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ABSTRACT 

Two classes of diseases are rapidly emerging throughout the world, dementia and antibi-

otic resistant bacterial infections. 35.6 million people worldwide were estimated to be 

living with dementia in 2012. Among this broad class of aging diseases, Alzheimer’s 

disease (AD) is the most prevalent, and is the only cause of death in the top 10 in the 

United States that cannot be prevented, cured, or even slowed. On the other hand, the 

growing danger from increased antimicrobial resistance threatens to be even more se-

vere. According to the World Health Organization, “a post-antibiotic era – in which 

common infections and minor injuries can kill… [is] a very real possibility for the 21st 

century”. Underlying these two major classes of diseases are two types of peptides: (i) 

amyloids, responsible for AD and other types of dementia, and (ii) antimicrobial pep-

tides (AMPs), which kill pathogens through pathways orthogonal to the ones targeted by 

conventional antibiotics. Here, a mechanism-based study is performed on these two 

types of peptides and preliminary results are presented detailing peptides designed to 

treat both classes of diseases. 

For amyloidogenic peptides, their adverse health effects are primarily derived from their 

ability to aggregate into small oligomers and subsequently large fibrils.  Here, an aggre-

gation reaction model is developed in order to understand how modifications to both the 

amyloid’s sequence and its surrounding environment affect the rates of individual reac-

tions in the aggregation pathway.  Notably, point mutations to the N-terminus of amyloid 

beta 1-42 (Aβ1-42) alter the rate of monomer rearrangement into an aggregation-prone 

conformation, rather than the rate of small oligomer nucleation or the rate of fibrillation 

(Chapter 2).  Meanwhile modifications to the amyloid’s surrounding environment, by the 
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addition of osmolytes or hydrophilic polymers to solution, affect either the monomer re-

arrangement rate (osmolytes) or the nucleation rate in conjunction with fibrillation rate, 

(hydrophilic polymers, Chapter 3).  

Additionally, for Aβ1-42, a heretofore under-researched domain of the peptide that has 

considerable effects on the peptide’s stability, aggregation rate, and binding to neuronal 

receptors is identified.  Mutations to the N-terminus of Aβ1-42, specifically A2T, a natu-

rally occurring mutation that protects against AD development, and A2V, a mutation 

that enhances the chance of developing AD, both significantly alter the monomer folding 

landscape, monomer cross-sectional area, overall aggregation kinetics, the conformation 

of peptide aggregates, and the peptide’s ability to bind to neuronal receptors and inhibit 

hippocampal cell communication (Chapter 2).  Utilizing this information, along with ad-

ditional arguments outlined in Chapter 6, preliminary results from a search for peptides 

that bind to the N-terminus of Aβ1-42 with single to low double digit micromolar affinity 

are presented (Chapter 6). 

Antimicrobial peptides are believed to kill pathogenic bacteria primarily by destabilizing 

the bacterial outer membrane.  Chapter 4 details the development of a straightforward 

method and analysis procedure to identify the membrane destabilization mechanism.  

Unique mechanisms of antimicrobial peptide disruption of lipid bilayers are easily dis-

cernable using the method presented here.  Additionally, the role that a given AMP 

secondary structure has on its membrane disruption mechanism is examined.  Interest-

ingly, peptides with completely unique secondary structures can operate through similar 
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mechanisms, while AMPs with nearly identical sequences and secondary structures op-

erate through exactly the same mechanism with varying intensities depending on the 

peptides’ bactericidal capabilities. 

In a continuation of previously published research by the Belfort group, a potentially 

general algorithm to design novel synthetic AMPs against antibiotic resistant bacteria is 

developed.  The peptide design algorithm generated a synthetic peptide capable of inhib-

iting the growth of Staphylococcus aureus and Methicillin-resistant S. aureus (MRSA) 

better than 85% of the peptides in two publically available databases of AMPs and with 

nearly the same potency as a small molecule positive control used to kill S. aureus.  The 

algorithm also generated peptide sequences strikingly similar to peptides previously de-

signed by the Belfort group against Mycobacterium tuberculosis.  Future modifications 

to the design algorithm must include designs against a broader range of antibiotic re-

sistant bacteria and reductions in the synthesized peptides’ cytotoxicity. 

Finally, a framework to develop the design algorithm and the Aβ1-42 N-terminus binding 

peptides for therapeutic use is detailed in Chapter 7.  Specific plans on how to avoid 

problems that have plagued peptide therapeutics in the past, including in vivo degrada-

tion, weak binding, non-specificity, and poor delivery, are discussed.  Continuation of 

the work presented in this thesis should focus on the development of the peptides and 

peptide design algorithm from Chapters 5 and 6 to overcome these challenges. 
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1. Introduction 

1.1 Alzheimer’s Disease and Leading Mechanistic Hypotheses 

In 2010, an estimated 35.6 million people worldwide were afflicted by dementia, with 

60-70% of those cases being Alzheimer’s disease (AD) (1).  By 2030 and 2050, there is 

expected be an estimated 70 million people and more than 105 million people world-

wide, respectively, suffering from dementia (1).  Not only do these diseases, with AD 

being the most prevalent, currently have no cure, they cannot be prevented, accurately 

detected in vivo, or even slowed (2).  Beyond afflicting substantial percentages of the 

population with an incurable disease, the healthcare costs for dementia related illnesses 

are astronomical.  The total global estimated cost for treatment and care for the 35.6 mil-

lion people with dementia in 2010 was 604 billion US dollars or 1.01% of the world’s 

GDP (1).  Developing any effective treatment for AD, which accounts for the majority 

of dementia cases, would be a population and economic boon. 

 There are generally two camps regarding the primary cause of AD: (i) tauists, 

who believe the tau protein is principally responsible for AD, and (ii) the baptists, who 

contend that amyloid-β (Aβ, a.k.a. β-amyloid) is the main culprit (Figure 1.1).  The tau 

protein hypothesis is based on the microtubule-associated tau protein causing neurofi-

brillary tangles that deposit in the neurons of individuals with tauopathies (3).  However, 

it is not clear whether these tangles are responsible for causing the disease or are a 

marker for another risk factor.  It is currently believed that oxidative DNA damage and 

aberrant neuronal cell cycle activation are related to these neurofibrillary tangles, how-

ever the precise mechanism by which this occurs in vivo is currently unknown (4-6).  A 

recent hypothesis is that tau binds to a minor grove in DNA’s double helix to protect the 
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DNA from oxidative damage (6-8).  When tau becomes hyperphosphorylated, it unbinds 

from the DNA and forms the neurofibrillary tangles, which exposes the DNA to oxida-

tive damage.  This in turn causes significant neuronal damage (9). 

 

Figure 1.1. Tau and Aβ Aggregate Formation in AD. Hyperphosphorylated tau protein forms intra-

cellular neurofibrillary tangles believed to be one of two main causes  of AD.  The other is due aggre-

gates of Aβ, which eventually form extracellular amyloid plaques.  Image taken from 

www.nia.nih.gov/alzheimers. 

The alternate hypothesis, the amyloid cascade hypothesis, is that Aβ is primarily 

responsible for AD (10).  Aβ (between 38 and 43 residues long) is initially cleaved from 

the amyloid precursor protein (APP) by the β-APP cleaving enzyme (BACE) at its N-ter-

minus (11-15) and imprecisely by γ-secretase at the C-terminus (16, 17).  From there, 

Aβ monomer aggregates into the amyloid plaques first discovered by Alois Alzheimer in 

1907 (18).  However, the precise mechanism by which Aβ causes AD is still unknown.  
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Figure 1.2. Amyloid Cascade Hypothesis of AD. Aβ is initially cleaved from APP.  PSEN1 and 

PSEN2, which are involved in Aβ cleavage, along with APP are all known to have mutations that 

can cause FAD.  After cleavage, Aβ aggregates into soluble oligomers and amyloid plaques, which 

induce neuronal dysfunction and death through a general mechanism of “aggregate stress”.  The 

neuronal dysfunction and death in turn leads to AD. Image modified from Karran et al. Nature Re-

views: Drug Discovery 2011, 10, 698-712  

Support for the amyloid cascade hypothesis is based on three main sources: (i) 

direct evidence of Aβ’s neuronal toxicity and inhibition of neuronal receptor function, 

(ii) genetic mutations to Aβ and Aβ-related proteins that are known risk factors for de-

veloping AD and, (iii) the discovery of the first protective mutation in APP (A673T) 

(Figure 1.2) (19).  Genetic mutations to three different proteins are known to cause early 

onset familial Alzheimer’s disease (FAD): presenilin 1 (PSEN1) (20), PSEN2 (21, 22) 

(two proteins that function as part of the γ-secretase complex), and APP (23).  In addi-

tion, apolipoprotein E (ApoE), known to modulate cholesterol homeostasis, is an 

important predictive marker for the development of sporadic Alzheimer’s disease (SAD) 

(24-26).  Three common alleles of ApoE exist in humans: ApoE2, ApoE3, and ApoE4 

(27).  While the precise effect of ApoE on AD is not known, there is strong evidence that 

ApoE mediates Aβ clearance in addition to cholesterol homeostasis with ApoE2, the 

most effective mutant in this role (it’s capable of protecting against AD (28)) followed 
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by ApoE3 (the most common isoform) and then ApoE4 (marker for enhanced chance of 

developing AD) (26, 29, 30).  All of these known mutations lend credence to the amy-

loid cascade hypothesis over the tau protein hypothesis, which is not known to have 

genetic mutations linked specifically to AD. 

 Along with the genetic risk factors for developing AD, Aβ is known to have di-

rect effects on neuronal cell health and neuronal receptor function.  Soluble Aβ 

aggregates, in sizes as small as dimers, have been isolated from cerebral cortex of AD 

victims and demonstrated to induce degradation of hippocampal neurons along with tau 

hyperphosphorylation and microtubule breakdown at sub-nanomolar concentrations 

(31).  Additionally, it was reported that intracellular aggregation of amyloid- like fibrils 

resulted in sequestration of intracellular proteins, causing malfunctions in essential cellu-

lar processes (32).  Beyond the toxic effects of the Aβ oligomers, they are also 

responsible for a loss of neuronal receptor function.  Hippocampal long term potentia-

tion, a measurement known to correlate with memory and learning (33), is inhibited by 

Aβ oligomers as small as dimers (34-36).  Mechanistic evidence points to Aβ oligomers 

altering hippocampal LTP through modulation of N-methyl-D-aspartate receptor 

(NMDAR) function (37, 38) and/or metabotropic glutamate receptor (mGluR) function 

(34).  This evidence points to three areas of study particularly important in detailing the 

mechanistic effects of Aβ: Aβ aggregation, ApoE mediated clearance, and Aβ-receptor 

binding. 
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1.2 Protective A2T, Causative A2V, and WT  

Of the 200+ mutations to APP, PSEN1, and PSEN2 (23), only one is known to protect 

against the development of AD (39, 40).  The A2T mutation in Aβ (A673T in APP), pre-

sent in about 0.4% of the Icelandic population, has been shown to significantly reduce 

the chance of developing AD if present in at least one allele (39).  First discovered in 

1993, the A2T mutation was identified using denaturing gel gradient electrophoresis 

(DGGE) analysis, however the widespread preventative effects of the mutation were not 

understood at that time (40).  Currently, the prevailing hypothesis as to its protective ef-

fect is the mutation’s proximal location to the β-secretase cleavage site (Figure 1.3).  It is 

reported that A2T reduces the total amount of Aβ production by ~20% compared with 

WT (39, 41, 42).  However, there is no evidence directly linking a reduction in Aβ pro-

duction by 20% to its protective effects towards AD (43).   

 

Figure 1.3. Cleavage of APP to Aβ. The cleavage positions of β-secretase, α-secretase, γ-secretase, 

and the ε-secretase/γ-secretase-like enzymes.  Notably, the β-secretase position is two residues from 

the A2 residue in Aβ. Image modified from Sisodia and Hyslop, Nature Reviews Neuroscience, 2002, 

3, 281-290. 

In contrast to A2T, two recent reports have identified the A2V mutation (A673V 

in APP) as enhancing the chance of developing AD only if present in both alleles (44, 

45).  Again, the current hypothesis for A2V’s causative effect is an enhanced β-secretase 
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cleavage rate, where it is reported to increase cleavage over WT by ~100% (41, 42).  

These references do not address why these specific mutations at residue 2 exhibit such 

different effects.  Thus, it is difficult to understand why one mutation (A2T) (from heter-

ozygous alleles with A2T and WT) reduces while the other mutation (A2V) (from 

homozygous alleles with both A2V) increases Aβ concentration by 20% and 100%, re-

spectively.  The work presented here is not aimed at disproving these hypotheses, 

instead, the present work offers a new hypothesis based on differences in aggregation, 

clearance and receptor binding that could affect the progression or protection of AD.  In 

Chapter 2, we examine the biophysical properties of these three peptides, WT, A2T and 

A2V, specifically in regards to aggregation kinetics, ApoE binding, and Aβ-receptor 

function, in order to elucidate the protective and causative mechanisms of A2T and 

A2V.  The information presented here will be used towards therapeutic design in Chap-

ter 6 and Chapter 7. 

1.3 In vitro Amyloid Aggregation Kinetics in Relation to in vivo 

Conditions 

As mentioned above, an insightful aspect of a fundamental study of Aβ biophysical be-

havior is the measurement of aggregation kinetics.  In fact, the defining characteristic of 

amyloids (originally misnamed after the Latin word for starch, amylon (46)) is that they 

aggregate into, “fibrillar polypeptide aggregates with cross-β conformation” (47).  Also, 

as previously discussed, Aβ oligomers, formed along the aggregation pathway, are cur-

rently believed to be the toxic species responsible for the development of AD (31, 48).  

Therefore, it is critical to understand the underlying mechanism for the in vivo conver-

sion of amyloid monomers to oligomers to fibrillar polypeptide aggregates   Generally, it 
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is thought that amyloid aggregation involves the conversion of monomers to small-order 

oligomers to large-order oligomers that serve as nucleation sites for fibrils, and finally 

into fibrils.  Here we use insulin, a model amyloid, to investigate this process.   

An important and sometimes overlooked aspect of in vitro aggregation kinetic 

measurements is the absence of a crowded environment known to exist in vivo.  The cel-

lular environment contains many species (cosolutes) known to influence aggregation 

kinetics (49).  Osmolytes (sugars, polyols, urea, etc.) can be present in concentrations 

above 100 mg/ml, well above the threshold for influencing protein folding (50-53).  Fig-

ure 1.4A illustrates the reduction in free energy that sorbitol, a stabilizing osmolyte, has 

on the folded state of a representative protein compared with the unfolded state, shown 

by the red arrows on the right and left of the figure, respectively.  Additionally, proteins 

and polymers, which can shift the protein folding/unfolding equilibrium towards the 

folded state through exclusion of bulk free volume (54), exist in concentrations up to 400 

mg/ml in vivo (55) (Figure 1.4B).  Chapter 3 explores how osmolytes and polymers af-

fect specific processes of amyloid aggregation (e.g. monomer unfolding, 

oligomerization, and fibrillation), and how to predict these effects from fundamental 

properties of the cosolutes. 
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Figure 1.4. Cosolute Effect on Protein Folding. (A) Stabilizing cosolute effect on protein folding. Sor-

bitol is demonstrated to move the folding/unfolding equilibrium towards the folded state. Modified 

from Sapir, L. and Harries, D. Current Opinion in Colloid & Interface Science 2015, 20, 3-10. (B) Pol-

ymer and protein cosolutes volume exclusion of a protein. At high cosolute concentration, the 

protein folding/unfolding equilibrium shifts towards the folded state. Modified from Zhou, H.X. 

FEBS Letters 2013, 587, 1053-1061. 

An important and sometimes overlooked aspect of in vitro aggregation kinetic 

measurements is the absence of a crowded environment known to exist in vivo.  The cel-

lular environment contains many species (cosolutes) known to influence aggregation 

kinetics (49).  Osmolytes (sugars, polyols, urea, etc.) can be present in concentrations 

above 100 mg/ml, well above the threshold for influencing protein folding (50-53).  Fig-

ure 1.4A illustrates the reduction in free energy that sorbitol, a stabilizing osmolyte, has 

on the folded state of a representative protein compared with the unfolded state, shown 

by the red arrows on the right and left of the figure, respectively.  Additionally, proteins 

and polymers, which can shift the protein folding/unfolding equilibrium towards the 

folded state through exclusion of bulk free volume (54), exist in concentrations up to 400 

mg/ml in vivo (55) (Figure 1.4B).  Chapter 3 explores how osmolytes and polymers af-

fect specific processes of amyloid aggregation (e.g. monomer unfolding, 

(A) (B)
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oligomerization, and fibrillation), and how to predict these effects from fundamental 

properties of the cosolutes. 

1.4 New Strategies to Combat Tuberculosis and Antibiotic Resistance 

– Antimicrobial Peptides 

We now focus on a healthcare challenge where peptides are not part of the problem, but 

where they could be part of the solution.  In the 21st century, widespread bacterial antibi-

otic resistance (ABR) towards many common antibiotics is becoming a global threat 

(56).  President Obama has recently announced federal spending towards research for 

antibiotic resistance will more than double to $1.2 billion in 2016 (57).  One strategy to 

combat this rise in ABR is to use antimicrobial peptides (AMPs) (58, 59). 

AMPs are typically short proteins, 10-50 amino acids in length, and generally 

contain a combination of cationic and hydrophobic amino acids arranged amphipathi-

cally (60).  In nature, AMPs are found universally in multi-cell organisms where they 

serve as the vanguard of the host’s defense against infection (58).  Generally, they kill 

bacteria via a non-receptor mediated interaction between the cationic and apolar residues 

of the AMP and the anionically charged and the apolar lipids of the bacterial-cell mem-

brane (61).  Specifically, they operate mainly through three mechanisms: (i) barrel-stave 

pore formation where peptides insert into the membrane to form pores where the AMPs 

lie perpendicular to the membrane plane (Figure 1.5A), (ii) carpet mechanism where the 

AMPs interact with the lipid headgroups of the membrane until a threshold concentra-

tion is reached upon which the cell membrane dissolves (Figure 1.5B), or (iii) toroidal 
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pore formation in which the AMPs force the lipids in the cell membrane to undergo posi-

tive curvature strain and bend their headgroups inward towards the pore (Figure 1.5C) 

(58). 

 

Figure 1.5. AMP Mechanisms. (A) Barrel-stave pore formation, (B) carpet mechanisms, and (C) to-

roidal pore formation for a general antimicrobial peptide (pink cylinder) against a lipid bilayer 

(yellow). Image modified from Tang and Hong, Molecular Biosystems, 2009, 4, 317-322. 

AMPs are typically short proteins, 10-50 amino acids in length, and generally 

contain a combination of cationic and hydrophobic amino acids arranged amphipathi-

cally (60).  In nature, AMPs are found universally in multi-cell organisms where they 

serve as the vanguard of the host’s defense against infection (58).  Generally, they kill 

bacteria via a non-receptor mediated interaction between the cationic and apolar residues 

of the AMP and the anionically charged and the apolar lipids of the bacterial-cell mem-

brane (61).  Specifically, they operate mainly through three mechanisms: (i) barrel-stave 

pore formation where peptides insert into the membrane to form pores where the AMPs 

lie perpendicular to the membrane plane (Figure 1.5A), (ii) carpet mechanism where the 

AMPs interact with the lipid headgroups of the membrane until a threshold concentra-

tion is reached upon which the cell membrane dissolves (Figure 1.5B), or (iii) toroidal 

pore formation in which the AMPs force the lipids in the cell membrane to undergo posi-

tive curvature strain and bend their headgroups inward towards the pore (Figure 1.5C) 

(58). 

(A) Barrel-stave Pore (C) Toroidal Pore(B) Carpet
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Because much is known about natural AMPs, lessons from the design (and be-

havior) of natural peptides can be used to advance the design of de novo AMPs.  

Employing “database filtering”, information such as peptide length, hydrophobicity, 

number of charged residues, and residue selection can be determined specifically for 

AMP design against certain bacteria (62).  However sequential arrangement of the amino 

acids in an amphipathic geometry, required for high AMP activity and selectivity to-

wards bacterial cells, cannot be guaranteed using this method.  Recently, research by 

Pearson et al. details the manual assignment of “database filtered” residues into amphi-

pathic designs in order to improve activity towards M. tuberculosis and selectivity over 

mammalian cells (63).  Further, Chapter 4 uncovers the mechanism of these designed 

AMPs in order to provide additional information to improve the efficacy of future gener-

ations of these peptides. 

The initial design process utilized by Pearson et al. (63) is modified in Chapter 5 

by developing a fully automated AMP design algorithm that can, in theory, generate se-

quences for highly active AMPs against any target bacteria that have a database of 

natural peptides with known activities against them.  Fundamentally, the design algo-

rithm takes into account the same bioinformatic “database filtering” approach used in 

Appendix C, but has now added sequence and spatial components to select effective 

amino acid combinations and order them in a potent arrangement.  The algorithm has 

been theoretically validated against two pathogens, M. tuberculosis and Staphylococcus 

aureus, and experimentally validated against two additional pathogens, S. aureus and 

Methicillin-resistant S. aureus (MRSA).  A discussion on the successes and failures of 

this peptide design approach is given in Chapter 5. 
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1.5 Research Goals 

The main goals of this research are to determine mechanistic information for two dis-

eases in which peptides play a fundamental role, AD and ABR infection.  The research 

focused on AD revolved around gaining insight into the naturally protective effects of a 

recently discovered mutation of Aβ specifically in regards to aggregation, APOE bind-

ing, and receptor function.  The lessons learned from this research will be applied to 

design of peptide based therapeutics against Aβ.  ABR was tackled here by elucidating 

the mechanism of AMP disruption of lipid bilayers, and then by using that information 

towards the design of future generations of AMPs.   

