motifPositionCheck

1 % motif position

MOTIF_LENGTH 2

motifPositionCheckDT
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8

copyMotif

1 % 1 parent

ALPHABET ALPHABET

copyMotifDT

9

copyBinary

1 % 1 parent

2 2

copyDT

A.2 QSAR-Motif Model Specification

GRAPHICAL_MODEL QSAR-MOTIF

#define MAX_LENGTH 150

#define ALPHABET 20

#define QSAR_SPACE 5

#define CLASS_NUMBER 3

#define DATA_NUMBER 1440

#define MOTIF_LENGTH 3

#define MAX_MOTIF_LENGTH 2

%prologue frame

frame: 0 {

%does the sequence fit into the motif model?

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : nil using DenseCPT("membership");

}

%Motif class, the classification variable.

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : nil using DenseCPT("class");
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}

%Sequence position. Starts at 0

variable : position {

type : discrete observed value 0 cardinality MAX_LENGTH;

conditionalparents : nil using

DeterministicCPT("zeroPosition");

}

%QSARs are read during in the prologue frame.

%INSERT_QSARS_HERE

%QSAR 1

variable : qsar1 {

type : discrete observed 2:2 cardinality 5;

switchingparents : membership(0) using mapping("simpleSwitchDT");

conditionalparents :

nil using DenseCPT("inactive") |

nil using DenseCPT("active_1");

}

%QSAR 2

variable : qsar2 {

type : discrete observed 3:3 cardinality 5;

switchingparents : membership(0) using mapping("simpleSwitchDT");

conditionalparents :

nil using DenseCPT("inactive") |

nil using DenseCPT("active_2");

}

%QSAR 3

variable : qsar3 {

type : discrete observed 4:4 cardinality 5;

switchingparents : membership(0) using mapping("simpleSwitchDT");

conditionalparents :

nil using DenseCPT("inactive") |

nil using DenseCPT("active_3");

}
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%INSERT_QSARS_HERE

%Whether or not a motif is occuring.

variable : motifOccur {

type : discrete hidden cardinality 2;

conditionalparents : motifClass(0) using DenseCPT("motifStart");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete observed value 0 cardinality MOTIF_LENGTH;

conditionalparents : nil using DeterministicCPT("zero");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight: scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;

switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

%Normal frames

frame: 1 {

%Sequence position, counts up to observed length

variable : position {

type : discrete hidden cardinality MAX_LENGTH;

conditionalparents : position(-1)
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using DeterministicCPT("increment");

}

%Whether or not a motif is occuring

variable : motifOccur {

type : discrete hidden cardinality 2;

switchingparents : motifOccur(-1), motifPosition(-1) using mapping("motifOccurMapDT");

conditionalparents :

motifOccur(-1), motifPosition(-1) using DeterministicCPT("copyMotifOccur")

| motifClass(0) using DenseCPT("motifStart");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete hidden cardinality MOTIF_LENGTH;

conditionalparents : motifPosition(-1), motifOccur(0), motifOccur(-1) using DeterministicCPT("motifCounter");

}

%Motif class, which is just copied

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : motifClass(-1) using DeterministicCPT("copyClass");

}

%membership class, copied over

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : membership(-1) using DeterministicCPT("copyBinary");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight : scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;
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switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

%epilogue. All that changes is the position is observed

frame : 2 {

%Sequence position, counts up to observed length

variable : position {

type : discrete observed 1:1 cardinality MAX_LENGTH;

conditionalparents : position(-1)

using DeterministicCPT("increment");

}

%Whether or not a motif is occuring

variable : motifOccur {

type : discrete hidden cardinality 2;

conditionalparents : motifOccur(-1), motifPosition(-1) using DeterministicCPT("copyMotifOccur");

}

%Position in Motif, should be 0 and then may increment or not

variable : motifPosition {

type : discrete hidden cardinality MOTIF_LENGTH;

conditionalparents : motifPosition(-1), motifOccur(0), motifOccur(-1) using DeterministicCPT("motifCounter");

}

%make sure we don’t end in the middle of a motif

variable : motifPositionCheck {

type : discrete observed value 1 cardinality 2;

conditionalparents : motifPosition(0) using DeterministicCPT("motifPositionCheck");

}

%Motif class, which is just copied

variable : motifClass {

type : discrete hidden cardinality CLASS_NUMBER;

conditionalparents : motifClass(-1) using DeterministicCPT("copyClass");
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}

%membership class, copied over

variable : membership {

type : discrete hidden cardinality 2;

conditionalparents : membership(-1) using DeterministicCPT("copyBinary");

}

%The actual motif.