To address these goals, five fundamental questions regarding peptide behavior and 

disease are posed:  

(1) Do the protective and causative variants of the Aβ peptide possess different ag-

gregation kinetics, folding morphology, receptor-binding behavior (Chapter 2)?  

(2) Can one develop a robust aggregation reaction model to describe amyloid aggre-

gation with and without the presence of cosolutes (Chapter 3)?   

(3) How do a set of newly designed antimicrobial peptides disrupt supported lipid bi-

layers, i.e. analogs of bacterial membranes (Chapter 4)? 

(4) Can one develop an algorithm to design new antimicrobial peptides against any 

pathogens of interest (Chapter 5)? 

(5) To address the potential importance of the N-terminus of Aβ, can we discover 

novel peptide ligands that bind to Aβ’s N-terminus (Chapter 6)? 

In concert with the experiments to help answer these questions, collaborations with 

several groups were initiated and are ongoing.   
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 Dr. Payel Das, IBM who used molecular dynamic simulations to analyze the 

monomer conformational landscape of the three variants (Chapter 2).  

 Dr. Daniele Fabris, Professor, University at Albany, and Dr. Jennifer Lippens, 

Ph.D., and Thomas Kenderdine, who measured ion mobility behavior with mass 

spectrometry to obtain structural information of the variants (Chapter 2 and 6). 

 Dr. Joseph Rosenthal, and Dr. David Isaacson, Professor, Mathematics Sciences 

Department, RPI, who formulated and implemented a reaction model (64) to ob-

tain estimates for the kinetic reaction parameters (Chapter 2 and Chapter 3). 

 Dr. Pankaj Karande, Associate Professor, John Kwak, Ph.D. student, and Dr. 

Divya Chandra, Ph.D., who synthesized the de novo designed antimicrobial pep-

tides by C. Seth Pearson (in M. and G. Belfort groups) (Chapter 4 and Chapter 

5). 

 Dr. Shaomin Li, Harvard Medical School, who measured long-term potentiation 

experiments with hippocampal cells to explore variant effects on cell viability 

(Chapter 2).   

 Dr. Y. Elaine Zhu and Dr. Zhongli Zhang, Notre Dame University, who meas-

ured diffusion coefficients in the presence of crowding molecules using 

fluorescence correlation spectroscopy (Chapter 3). 

Conclusions and future work are described in Chapter 7. 
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2. A2T and A2V Aβ Peptides Exhibit Different Aggregation Kinetics, 
Primary Nucleation, Morphology, Structure, and LTP Inhibition 

2.1 Introduction 

The molecular process underlying AD, according to the abeta peptide hypothesis, in-

volves an imbalance between production and clearance of amyloid beta peptide (Aβ).  

Different lengths of Aβ are generated by proteolytic cleavage of the amyloid precursor 

protein (APP), and subsequently removed from the brain by one of several paths includ-

ing binding to apolipoprotein E (ApoE) via receptor-mediated endocytosis.  The 

abnormal aggregation of the Aβ peptides into β-sheet rich small and large aggregates, 

protofibrils and fibrils involves a heterogeneous ensemble of oligomeric intermediates, 

all of which are found to be neurotoxic (65, 66). 

A critical barrier to progress is the lack of accepted mechanism-based treatments 

for AD (67, 68).  In our search for molecular mechanisms involving Aβ production, ag-

gregation, toxicity, and clearance, we are motivated by several recent seminal findings: 

(i) the existence of a protective APP variant [A673T in APP or A2T in Aβ1-42] (39, 40); 

(ii) an earlier reported less polar A673VAPP/A2V Aβ1-42 mutation at the same site 

causes dementia and affects its biophysical properties (44, 69); (iii) the purported rever-

sal of amyloidosis in mice transgenic models of AD through clearance of Aβ via 

upregulation of the ApoE gene (70); and (iv) the recent findings of receptor-mediated 

synaptotoxic pathways prompted by Aβ1-42 binding lead to synaptic impairment (71-74). 

 

_______________________________________________________________________ 

This chapter previously appeared as: Murray B, Sorci M, Rosenthal J, Lippens J, 

Isaacson D, Das P, et al. A2T and A2V Aβ Peptides Exhibit Different Aggregation 

Kinetics, Morphology, Structure and LTP Inhibition. Proteins. 2016;84(4):488-500. doi: 

10.1002/prot.24995. 
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As a consequence of these findings, devoting attention to molecular events downstream 

of the cleavage of APP and the subsequent biophysical properties of Aβ seems appropri-

ate.  Clearly, reducing the upstream production of Aβ and facilitating effective clearance 

are reasonable goals for reducing AD (33, 75).  Two recent reports have shown that the 

A2T variant affects β-secretase cleavage producing 20% lower amounts of both Aβ1-42 

and Aβ1-40 and that aggregation rates differ for A2T and A2V variants of Aβ1-42 (41, 42).  

Their kinetic results do not agree between them nor do they agree with the results pre-

sented here (see below). 

In the human brain, the protective variant (A2T) is expressed together with a 

wild-type (WT) copy of the gene resulting in only a ~20% decrease in total Aβ1-42 con-

centration (A2T + WT) (39).  Hence, the prevailing hypothesis for its protective action is 

that the mutation (A2T) is close to the cleavage site of the enzyme complex β-secretase, 

and thus lowers Aβ1-42 production.  To our knowledge, there is no direct evidence con-

necting a drop of ~20% with a mechanism of protection (43).  Also, earlier results 

indicate that the A2V mutation affects Aβ aggregation kinetics and causes dementia only 

in people in which both gene copies are mutated, not just one (43, 44).  The purported 

reversal of AD in a mouse model with the addition of a retinoid X receptor agonist, bex-

arotene, that overproduced ApoE protein and effectively scavenged Aβ from the brain, 

demonstrated that effective downstream clearance can be critical for the reversal of AD 

in a mouse (70).  Note that reproducing this finding in toto has been difficult (76).  Only 

one group that used the exact same formulation of bexarotene was able to “confirm the 

reversal of memory deficits in APP/PS1DE9 mice expressing human ApoE3 or ApoE4 

to the levels of their non-transgenic controls and the significant decrease of interstitial 
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fluid Aβ1-42, but not the effects on amyloid deposition.” (77)  

Several recent reports demonstrate that Aβ1-42 (mainly in its oligomeric form) 

binds to PrPc, EphB2, FcgRIIB, LilrB2, and NMDAR (71, 72).  Reversing EphB2 deple-

tion, caused by Aβ oligomers, recovers memory loss in mouse models of AD (78).  

Apparently, NMDAR is affected indirectly through PrPc and EphB2, while FcgRIIB and 

LilrB2 are directly involved sending a signal into the cell with subsequent cell death 

(71).  

Our aim is to connect these four recent findings in a cogent and consistent ac-

count with relevance to AD by characterizing the in vitro biophysical behavior of the 

Aβ1-42 variants at the molecular level during aggregation in solution, and interacting with 

ApoE isoforms and a receptor domain in solution.  To do this, we develop an aggrega-

tion reaction model to help quantify the downstream aggregation, mimic clearance and 

synaptotoxic events, and measure the formation of spherical and protofibril aggregates.  

We also utilize ion mobility spectrometry mass spectrometry (IMS-MS) to compare the 

structural behavior of these variant monomers.  The results presented here are direct in 

vitro evidence supporting the hypothesis that protective and causative variants of Aβ1-42 

aggregate with structural differences induce toxicity to neuronal cells differently, bind to 

ApoE isoforms and to receptor domains differently.  The results clearly implicate molec-

ular structural differences (and subsequent differences in aggregate shape) in obtaining 

protection or causation of cell toxicity resulting from a single mutation in the N-terminal 

region of Aβ1-42. 
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2.2 Methodology 

2.2.1 Materials 

2.2.1.1 Aggregation 

Aβ1-42 (Cat #: 62–0–80B) was purchased from American Peptide (Sunnyvale, CA) and 

were received as lyophilized powder verified to > 97% purity with HPLC by American 

Peptide.  Aβ1-42 variant peptides, A2T and A2V, were purchased as custom orders from 

American peptide, and were received as lyophilized powders verified > 90% purity by 

using HPLC by American Peptide.  Thioflavin T (Cat #: 2390–54–7) was purchased 

from Sigma Aldrich (St Louis, MO).  Phosphate buffer saline tablets (PBS) (Cat #: 

P4417) were purchased from Sigma Aldrich. Synergy HT microplate readder (Biotek In-

strumentsTM, Winooski, VT) was used to read twin.tec 96 skirted LoBind plates (Cat #: 

0,030129 512) purchased from Eppendorf North America (Hauppauge, NY).  IMS-MS 

analysis was performed using a Synapt G2 HDMS (Waters, Milford, MA).  Ammonium 

acetate (Cat #: 631–61–8) was purchased from Sigma Aldrich.  Coomassie (Bradford) 

Protein Assay Kit (Cat#: 23200) was purchased from Thermo Scientific. 

2.2.1.2 Dot Blots 

ApoE3 and E4, produced recombinantly, were generous gifts from Dr. Jianjun Wang, 

Wayne State University, School of Medicine (Detroit, MI).  EphB2-FC chimera (Cat #: 

467–B2–200) were purchased from R&D Systems (Minneapolis, MN).  The sequence-

specific primary antibody used for the detection of Aβ1-42 is the Beta-Amyloid, 17–24 

(4G8) Monoclonal Antibody (Cat #: SIG–39220) from Covance (Dedham, MA).  The 

secondary antibody, AP Conjugate, Anti-(Mouse IgG + IgM), Raised in Goat (Cat #: 

T2192) and the secondary antibody detection kit [Pierce ECLWestern Blotting Substrate 
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(Cat #: 32106, Thermo Scientific, Rockford, IL)] were purchased from Life Technolo-

gies (Grand Island, NY).  Nonfat milk powder used for dot-blot blocking was purchased 

from a grocery store. AmershamTM HybondTM-ECL membranes (Cat #: RPN2020D) 

were purchased from GE Healthcare Lifesciences (Pittsburgh, PA).  

2.2.1.3 Hippocampal Slice Preparations 

Mice were sacrificed by isoflurane anesthesia at age 6–8 weeks.  Brains were quickly re-

moved and submerged in ice-cold oxygenated sucrose-replaced artificial cerebrospinal 

fluid (ACSF) cutting solution containing (in mM) 206 sucrose, 2 KCl, 2 MgSO4, 1.25 

NaH2PO4, 1 CaCl2, 1 MgCl2, 26 NaHCO3, 10 d-glucose, pH 7.4, 315 mOsm).  Trans-

verse slices (350-μm thick) were cut with a vibroslicer from the middle portion of each 

hippocampus.  After dissection, slices were incubated in ACSF containing (in mM): 124 

NaCl, 2 KCl, 2 MgSO4, 1.25 NaH2PO4, 2.5 CaCl2, 26 NaHCO3, 10 D-glucose, pH 7.4, 

310 mOsm, in which they were allowed to recover for at least 90 min before recording.  

A single slice was then transferred to the recording chamber and submerged beneath 

continuously perfused ACSF saturated with 95% O2 and 5% CO2. Slices were incubated 

in this chamber for 20 min before stimulation at RT (~24°C). 

2.2.2 Methods 

2.2.2.1 Aggregation 

Aβ1-42 was aliquoted into 50 mg aliquots by dissolving the total peptide to a concentra-

tion of 1 mg mL-1 with 50/50 volume ratio acetonitrile/water. The aliquots were 

lyophilized overnight to remove the acetonitrile/water solvent. To prepare the Aβ1-42 for 

use, the aliquots were removed from the freezer and dissolved to 1 mg mL-1 in hex-

afluoroisopropanol (HFIP). The HFIP was evaporated under a low pressure stream of N2 
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for at least 10 min generating a peptide film. Next, the peptide was redissolved in 50 μL 

of 50 mM NaOH and then sonicated in an ice-bath for 15 min. Nearly 400 μL of pre-pH 

adjusted PBS was added to solution so that the final pH was 7.4. An additional 15 min 

ice-bath sonication was conducted followed by ultracentrifugation at 4°C, 70,000 rpm, 

for 30 min using an ultracentrifuge (OPTIMA MAX-XP, Beckman Coulter, Brea, CA) 

with a TLA 100.3 rotor. 350 μL of supernatant was removed for further use. Aggrega-

tion was performed with 100 μL of 12.5 μM Aβ1-42 with 10 μM ThT in situ per well in a 

twin.tec 96 skirted LoBind plate. Peptide concentration was confirmed using Bradford 

assay. Aggregation experiments were performed at 37°C using either mixing (1,020 

rpm) or no mixing with four replicates. ThT fluorescence, used to track amyloid aggre-

gation (79), was measured at 440/485 nm excitation/emission with a gain of 50 and read 

height of 1 mm. 

2.2.2.2 Atomic Force Microscopy (AFM) 

Images of Aβ1-42 were collected with an MFP-3D atomic force microscope (Asylum Re-

search, Santa Barbara, CA) and standard Si cantilevers (AC240TS, Olympus America, 

Center Valley, PA).  Samples were prepared by depositing 10 μL of Aβ1-42 collected 

from the end of the aggregation runs in Figure 1 onto mica slides.  The slides were 

washed for 3 min with DI H2O and allowed to air dry before imaging.  Three-dimen-

sional measurements were collected in air using the tapping mode technique of AFM and 

analyzed with IGOR Pro 5 (WaveMetrics, Lake Oswego, OR). 

2.2.2.3 Hippocampal Slice Electrophysiology 

Standard field EPSPs (fEPSPs) were measured from the CA1 region of the hippocampus 

using a previously described protocol (80-82).  A bipolar stimulating electrode (FHC, 
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Bowdoin, ME) was placed in the Schaffer collaterals to deliver test and conditioning 

stimuli.  A borosilicate glass recording electrode filled with ACSF was positioned in 

stratum radiatum of CA1, 200–300 μm from the stimulating electrode. fEPSP in CA1 

were induced by test stimuli at 0.05 Hz with an intensity that elicited a fEPSP amplitude 

of 40–50% of maximum.  Test responses were recorded for 30–60 min prior to begin-

ning the experiment, to ensure stability of the response.  To induce LTP, two consecutive 

trains (1 s) of stimuli at 100 Hz separated by 20 s, a protocol that induces LTP lasting 

~1.5 h in wild-type mice of this genetic background were applied to the slices.  All LTP 

values represent fEPSP slopes measured 60 min after the conditioning stimulus (n = 6).  

The field potentials were amplified 100× using Axon Instruments 200B amplifier and 

digitized with Digidata 1322A.  The data were sampled at 10 kHz and filtered at 2 kHz. 

Traces were obtained by pClamp 9.2 and analyzed using the Clampfit 9.2.  Two-tailed 

Student’s t-test and one-way analysis of variance (ANOVA) were used to determine sta-

tistical significance. 

Stock solutions of 500 μM Aβ1-42 were prepared 3 h before LTP recordings.  

Prior to LTP recording, 10 μL of Aβ1-42 stock was added to 10 mL of perfusion ACSF, 

bringing the final Aβ1-42 concentration to 500 nM.  Brain slices for the control LTP were 

tested daily whenever compounds were added to the buffer to make sure the brain slices 

were healthy and exhibited normal LTP.  Our control LTP level was around 150% (see 

Figure 2.3 and Refs. (80, 82)).  The Selkoe laboratory previously demonstrated that for 

immunodepleted cells, the soluble WT Aβ oligomers can restore the LTP (34), therefore, 

it was suggested that Aβ is the key synaptotoxic agent for LTP inhibition.  When the 

A2T and A2V mutants were added into the perfusion buffer, the LTP baseline did not 
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change and was stable up for up to 2 h (data not shown).  

2.2.2.4 Circular Dichroism (CD) 

Spectra were collected using a Jasco 815 CD Spectrometer (Jasco, Easton, MD) with a 

Spectrosil® Far UV Quartz cuvette (Starna Cells, Atascaddero, CA, Cat #: 21-Q-1).  

Samples were prepared using the same protocol from the aggregation experiments ex-

cept substituting 10 mM PB buffer for PBS buffer to greatly reduce the salt 

concentration.  Measurements were taken at 21°C using ten accumulations.  Spectra 

were read from 240 to 195 nm with a 1.0 nm band width, a sensitivity of 100 mdeg, a re-

sponse of 1 s, and a scan speed of 100 nm min-1. 

2.2.2.5 Ion Mobility Spectrometry-Mass Spectrometry (IMS-MS) 

All samples were analyzed by direct infusion nanoflow ESI on a Waters (Milford, MA) 

Synapt G2 HDMS instrument capable of providing both molecular mass and ion mobil-

ity data.  Nanospray operations involved the utilization of quartz emitters produced in 

house by a Sutter Instruments Co. (Novato, CA) P2000 laser pipette puller.  Up to 5 μL 

samples were typically loaded onto each emitter by using a gel-loading pipette tip.  A 

stainless steel wire was inserted in the back-end of the emitter to supply an ionizing volt-

age that ranged between 0.4 and 0.8 kV.  Experimental/instrumental conditions were 

kept consistent in all experiments and consisted of a cone voltage of 60 V, a source tem-

perature of 30°C, a wave velocity of 650 m s-1, and a wave height of 40 V.  For all 

samples, both mass and arrival time data were collected respectively in the mass over 

charge (m z-1) scale and time dimension.  Samples of the three variants (WT, A2T, and 

A2V) were analyzed in 150 mM ammonium acetate solution (pH adjusted to 7.0) at final 

peptide concentrations of 5 μM.  Each variant was left to equilibrate in solution for > 15 
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min on ice prior to eventual IMS-MS analysis.  Based on the observation that the three 

Aβ1-42 peptides share a pI of about 5.0 (83), the samples were analyzed in negative ion 

mode. 

2.2.2.6 Dot Blots 

A 2 mL of 25 μM protein, either Aβ1-42, ApoE3 or E4, or EphB2-FC chimera was blotted 

on a HybondTM-ECL membrane.  Blots were allowed to air dry at RT.  Membranes were 

then blocked with 10% nonfat milk in PBS buffer for 2 h at RT.  The membranes were 

washed four times for 5 min with PBS buffer, which was used as the standard wash step. 

A 2.5 μM of Aβ1-42 WT monomer or variant in PBS at pH 7.4 was incubated overnight 

(at least 12 h) at RT.  The membranes were washed with PBS followed by an incubation 

with 1:5000 primary antibody for 1 h at RT.  Another wash step was performed and the 

membranes were subsequently incubated with 1:10000 secondary antibody for 1 h at RT.  

Membranes were washed again, followed by development and film exposure for ~10 s.  

Blot results were quantified using the “Dot Blot Analyzer” macro for ImageJ, NIH.  A 

rolling background subtraction of 40 with a dot radius of 5 was used for analysis.  

2.2.2.7 Aggregation reaction model 

Primary nucleation is defined as the process in which monomers nucleate in solution 

forming precursors for fibrillation. Cohen et al. suggest that monomer-dependent sec-

ondary nucleation is the dominant mechanism for Aβ1-42 aggregation during which Aβ 

fibrils catalyze the formation of new ones (84).  Ferrone posits that this process must in-

volve a monomeric conformational change, the conformational change is the 

aggregation’s overall rate limiting step, that the nuclei must be monomeric and that the 

assembly process after the rate-limiting conformational change is “downhill despite clear 
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lag times and significant concentration dependence.” (85)  Others have reported that the 

two Aβ1-42 variants (A2T and A2V) and wild type (WT) exhibited negligible differences 

in aggregation rates with little or non-measurable quiescent lag times, indicating the sec-

ondary nucleation rates were identical for all three variants (41, 42).  Here we have 

performed aggregation experiments using a protocol designed to prevent seeded aggre-

gation, that is, forcing primary nucleation to occur first, and have modeled these 

aggregation processes using a set of equations that specifically describes amyloid pri-

mary nucleation kinetics, predicts the concentration profiles of all small oligomeric 

species during aggregation and includes an “off-path” reaction (Table 2.1).  

The primary nucleation reaction model with fibril fragmentation is fit to the ex-

perimental aggregation data in Figure 2.1.  It is adapted from a previously published 

model for the amyloid insulin’s conversion reactions (86) and is based on the following 

assumptions: (i) an initial, reversible conformational change of the Aβ1-42 monomer, (ii) 

unfolded monomers add to each other and species of size i to form species of size i + 1, 

(iii) conversion reactions from monomer to fibril under mixing conditions is assumed to 

be complete and follows an on-pathway reaction, that is, all the monomer is sequestered 

into fibril, not other aggregate species, at the end of the run [Figure 2.2(A)].  For non-

mixing, only a fraction of the initial monomer follows the on-pathway, as estimated from 

the final asymptotic thioflavin T (ThT) values at long times, the rest of the monomer, di-

mer, trimer, and so forth detour to an off-pathway reaction under the control of k*
off 

forming small (WT) and large (A2V) spherical-like aggregates or protofibrils (A2T) 

[Figure 2.2(B, C)].  (iv) Fibrils fragment to shorter fibrils (84).  (v) All fibrils are ac-

counted for as F due to publications by Serio et al. and Heldt et al. demonstrating fibrils 
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of all length undergo reactions mostly at the two fibril ends (87, 88).  A complete picture 

of the reaction diagram and species reactions are given in Table 2.1.   

 

Figure 2.1. Aggregation Kinetics and Modeling. WT (blue circles), A2T (green diamonds) and A2V 

(red squares) (each at 12.5 μM Aβ
1-42

) aggregation kinetics at 37°C in PBS buffer and modeling (A) 

without mixing and (B) with mixing, measured using 10 μM ThT in situ (Ex./Em. 450/485).  The 

model fit of the data for fibrils are the solid lines. The fit of the model to the data for non-mixing (A) 

is described by R
2
 = 0.981, R

2
 = 0.986 and R

2
 = 0.996 for WT, A2T and A2V, respectively. For mix-

ing (B), the fits have a coefficient of determination of R
2
 = 0.992, R

2
 = 0.955 and R

2
 = 0.995 for WT, 

A2T and A2V, respectively. Experimental data are the average values of n = 4 aggregation runs, and 

the error bars represent ±1 standard deviation. (Ci - Civ) Rate constants from the Aggregation Re-

action Model. The remaining parameters describing the reaction model are given in Tables 2.2 & 

2.3. 

Using MatLab (The MathWorks, Natick, MA), nonlinear least-squares regression 

was utilized to minimize the sum of squared errors between the experimental data and 

those predicted by the model through estimation of kmon, kmon-, (forward and reverse 

monomer unfolding rate constants) knu, knu-, (forward and reverse primary nucleation rate 

constants) kfb, kfb-, (forward and reverse fibrillation rate constants) kfrag, (fragmentation 
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rate constant) and k*
off (off path rate constant).  To determine the reverse rate constants, 

kfrag and k*
off, all parameters were fit to four different concentrations of WT kinetics for 

the cases of aggregation with mixing and without mixing while kmon-, knu-, kfb-, kfrag, and 

k*
off were assumed to remain constant for all aggregation runs of each case (Figure 2.3).  

Once those five rate constants were determined, the three remaining forward rate con-

stants (kmon, knu, and kfb) were estimated by fitting the model to the data in Figure 2.1.  

The complete set of rate constants for each experimental condition is presented in Tables 

2.2 and 2.3. 

2.3 Results 

In this work, we compared the in vitro biophysical behavior of the protective and 

causative Aβ1-42 variants (A2T and A2V) with that of wild type (WT) in order to deter-

mine differences in molecular properties by measuring the aggregation kinetics (ThT), 

oligomer morphology (Atomic Force Microscopy, AFM), LTP inhibition (standard field 

excitatory postsynaptic potential, fEPSP), and monomeric structure (circular dichroism, 

CD and ion mobility spectrometry-mass spectrometry, IMS-MS).  Also, by fitting an ag-

gregation reaction model to the aggregation kinetics data, different oligomer species 

(dimers, trimers, and so forth) were tracked and the reaction rate constants for the differ-

ent variants estimated.  We further estimated binding to ApoE (with relevance to in vivo 

modulation of Aβ1-42 levels (89)) and to the receptor EphB2 domain (with implications 

for neuron receptor function (78)) of the variants, with a focus on understanding the pro-

tection and causation effects. 
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Table 2.1. Summary of reaction diagram, species reactions and species fluxes  

  

Reaction Diagram 

 

 (1) 

 

i = 1, 2, …, 5 (2) 

 
i = 1, 2, …, 5 (3) 

 
 (4) 

Species Reactions 

𝑑𝐴0

𝑑𝑡
= −𝐽𝑚𝑜𝑛   (5) 

𝑑𝐴1

𝑑𝑡
= 𝐽𝑚𝑜𝑛 − ∑ 𝐽𝑛𝑢,𝑖

5

𝑖=1

− 𝐽𝑛𝑢,1 − 𝐽𝑓𝑏,1 − 2𝐽𝑜𝑓𝑓 ,1  (6) 

𝑑 𝐴𝑖

𝑑𝑡
= −𝐽𝑛𝑢,𝑖 + 𝐽𝑛𝑢,𝑖−1 − 𝐽𝑓𝑏,𝑖 − 𝐽𝑜𝑓𝑓 ,𝑖 i = 2, 3, …, 5 (7) 

𝑑𝐹

𝑑𝑡
= 𝐽𝑛𝑢,5 + 𝐽𝑓𝑟𝑎𝑔   (8) 

Species Fluxes 

𝐽𝑚𝑜𝑛 = 𝑘𝑚𝑜𝑛𝐴0 − 𝑘𝑚𝑜𝑛 − 𝐴1  (9) 

𝐽𝑛𝑢,𝑖 = 𝑘𝑛𝑢 𝐴1𝐴𝑖 − 𝑘𝑛𝑢 − 𝐴𝑖+1 i = 1, 2, …, 5 (10) 

𝐽𝑓𝑏,𝑖 = 𝑘𝑓𝑏 𝐴i𝐹 − 𝑘𝑓𝑏 − 𝐹 i = 1, 2, …, 5 (11) 

𝐽𝑜𝑓𝑓,𝑖 = 𝑘𝑜𝑓𝑓
∗ 𝐴1𝐴𝑖  

i = 1, 2, …, 5 

𝑘𝑜𝑓𝑓
∗ = 0 for mixing aggregation  

(12) 

𝐽𝑓𝑟𝑎𝑔 = 𝑘𝑓𝑟𝑎𝑔 𝐹   
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2.3.1 Aggregation Kinetics and Morphology of Oligomers 

The mechanism of fibril formation changes from one where breakage occurs and fibrils 

multiply (mixing) to one where secondary nucleation dominates (quiescent—non-mix-

ing) (90).  A comparison of the kinetic aggregation data, the aggregation reaction model 

fits to the data with kinetic rate constants (Figure 2.1) and AFM images with analysis of 

the aggregate morphology at the end-point of the runs for WT, A2T and A2V with and 

without mixing (Figure 2.2) is presented.  These asymptotic ThT values exhibit a linear 

increase with respect to Aβ1-42 concentration (Figure 2.4). 

2.3.1.1 Comparison of Aggregation Kinetics 

Aggregation of Aβ1-42 variants at 37°C without mixing reveals WT aggregates with a lag 

time to fibril onset, tlag, of 2.3 ± 0.13 h, while A2T aggregates slower (3.6 ± 0.19 h) and 

A2V decidedly slower still [16 ± 1.0 h, Figure 2.1(A)].  The reaction model predicts the 

decrease in overall aggregation rate is primarily due to a 31% decrease in kmon for A2T 

and an 86% decrease in kmon for A2V compared with WT.  For reference, there is at most 

a 33% reduction in knu and an 38% reduction in kfb for A2V compared with WT.  Also, 

fragmentation could have occurred but was not incorporated into the model (i.e., we did 

not separately measure nor relate fragmentation to average shear rate during mixing).  

Decreases in kmon coincide with the idea of a more stable initial monomer for 

A2V.  Increased stability of the A2V monomer is consistent with results from a recent 

molecular dynamics study where it was shown that A2V is decidedly more stable due to 

the monomer sampling an increased number of conformations with long range hydro-

phobic interactions compared with WT and A2T (91).  
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Figure 2.2. Aggregate Morphology and Height.  AFM images of Aβ
1-42

 aggregates formed with (A) 

mixing: fibrils, (B) non-mixing: fibrils, and (C) non-mixing: other aggregates.  10 μl samples of 12 

μM Aβ
1-42

 WT (left column), A2T (middle column), and A2V (right column) collected at the end of 

the aggregation runs from Figure 1 were deposited onto mica and the images were collected in air. 

Line height analysis (above) displays the height of each pixel in contact with the solid white line on 

each image moving from left to right. Histogram height analysis (below) represents the height distri-

bution of all aggregates above 500 pm in each image.   
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Table 2.2. Rate constants for the Aggregation Reaction Model fit to the aggregation data without 

mixing in Figure 2.3 (WT Concentrations) and Figure 2.1A (Variants at 12.5 μM) 

 

Comparing mixing [1,020 rpm, 37°C, Figure 2.1(B)] with non-mixing [0 rpm, 

37°C, Figure 2.1(A)] for the Aβ1-42 variants in solution gave the following results: (i) As 

expected, mixing significantly speeded up tlag as compared with non-mixing (92).  (ii) 

Tracking the kinetics via β-sheet formation (ThT), the trajectories with error bars (n = 4) 

for mixing are close to each other whereas the aggregation kinetics are clearly distinct 

for non-mixing.  It should be noted the large error bars are due to the heterogeneous na-

ture of Aβ1-42 aggregation.  (iii) The final ThT asymptotes are five to eight times higher 

for the mixing versus non-mixing (93).  Because all the initial monomer (12.5 μM Aβ1-

42) for each variant is assumed to convert to fibrils during mixing [Figure 2.2(A), we 

consider this a complete on-pathway reaction, k*
off = 0, in the aggregation reaction 

model], we estimate from the long-time asymptotic values between mixing [Figure 

2.1(B)] and non-mixing [Figure 2.1(A)] that, for non-mixing, only about 14.6% of the 
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WT oligomers are on-path with k*
off = 0.  The rest is off-path (k*

off > 0).  (iv) kmon is the 

slowest rate constant by orders of magnitude making it the overall rate limiting step.  

The aggregation reaction model predicts the process will run downhill after this initial 

conformational change.  (v) The reaction model is used to predict the trajectories of oli-

gomers (Figure 2.5). The dominant early-predicted species were dimers, and the dimers 

for A2V exist for hours longer than either A2T or WT (Figure 2.5). Shankar et al. sug-

gest these dimers are the dominant synaptotoxic species (34).  

Thus, non-mixing in vitro aggregation demonstrated that the overall aggregation 

rate, and specifically kmon, for A2V is much slower than that of A2T and WT, indicating 

is the most stable monomeric species.  Also our model predicts the monomer conforma-

tional change is the aggregation’s rate limiting step, a feature predicted using 

independent calculations on a completely different set of Aβ1-42 aggregation data (85). 

Consistently, Messa et al. have recently reported distinctive aggregation of A2V 

compared with WT (69).  However, comparing their homozygous aggregation kinetics 

with our A2V and WT kinetics results, we see that A2V kinetics were much slower than 

WT with non-mixing and they observe the reverse.  This could be explained by the dif-

ferent protocols used by each group, that is we used 12.5 μM at 37°C in PBS and they 

used 100 μM at 4 or 22°C in phosphate buffer. These differences could have an enor-

mous effect on aggregation rates (92).  See Section 2.4 for further elaboration on this 

topic. 
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Table 2.3. Rate constants for the Aggregation Reaction Model fit to the aggregation data without 

mixing in Figure 2.4 (WT Concentrations) and Figure 2.1B (Variants at 12.5 μM) 

 

 

Figure 2.3. Fits of the aggregation reaction model to WT Aβ
1-42

 aggregation data at the concentra-

tions given in the legends to the right (A) without mixing and (B) with mixing (1,020 rpm). Note the 

change in the values on the y-axis. 
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Figure 2.4. Final ThT Value versus Concentration. Final ThT value from Figure 2.3 plotted against 

Aβ1-42 
concentration.  Result shows a nearly linear dependence for final ThT value on concentration 

for both non-mixing (R2 = 0.967) and mixing (R2 = 0.944). 

2.3.1.2 Comparison of Aggregate Morphology 

The differences in aggregate morphology after aggregation for 18 and 72 h for the mixed 

and non-mixed runs, respectively, are shown in Figure 2.2. The following is observed: 

Aβ1-42 aggregation generated fibrils for all three variants with mixing at 1,020 

rpm [Figure 2.2(A)].  The height distribution for A2T and A2V fibrils were similar, that 

is, 2.1 ± 1.3 nm and 2.6 ± 1.5 nm, respectively.  WT aggregated into fibrils under mixing 

conditions, but with a different distribution compared with A2T and A2V.  The WT fi-

brils were uniformly distributed from 0 to 6 nm and had a mean height of 4.5 ± 2.5 nm.  

It is possible that the unique height distribution of WT fibrils comes from inherent varia-

bility in synthetic peptide production. 
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Figure 2.5. Aggregation Reaction Model Oligomer Concentrations Predictions with Time for WT 

(blue), A2T (green) and A2V (red).  Best fits to the raw data shown in Figure 1A & B for kinetic 

conversion of monomers to fibrils (A6 or F) showing the time dependent behavior of oligomers 

(monomers (1-mers), dimers (2-mers), etc.) for mixing (left column) and non-mixing (right column).  

All the oligomers are assumed to be on-path for mixing while < 15%  is on-path for the non-mixing 

case.  The rest are off-path. 
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For non-mixing aggregation, two unique morphologies existed on each molecu-

larly smooth mica substrate for each variant [Figure 2.2(B, C)].  All three variants 

aggregated into fibrils and an alternate morphology.  A2T and A2V fibrils have similar 

height distribution profiles, that is, 2.8 ± 1.7 nm and 3.1 ± 1.7 nm [Figure 2.2(B)].  The 

height distribution for WT fibrils shifted from a lognormal- like distribution to a more 

Gaussian-like distribution, and the mean and standard deviation height of 3.4 ± 1.6 nm 

was similar for A2T and A2V [Figure 2.2(B)]. 

Both WT and A2V formed spherical- like aggregates as an alternative morphol-

ogy to fibrils, whereas A2T formed proto-fibrils without any evidence of small spherical 

aggregates.  Despite contrasting morphologies of the A2T and WT aggregates, the height 

distributions of the two species were comparable to the mean and standard deviation of 

0.78 ± 0.82 nm (proto-fibrils) and 1.2 ± 0.50 nm (spherical- like aggregates) for A2T and 

WT respectively.  The spherical aggregates of A2V yielded a height distribution akin to 

fibrillar species with a mean and standard deviation of 2.3 ± 1.6 nm.  This result is in 

agreement with earlier AFM Aβ morphology images of WT aggregates with non-mixing 

that showed WT formed fibrils and spherical aggregates (94). 

Here, we have shown that A2T and A2V exhibit different in vitro aggregation ki-

netics, different morphological structures after aggregation (spherical- like vs. proto-fibril 

structures), and different abundances of smaller oligomers, with “peculiar behavior of 

A2V oligomers.” (69)  Distinctive formation of dimers and spherical- like aggregates 

could both be associated with different mechanisms of decreased/increased pathological 

effects for A2T/A2V variants of Aβ1-42 (see Broerson et al. (95) and references therein). 
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2.3.2 Variant Effect on LTP Inhibition 

Neuronal long term potentiation (LTP), an electrophysiological measurement that corre-

lates with memory and learning, is shown to be inhibited experimentally by soluble Aβ 

species (33-36).  To examine the effects of the Aβ1-42 variants on neuronal LTP, mi-

cromolar concentrations of peptide were dissolved in ACSF (vehicle), applied to mouse 

hippocampal slices and standard field excitatory postsynaptic potential (fEPSPs) were 

recorded. The different Aβ1-42 variants were treated for at least 30 min before the high 

frequency stimulation (HFS) being applied. Compared with the vehicle, WT and A2V 

reduced the slope of the fEPSPs from 150% ± 66.3% (vehicle, n = 6) to 123% ± 65.5% 

(WT, n = 6) and 126% ± 65.5% (A2V, n = 6), significantly less than the vehicle (P val-

ues < 0.001 for WT vs. vehicle, Figure 2.6)).  This result for WT is consistent with 

previously reported Aβ-induced neuronal LTP inhibition (80).  Interestingly, A2T only 

slightly decreased the fEPSPs slope to a final value of 140% ± 64.0% (n = 6, P < 0.05 

compared with vehicle), however its LTP inhibition is significantly less than A2V (P 

values < 0.05).  This indicates A2T has less of an effect than WT and A2V on LTP inhi-

bition, a measurement that has previously been correlated with learning and memory 

loss, and thus provides the first pathologically-relevant evidence toward A2T’s reduced 

causation of AD. 

2.3.3 Monomeric Structure from Experiments 

Detailed structural knowledge of the monomeric form of the Aβ1-42 variants, that are the 

minimal building blocks of a complex aggregation process, served to elucidate the dif-

ferences in their biophysical properties (96).  The structural characterization of the full 

length Aβ1-42 monomeric peptides in solution is extremely challenging through standard 
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ensemble averaging techniques due to their highly disordered nature and a tendency to 

populate a heterogeneous ensemble of multiple conformations.  This is a common fea-

ture of amyloidogenic proteins (97, 98).  Below, we provide an analysis of the monomer 

structure for the three variants using CD and IMS-MS experiments. 

 

Figure 2.6. LTP Inhibition. (A) Aβ
1-42

 WT (blue circles), A2T (green diamonds), A2V (red squares) 

and vehicle (ACSF, black ‘x’s) inhibition of LTP of neurons from the CA1 hippocampal region in-

duced by high frequency stimulation (HFS, t = 0 min).  (B) Final fEPSP slope calculated from the 

average of the final five readings from (A). 

2.3.3.1 Circular Dichroism 

All three variant monomeric structures according to their CD spectra are dominated by 

random coil (198 nm) and contain only minor percentages of b-strand (215 nm) and a-

helix (222 nm) (Figure 2.7).  Similar CD spectra for WT and A2V were published by 

Messa et al (69). 



 

     37 

 

Figure 2.7. Experimental Secondary Structure.  CD spectra of 25 μM Aβ1-42 WT (blue circles), A2T 

(green diamonds), and A2V (red squares) in 10 mM PB buffer at pH 7.2 and 21°C. Data were col-

lected with 10 accumulations, a scan speed of 100 nm/min, and were smoothed using a seven-point 

average. 

2.3.3.2 Ion Mobility Spectrometry-Mass Spectrometry 

The conformation of the different variants was also explored by IMS-MS experiments 

that are capable of differentiating isomeric species as a function of their ability to inter-

act with buffer gas while traveling through a moderate electric field (99, 100).  The ion’s 

conformation determines the rate of interaction, which governs the time necessary to exit 

the mobility cell.  This constitutes the observed experimental mobility.  The above ap-

proach has been successfully employed to investigate the conformation of different short 

versions of the Aβ1-42 peptide, which provided new insights into the putative mechanism 

of aggregation (101, 102).  We applied this technique to examine the conformations 

adopted by full- length Aβ1-42 and its variants.  Figure 2.8 provides representative time 

distribution profiles detected in negative ion mode (pI of Aβ1-42 is ~5) from the 3-charge 

state of monomeric WT, A2T and A2V peptides.  Displayed under each trace are the re-

sults of a curve fitting procedure that was carried out to discriminate the contributions of 

individual conformers.  For each of the variants, the procedure returned three distinctive 
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Gaussian peaks, which were labeled left (L), middle (M), and right (R). 

The exact relationship between gas-phase and solution structures is still the ob-

ject of intense debate in the mass spectrometry community (103-105).  However, the 

self-consistency of IMS-MS determinations enables one to compare results obtained 

from different samples and draw general conclusions about their different behaviors and 

topologies.  In our case, the following observations can be made on the basis of the order 

of arrival times afforded by the detected species, which is determined by their respective 

conformations.  The fact that species (R) displayed longer arrival times than those of (M) 

and (L) indicates that (R) possesses a more extended conformation (Figure 2.8).  It has 

been shown that, in the case of Aβ peptides, extended conformations represent solution-

like structures, whereas more compact conformations reflect progressively more dehy-

drated structures that may be produced during gas-phase analysis (106).   

For this reason, the partitioning between the solution- like (R) and the dehydrated 

(M) and (L) conformers may provide valuable insights into the intrinsic flexibility of the 

different variants.  Based on the area under each peak, which provides a measure of the 

abundance of the corresponding conformation, the abundance of conformer (R) displays 

a A2V > WT ~ A2T trend.  This observation suggests that the A2V is likely to possess 

the most stable structure in the series, which is the least prone to the dehydration effects 

associated with gas-phase analysis.  Conversely, the flexibility possessed by A2T makes 

this variant more sensitive to the transition to a solvent-free environment.  Earlier model-

ing work has suggested that the compact, solvent-free structure has polar residues buried 

and hydrophobic residues exposed (96).  Additionally, previous molecular dynamics 

simulations show differences in the conformational landscape for these three variants, 
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which is in good agreement with the experimental data presented here (91). 

 

Figure 2.8. Experimental Conformers. IMS-MS profiles and Gaussian-fit curves obtained from 

monomeric Aβ1-42 
WT (top), A2T (center), and A2V (bottom) in 150 mM ammonium acetate buffer 

at pH 7.2.  3-Gausian peaks fitted the raw data mobilograms for all three variants (blue dashed).  

Matching was based on the arrival time corresponding to the apex of each fitted peak.  The follow-

ing are the arrival times displayed by the various species for each of the three Gaussian peaks (left, 

(L), middle, (M) and right, (R)): WT: 8.9, 9.7, 10.7 ms; A2T: 9.1, 9.9, 10.9 ms, and A2V: 9.0, 9.6, 10.7 

ms.  Peak areas for (L) (red), (M) (green) and (R) (purple) are calculated as a percentage of the total 

peak area and displayed in the inset to the right of each mobiligram.  The displayed percentage is 

the peak area percent for (R), with the error bars representing one standard deviation of three inde-

pendent fits to the data (1 SD = 0.01% ). 