variable : motif {

type : discrete hidden cardinality ALPHABET;

conditionalparents : motifClass(0), motifPosition(0) using DenseCPT("motifDefs");

weight : scale 2;

}

%the observed sequence.

variable : sequence {

type : discrete observed 0:0 cardinality ALPHABET;

switchingparents : membership(0), motifOccur(0) using mapping("tripleSwitchDT");

conditionalparents :

nil using DenseCPT("uniformBackground") |

nil using DenseCPT("background") |

motif(0) using DeterministicCPT("copyMotif");

}

}

chunk 1:1

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%% Decisions Trees

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

DT_IN_FILE inline

10 % number of decision trees

% % % % % % % % % % % % % % % % % % % % % % % % %



165

0 % a DT that is always 0

zeroDT

0 % no parents

-1 0

% % % % % % % % % % % % % % % % % % % % % % % % %

1 % a DT that copies the parent

copyDT

1 % 1 parent

-1 {p0}

% % % % % % % % % % % % % % % % % % % % % % % % %

2 % a DT counts downwards

incrementDT

1 % 1 parent

-1 {p0 + 1}

% % % % % % % % % % % % % % % % % % % % % % % % %

3 % a DT that counts upwards if a motif is occuring

motifCounterDT

3 % 2 parents. Parent 0 is motif position(-1) and parent 1 is the motif occurance(0)

1 2 1 default % are we in a motif?

0 2 MAX_MOTIF_LENGTH default % are we at the end of a motif and beginning a new one?

-1 0 % yes

2 2 1 default % should we increment because we already expressed a position, or are we in the default 0

-1 {p0 + 1} % no, increment

-1 0 % yes, we still shouldn’t increment

-1 0 %not occuring, so don’t increment

% % % % % % % % % % % % % % % % % % % % % % % % %

4 % a DT that switches between two parents into three outcomes

tripleSwitchDT

2 % 2 parents

0 2 1 default %are you a member?

-1 {p1 + 1} %yes, then use second parent offset by one (1 or 2)

-1 0 % no, then use the non-member rvs (0)

% % % % % % % % % % % % % % % % % % % % % % % % %

5 % Motif occurance decision tree.

motifOccurMapDT % A motif may occur if either we’re not in a motif or we were and the motif ended.
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2 % motifOccur(-1), motifPosition(-1)

0 2 1 default %Is there a motif occuring?

1 2 MAX_MOTIF_LENGTH default %is the length at its highest value?

-1 1 % yes it is. then a new motif may start

-1 0 % it is not at the highest length, so a motif is occuring and we’ll copy

-1 1 %there is not a motif occuring, so allow one

% % % % % % % % % % % % % % % % % % % % % % % % %

6 % Motif occurance copy decision tree.

copyMotifOccurDT % decision to copy motif occurance and end it if necessary

2 % motifOccur(-1), motifPosition(-1)

0 2 1 default %are we in a motif?

1 2 MAX_MOTIF_LENGTH default % are we at the end of the motif length?

-1 0 %Yes we were, thus the motif is over

-1 1 %We are not, thus continue motif occurance

-1 0 % no we are not in a motif and we didn’t want to start one.

7 % checks that we are not in the middle of a motif. Emits 1 if we aren’t

motifPositionCheckDT

1 % motifPosition(0)

0 3 0 MAX_MOTIF_LENGTH default

-1 1;

-1 1;

-1 0;

8 % repeat motif

copyMotifDT

1 % motif(0)

-1 {p0}

% % % % % % % % % % % % % % % % % % % % % % % % %

9 % a DT that just switches parents as expected

simpleSwitchDT

1 % 1 parent

-1 {p0}

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%% Non-training Deterministic CPT

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
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DETERMINISTIC_CPT_IN_FILE inline 10

0 % first one

zero

0% no parents

MOTIF_LENGTH

zeroDT

1

copyPosition

1 % parent

MAX_LENGTH MAX_LENGTH

copyDT

2

copyMotifOccur

2 % parent

2 MOTIF_LENGTH 2

copyMotifOccurDT

3

copyClass

1 % parent

CLASS_NUMBER CLASS_NUMBER

copyDT

4

increment

1 % parent

MAX_LENGTH MAX_LENGTH

incrementDT

5

motifCounter

3 % parent

MOTIF_LENGTH 2 2 MOTIF_LENGTH

motifCounterDT

6

zeroPosition

0 % no parents
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MAX_LENGTH

zeroDT

7

motifPositionCheck

1 % motif position

MOTIF_LENGTH 2

motifPositionCheckDT

8

copyMotif

1 % 1 parent

ALPHABET ALPHABET

copyMotifDT

9

copyBinary

1 % 1 parent

2 2

copyDT
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