In summary, we show using low resolution CD that three variants are mainly ran-

dom coil in nature. With high resolution IMS-MS, we demonstrate that the three variants 

exhibit very similar, but subtly different, profiles in terms of species populations, which 

is in good agreement with previously published simulations (91). 
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2.3.4 Aβ Binding 

ApoE receptor-mediated internalization of Aβ by astrocytes and microglia represents a 

functional pathway to clear and eventually degrade Aβ1-42 (107).  Thus, binding of Aβ1-42 

variants to ApoE isoforms provide guidance to Aβ1-42 clearance [Figure 2.9(A)].  A2V 

exhibited the weakest binding to ApoE3 and E4 suggesting that it may clear less effi-

ciently than WT and A2T.  Also, note that binding to ApoE4, a positive risk factor for 

AD (107, 108), was always less than that for ApoE3 perhaps impeding clearance.  Also 

no signal was observed for the scrambled control.  EphB2 mediates neuronal NMDA re-

ceptor function through binding with Aβ1-42 (78).  Differences in variant binding to the 

EphB2-FC chimera, a receptor domain, that is, known to bind Aβ1-42 (78), is clear [Fig-

ure 2.9(B)].  Again, as with the ApoE isoforms, A2V variant binds less to EphB2 than 

does A2T and WT.  Interestingly, comparing the Aβ1-42 binding to the EphB2-FC chi-

mera and to itself for A2T and for WT are significantly different (P values < 0.01 for 

both comparisons), while that for A2V is not significantly different. It appears that A2V 

binds to this receptor domain and to itself with similar low affinity. It should be noted 

that dot blot analysis is less accurate in determining binding affinity of specific confor-

mations to target proteins than other (e.g., Surface plasmon resonance) direct 

measurements.  

2.4 Discussion 

As mentioned above, a ~20% reduction of Aβ1-42 concentration with the A2T variant is 

attributed to less effective β-secretase cleavage of APP.  To offer an alternate explana-

tion to this upstream hypothesis and one related to downstream processing of Aβ1-42, the 
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variants should exhibit markedly different aggregation, clearance, binding and LTP inhi-

bition, as reported in this study.  We further provide a rational explanation for such 

different biophysical behavior and how these differences could, in principle, increase ne-

crosis. 

 

Figure 2.9. Molecule Binding Estimation. (A) Binding of 12.5 μM Aβ
1-42

 WT (blue), A2T (green) or 

A2V (red) to ApoE3, ApoE4 and to themselves (self-binding), as well as (B) binding to EphB2 bind-

ing domain and themselves (self-binding) as quantified by dot blots. 

The results presented here demonstrate for the first time, to our knowledge, that 

the protective (A2T) and causative (A2V) variants convert kinetically to protofibrils and 

large spherical aggregates, respectively (Figures 2.1 and 2.2), and exhibit molecular 

structural and mobility differences (IMS-MS, Figure 2.8).  In addition, the variants in-

duce distinct LTP inhibition, a pathologically relevant result not previously reported 

(Figure 2.6).  Further, the variants offer diverse binding to ApoE isoforms and receptor 

domains.  These downstream events during the Aβ cascade, from dual cleavage of APP  
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Table 2.4. Comparison of Aβ aggregation kinetics between Maloney et al., Benilova et al., and Mur-

ray et al. (this work). 

 

(A) M aloney et al. (B) Benilova et al. (C) M urray et al. Conclusions

Lag Time •Slight lag time for 

A2T

•No lag for WT 

and A2V

•No lag time for

WT, A2T or A2V

•Lag times for WT, 

A2T and A2V

•No substantial lag 

time (>1 h) for (A) 

and (B)

•Suspect pre-

aggregation for (A) 
and (B)

Final ThTValue •Reported

•WT = A2V > A2T

•Normalized and 

not reported

•Reported

•A2V > WT > A2T

•Both (A) and (C) 

report differences, 

albeit inconsistent 

differences

•Comparisonwith (B) 
is not possible

Error Barsin 

Aggregation 

Kinetics

•Has error bars 

(n=3)

•No error bars 

(n=4)

•Has error bars 

(n=4)

•Lack of error bars 

from (B) do not allow 

estimation of the 

significance 

between 
experimental runs

Aβ

Concentration 

(M ax

Concentration 

During Sample 
Preparation)

•110 μM

• (220 μM)

•25 μM

• (1,100 μM)

•12.5 μM

• (25 μM)

•Nearly 10x 

concentration 

difference between 

(A) and (C) makes a 

direct comparison of 
aggregation kinetics 

not possible

•Aβ1-42 exposed to ~9 

and 44x higher 

concentrations 
during preparation 

for (A) and (B) 

compared with (C)

Sample 

Preparation

•Dissolved in HFIP 

evaporated under 

N2 flow

•Redissolved in 

NaOH, then 
neutralized with 

buffer

•Filtered with 0.2 

μm filter

•Brought to 1.0 
mg/mL (220 μM) 

final 

concentration

•Dissolved in 

HFIP evaporated 

under N2 flow

•Redissolved in 

HFIP, 
evaporated 

under N2 flow

•Dissolved in 

DMSO to 5 

mg/mL (1,100 
μM), then 

vortexed

•Diluted to 100 

μM Aβ in Tris

EDTA buffer

•Dissolved in 

HFIP, evaporated 

under N2 flow

•Redissolved in 

NaOH, sonicated 
on ice

•Neutralized with 

PBS, then 

sonicated again 

on ice
•Ultracentrifuged

and supernatant 

at 0.11 mg/mL (25 

μM) removed for 

aggregation

•Preparation 

conditions for (A) 

and (C) very similar. 

(B) dissolved in 

organic solvent, and 
retains trace 

amounts during 

aggregation

Buffer 

Conditions 

During 

Aggregation

•50 mM phosphate 

buffer, pH 7.4

•50 mM Tris, 1 

mM EDTA, pH 

7.4

•10 mM phosphate 

buffer, 2.7 mM

KCl and 137 mM

NaCl, pH 7.4

•Buffer conditions 

similar

In situ ThT

Concentration

•28 μM •12 μM •10 μM • In situ ThT

concentration 

similar
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to oligomer aggregation, fibril formation, and clearance, are integral to maintaining a dy-

namic steady state flow of Aβ into and out of the cell.  Any change in the biophysical 

properties such as those observed for A2V, for example, slower aggregation kinetics and 

hence longer residence time for oligomers, with structural dimers and trimers at lower 

frequency than those of A2T and WT, poorer binding to ApoE isoforms suggesting 

lower clearance, would result in its buildup.  Converse behavior regarding structural oli-

gomers partly different from those of WT and A2V as well as ApoE and receptor 

binding, was observed for the A2T variant, suggesting early proto-fibril formation with 

recruitment of toxic oligomers via a less toxic pathway compared with the WT and A2V.  

If, as the Selkoe group has reported (34), dimers are the smallest synaptotoxic oligomers, 

then our reaction model predicts for non-mixing that the dimers endure markedly longer 

for A2V than for WT/A2T (Figure 2.5, right two top plots). 

A comparison of aggregate morphology and especially the heights for the three 

variants suggest that fibrils generated with and without mixing were similar for all three 

variants within error of the measurements.  However, the main morphological difference 

was between other aggregates.  WT and A2V formed small and larger spherical- like ag-

gregates, respectively, while A2T only formed small height proto-fibrils without any 

spherical- like structures.  This finding could be significant, given that the spherical- like 

“doughnut” aggregates intercalate into cell membranes and induce slow ionic leakage 

through central pores (109).  Thus, one could speculate that the mechanism of protection 

against “toxicity” or slow cell leakage for A2T relies on its ability to recruit spherical-

like “doughnut” aggregates out of the solution and into proto-fibrils, thus protecting the 
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cells from ion leakage, whereas A2V’s toxic mechanism is derived from its ability to re-

main in the dimeric/small oligomeric state for substantially longer than both WT and 

A2T (Figure 2.5).  Clearly, more work needs to be done on fractionating these structures 

and testing their separate toxicity with neuronal cells or in mice that overexpress Aβ 

(110-112). 

As mentioned above, Aβ1-42 aggregation kinetics from two recent publications re-

port dissimilar results from the ones presented here, which is that A2V has a drastically 

longer lag time (16 ± 1.0 h) than A2T (3.6 ± 0.19 h) which in turn has a slightly longer 

lag time than WT (2.3 ± 0.13 h) (Figure 2.1) (41, 42).  The experiments here are de-

signed to capture the rate of primary nucleation of the Aβ variants whereas both 

Maloney et al. and Benilova et al. report little or no lag time in their aggregation experi-

ments, indicating bypass of primary nucleation, likely due to experimental seeding (see 

Table 2.4) (41, 42).  Therefore, they fail to capture the substantial differences reported 

here in terms of primary nucleation (Figure 2.1). 

As predicted by our model and supported by the IMS-MS data (Figure 2.8) and 

previous MD simulations (91), the main difference in aggregation behavior without mix-

ing emanates from the initial monomer structural stability (85). 

Here, clear differences in the lag time for the aggregation of WT (2.3 ± 0.13 h), 

A2T (3.6 ± 0.19 h) and A2V (16 ± 1.0 h), due mainly to substantially slower rate of 

monomer unfolding for A2V (Figure 2.1). Thus, the IMS-MS data, the aggregation re-

sults and modeling show the A2V monomer is the most stable, at least in terms of 

species dehydration, whereas the WT and A2T monomers are considerably less so (Fig-

ure 2.8), a result, that is, supported by recent MD simulations (91).  These results bolster 
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the overall picture that the stability of the variant monomers is markedly different, and 

this effect, while not observed in aggregation experiments dominated by secondary nu-

cleation (41, 42), is clearly demonstrated and modeled for aggregation kinetics that 

incorporate primary nucleation. 

In addition, the CD results (Figure 2.7) are in good agreement with published CD 

results (69) confirming that our monomer secondary structures are similar and not aber-

rant. 

Presented here for the first time is a biophysically relevant property of A2T, that 

is, LTP inhibition, that relates directly with the protection of AD (33-36).  The LTP inhi-

bition of hippocampal cells, which correlates with memory formation, is markedly less 

for A2T (140% ± 4.0%) than both WT (123% ± 5.5%) and A2V (126% ± 5.5%, Figure 

2.6).  As has been reported, A2T reduces the β-secretase cleavage rate of APP resulting 

in a ~20% reduction in Aβ1-42 monomer concentration, while A2V effects cleavage con-

versely (42, 69).  Here, we show that A2T reduces LTP inhibition in comparison with 

WT, a result that demonstrates a pathway toward reduced causation of AD for this pro-

tective mutant.  Hence, we speculate that conformational differences between A2T and 

A2V are the cause of the differences in LTP inhibition and provide additional evidence 

for reduced and enhanced causation of AD, respectively. 

If, as we suspect and have demonstrated here, downstream events are critical for 

synaptotoxicity, then intervention at each downstream step may be possible.  Options in-

clude complete inhibition of oligomerization (Figure 2.1), preventing formation of large 

spherical- like structures (Figure 2.2), mild stabilization of monomer conformation (Fig-

ures 2.1 and 2.8), and/or increasing ApoE binding (Figure 2.9).  Small molecules have 
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been designed and synthesized to bind with Aβ1-42 (113, 114).  They could possibly be 

specifically designed for the A2V variant to inhibit aggregation and/or to increase bind-

ing to ApoE isoforms.  Upregulating the ApoE gene for increased A2V clearance may 

also help (70, 107).  The role of the extreme N-terminus in modulating Aβ1-42 monomer 

structure, aggregation, LTP inhibition, and clearance obtained here can also guide design 

of inhibitory peptides against the N-terminus (i.e., aducanumab). 
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3. Cosolute Effects on Amyloid Aggregation in a Non-Diffusion 
Limited Regime: Intrinsic Osmolyte Properties and the Volume 

Exclusion Principle 

3.1 Introduction 

Aggregation of amyloidogenic proteins is implicated in multiple life threatening, debili-

tating diseases, such as Alzheimer’s and Parkinson’s disease (49).  However, most of the 

in vitro experiments that have studied protein aggregation have focused on a system that 

is dissimilar to in vivo conditions.  The concentration of macromolecules (proteins, lipid 

membranes, etc.) in vivo can reach up to 400 mg mL-1 and is expected in such a concen-

trated environment to directly affect protein aggregation kinetics differently as compared 

with the same reaction in vitro (55, 115).  In addition, osmolytes (sugars, polyols, urea, 

etc.) exist up to molar concentrations, well above the concentration required for influ-

encing protein folding (50-53). 

The interactions by which macromolecules and osmolytes affect protein folding 

are generally well understood.  Macromolecules reduce the free volume available for 

protein unfolding through excluded volume interactions (116-118), whereas osmolytes 

can stabilize a more compact protein structure through preferential exclusion from the 

protein surface (51, 119-123).  Further, the effects of cosolutes on amyloid aggregation 

have been studied across a range of amyloids with various solution conditions (52, 124-

126).  Typically, empirical models are used to quantify the solution condition’s effect on 

 

This chapter previously appeared as: Murray B, Rosenthal J, Zheng Z, Isaacson D, Zhu 

Y, Belfort G, Cosolute Effects on Amyloid Aggregation in a Non-diffusion Limited Re-

gime: Intrinsic Osmolyte Properties and the Volume Exclusion Principle. Langmuir. 

2015;31(14):4246–4254. doi: 10.1021/acs.langmuir.5b00254.  
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aggregation (92).  Here, we have developed a kinetic reaction model based on the earlier 

work of Lee and colleagues to quantify the effects of well-studied cosolutes on the mi-

croscopic rate constants of amyloid aggregation (86). 

To investigate the behavior of cosolutes on the rate of amyloid aggregation, we 

selected the model amyloid human insulin, as many others have done (52, 84, 92, 93, 

127-132), along with cosolute conditions for which the native protein folding/unfolding 

equilibrium is well-documented.  Polyols such as glycerol and sorbitol stabilize the 

folded state of proteins at submolar concentrations (133, 134).  At equal cosolute con-

centrations, sorbitol increases the change in free energy of unfolding (ΔΔG) about twice 

as much as glycerol via a thermodynamic mechanism of enthalpic stabilization (54).  

Trimethylamine N-oxide (TMAO) enthalpically stabilizes ΔΔG to a greater extent rela-

tive to the polyols due to a combination of multiple stabilization mechanisms: (i) 

preferential exclusion from the protein’s surface as the polyols do, and (ii) a reduction in 

water’s hydrogen bonding ability (135, 136).  Guanidine hydrochloride (GuHCl) desta-

bilizes the protein’s folded state, resulting in a negative ΔΔG, through a mechanism of 

preferential inclusion at the protein’s surface (137-139).  These interactions of preferen-

tial inclusion and exclusion can be quantified by the thermodynamic parameter 

“preferential interaction coefficient”, Γ, which is defined as the partial derivative of so-

lute molality with respect to protein molality at constant temperature, pressure and 

chemical potential, μ (140). 

Similar to stabilizing osmolytes, hydrophilic polymers such as polyvinylpyrroli-

done (PVP) encourage native folded protein states (54).  Through a mechanism of 
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excluding the volume available to proteins (steric exclusion), polymers with a large de-

gree of polymerization (∼100) such as PVP with a molecular weight of 40,000 Da 

(PVP40) can have a significant effect on protein structure even at low volume fractions 

(φ) (141).  Polymers with a small degree of polymerization (∼10) (e.g., PVP3.5) still 

support a folded structure, however, to a lesser degree (141). 

Here the cosolute effects on the aggregation kinetics of the model amyloid, hu-

man insulin, are measured using absorbance at 600 nm (A600), a well-established method 

for tracking insulin aggregation (52, 86, 93, 127).  We use a modified version of a reac-

tion model previously developed to explore the reaction rate constants for insulin 

aggregation (86).  This revised model includes two additional concepts: conformational 

rearrangement of monomers prior to nucleation and fragmentation of fibrils.  The reac-

tion rates obtained from best fits are analyzed to determine the effects that different 

classes of cosolutes (stabilizing osmolytes, destabilizing osmolytes and polymers) have 

on different stages of amyloid aggregation.  Ultimately, the modeled aggregation param-

eters are related to the aforementioned thermodynamic parameters, along with one 

intrinsic parameter for osmolytes. 

3.2 Methodology 

3.2.1 Materials 

Polyvinylpyrrolidone, 40 kDa, (PVP40), (CAS No. 9003-39-8, Sigma-Aldrich, St. Lois, 

MO), polyvinylpyrrolidone, 3.5 kDa, (PVP3.5) (276142500, ACROS Organics, Pitts-

burgh, PA), guanidine hydrochloride (GuHCl) (CAS No. 50-01-1, Sigma-Aldrich), 

trimethylamine N-oxide (TMAO) (CAS No. 1184-78-7, Sigma-Aldrich), D-sorbitol, 

(CAS No. 50-70-4, Sigma-Aldrich), and glycerol, (CAS No. 56-81-5, Sigma-Aldrich) 
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were purchased from the given companies.  The insulin was obtained from Novo 

Nordisk (Gentofte, Denmark).  All other chemicals were purchased from Sigma-Aldrich.  

0.2 μm SFCA filters were purchased from Fischer Scientific (Cat. No. 09-740-37F, 

Fisher Scientific, Pittsburgh, PA). 

3.2.2 Methods 

3.2.2.1 Insulin Solution Preparation 

All insulin solutions were prepared fresh for each experiment in 0.01 M phosphate 

buffer, 0.0027 M KCl, and 0.137 M NaCl, and adjusted to pH 1.6 to a final concentra-

tion of 2 mg mL-1 (344 μM) insulin monomer using a protocol developed to increase the 

reproducibility of insulin aggregation (127).  A cosolute was added at this point to the 

desired concentration, and the solution was again brought to pH 1.6.  Fluorescence 

probe, 5-carboxyrhodamine 6G succinimidyl ester (5-CR6G) (C-6127, Invitrogen, Grand 

Island, NY) was used to label insulin for the FCS experiments.  5-CR6G was attached to 

the C-terminal end of insulin by following a commonly adopted protein labeling proto-

col (142).  5-CR6G labeled insulin at an extremely low concentration of 3.5 × 10-3 μM 

was added to plain insulin aqueous solution of total 2.0 mg mL-1 insulin concentration 

for the fluorescence correlation spectroscopy (FCS) experiments. 

3.2.2.2 Insulin Aggregation 

Insulin aggregation, with or without 5-CR6G labeled insulin monomers, was performed 

by adding 1 mL samples of insulin solution as prepared above to glass vials and heated 

to 65 ± 1°C.  Samples were removed periodically during aggregation and cooled to RT.  

Three technical replicates were prepared, and the data in Figures 3.1 and 3.2 are all of 

the collected data points. A600 was measured using a Hitachi U 2000 spectrophotometer 
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(U 2000 Double-Beam UV/vis spectrophotometer, Hitachi Instruments Inc., Danbury, 

CT). 

3.2.2.3 Fluorescence Correlation Spectroscopy 

FCS was set up on an inverted microscope (Zeiss Axio A1, Carl Zeiss, Germany) 

equipped with an oil-immersion objective lens (Plan Aprochromat 100x, NA = 1.4) as 

detailed elsewhere (143).  The tiny fluctuations, I(t), in fluorescence intensity, due to the 

motion of fluorescence labeled insulin in and out of the laser excitation volume, with an 

Ar laser (λ = 488 nm, Melles Griot, Rochester, NY) was measured by two photon count-

ing modules (H7422-40, Hamamatsu, Japan) independently in a confocal detection 

geometry.  The autocorrelation function, G(τ) of measured I(t) as G(τ) = (⟨δI(t)δI(t + 

τ)⟩)/⟨I(t)⟩ (55, 144-146) where δI(t) = I(t) − ⟨I(t)⟩, was thus obtained by using a multi-

channel FCS data acquisition board and its software (ISS, Champaign, IL) (144-146) via 

cross-correlation analysis, which removes the artifacts from detectors, to extract the dif-

fusion coefficient, D, and concentration of fluorescent insulin, [c], in buffer solutions 

added with different cosolutes.  The excitation focal volume was calibrated at room tem-

perature (~25°C) by Rhodamine 6G of known D (280 μm2 s-1) in a dilute aqueous 

solution to be ϖ ~260 nm in the lateral dimension and z ~2 μm in the vertical dimension.  

The measured G(τ) was fitted to 

𝐺(𝜏) = ([𝑐]𝜋1.5𝑧2𝜔)−1 (1 +
4𝐷𝜏

�̅�2 )
−1

(1 +
4𝐷𝜏

𝑧2 )
−0.5

              (1) 

to obtain D (143, 146).  
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Table 3.1. Summary of species reactions and fluxes  

 

3.2.3 Model 

A four-phase aggregation reaction model (ARM) for insulin conversion from monomer 

to fibril is presented here.  The model consists of monomer unfolding to an aggregation 

prone conformation, nucleation via monomer addition, fibrillation with both monomer 
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and oligomer reactive species, and fragmentation of fibrils.  The reaction scheme is 

based on a previously published insulin aggregation model combined with details from 

more recent publications, including conformational rearrangement and fragmentation 

(86, 128, 131, 147). 

The model is summarized by the following species reactions: (i) monomer inter-

conversion between the native state and the unfolded, aggregation-prone state with the 

rate constants kmon and kmon-, (ii) oligomer production by reversible addition of unfolded 

monomer only with the rate constants knu and knu-, (iii) fibril accumulation by reversible 

addition of species A1 through A5 to a growing end with the rate constants kfb and kfb, and 

(iv) fibril fragmentation of one fibril into two fibrils until fibril concentration reaches 0.4 

mg mL-1 with the rate constant kfrag.  The key assumptions for the model are as follows: 

(i) all fibrils are accounted for as F due to publications from Serio and colleagues as well 

as Heldt and co-workers showing that fibrils of all length undergo reactions only at the 

two fibril ends (87, 88), (ii) reverse rate constants and the fragmentation rate constant are 

fit to the control run data, and are then fixed for the remaining aggregation runs (due to 

their insensitivity from a sensitivity analysis, Figure 3.3), and (iii) kfrag(t) is defined as 

λfrag if t ≤ t20% and 0 otherwise (t20% is the time until fibril concentration reaches 0.4 mg 

mL-1).  Morris and colleagues have shown that fibril fragmentation ceases when human 

insulin fibril concentration reaches 0.4 mg mL-1 under very similar solution conditions 

(147).  The species reactions and fluxes are given in Table 3.1. 

Using MatLab (The MathWorks, Natick, MA), nonlinear least-squares regression 

was utilized to minimize the sum of squared errors between the experimental data and 

those predicted by the model through estimation of kmon, kmon-, knu, knu-, kfb, kfb-, kfrag, and 
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tlag (time to 5% of the final asymptote value) for the control run (no cosolute). 

3.3 Results and Discussion 

3.3.1 Control Aggregation 

The aggregation kinetics of human insulin with destabilizing and stabilizing osmolytes 

(Figure 3.1) and polymer cosolute additives (Figure 3.2) are shown.  The results for kmon, 

knu, kfb, and tlag are given in Figures 3.4 and 3.5, while the values for kmon-, knu-, kfb-, and 

kfrag are kept constant at 3.6 × 10-3 h-1, 6.7 × 10-3 h-1, 4.5 × 102 h-1 and 1.3 × 10-3 h-1, re-

spectively.  During solving, the rate constants were constrained to be within 3 orders of 

magnitude in both directions of the control values to ensure error minima were not found 

in unreasonable parameter space.  All of the fitting parameters fell well within this con-

straint. 

 

Figure 3.1. Insulin aggregation with osmolytes. Aggregation kinetics of 2 mg mL-1 (344 μM) human 

insulin measured with A600 at T = 65°C and pH = 1.6 with (A) GuHCl, (B) glycerol, (C) sorbitol, and 

(D) TMAO all compared with the control (×). Symbol colors correspond with cosolute concentra-

tions given in the legend. The solid lines represent the ARM fit to the data. 
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Figure 3.2. Insulin aggregation with polymers. Aggregation kinetics of 2 mg mL-1 human insulin 

measured with A600 at T = 65°C and pH = 1.6 with (A) PVP40 and (B) PVP3.5. Symbol colors corre-

spond with cosolute concentrations given in the legend. The solid lines represent the ARM fit to the 

data. 

3.3.2 Aggregation with Osmolytes 

3.3.2.1 Destabilizing Osmolyte 

GuHCl is a destabilizing osmolyte that denatures insulin monomer purportedly via a 

preferential inclusion mechanism (137-139).  Adding GuHCl to the reaction mixture in-

duces a nonlinear cosolute concentration-dependent behavior on the rate of amyloid 

conversion from monomer to fibril.  From Figure 3.1A, we observe that, upon addition 

of GuHCl, aggregation kinetics are accelerated (smaller tlag) and decelerated (greater tlag) 

for CGuHCl < 0.6 M and > 0.6 M, respectively.  Also, for CGuHCl < 0.6 M, the values for 

kmon, knu and kfb are mostly all significantly above the values without cosolute (Figure 

3.4).  Notably these values for GuHCl are at the only cosolute concentrations where a 

significant increase in all three rate constants is observed.  Above CGuHCl = 0.6 M, kmon 

and kfb return to baseline values, while knu is slightly decreased compared with the con-

trol (Figure 3.4). 

3.3.2.2 Stabilizing Osmolytes 

Osmolytes that stabilize the insulin monomer have a different effect on aggregation ki-

netics compared with destabilizing osmolytes.  All stabilizing osmolytes – glycerol, 
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sorbitol and TMAO – either cause no change or slow down the aggregation process and 

increase tlag at all concentrations.  Glycerol has minimal influence on insulin aggregation 

at CGlycerol < 1 M (Figure 3.1B).  At CGlycerol = 1.1 M, aggregation is delayed from tlag = 

3.2 ± 0.1 to 4.1 ± 0.7 h.  For sorbitol on the other hand, the aggregation reaction is de-

layed relative to the control for all cosolute concentrations (Figure 3.1C) and this is 

mainly due to a lowering of knu and kfb (Figure 3.4B, C).  Analogous aggregation effects 

from sorbitol occur at approximately half the molar concentration of glycerol. 

  All the kinetic aggregation runs with TMAO as a cosolute additive, except at the 

lowest concentration of 0.16 M, are delayed within error relative to the control (Figure 

3.1D).  For CTMAO = 0.49 M, tlag is significantly delayed to 6.9 ± 0.6 h.  Aggregation is 

increasingly delayed to tlag = 9.6 ± 0.5 h as the concentration of TMAO is further in-

creased to CTMAO = 0.67 M.  The significantly slowed aggregation is modeled by a 

greater than 3.5 times decrease in kmon and a 3-fold decrease in knu for CTMAO at 0.49 M 

and a further decrease in both kmon and knu for CTMAO at 0.67 M with accompanying de-

creases in kfb (Figure 3.4).  The greatest stabilization by osmolytes used in this study 

occurs at CTMAO at 0.67 M (Figure 3.1). 

3.3.3 Aggregation with Polymers 

To determine the effect of chain length of hydrophilic polymers on amyloid aggregation 

rates, PVP40 and PVP3.5 were selected.  Interestingly, from Figure 3.2A, addition of 

PVP40 at CPVP40 = 0.63 mM to the insulin aggregation reaction increases the aggregation 

reaction rate somewhat, while at higher concentrations up to 2.5 mM, tlag clearly de-

creases with increasing concentration of PVP40.  From a fit of the ARM for CPVP40 > 

0.63 mM, kmon does not exhibit a predictable trend, knu decreases, and kfb decreases 
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slightly with concentration of PVP40 (Figures 3.5Ai, Bi, and Ci, respectively).  Simi-

larly, PVP3.5 exhibits the same effects on insulin aggregation as CPVP40 > 1 mM, albeit 

at ~10-fold higher concentrations (Figure 3.2B).  The values for knu correspondingly de-

crease with CPVP3.5, in addition to an initial increase with a subsequent decline for kfb 

(Figure 3.5). 

 

Figure 3.3. Rate Constant Sensitivity Analysis. The effect of the change in (A) kmo and kmo-, (B) knu 

and knu-, and (C) kfb, kfb-, and kfrag on the change in fibril concentration at the end of the aggregation 

run (ΔA6 @ tf inal).  
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Figure 3.4. Osmolyte reaction rates. (A) kmon the monomer unfolding rate constant, (B) knu the nucle-

ation rate constant, (C) kfb, the fibrillation rate constant, and (D) tlag are plotted against Ccosolute for 

GuHCl, glycerol, sorbitol, and TMAO (symbols in legend). Error bars represent the fit of ±1 stand-

ard deviation to the aggregation data. Horizontal black solid line and dashed lines represent the 

control parameter (no cosolute) and ±1 standard deviation of the control parameters. 

3.3.4 Modeling Insights 

 Besides estimates of the rate constants, another important feature of the model is 

its ability to predict the temporal concentration of the small oligomeric species present 

during the lag phase of aggregation.  Here, the native insulin monomer unfolds under 

first order kinetics with the rate constant kmon into an active conformation that exists at a 

concentration comparable to the native species (Figure 3.6A).  The unfolded monomer 

converts to dimers and subsequent oligomers with first-order kinetics governed by knu, 
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which results in dimer concentrations an order of magnitude lower than the native mono-

mer concentration.  Higher i-mer oligomers have concentration profiles orders of 

magnitude lower than the monomer concentration and are thus not shown.  Additionally, 

the integral from 0 h to tfinal (time to end of aggregation run) of the native monomer 

curve (AMon,Fold) can provide insight into the degree to which cosolutes stabilize or desta-

bilize the native monomer.  TMAO, previously shown to be the most stabilizing 

osmolyte,6 increases AMon,Fold more than 6-fold (Figure 3.6B).  The destabilizing osmo-

lyte decreases AMon,fold at least 33% for both concentrations below 0.6 M, indicating a 

significant destabilization of the native monomer.  Furthermore, a correlation between 

the nucleation reaction rate and tlag was previously reported (126).  Our ARM observes a 

similar correlation between the nucleation rate, knu, and tlag (R2 = 0.9790, Figure 3.6C). 

3.3.5 Relating Thermodynamic Parameters to Aggregation Behavior 

Correlating and ultimately predicting the complex effects of cosolutes on amyloid aggre-

gation from a single thermodynamic or structural measurement are desirable.  To this 

end, we demonstrate in Figure 3.7 that the relative preferential interaction coefficient, 

ΔΔΓμ, and the neutral surface area, SAo, of osmolytes both correlate with the lag time, 

tlag (or the nucleation rate constant knu) (Figure 3.7).  ΔΔΓμ, is defined as follows: the 

preferential interaction coefficient with a generalized macromolecule (represents insu-

lin), Γμ,cosolute, minus that with the solvent, Γμ,solvent, is divided by (Γμ,cosolute − Γμ,solvent) at 

Ccosolute = 0 M.  The data for ΔΔΓμ was estimated from a previous publication listing Γμ 

values for various cosolutes with a model protein using vapor pressure osmometry (140). 

A good correlation between tlag and ΔΔΓμ for osmolytes for which data is availa-

ble excluding the two high concentration data points (CGuHCl > 0.6 M) (R2 = 0.8515, 
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Figure 3.7A) is obtained (140).  However, the good correlation is lost once these two 

data points for GuHCl are included in the analysis (R2 = 0.1943).  The possibility re-

mains that there is a crossover effect for ΔΔΓμ > 100%, i.e., tlag reaches a minimum at 

ΔΔΓμ ~105%. 

 

Figure 3.5. Polymer reaction rates. (A) kmon the monomer unfolding rate constant, (B) knu the nuclea-

tion rate constant, (C) kfb, the fibrillation rate constant, and (D) tlag are plotted against Ccosolute for 

PVP40 and PVP3.5 (same symbols in Figure 3.2). The insets (Ai−Di) are an expansion of the dashed 

region. Error bars represent the estimate of the fit associated with ± 1 standard deviation of the em-

pirical parameters. Horizontal black solid line and dashed lines represent the control parameter (no 

cosolute) and ± 1 standard deviation of the control parameters. 
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Figure 3.6. Modeling insights. (A) Temporal concentration profiles for the control aggregation run 

of the native folded monomer, the unfolded monomer, and the dimer belong to the primary y-axis. 

The ARM fit to the control aggregation and the control aggregation data correspond with the sec-

ondary y-axis. Symbols are given in the legend below. (B) Integral of the native, folded monomer 

from 0 h to tf inal for TMAO and GuHCl. (C) ln knu correlated with tlag. Symbols given in the legend to 

the right. Error bars represent the fit from ± 1 standard deviation of the model. Horizontal black 

solid line and dashed lines represent the control parameter (no cosolute) and ± 1 standard deviation 

of the control parameters for (B). 

The second correlation is from an intrinsic structural property of the osmolytes.  

The neutral surface area, SAo, of an osmolyte has previously been shown to correlate 

strongly with tlag (52).  Reported by Street and colleagues, SAo is determined computa-

tionally using PyMOL with a probe radius of 1.4 Å and atomic coordinates for the 

osmolytes from the HICUP database (148).  Due to the intrinsic nature of SAo, selecting 

a single osmolyte concentration for the correlation would be arbitrary.  Instead, the slope 

of a linear regression between tlag and Ccosolute, Δtlag, is plotted against SAo and yields a 

strong correlation (R2 = 0.9530, Figure 3.7B).  Because of the biphasic behavior of 

GuHCl and the fact that CGuHCL > 0.6 M does not correlate with ΔΔΓμ, a feature not ob-

served by any other osmolyte, the linear regression between tlag and CGuHCl was taken 

only for CGuHCl < 0.6 M.  If all concentrations of GuHCl are used to determine Δtlag, the 

correlation between Δtlag and SAo is lost. 
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Figure 3.7. Relating thermodynamic properties to kinetic effects. (A) Correlation between tlag and 

ΔΔΓμ estimated from Anderson et al. for stabilizing osmolytes and CGuHCl < 0.6 M (R2 = 0.8515). The 

R2 value for the correlation with all points is 0.1943. (B) Correlation between the slope of tlag versus 

Ccosolute (Δtlag) with the neutral accessible surface area of the osmolyte (SAo). Symbols are given in the 

legend below. Error bars represent the fit from ± 1 standard deviation of the model. 

3.3.6 Diffusion Effects on Aggregation 

For diffusion limitations to influence amyloid aggregation, the Damköhler number (Da = 

k L2 D−1), is expected to be > ~1, where k and L are defined as a reaction rate constant 

and the length scale for diffusion, respectively.  To investigate these limitations, insulin 

monomer diffusion coefficients (D) are experimentally measured using FCS in the pres-

ence of cosolutes, and k is taken from the ARM.  Here we examine two cases: (i) 

diffusion limitations during the nucleation reaction in the absence of cosolute, and (ii) 

the diffusion limitations of PVP40 at 100 mg mL-1 on the fibrillation reaction.  In case 1, 

knu = 1.4 × 10-1 mM h-1 (Figure 3.4B), D = 90 μm2 s-1 (Figure 3.8), and L is estimated to 

be 40 nm, which is a conservative estimate based on a particle diameter of 2.75 nm for 

insulin monomers (128) and a volume fraction of 0.002 (149). From these parameters, 

Da = 6.9 × 10-10 indicating no diffusion limitations on the nucleation reaction.  For the 

nucleation reaction to be diffusion limited, D would have to decrease 9 orders of magni-

tude or the reaction rate increase by the same amount. 
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Figure 3.8. Diffusional limitations on aggregation. Insulin monomer diffusion coefficient, D, as a 

function of cosolute concentration, Ccosolute, measured using FCS. Symbols are given in the legend to 

the right. Error bars represent 1 standard deviation from at least three measurements. 

 The fibrillation reaction with CPVP40 = 100 mg mL-1 represents conditions much 

closer to a diffusion limitation.  For case 2, kfb = 1.6 × 106 mM h-1 (Figure 3.5Ci), D = 19 

μm2 s-1 (Figure 3.8), and L is estimated to be 100 nm, which is based on the fibril size 

distribution from Pease and colleagues (128) and a comparable volume fraction to case 1 

(149).  The increase in k and decrease in D from case 1 to case 2 results in Da = 2.4 × 10-

1, a situation where diffusion effects are more prominent.  In general, diffusion will only 

affect the fibrillation reaction for cosolutes that decrease D close to an order of magni-

tude.  The nucleation reaction remains uninfluenced by diffusion in all cases. 

3.3.7 Further Discussion 

Osmolytes and polymers can have wildly different effects on amyloid aggregation, as 

seen by the differing influence on the aggregation and reaction rate constants (Figures 

3.1−3.5). Osmolytes, specifically GuHCl, can have varied effects on protein aggregation 

depending on the osmolyte concentration (Figure 3.1A).  At CGuHCl < 0.6 M, the rate of 

amyloid formation increases via a sharp increase in kmon, knu, and kfb (Figures 3.1A and 

3.4).  This behavior correlates well with other osmolytes that are known to behave 

through a preferential inclusion/exclusion mechanism (R2 = 0.8515, Figure 3.7A) (135, 
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137-139, 150).  However, at CGuHCl > 0.6 M, the aggregation effects of GuHCl are dif-

ferent from CGuHCl < 0.6 M (Figures 3.1A and 3.4).  In addition, the correlation between 

ΔΔΓμ and tlag is lost (R2 = 0.1943), indicating that GuHCl at high concentrations no 

longer affects amyloid aggregation solely through the preferential inclusion mechanism. 

The stabilizing osmolytes examined here generally affect the amyloid aggrega-

tion via decreases in both kmon and knu, a result in good agreement with the known 

mechanisms for the stabilizing effect of polyols and TMAO (135, 150).  The osmolyte 

with the largest stabilizing effect, TMAO, is known to affect protein stability through 

multiple mechanisms (135).  Here we showed that TMAO was the most stabilizing in 

terms of lowering kmon and knu (Figure 3.4A, B).  Further, TMAO increased AMon,Fold 

greater than 6-fold compared with the control, far more than any other osmolyte. 

Polymers delay amyloid aggregation via a different mechanism than that of os-

molytes. PVP40 and PVP3.5 both slow nucleation and extend tlag except for PVP40 at 

0.63 mM (Figure 3.2). Thus, according to the ARM, knu, and kfb both increase slightly at 

low concentrations, then decrease with increasing concentration (Figure 3.5). This im-

plies the polymer’s mechanism for effecting amyloid growth involves changes to solely 

the later stages of aggregation, an effect not generally observed for osmolytes (Figures 

3.4 and 3.5). Notably PVP3.5 begins effecting aggregation at a concentration 10-fold 

greater than PVP40 (Figure 3.2). Further, the volume fraction, φ, for PVP40 at 100 mg 

mL-1 compared with PVP3.5 at 100 mg mL-1 is about 10 times higher (φ PVP40,100 mg mL-1 

= 0.016, φ PVP3.5,100 mg mL-1 = 0.0014). Therefore, the effects of low concentrations of pol-

ymers on amyloid aggregation scale with φ and not concentration, a result that agrees 

with known mechanisms of polymer effects on protein folding (141). 
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Despite nearly an order of magnitude decrease in D from CPVP40 = 100 mg mL-1 

(Figure 3.8), the nucleation reaction remains unaffected by diffusion and hence is non-

diffusion limited. Only the fibrillation reaction at CPVP40 = 100 mg mL-1 limited. Only 

the fibrillation reaction at CPVP40 = 100 mg mL-1 approaches diffusion limitations, indi-

cating the rate-limiting reaction for amyloid aggregation, i.e., the nucleation reaction, is 

not influenced by polymeric induced diffusion limitations. 

Besides the rate constants, fitting the ARM to the experimental kinetic conver-

sion data also provides temporal concentration profiles of each i-mer (Figure 3.6A).  

This information can predict when critical species are most prevalent during amyloid ag-

gregation.  In Alzheimer’s disease, the smallest synaptotoxic species was demonstrated 

to be the dimer (34).  The ability to predict when this difficult-to-quantify oligomer is at 

its highest concentration from macroscopic aggregation measurements is a feature of this 

ARM that others lack (125, 147).  Additionally, the AMon,Fold for GuHCl and TMAO can 

be estimated (Figure 3.6B).  Consistent with TMAO’s ability as a stabilizing osmolyte, 

AMon,Fold drastically increases compared with the control.  Addition of GuHCl slight ly de-

creases AMon,Fold at 0.26 M GuHCl, which is in agreement with GuHCl being a 

destabilizing osmolyte (Figure 3.6B). 

It is desirable to be able to relate changes in aggregation behavior directly with 

biophysical rates predicted from the model.  As has been shown previously, the reaction 

rate at the nucleation step correlates well with tlag (126).  Here we show that knu corre-

lates very well with tlag (R2 = 0.9790, Figure 3.6C), and no other rate constant correlates 

as strongly as with tlag (data not shown).  Clearly this implicates the nucleation reaction 

as the rate-limiting step of insulin amyloid formation. 
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Ultimately, it would be powerful to be able to predict the aggregation effects of a 

cosolute before quantifying it experimentally.  Here, it is shown that ΔΔΓμ,cosolute is in 

good correlation (R2 = 0.8515) with tlag for stabilizing osmolytes for which data are 

available and low concentrations of a destabilizing osmolyte (CGuHCl < 0.6 M) (Figure 

3.7A).  Preferential inclusion/exclusion, which can be an interpretation of Γμ, is a well-

studied mechanism for osmolyte effects on aggregation (52, 122, 126, 139, 140, 150-

152).  The correlation shown in Figure 3.7A supports this mechanism.  Interestingly, at 

CGuHCl > 0.6 M the correlation is lost (R2 = 0.1943) indicating that at higher concentra-

tions of GuHCl, preferential inclusion is no longer the only effect GuHCl has on amyloid 

aggregation.  Additional mechanism(s) likely contribute to GuHCl’s complex effect, and 

further work is necessary to elucidate its full behavior. 

As has previously been shown (52), and is reinforced here (Figure 3.7B), SAo 

strongly correlated with tlag for insulin aggregation (R2 = 0.9530).  SAo is ideal for corre-

lating with osmolyte effects on aggregation since it is an intrinsic property that can be 

calculated by knowing only the structure of the osmolyte.  Additionally, SAo was previ-

ously used to explain protein unfolding free energies by relating the free energy of water 

transfer from a protein backbone to an osmolyte.  This leads to the conclusion that ag-

gregation behavior, which is presumed to be controlled by preferential 

inclusion/exclusion of water and osmolytes to the protein backbone (52, 122, 126, 139, 

140, 150-152), is in turn governed by the neutral surface area (or the non-neutral surface 

area) of the osmolyte. Thus, osmolyte effects on amyloid aggregation can be predicted 

once the structure of the osmolyte is known. 
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3.4 Conclusions 

Amyloid aggregation is undoubtedly affected in vivo in ways not currently captured by 

in vitro experiments. We show that destabilizing osmolytes, stabilizing osmolytes and 

polymers have drastic effects on the aggregation of a model amyloid, insulin, through 

A600 measurements and analysis with an aggregation reaction model (ARM). GuHCl in-

creases the rate of aggregation at CGuHCl < 0.6 M, mainly through increases in kmon and 

knu. Contrary to behavior at CGuHCl < 0.6 M, aggregation is delayed at CGuHCl > 0.6 M, 

modeled by a decrease in knu. Polyols delay aggregation through a joint decrease in kmon 

and knu. Sorbitol consistently delays aggregation at molar concentrations half that of 

glycerol. TMAO reduces aggregation the most of any osmolyte, by means of a reduction 

in kmon, knu and kfb. Interestingly, all osmolytes effect aggregation so that tlag correlates 

with ΔΔΓμ except for CGuHCl > 0.6 M, which implies that the preferential inclusion/ex-

clusion mechanism, thought to be the dominant mechanism for osmolyte interaction with 

proteins, no longer holds at these conditions. 

Polymers inhibit aggregation differently from osmolytes in that they consistently 

increase tlag. These effects decrease knu, and initially increase kfb but continually decrease 

kfb thereafter. Further, the mechanism appears in good agreement with the volume exclu-

sion principle since the concentration required for affecting aggregation for PVP3.5 is 

about 10-fold higher than the concentration for PVP40, which corresponds with a 10-

fold reduction in φ for PVP3.5 at equal concentrations. Nearly an order of magnitude re-

duction in D results in no meaningful difference in the diffusion limitations of the 

nucleation reaction, which is the rate-limiting step of amyloid oligomer aggregation. 

Only >9 order of magnitude decrease in D would result in diffusion limitations on the 



 

     68 

nucleation reaction. Fibril growth, on the other hand is much closer to diffusion limita-

tions. 

While ΔΔΓμ correlates well with tlag, SAo has an even stronger correlation with 

tlag (R2 = 0.9530). It is likely that this relationship underlies the intrinsic property of os-

molytes which governs the preferential interactions that effect protein folding and 

aggregation, which in turn can be used to predict osmolyte effects on aggregation. 



 

     69 

4. Mechanism of Four de novo Designed Antimicrobial Peptides 

4.1 Introduction 

All multicellular organisms such as animals and plants protect themselves against patho-

genic microbes by producing antimicrobial peptides (AMPs) that disrupt bacterial cell 

membranes selectively (153).  Although they are enormously diverse, AMPs are mainly 

comprised of hydrophobic and cationic amino acids that are spatially organized along 

the molecule.  Since bacteria depend on the integrity of their anionic cell membrane, dis-

rupting their membrane with cationic peptides could offer an alternate strategy to kill 

pathogenic bacteria (154).  As pathogenic bacteria become resistant to traditional antibi-

otics, alternate approaches such as designing and testing new potent selective 

antimicrobial peptides are increasingly attractive. 

The proper composition of amino acids, their sequential arrangement and peptide 

length are essential for effective action of AMPs (155).  It has been demonstrated that 

AMP activity is more closely tied to amino acid composition than amino acid sequence 

or AMP structure (156-160).  However, it has recently been shown that for the α-helical 

class of AMPs, ordering amino acids during AMP design into an imperfect amphipathic 

α-helix, a helix with one hydrophobic and one hydrophilic face where the hydrophobic 

face is disrupted by one hydrophilic residue, is beneficial for increasing AMP activity 

(63).  Understanding the mechanism behind how these peptides disrupt cell membranes 

could benefit future designs of potent, selective AMPs. 

 

This chapter has been submitted as: Murray B, Pearson C, Aranjo A, Cherupalla D, Bel-

fort G, Mechanism of Four de novo Designed Antimicrobial Peptides. J Biol Chem. 

2016.  



 

     70 

Various mechanisms of interaction between AMPs and microbial lipid mem-

branes include, (i) peptide adsorption to and expansion of the head group region (carpet, 

toroidal pore formation or sinking raft mechanisms) resulting in positive curvature strain 

of a supported lipid bilayer (SLB) (161-163), and (ii) peptide binding without the prereq-

uisite positive strain (barrel-stave pore and electroporation mechanisms) (164).  One 

instrument that can capture these interactions in real time is a quartz crystal microbal-

ance with dissipation (QCM-D).  Two main benefits to the QCM-D for studying peptide-

lipid interactions over other surface measurement techniques are that (i) in addition to 

measuring wet-mass binding to the surface layer (i.e. the lipid bilayer) it also quantifies 

the lipid bilayer’s energy dissipation or rigidity in real time, and (ii) mass and dissipation 

changes are quantified at different penetration depths (165, 166).  This information al-

lows for analyzing differential interactions at the lipid-water interface and the internal 

bilayer, which provides the basis for the determination of the AMP’s mechanism of ac-

tion.  

To determine the mechanism of SLB disruption of four rationally designed 

AMPs for which their secondary structure is unknown (B1 – ILSLRWRWKWWKK, B2 

– ILSLRWWRKWWKK, B3, – ILSLRWRWWKWKK, B4 – IRKLKSWKWLRWL 

(63)), the QCM-D behavior of four natural AMPs (indolicidin, extended/unstructured 

(IND) – ILPWKWPWWPWRR (167), protegrin-1, β-sheet (PG-1) – 

RGGRLCYCRRRFCVCVGR (168, 169), magainin-2, α-helix (MG-2) – 

GIGKFLHSAKKFGKAFVGEIMNS (162), and α-defensin-1,  β-sheet with disulfide 

bonds (αD1) – ACYCRIPACIAGERRYGTCIYQGRLWAFCC (170)) of known sec-

ondary structures and mechanisms are used for guidance (63, 169, 171-175).  
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4.2 Methodology 

4.2.1 Antimicrobial Peptides 

The four natural AMPs were synthesized using standard FMOC chemistry by Dr. Haydn 

Ball from the University of Texas Southwestern (Dallas, TX) and were purified to over 

95% purity using HPLC in Dr. Ball’s lab.  Peptides were received as lyophilized pow-

ders and were dissolved in 150 mM phosphate buffer saline at pH 7.4 prior to use.  The 

synthetic AMPs were produced using an automated Multiprep RS synthesizer (Intavis 

AG, Germany) in the laboratory of Dr. Pankaj Karande.  Fmoc solid-phase chemistry 

was used to synthesize the peptides from their C-termini to N-termini on a TentaGel rink 

amide resin (0.25 mmol/g) (Intavis Inc.).  Pre-synthesis, the resin was swollen in a 

DMF:DCM (2:1) solution.  Post-synthesis, the resin was washed with DCM and the pep-

tides were cleaved off using TFA/TIS/H2O (88/6/6) cocktail.  Bulk TFA was removed 

by precipitating the peptides in ice-cold MTBE followed by centrifugation and a second 

MTBE wash.  Peptides were air-dried and dissolved in ACN:H2O (1:5) for lyophiliza-

tion.  Lyophilized peptides were stored at -20˚C. 

4.2.2 Lipid Vesicle Preparation 

15 µmol total lipids, 75% by mole 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine 

(POPC, Avanti Lipids®, Alabaster, AL, Cat #: 850457) (8.55 mg) and 25% by mole 1-

palmitoyl-2-oleoyl-sn-glycero-3-phospho-(1'-rac-glycerol) (sodium salt) (POPG, Avanti 

Lipids®, Cat #: 840457) (2.89 mg), were dissolved in chloroform (Sigma Aldrich®, St. 

Louis, MO, Cat#: 528730) in a round bottom flask.  Chloroform was evaporated under 

N2 stream in 45°C water bath.  Lipids were lyophilized overnight to remove residual 

chloroform.  Lipid film was rehydrated in 3 mL MilliQ™ water.  Lipid vesicles were 
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extruded (Mini-extruder kit, Avanti Lipids®, Cat #: 610000) 21 times through a 30 nm 

polycarbonate membrane (Avanti Lipids®, Cat #: 610002)  at 42°C.  300 µL lipid vesicle 

solution was added to 10 mL phosphate buffer saline at pH 7.4 containing an additional 

140 mg NaCl. 

4.2.3 Silica Crystal Preparation 

50 nm SiO2 crystals (Biolin Scientific, Linthicum Heights, MD Cat #: QSX 303) were 

initially washed with MilliQ™ H2O, EtOH (Sigma Aldrich, Cat#: 792780), and dried 

with N2.  Atmospheric plasma (ATOMFLO, Surfx Technologies LLC, Culver City, CA) 

using 30 L/min He, 0.2 L/min O2, and 120 W power was used to clean the crystal 

surface.  Crystals were then placed inside flow module for use (Q-Sense Flow Module, 

QFM 401).  After experimentation, crystals were washed with H2O, EtOH, dried with N2 

and stored in air for further use. 

4.2.4 Quartz Crystal Microbalance with Dissipation 

Changes in frequency (ΔF) and change in dissipation (ΔD) at overtones 3, 5, 7 and 9 

were obtained from the quartz crystal microbalance with dissipation (QCM-D, Biolin 

Scientific/Q-Sense, Q-Sense E4 Auto, Västra Frölunda, Sweden).  These correspond to 

changes in mass and rigidity, respectively, for a rigid layer above the crystal.  Lipid bi-

layer deposition was performed following a protocol from Cho et al. (176)  AMP 

interaction with the newly formed SLB was carried out as follows: 5 μM AMP flow for 

10 min at 100 μL/min followed by PBS flow for 20 min at 100 μL/min.  The SiO2 sur-

face was then regenerated with a wash of H2O for 10 min at 500 μL/min, 2% SDS 

(powder purchased from Sigma Aldrich, Cat#: 436143) for 10 min at 500 μL/min, H2O 
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for 10 min at 500 μL/min, and finally PBS for 10 min at 100 μL/min to re-equilibrate the 

sensor.  The ΔF and ΔD data for the SLB deposition are shown in Figure 4.1. 

For non-rigid layers, which the SLBs become after interaction with the all AMPs 

except MG-2 and αD-1, changes in frequency (ΔF) and dissipation (ΔD) are related to 

changes in mass and viscoelastic changes to the SLB using the Voigt model, which is 

briefly reviewed here (165).  For consistency, the Voigt model is used here to model all 

AMP-SLB interactions.  ΔF and ΔD are related to mass and viscoelastic properties by: 
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where ηL is the liquid viscosity (1,000 kg m3), δL is the acoustic wave decay length, mf is 

the film mass per unit area, mq is the mass of the quartz crystal, ρf is the film density 

(1,100 kg m3) (177), G’ and G” are the storage and loss moduli, respectively, and n is the 

overtone number (165).   

4.3 Results and Discussion 

Mechanistic information regarding the natural AMP’s interactions with SLBs are deter-

mined by examining kinetic (Figure 4.2AI-IV) and equilibrium (Figure 4.2BI-IV) changes 

in the bilayer’s properties during AMP flow and subsequent buffer wash, as quantified 

by the change in frequency (ΔF) and change in dissipation (ΔD) of an oscillating silica 

sensor, which is a technique commonly reported in the literature (166, 178-183).  Here, 

kinetic information is generally used to distinguish the rates and number of observable 

stages involved in each AMP’s mode of action, while equilibrium data are related to the 
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final mechanistic changes of the SLB.  The equilibrium data, determined by the changes 

in ΔF (ΔΔF) of the initial SLB (Figure 4.2A, t = 0 s) subtracted from the final bilayer 

properties after a buffer wash following AMP interaction (Figure 4.2A, t = 1,700 s), are 

plotted against overtone number where the overtone with the furthest penetration from 

the sensor surface, three, is plotted at the top while shallower penetrating overtones are 

plotted below in order of penetration depth (Figure 4.2BI-IV) (165).  To quantify the 

change in bilayer properties as a parameter relating distance to the sensor, the difference 

in ΔF for the ninth overtone (ΔF9) is subtracted from ΔF of the third overtone (ΔF3), and 

that difference is normalized by the molecular weight of the AMP in kDa (ΔΔF3-9
o).  

These values are overlaid onto their corresponding panels in Fig. 4.2B. 

 

Figure 4.1. Supported Lipid Bilayer Deposition. 3:1 mole ratio POPC:POPG lipid bilayer deposition 

on SiO2 coated QCM-D crystal. Frequency and dissipation were monitored at 4 overtones (see leg-

end).  Sensor was equilibrated with running buffer until t = 450 s, lipid vesicles were then flowed 

until t = 1100 s, and running buffer was flowed at t > 1100 s. 
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Figure 4.2. Natural AMP-SLB Interaction. (A) Kinetic and (B) and equilibrium behavior for natural 

AMP-interaction with 3:1 POPG:POPC SLB. (AI-AIV) Real time monitoring of ΔF and ΔD of the 

sinusoidal waves at overtones 3, 5, 7, and 9 (3, open circle; 5, open triangle; 7, closed circle; 9, closed 

triangle) quantifying the behavior of the SLB during interaction with (I) PG-1, (II) IND, (III) MG-2, 

and (IV) αD-1, beginning at first arrow, and during the subsequent buffer wash starting at the sec-

ond arrow.  Error bars represent 1 SD for n = 4.  (BI-BIV) Initial ΔF (t = 0 s) subtracted from final 

ΔF (t = 1,700 s) (ΔΔF) plotted versus overtone number in decreasing order of penetration depth (i.e. 

3rd overtone, with furthest penetration depth is plotted at top). Error bars represent 1 SD of the av-

erage of all values during the plateau stage of the buffer wash.  Inset is ΔΔF3-9
o, which is the 9th 

overtone subtracted from the 3rd overtone normalized by the molecular weight of the peptide, and is 

used to represent the mass added at the lipid-water interface relative to the interior of the SLB. 



 

     76 

 

To understand how ΔF and ΔD relate to mass changes, the total mass, m, of the 

SLB was calculated using the third, fifth, seventh and ninth overtones of F and D and 

an assumed SLB density, f, of 1,100 kg m3 using the Voigt model (165, 177).  Upon fit-

ting the model, the mean film thickness (δ) was obtained.  The total mass, m, was then 

calculated using δ, f and the total surface area of the crystal, 154 mm2.  δ was shown to 

be linearly dependent on f (R2 = 0.9687, Figure 4.3), while m was independent of f.  

Thus results are presented in terms of m and not δ. Representative fits of the Voigt 

model to raw ΔF and ΔD data are shown in Figure 4.4. 

4.3.1 Natural AMPs: Kinetic Behavior 

Addition of PG-1 induced a two-step effect on the SLB.  In the first 60 s of AMP flow 

(0.50 nmol AMP dosage), F1 decreased from -26.2 ± 0.39 to -28.5 ± 0.60 Hz while D 

increased to 2.25 ± 0.25 x 10-6, indicating net mass addition to the SLB with decreased 

rigidity (Figure 4.2AI).  Both F and D plateaued for an additional 60 s following the 

initial decrease (1.0 nmol AMP dosage).  Subsequent PG-1 flow resulted in an additional 

decrease in F to -45.1 ± 2.8 Hz and increase in D to 9.53 ± 0.34 x 10-6 (Figure 4.2AI).  

During the following buffer wash, F further decreased to -48.0 ± 2.7 Hz coupled with a 

D increase to 12.3 ± 0.26 x 10-6 indicating further mass addition to the SLB (Figure 

4.2AI). 
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Figure 4.3. Linear Dependence of SLB Thickness on SLB Density. Thickness and total mass of the 

SLB calculated using the Voigt model with different input SLB densities.  SLB thickness is linearly 

correlated with SLB density (R2 = 0.9687), whereas total mass (thickness ∙ density ∙ crystal surface 

area) is not (R2 = 0.3794). 

 

Figure 4.4. Voigt Model Fits.  Fits of the Voigt model to ΔF and ΔD data for example AMPs, PG-1 

(top) and IND (bottom).  Similar fits were obtained for the remaining AMPs.  Symbols are given in 

the legend below each panel.  The abbreviations in the legend are as follows: F3 – ΔF of the third 

overtone, VF3 – the Voigt model fit to ΔF of the third overtone, D3 – ΔD of the third overtone, and 

VD3 – Voigt model fit to ΔD of the third overtone.  The numbers 3, 5, 7 and 9 indicate the overtone 

number. 
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Applying the Voigt model to the kinetic data resulted in a change in mass (Δm) 

once the AMP reached a dose of 0.47 nmol PG-1 applied to the SLB (Δm1) to 0.28 ± 

0.030 μg during PG-1’s first step (Figure 4.5A, AI).  When the dosage of PG-1 reached 

10x the amount of Δm1, 4.7 nmol (Δm2), the SLB modeled mass increased to 2.12 ± 

0.096 μg (Figure 4.5A, AII), corresponding to significant F and D changes observed 

in Figure 4.5A.  Finally, during the buffer wash, the SLB mass (Δm3) ultimately in-

creased to 3.16 ± 0.25 μg (Figure 4.5A, AIII).  Mechanistically, this shows that PG-1 

requires an initial critical concentration of peptide before severe damage occurs to the 

SLB.  Assuming the initial mass change calculated by the Voigt model is due purely to 

AMP addition, the initial PG-1 amount to reach this critical threshold is 0.13 nmol PG-1. 

IND, similar to PG-1, induced a two-step effect on the SLB, however the initial 

effect on F and D of the SLB were drastically different.  After 60 s of IND flow (0.50 

nmol IND dosage), F and D remain unchanged at -26.2 ± 0.39 Hz and 0.97 ± 0.11 x 

10-6 (Figure 4.2AII).  Prior to a subsequent sharp decrease in F and increase in D, IND 

caused slight increases in F up to -25.7 ± 0.29 Hz and D to 1.16 ± 0.12 x 10-6 after 84 

s of IND flow (0.70 nmol IND dosage, Figure 4.2AII).  IND next caused a sharp decrease 

in F to -40.9 ± 0.32 Hz coupled with an increase in D to 5.08 ± 0.20 x 10-6 followed 

by IND reaching a pseudo-equilibrium state after 250 s IND flow (dose of 2.1 nmol IND 

applied).  The subsequent buffer wash caused a decrease in F to -55.3 ± 3.66 Hz with a 

D increase to 8.66 ± 3.11 x 10-6 (Figure 4.2AII).   

Modeling revealed that during the first 84 s (0.70 nmol) of IND dosage where F 

and D slightly increased, there was an initial Δm of 0.63 ± 0.56 μg (Figure 4.5A).  The 
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critical amount of IND moles required to bypass this first mechanistic step was 0.33 ± 

0.28 nmol IND.  In the second step, IND quickly reached a pseudo-equilibrium state 

with the SLB at Δm = 1.33 ± 0.84 μg after 122 s IND flow (1.02 nmol IND, Figure 

4.5A).  Following the buffer wash, the SLB became saturated at Δm3 = 1.74 ± 0.36 μg 

(Figure 4.5AIII), the second largest Δm3 for any AMP examined.   

 

Figure 4.5. Dynamic Mass Change. Voigt modeled mass change for (A) the natural AMPs and (B) 

the designed AMPs.  See legend for symbols of AMPs.  (AI, AII, and AIII) Δm1, Δm2, and Δm3, 

changes in mass after a 1:1 L:P mole ratio, 1:10 L:P mole ratio, and a final buffer wash have en-

tered the chamber, respectively.  The dosages that these values correspond with are labeled on (A).  

The same scheme is used for (BI, BII, and BIII). 
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Figure 4.6. Designed AMP-SLB Interaction. (A) Kinetic and (B) and equilibrium behavior for de-

signed AMP-interaction with 3:1 POPG:POPC SLB. (AI-AIV) Real time monitoring of ΔF and ΔD 

of the sinusoidal waves at overtones 3, 5, 7, and 9 (3, open circle; 5, open triangle; 7, closed circle; 9, 

closed triangle) quantifying the behavior of the SLB during interaction with (I) B1, (II) B2, (III) B3, 

and (IV) B4, beginning at first arrow, and during the subsequent buffer wash starting at the second 

arrow.  Error bars represent 1 SD for n = 4.  (BI-BIV) Initial ΔF (t = 0 s) subtracted from final ΔF (t 

= 1,700 s) (ΔΔF) plotted versus overtone number in decreasing order of penetration depth (i.e. 3rd 

overtone, with furthest penetration depth is plotted at top). Error bars represent 1 SD of the average 

of all values during the plateau stage of the buffer wash.  Inset is ΔΔF3-9o, which is the 9th overtone 

subtracted from the 3rd overtone normalized by the molecular weight of the peptide, and is used to 

represent the mass added at the lipid-water interface relative to the interior of the SLB. 
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MG-2 was the only AMP to increase F permanently during AMP flow.  F in-

creased slightly from the -26.1 ± 0.29 Hz baseline to -25.0 ± 0.22 Hz, while D 

simultaneously increased to 1.35 ± 0.28 x 10-6
 during AMP crossflow (Figure 4.2AIII).  

Following buffer wash, F again increased slightly to -24.5 ± 0.26 Hz while D de-

creased slightly to 1.19 ± 0.18 x 10-6 (Figure 4.2AIII).  These slight changes in F and 

D led to increased values of Δm1, Δm2, and Δm3 of 0.10 ± 0.02 μg, 0.17 ± 0.04 μg, and 

0.05 ± 0.04 μg, respectively (Figure 4.5AI-III).   

D-1 exhibited very little effect on the SLB.  F remained essentially constant at 

-24.2 ± 0.28 Hz before D-1, -24.8 ± 0.32 Hz during D-1 flow, and -24.5 ± 0.38 Hz 

during buffer wash while D decreased slightly from 0.79 ± 0.16 x 10-6 to 0.44 ± 0.17 x 

10-6 during D-1 flow and increased back to 0.87 ± 0.29 x 10-6 during buffer wash (Fig-

ure 4.2AIV).  Further, Voigt modeling revealed negligible change in total SLB mass 

(Figure 4.5A).  These slight changes in F and D led to increased values of Δm1, Δm2, 

and Δm3 of -0.048 ± 0.037 μg, -0.056 ± 0.12 μg, and 0.096 ± 0.102 μg, respectively (Fig-

ure 4.5AI-III).  Ultimately, D-1 had a non-measurable effect on the SLB. 

4.3.2 Natural AMPs: Equilibrium Behavior 

PG-1 has large negative values of ΔΔF (all overtones < -20 Hz) and a value of ΔΔF3-9
o = 

9.1 Hz kDa-1, indicating significant frequency decreases, a parameter change commonly 

related to increasing mass (182) , throughout the SLB with a preference for interaction 

furthest from the sensor surface (Figure 4.2BI).  Similarly, IND has a similar ΔΔF over-

tone profile to PG-1, where all overtones have a large negative ΔΔFs (< -20 Hz) and a 
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value of ΔΔF3-9
o = 9.0 Hz kDa-1 (Figure 4.2BII).  For MG-2, the ΔΔF overtone profile in-

dicates a slight uniform mass decrease across the SLB (ΔΔF3-9
o = 0.0 Hz kDa-1, Figure 

4.2BIII).  While the increase in ΔF (Figure 4.2BIII) may not seem consistent with the in-

crease in mass (Figure 4.5), it is possible for simultaneous increases in both ΔF and ΔD 

to cause an overall increase in the mass of the adsorbed layer (165).  No change in signal 

was observed for αD-1 during the entire AMP flow and buffer wash (Figure 4.2AIV, 

BIV).   

4.3.3 Designed AMPs: Equilibrium and Kinetic Behavior 

Four de novo designed AMPs, B1-B4, which are four similar peptides with rearranged 

primary sequences that have similar secondary structures, are described in a previous 

publication (63).  Here, they are interacted with the POPC:POPG SLB to infer the mech-

anism of these newly designed AMPs.  The ΔΔF overtone profile for B1 (Figure 4.6BI) 

indicates substantial mass bound to the SLB (ΔΔF ~ -5 Hz for all overtones), yet has a 

more uniform distribution of ΔΔF compared with PG-1 (ΔΔF3-9
o = 1.2 and 9.1 Hz kDa-1, 

respectively, Figure 4.6BI, Figure 4.2BI).   

B2, which comprises a rearrangement of the amino acids in B1, behaves simi-

larly to B1 yet with a more pronounced effect (Figure 4.6BI,II).  The values for ΔΔF are 

lower at every overtone indicating greater mass adsorption (ΔΔF < -9 Hz for B2, < -4 Hz 

for B1 at every overtone, Figure 4.6BI,II).  In addition, the dynamic behavior of B2 (Fig-

ure 4.6AII), shows a spontaneous increase in ΔF and decrease in ΔD during B2 crossflow 

just prior to the buffer wash indicating a natural removal of mass, likely lipid mass, from 

the surface (183).  Further, ΔF increases and ΔD decreases after the buffer wash, which 
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is potentially explained by loose lipids being removed from the SLB during the wash 

(Figure 4.6AII) (183).   

 

Figure 4.7. Cartoon representation of the mechanism of the natural AMPs (A) and the designed 

AMPs (B).  Peptides (green) are drawn with their known secondary structures and are arranged 

with respect to the lipid (red headgroups with black tails) according to their mechanisms (i.e. PG-1 

and IND, toroidal pore; B1-B4, barrel-stave pore; MG-2, peptide insertion; αD-1, no interaction).    

The most potent designed AMP against Mycobacterium tuberculosis and many Gram-

positive and Gram-negative bacteria, B3 (63), produced a similar ΔΔF overtone profile 
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to B2, but with more pronounced dynamic results (Figures 4.6AII,III and 4.6BII,III).  The 

values for ΔΔF at every overtone were less than -8 Hz, which is comparable to B2, but 

significantly less than PG-1 and IND (Figure 4.2BI, II).  However, the dynamic behavior 

shows B3 first decreases ΔF and increases ΔD, but then greatly increases ΔF while still 

increasing ΔD (Figure 4.6AIII).  This is similar to the effect seen by B2 just prior to 

buffer wash, but much stronger and occurs much earlier during AMP flow (Figure 

4.6AII).   

B4, an AMP with nearly identical amino acids as B1-B3 yet ordered in a scram-

bled sequence, has a very similar ΔΔF overtone profile to B1-B3, but with a moderately 

weaker signal (all overtones < -3 Hz, Figure 4.6BIV) (63).  With ΔΔF3-9
o = 1.9 for B4 

(Figure 4.6BIV), which is close to the values of B1-B3, the mechanism for B4 is appar-

ently similar to B1-B3, but due to relatively lower ΔF changes, is evidently not as 

effective. 

4.3.4 Natural AMP Mechanisms 

Previous reports characterizing the sequence, structure, mechanism of binding and mini-

mum inhibitory concentrations for four well-studied natural AMPs allow comparison of 

their QCM-D results with those of four de novo designed AMPs (63, 167, 169-175).  

This comparison provides a basis for suggesting the mechanism of interaction of the de-

signed de novo AMPs when the AMPs are passed in solution across a deposited SLB 

consisting of 3:1 POPC:POPG lipids.   

In comparison to PG-1, similar ΔΔF trends were reported for the AMP sheep my-

eloid antimicrobial peptide (SMAP-29), where values for ΔΔF for all overtones were < -

10 Hz and ΔΔF3-9
o ~4 Hz kDa-1 ( < -20 Hz and ΔΔF3-9

o ~9.1 Hz kDa-1 for PG-1) (166).  
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Wang et al. proposed that SMAP-29 had a mechanism of peptide insertion across the bi-

layer while possibly forming water channels along with adsorption to the SLB surface 

(166). Separately, PG-1 has been shown to act through toroidal pore formation where the 

pores consist of 8-10 monomer units for lipids with 16-18 carbon chain lengths, which 

are the lengths of the POPC and POPG lipid tails examined here (171).  Therefore, the 

signature of ΔΔF for PG-1 (Figure 4.2BI) appears to be one for pore formation, likely to-

roidal pore formation, where there is also a significant amount of AMP adsorbed at the 

lipid-water interface. 

For IND, Wang et al. (166) notably reported very different ΔΔF overtone profiles 

for IND at 5 and 10 μM against egg PC lipids.  They concluded that IND adsorbs at the 

lipid-water interface without peptide or water intercalation deep into the bilayer (166).  

A recent molecular dynamics simulation, which is in agreement with this result, reports 

IND causes thinning of a POPC lipid bilayer through adsorption at the lipid-water inter-

face (172).  In contrast, the ΔΔF overtone profiles in Figure 4.2BII are much more 

similar to the pore formation with surface adsorption mechanism of PG-1 than the pro-

files reported by Wang et al. for membrane thinning caused by surface adsorption (166, 

172).  This is likely due to the inclusion of the anionic POPG at a 3:1 mole ratio PC:PG 

in our SLBs.  IND is known to partition into large unilamellar vesicles (LUVs) com-

posed of POPG with a partition coefficient two orders of magnitude higher than for 

POPC LUVs (173).  Also, IND causes complete POPG LUV leakage whereas it only re-

sults in 20-30% leakage of POPC LUVs at the same peptide concentrations (173).  

Therefore, at the AMP concentration and lipid composition examined here, IND binds 
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further into the membrane than solely through the surface adsorption mechanism previ-

ously observed with a PC SLB, and likely through water channel formation in toroidal 

pores combined with a large amount of surface adsorption similar to that observed for 

PG-1 (Figure 4.2BI, II). 

MG-2, which is known to operate through a pore formation mechanism (184), 

undergoes a transition in lipid interaction mechanism from membrane thinning at 4 μM 

to pore formation at 7 μM against DOPC:DOPG 1:1 mole ratio lipids (174).  Here, at an 

intermediate peptide concentration (5 μM) against a similar lipid system, MG-2 appears 

to act through a mechanism of peptide insertion across the SLB, a result that is con-

sistent with the interaction of alamethicin, a peptide known insert into zwitterionic lipid 

systems, with PC lipids (166).  Alamethicin is shown to form cylindrical pores that stabi-

lize the SLB with similar ΔΔF overtone profiles at 0.5 and 1 μM AMP (166).  A water 

channel, which would result in mass increases similar to those seen for PG-1 and IND, is 

likely not to form on addition of MG-2.  Therefore, the ΔΔF overtone profile for MG-2 

observed here gives strong support for peptide insertion orthogonal to the SLB plane 

without water channel formation (Figure 4.2BIII). 

No change in signal was observed for αD-1 – SLB interaction at the experimental 

conditions examined here.  This is in agreement with a previous publication detailing 

that the antimicrobial mechanism of αD-1 involves functional interaction with lipid II, a 

precursor molecule necessary for cell wall synthesis, and not LUVs (175).  Further it 

was also shown that αD-1 induced minimal leakage of liposomes with similar lipid com-

positions at the concentration tested here (175).  Thus, αD-1 should have a negligible 

interaction with the SLB under the currently examined conditions. 
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Further, it is shown that the total mass added at the end of AMP flow (Δm2) rank 

the natural AMPs in the order of PG-1 > IND > MG-2 > D-1 (Figure 4.5AII).  This or-

dering is consistent with the natural AMPs’ activity against the Gram-positive 

Staphylococcus aureus, in terms of minimum inhibitory concentration (MIC):  PG-1, 1.4 

± 0.6 μM; IND 3.2 ± 1.5 μM; MG-2, >41 μM; αD-1, >73 μM (185-187).  While these 

numbers do not prove a correlation, they are evidence that a relationship may exist be-

tween the mass added to a 3:1 POPC:POPG SLB after 5.0 nmol dosage of AMP and the 

MIC of the AMPs against S. aureus. 

4.3.5 Designed AMP Mechanisms 

The difference in ΔΔF values for B1 in contrast to PG-1 indicates B1 has a significantly 

smaller ratio of mass bound at the lipid-water interface versus inside the SLB compared 

with PG-1 and IND.  The more even distribution of ΔΔF with n for B1 suggests barrel-

stave pore formation, a mechanism that has comparatively less peptide adsorbed at the 

lipid-water interface, as opposed to toroidal pore formation (183).  Additionally, Wang 

et al. showed that alamethicin, a pore forming AMP, resulted in uniform ΔΔF changes to 

a PC SLB (ΔΔF3-9
o ~ 0 Hz kDa-1), supporting the contention here that B1 is a pore-form-

ing AMP (166).  Therefore, the mechanistic inference for B1 is probably a barrel-stave 

pore formation with relatively less surface adsorption at the lipid-water interface than for 

a toroidal pore.   

Similar to B1, B2, B3, and B4 have minimal preference for adsorption at the li-

pid-water interface, with ΔΔF3-9
o = 0.94, 1.9, and 2.1 Hz kDa-1 for B2, B3, and B4, 

respectively (Figure 4.6B), which is well below the values for AMPs with known prefer-

ences for interfacial adsorption (ΔΔF3-9
o ~ 9 Hz kDa-1, Figure 4.2B).  Interestingly, the 
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dynamic behavior shows B3 first decreases ΔF and increases ΔD, but then greatly in-

creases ΔF while still increasing ΔD (Figure 4.6AIII).  This is similar to the effect seen 

by B2 just prior to buffer wash, but much stronger and occurs much earlier during AMP 

flow (Figure 4.6AII).  Therefore, a large amount of mass, relative to B2 and especially 

the other AMPs, appears to be naturally removed from the SLB, likely due to lipid re-

moval from the surface, during peptide flow.   

For B4, the kinetic behavior reveals a slight increase in ΔF, a feature also ob-

served throughout MG-1 flow (Figure 4.6AIV and 4.2AIII).  MG-1 inserts itself into the 

SLB without forming water channels similar to alamethicin (166).  Thus there is evi-

dence that B4 goes through an intermediate state of peptide insertion throughout the 

bilayer before transitioning to pore formation with water channels.  It is possible that be-

cause B4 is less potent AMP against numerous bacteria (63), the AMPs B1-B3 also 

undergo this transitional state but because they are more effective, the transition state is 

not observed at the AMP concentration examined here.   

The ΔΔF overtone profiles indicate that the four designed AMPs follow a very 

similar mechanism to one of lipid removal with barrel-stave pore formation.  However, 

the dynamic behavior of B1-B4 is quite different: B1 has one observable step to its ki-

netics, B2 has two stages of ΔF decreases with a slight increase prior to buffer wash, B3 

has three completely unique stages of ΔF changes, while B4 has a prolonged lag phase 

prior to a relatively slower one step kinetic change (Figure 4.6AI-IV).  Overall, these be-

haviors are in line with one all-encompassing 4-step mechanism where different stages 

are observed depending on the antimicrobial activity of these peptides (B3 > B2 > B1 > 

B4) (63).  The 4-stages are as follows: (i) An initial lag phase of AMP binding/insertion 



 

     89 

during which a critical AMP concentration must be reached prior to significant bilayer 

damage; (ii) A primary AMP water-channel formation stage during which there is rapid 

mass addition to the bilayer to help form the pores; (iii) A secondary mass addition into 

a pseudo-equilibrium state where there is slower mass addition followed by a plateau in 

ΔF while ΔD continues to increase; and (iv) A significant mass removal from the surface 

where ΔF increases and ΔD again continues to increase. 

Step (i) of the overall mechanism is only observed by B4, the least potent de-

signed AMP (Figure 4.6AIV) (63).  The first step, which occurred during the first 300 s 

of B4 flow (2.5 nmol B2 dosage), involved F increasing slightly from -25.5 ± 0.72 Hz 

to -24.7 ± 0.86 Hz while D increased from 0.21 ± 0.068 x 10-6 to 0.51 ± 0.080 x 10-6 

(Figure 4.6AIV).  During this period, there was very little net mass change to the SLB 

(Δm = 0.081 ± 0.079 μg).  These signals for F and D are indicative of AMP insertion 

throughout the bilayer without water-channels (similar to alamethicin (166)), and not 

AMP adsorption to only the surface of the SLB (IND (166)). 

Step (ii) occurs with all 4 AMPs, but it is most obvious in B4 and B1.  For B4, 

the primary water-channel formation stage occurred the slowest of the four AMPs, con-

sistent with its lowest antimicrobial activity (Figure 4.6AI-IV) (63).  After B4’s initial lag 

phase, F decreased to a final value of -30.9 ± 0.79 Hz while D increased to 2.39 ± 

0.56 x 10-6 over the final 300 s of B4 flow (2.5 nmol B4 dosage) (Figure 4.6AIV).  These 

changes are modeled by an increase in Δm to 0.50 ± 0.13 μg (Figure 4.5B).  For B1, 

these changes are qualitatively similar, but occur more rapidly.  In the first 70 s of B1 

flow (0.58 nmol B1 dosage), F decreased from -24.8 ± 0.16 Hz to -32.0 ± 0.39 Hz 

while D increased to 1.84 ± 0.29 x 10-6 (Figure 4.6AI).  The modeled mass associated 
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with these F and D changes is 0.60 ± 0.032 μg, which is the same as B4 within error 

(Figure 4.5B).  For B4 and B1, this is the final stage of the mechanism that these AMPs 

reach.  The water-channel pores are sufficient for antimicrobial activity, as evidenced by 

their micromolar MICs against a range of bacteria (63).  However, the more effective 

AMPs, B2 and B3, exhibited additional mechanistic stages beyond these initial two.   

Step (iii) involves a slower rate of mass addition followed by a plateau of mass 

increase to the SLB and is only seen for B2 and B3.  For B2, the secondary mass addi-

tion occurred when F decreased from -35.6 ± 0.45 Hz to -43.2 ± 0.50 Hz and D 

increased from 4.41 ± 0.16 x 10-6 to 7.70 ± 0.60 x 10-6 over the course of 450 s, whereas 

the primary mass addition occurred in the first 120 s of B2 flow (Figure 4.6AII).  The net 

mass addition reached a maximum of 1.20 ± 0.16 μg in this time period, a higher value 

than for any other designed AMP (Figure 4.5B).  B3 underwent a qualitatively similar 

process.  F decreased from -31.0 ± 1.73 Hz to -35.8 ± 1.45 Hz while D increased 

from 2.11 ± 0.58 x 10-6 to 3.31 ± 0.98 x 10-6 over 130 s AMP flow (Figure 4.6AIII).  Dur-

ing this time, B3 had a maximum net mass addition to the SLB of 0.63 ± 0.015 μg while 

under AMP flow (Figure 4.5B). 

The final step (iv) is significant lipid removal from the SLB.  Both B2 and B3 

have final stages where there is a F increase coupled with a D increase.  For B2, it oc-

curs in the final 30 s of AMP dosage, where F increases from a minimum of -43.2 ± 

0.50 Hz to -41.8 ± 0.48 Hz (Figure 4.6AII).  For B3, this stage occurs over a more pro-

longed period where F increases from a minimum of -35.8 ± 1.45 Hz to -30.5 ± 1.03 

Hz and D increases from and 3.31 ± 0.98 x 10-6 to 4.45 ± 0.15 x 10-6 (Figure 4.6AIII).  

The changes for B3 are coupled with a very slight total mass decrease from a maximum 
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of 0.63 ± 0.015 μg to 0.58 ± 0.073 μg, although these numbers only reflect the wet plus 

dry mass change to the surface, and not necessarily just the dry lipid mass that remains 

on the sensor (Figure 4.5B).  B2 does not result in a significant mass decrease due to the 

large error associated with the modeling of the B2 mass change.  However, the F and 

D changes seen here for B2 and B3 are typical for an AMP with a mechanism of lipid 

removal from an SLB, as seen for chrysophsin-3 (183).  Thus, the four stages of the de-

signed AMP mechanism are observed throughout the dynamic behavior of the four 

AMPs, where the initial stages are visible for the less potent AMPs, and the more potent 

AMPs proceed into the final two stages of the mechanism (Figure 4.6).  Representative 

cartoons for the mechanisms of all natural and designed AMPs are shown in Figure 4.7. 

4.4 Conclusions 

The mechanisms for four de novo designed AMPs are elucidated by comparing their 

QCM-D behavior with four natural AMPs with known mechanisms from unique second-

ary structure classes.  The results illustrate that the de novo designed AMPs with 

modified primary structures operate through the same mechanism, with the progression 

of the mechanism dependent on the AMPs efficacy in inhibiting growth of Gram-posi-

tive and mycobacteria.  At the same time, it is shown that secondary structure does not 

necessarily drive AMP mechanism, as two AMPs from different secondary structure 

classes, PG-1 and IND, follow the same pore-formation mechanisms, yet the designed 

peptides with near identical secondary structures and only rearranged residue sequences 

follow one overall coherent mechanism.  Additionally, evidence is given for a relation-

ship between the activity of the AMPs against the Gram-positive mimetic lipid bilayer 

and the MICs of the AMPs against S. aureus. 
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5. A Generalized Algorithm for Design of Potent Antimicrobial 
Peptides 

5.1 Introduction 

The introduction of antibiotics into the marketplace in 1936 with Bayer’s prontosil cre-

ated revolutionary improvements in medicine and health care (188).   Unfortunately, 

many bacterial strains are developing resistance to current antibiotics, and finding new 

effective antibiotic compounds is a challenge (188-190).  Pathogenic bacteria can mutate 

in order to tolerate antibiotics, but disrupting bacterial cell membranes with antimicro-

bial peptides (AMPs) offers a significantly different challenge since they are an integral 

part of the cell structure (58).  Recently, synthetic AMPs have been developed as a new 

class of antibiotics using three general design methods: (i) template modification, (ii) 

minimalist de novo design, and (iii) bioinformatics and combinatorial library technolo-

gies (191).  Here we employ a combination of the second two techniques while utilizing 

a Markovian analysis that has not, to our knowledge, been applied to peptide design.   

Minimalist de novo design consists of constructing peptides containing the most 

essential aspects of AMPs (e.g. percent hydrophobicity, cation content, secondary struc-

ture, etc.) using as few amino acids as possible in order to reduce the number of 

theoretical amino acid combinations (191).  Alternatively, bioinformatics design ap-

proaches involve filtering existing databases of hundreds of AMPs to determine the 

consensus characteristics of these database peptides, and using these characteristics as 

the foundation for new peptide design.  Here, we use the general design principles 

learned from previous bioinformatics-based design attempts (63), and replace an empiri-

cal structural proteomics approach with a second order Markov model to build amino 
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acid sequences based on bioinformatic probabilities of amino acid combinations in exist-

ing AMP databases. 

Markov models have been used extensively to model and recognize patterns in 

sequential data such as speech and language.  Although other machine learning tech-

niques have found new AMP compounds (192), Markov models, to our knowledge, have 

not. Markov models have been used to find the amino acid sequences of existing un-

known peptides from mass spectrometry data (193, 194).  Markov models are good at 

categorizing sequences by computing the probability that a particular sequence has simi-

lar properties to a training set of sequences (193, 194).  Although Markov models are 

powerful and flexible, they are limited by the availability of training data.  Higher order 

Markov models require a large training set to effectively estimate model parameters.  

Despite large databases of synthetic and natural AMPs, only a relatively small number of 

peptides have been tested against our bacterial targets (195, 196).  Instead, in this study, 

a simpler second order Markov model was trained to generate the AMPs. 

Even though a Markov model generates new peptides similar to a reference set, 

this statistical technique has limitations. While it is effective in capturing local peptide 

properties (such as which amino acids should be statistically arranged together), it does 

not necessarily create peptides with global properties (overall peptide charge, hydropho-

bicity content, hydrophilicity content) similar to those of the top performing AMPs in a 

given database.  To select the most potent Markov generated AMPs, a scoring function 

based on de novo design principles is needed.  Overall, a Markov design and scoring al-

gorithm were used together to generate candidate AMPs for experimental validation.  

Here, we used the Markov model to design two separate sets of new AMPs against two 
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bacteria, S. aureus and M. tuberculosis.  AMP sequences designed against M. tuberculo-

sis were compared with highly-potent AMPs previously designed by the Belfort group to 

assess the validity of the AMP design algorithm (63).  AMPs designed against S. aureus 

were synthesized, and their toxicity against both S. aureus and Methicillin-resistant S. 

aureus were examined. 

5.2 Methodology 

The AMP design method includes two main components, the Markov model and scoring 

algorithm.   Here, the principles that were used for the design algorithm were specific to 

each target bacteria, and are presented below. 

5.2.1 M. tuberculosis AMP Design 

5.2.1.1 Markov Model 

The second order Markov model uses the database of peptides (Table 5.1) to randomly 

generate new AMPs by selecting residue couplets according to the probability that the 

residue pairing occurs in the AMP database.  The database of M. tuberculosis AMPs is 

derived from the CAMP database and two recent publications, and includes AMPs of 

length 9-13 (63, 195, 197).  From this new database, the Markov model generated thou-

sands of new, 13 residue AMP sequences, which were subsequently scored to predict the 

most potent peptides. 

5.2.1.2 M. tuberculosis Scoring Algorithm 

The M. tuberculosis scoring algorithm consists of the following three compo-

nents: (i) a pre-filtering based on the mean database properties, (ii) a sequence score, and 
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(iii) a spatial score.  The final score was derived by combining the individual score com-

ponents, and the lowest scoring AMPs should theoretically be the most potent. 

Table 5.1. List of M. tuberculosis database peptide sequences with references. 

 

5.2.1.2.1 Mean Database Properties 

The Markov generated AMPs were pre-filtered by removing peptides that did not have 

the mean characteristics of the database.  These properties were peptides of length 13, 

zero negatively charged residues, five positively charged residues, seven or eight hydro-

phobic residues, and five or six total hydrophilic residues (63).   
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Figure 5.1. (A) Peptide composition breakdown for M. tuberculosis AMPs. Residue frequency bro-

ken down by AMP performance (AMP quintile 1 refers to top 20%  MICs, 2 to 21-40% , etc.). (B) 

Sequence scores for a (Bi) good, low scoring sequence and a (Bii) bad, high scoring sequence. Se-

quence score examples for a (Bi) good AMP (one or two charged residues interrupting the 

hydrophobic face of the AMP), and a (Bii) bad AMP (no charged residues interrupting the hydro-

phobic face of the AMP). 

5.2.1.2.2 Sequence Score 

The second part of the score summed the deviation of the generated peptides’ 

amino acid composition from the amino acid composition observed of the most potent 

AMPs (Figure 5.1A).  The amino acid composition of the most potent AMPs was deter-

mined by ranking the database AMPs by MIC, and calculating the average composition 
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of the top 20th percentile of peptides.  The following are the residues and their percent-

age of the peptide: W - 41%, K - 20%, R - 24%, I - 5%, L - 6% (Figure 5.1A).  The 

sequence score was then calculated by taking the absolute value of the difference be-

tween the Markov generated AMPs’ composition and the optimal peptide composition. 

Table 5.2. S. aureus database peptides obtained from CAMP and APD2 databases.  

 

5.2.1.2.3 Spatial Score 

The third part of the M. tuberculosis design algorithm score was the clustering of hydro-

phobic and hydrophilic residues onto separate faces of the peptides, with one positive 
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charge disrupting the hydrophobic face.  This generates an imperfect amphipathic pep-

tide, which is known to be ideal for efficacy and selectivity for bacterial cells over 

mammalian cells (198, 199).   To quantify the spatial arrangement of residues, the algo-

rithm follows a multi-step procedure.  First, residues are arranged into a two-

dimensional, alpha-helical wheel diagram with 100 rotational degrees along the planer 

axis between each residue (200).  Second, the algorithm averages the squared distance of 

each hydrophobic residue from the interrupting positive charge in the wheel diagram, 

which produces a minimum score when the hydrophilic residue is exactly in the middle 

of the hydrophobic cluster.  Third, the algorithm calculates the average squared distance 

of hydrophilic residues from the average hydrophilic residue location on the face oppo-

site the interrupting positive charge, which results in a minimal score when the residues 

which constitute the hydrophilic face are exactly opposite and evenly distributed across 

from the interrupting hydrophilic residue.  These two calculations are then summed to 

produce the spatial score.  Lower scoring peptides, which are theoretically the most po-

tent AMPs, should have tightly clustered hydrophilic and hydrophobic residues (see 

Figure. 5.1B for example AMPs). 

5.2.2 S. aureus AMP Design 

A slightly modified version of the design algorithm was used for the design procedure 

against S. aureus.  The same Markov model was used with a reference database of 

AMPs from the CAMP and APD2 databases for peptides of length 13 with activity 

against S. aureus (See Table 5.2 and Refs. (195, 196)).  In conjunction, a modified scor-

ing algorithm was used to select the four best peptides from the thousands of Markov 

generated sequences.  The details of the scoring algorithm are given below. 
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5.2.2.1 S. aureus Scoring Algorithm 

The S. aureus scoring algorithm consists of the same three major components as the M. 

tuberculosis scoring algorithm: (i) a prescreening based on the mean database properties, 

(ii) sequence score, and (iii) spatial score.  Modifications were required for each sub-sec-

tion based on the properties of the reference S. aureus AMP database.  The 

modifications are as follows.  

 

Figure 5.2. Database Filtering for S. aureus AMPs. Number of (A) hydrophobic, (B) hydrophilic, (C) 

positive, and (D) negative residues per AMP in S. aureus database. Mean and one standard devia-

tion given in the inset. 

5.2.2.1.1 Mean Database Properties 

Only AMPs of length 13 were considered due to their prevalence in the S. aureus data-

base and the physical property that an alpha-helical peptide of length 13 will span 

approximately half of a lipid bilayer (63).  Additionally, AMPs that did not match the 

criteria of 0 negative residues, 1 or 2 positive residues, 7, 8 or 9 hydrophobic residues, 

and 3 or 4 hydrophilic residuals were discarded.  These values are the average character-

istics of the S. aureus AMP database (Figure 5.2). 
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5.2.2.1.2 Sequence Score 

Unlike AMPs against M. tuberculosis, there was no clear trend for amino acid composi-

tion in S. aureus AMPs with low MICs compared with high MIC AMPs (Figure 5.3A).  

Instead there were multiple sub-sequences of amino acids more common in low MIC 

AMPs than high MIC AMPs, and those were given favorable scores in the sequence 

score and vice versa.  All sub-sequences of length 1, 2, 3 and 4 were evaluated and de-

termined that R, W, LL, II, SAI, SGI and GKLL were favorable sub-sequences while 

just V was consistently poor.  The score was reduced by 1 for preferable amino acid 

combinations, and increased by 1 for every V in the sequence. 

5.2.2.1.3 Spatial Score 

Two factors contributed to a good spatial score for the S. aureus: (i) clustering of 

the hydrophilic residues on a 2D wheel diagram to create a hydrophilic face, and (ii) in-

terruption of the hydrophilic face by bulky hydrophobic residues (see examples in Figure 

5.3B).  The hydrophilic clustering was calculated by computing the average distance of 

the hydrophilic residues oriented in an alpha-helical wheel diagram arrangement, result-

ing in a minimal score for a peptide with tightly clustered hydrophilic residues.  Next the 

interruption of the hydrophilic face was calculated by tallying the side-chain carbon 

counts of the hydrophobic face.  Larger hydrophobic residues (e.g. tryptophan, number 

of side-chain carbons of 9, compared with alanine, number of side-chain carbons of 1) 

will have a greater disruption of the hydrophilic cluster and therefore will increase the 

spatial score more than smaller hydrophobic residues. 
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Figure 5.3. Peptide composition and sequence breakdown for S. aureus. (A)  Residue frequency bro-

ken down by AMP performance for (Ai) charged, polar and proline residues  and (Aii) hydrophobic 

residues. (AMP quintile 1 refers to top 20%  MICs, 2 to 21-40% , etc.). (B) Sequence score examples 

for a (Bi) good AMP (hydrophilic cluster uninterrupted by hydrophobic residues), and a (B ii) bad 

AMP (lack of a singular hydrophilic cluster). 

5.2.3 Micro-broth Dilution MIC Determinations  

All antimicrobial susceptibility testing was performed at Dr. Kathleen McDonough’s la-

boratory at the Wadsworth Center as part of the New York State Department of Health.  
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Experiments were conducted in a final volume of 100 µl in sterile U-shaped 96-well pol-

ypropylene microtiter plates.  Separate 96-well plates were filled with 100 µl of media 

broth for the growth of two different test organisms.  AMPs S1, S2, S4 and gentamicin 

were prepared at 512 µg/ml in media broth and subsequent two fold dilutions were per-

formed in 0.1 ml media broth in the microplates.  Non-experimental wells were filled 

with sterile distilled water to prevent dehydration in experimental wells.  Fresh overnight 

cultures of selected gram-positive (Staphylococcus aureus ATCC 29213, Methicillin-re-

sistant Staphylococcus aureus 10-31061) bacteria were sub-cultured to log phase at 37°C 

for 3.5 to 4 hr at 200 rpm either in 5 ml Mueller-Hinton (MH; Difco) broth or MH broth 

supplemented with 5% sheep red blood cells.  Following propagation, bacterial cultures 

were declumped by gentle sonication using a cup horn apparatus maintained at 4°C for a 

total of 20s with alternating pulses (5 s on/5 s off) at low power (Virtis, VirSonic 

550).  Declumped bacteria were diluted to OD620 0.01 for inoculation into the AMP-

containing media broth at a concentration of 5 uL per well.  A well with none of the 

AMP agent was similarly inoculated as a growth control.  The plates were wrapped in 

aluminum foil and incubated at 37°C for 5 days in a humidified incubator.  Following 

incubation, Alamar blue reagent (10 µl) was added to all experimental wells and further 

incubated for 24 to 48 hr.  Color changes from blue (inhibition) to pink (bacterial 

growth) were observed visually, and MICs were defined as the lowest concentration of 

AMP that prevented a color change.  The OD620 was obtained before and after incuba-

tion for each plate using a spectrophometer plate reader (Tecan Sunrise).  Growth was 

determined by the change in OD620 following incubation, and MIC was defined as the 

lowest AMP concentration in a well that exhibited no bacterial growth.  For additional 



 

     103 

information on the MIC determination experiments and the J774.16 macrophage cyto-

toxicity assay, see a previous report from the Belfort group detailing this procedure (63).  

5.2.4 Circular Dichroism 

Peptides were dissolved in 2,2,2-trifluoroethanol with 0.1% DMSO to a final peptide 

concentration of 0.1024 mg/ml.  Samples were read using a Jasco 815 CD Spectrometer 

(Jasco Analytical Instruments, Easton, MD) and a 0.1 mm quartz cuvette (Cat#: 21-Q-1, 

Starna Cells, Atascadero, CA).  CD data was collected using ten accumulations, a wave-

length range of 190 – 260 nm, 0.2 nm data pitch, 100 nm/min scan rate, and at room 

temperature.  Once collected, CD data was smoothed using a smoothing window of 25, 

and the CD spectrum of the TFE solvent was then subtracted from the peptide spectra.   

5.3 Results and Discussion 

5.3.1 M. tuberculosis AMP Design Analysis 

To analyze the design method, a correlation was obtained with the database AMPs’ 

MICs and the AMPs’ scores calculated from the design algorithm (Figure 5.4).  Alt-

hough the correlation between AMPs’ MICs and scores resulted in an R2 = 0.3189, 

which is clearly weak, there appears to be a trend with the smallest MIC peptides having 

the lowest scores (Figure 5.4).  Additionally, only the two most potent AMPs had scores 

less than 10.  These data support the hypothesis that peptides generated with sufficiently 

low scores, 10 or less, should exhibit strong potency. 
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Figure 5.4. M. tuberculosis database AMPs scored. AMPs with experimentally determined activity 

against M. tuberculosis less than 16 μM plotted against score from scoring algorithm (Solid line, lin-

ear regression, R2 = 0.3189). Dashed lines represent ± 1 average residual from the linear regression. 

Table 5.3. Sequences of new Markov model AMPs (G1-G4) compared with AMPs previously de-

signed by the Belfort group against M. tuberculosis. 

 

To further analyze the design process, four peptides were generated using the M. 

tuberculosis database to compare with the peptides previously created by the Belfort 

group (63).  G1, the single lowest scoring Markov designed peptide out of the thousands 

of randomly generated sequences, was strikingly similar to B3, the most potent peptide 

previously designed by Pearson and coworkers (63) (Table 5.3).  Finally, the rank of 

peptides B1-B4 according to the scoring algorithm was essentially the same as their rank 

Name Sequence MIC against M. tuberculosis

mc2 6060 (μM)

Score (--)

B1 ILSLRWRWKWWKK 8.4 9.67

B2 ILSLRWWRKWWKK 17 9.89

B3 ILSLRWRWWKWKK 4.2 9.34

B4 IRKLKSWKWLRWL 17 12.6

G1 ILRWRYRWWKKWW -- 8.45

G2 KWKPWWRWRLRWI -- 8.47

G3 IWLRGRWWRKWWK -- 8.94

G4 WLGVHWWKRWWRR -- 14.2
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according to their MICs against M. tuberculosis mc26060 (Table 5.3).  Taken together, 

these pieces of evidence support the principles behind the Markov method for AMP gen-

eration, and laid the foundation for its potential use against other bacteria. 

5.3.2 S. aureus AMP Design Analysis 

The score of the database peptides was calculated and compared with the peptides’ MICs 

(Figure 5.5).  The correlation between these two parameters resulted in an R2 of 0.2107 

(Figure 5.5).  Similar to M. tuberculosis, the R2 value is weak, but there is a clear trend 

for AMP score compared with MIC with the lowest MIC AMPs having the lowest 

scores.  An important limitation in developing a good correlation for database AMPs 

MIC and score is the discrepancy in experimental methods across numerous publications 

and laboratories including, but not limited to, peptide production, experimental condi-

tions, bacterial strains and accuracy in MIC reporting.  For instance, MICs reported by 

Pearson and colleagues were reported with an accuracy of a factor of two (i.e. a peptide 

with a true MIC of 40 μM would be reported at either 32 or 64 μM) (63).  If this was the 

only limitation in database MICs, then there would be a significant issue developing a 

strong correlation between score and MIC, yet this is likely only one source of error on 

top of many others.  Developing a scoring algorithm, such as the one reported here that 

produced a trend from this database should be considered a success.   

5.3.3 S. aureus AMP Potency 

Four AMPs designed against S. aureus (three with the best scores and one with a poor 

score, see Table 5.4) were selected, synthesized and tested against two different strains 

of S. aureus: S. aureus ATCC 29213 and MRSA 10-31061.  As predicted, the de novo 

peptide with the best score, S1, had the lowest MIC, and the peptide engineered to have 
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the worst cyclic score did not inhibit S. aureus at all.  S1’s MIC of 2.3 – 4.7 μM makes it 

one of the most effective AMPs in the S. aureus peptide database (Table 5.2).  Addition-

ally, the best performing peptide, S1, was equally effective against MRSA 10-31061 as 

S. aureus ATCC 29213 (Figure 5.6), highlighting the clear potential for this peptide and 

design algorithm to combat antibiotic resistant bacteria.  Notably, the peptides were 

highly cytotoxic against J7 macrophage cells, highlighting an area where the design al-

gorithm can clearly be improved (Figure 5.7). 

 

Figure 5.5. S. aureus database AMPs scored. AMPs with experimentally determined activity against 

S. aureus (CAMP and APD2 databases) less than 16 μM plotted against score from scoring algo-

rithm (Solid line, linear regression, R2 = 0.2107). Dashed lines represent ± 1 average residual from 

the linear regression. 

Table 5.4. Sequences of new Markov model AMPs designed against S. aureus. 

 

 

Name Sequence Score (--)

S1 WWRHIISFLKGLL -17.9

S2 WWKSIAGLLSGIL -16.7

S3 WWSSLLGLIPRIL -15.4

S4 FPILIVGKSGKFF 39.0
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Figure 5.6. Potency of S Series Peptides. Optical density at 620 nm measuring the growth of bacteria 

plotted against AMP concentration for peptides (A) S1 and (B) S2 agains t (I) S. aureus ATCC 29213 

and (II) MRSA 10-31061. The MIC is designated as the lowest concentration of peptide that inhibits 

growth of the bacteria. The MICs in molar units are tabulated for all S series peptides along with 

the positive control, gentamicin, at the bottom. 

Although our score predicted that S1 (MIC = 2.3 – 4.7 μM) should outperform 

S2 (MIC = 170 μM) and S3 (MIC = 40 μM), the score does not capture the magnitude of 

the difference in the MICs between the peptides (Figure 5.6).   One possible explanation 

is that, while the design algorithm assumes that the peptides exist in an α-helix confor-

mation, it is clear that S2, S3, and S4 do not follow this assumption (Figure 5.8).  Using 

CD, it is evident that S1 is the only peptide to display strong signs of α-helix formation, 
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as it contains all of the signature characters of an α-helical CD spectrum: minimum at 

222 nm, saddle point/maximum at 215 nm, minimum at 208 nm, and maximum at 193 

nm (see Figure 5.8A and details in Ref. (201)).  S2, while resulting in a similarly strong 

signal to S1, does not have the same pure helical characteristics (Figure 5.8A).  There 

are features for both disordered structure and helical behavior: one main minimum at 

203 nm, but that minimum beginning its decrease around 235 nm as opposed to the 210 

nm more common with pure disordered peptides, and the decrease contains a shoulder 

around 215 nm, similar to minima associated with other types of secondary structure 

(201).  These results distinctly point to a mainly disordered peptide in exchange or 

mixed with helical secondary structures.  S3 somewhat surprisingly does not have a 

characteristic signal, indicating a completely unstructured peptide that does not sample 

any given secondary structure consistently (Figure 5.8A).  Interestingly S4, a peptide 

that was not designed to have α-helical secondary structure, results in a spectrum that ex-

hibits signs of an α-helix (see description of S1 above), yet with a substantially weaker 

overall signal than S1 (minimum θ ~ -5 for S4, θ ~ -18 for S1, Figure 5.8A). 

To estimate the relative α-helix content of these four peptides, the minimum val-

ues for S1 at 222 nm and 208 nm, the characteristic minima for α-helix, were compared 

with the values for the other three S series peptides (Figure 5.8B).  It is clear the trend of 

relative α-helix content ranks S1 > S2 > S4 > S3, with S1 having distinctly more helical 

content than any other peptide by both this metric and by having all of the characteristic 

marks of an α-helix (Figure 5.8A and B).   
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Figure 5.7. Cytotoxicity of S Series Peptides. Cytotoxicity of S series peptides against J774.16 macro-

phage cells. Negative control is cell medium. 

Notably, the wheel diagrams of these four peptides (Figure 5.9) reveal that S1 is 

the only peptide to have two charged residues located in close proximity along an unin-

terrupted hydrophilic face.  The design algorithm calculated the “spatial score”, the 

function responsible for ranking the peptides based on their two- and three-dimensional 

arrangements, by assuming that hydrophilic and charged residues were equal in contri-

bution to generating an α-helical peptide.  This assumption is evident by examining the 

wheel diagrams of S2 and S3 (Figure 5.9), where both of these peptides have a hydro-

philic face uninterrupted by hydrophobic residues, however, they both only contain one 

charged residue as part of the hydrophilic face.  The results here indicate that one 

charged residue accompanied by polar uncharged residues is insufficient to form an α-

helix; it requires at least two residues (and it does not appear they have to be uninter-

rupted by hydrophobic residues as evidenced by S4) in conjunction with two to three 

other hydrophilic residues. 
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Figure 5.8. Secondary Structure of S Series Peptides. (A) Mean residue elipticity of S series peptides 

(see legend) in the far-UV range. (B) Relative helical content estimated using S1 as the maximum α-

helical content and comparing with the signature wavelengths for α-helix formation (minima at 222 

nm and 208 nm). Locations of the signature wavelengths are shown with color coded arrows in (A). 

Lastly, S1, the one S series peptide to exhibit excellent potency against S. aureus and the 

MRSA bacteria, is the only peptide to have a strong α-helical CD spectrum.  Since the 

design algorithm is based on the principle that both peptide amino acid composition and 

residue arrangement contribute towards peptide efficacy, this result proves interesting 

for two reasons.  One, when both criteria of the design algorithm were met (i.e. effective 

amino acid composition and proper helical residue arrangement), the algorithm produced 

a peptide nearly as potent as the positive control, gentamicin (MIC = 2.3 – 4.7 μM for 

S1, 2.1 for gentamicin).  However, the fact that the algorithm gave scores to peptides S1, 

S2, and S3 (-17.9, -16.7, and -15.4, respectively) that predicted that they would have 

comparable potency is alarming, as their MICs were markedly different (2.3 – 4.7 μM, 

170 μM, and 40 μM for S1, S2, and S3, respectively).  This result points to an obvious 

need to improve the design algorithm to be able to differentiate between peptides that 
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have similar amino acid compositions, but lack the appropriate secondary structure re-

quired.  One potential starting point evident from the results here would be to give 

preferential scoring to peptides containing at two charged residues over one, and addi-

tional preference to when those residues are closely aligned with other hydrophilic 

residues to form a complete hydrophilic face.  Additionally, adding in structure predict-

ing algorithms into the peptide scoring component could prove beneficial (see discussion 

in section Chapter 7 regarding implementation of structure predicting algorithms).  Fi-

nally, improvements to the algorithm’s ability to produce peptides with low cytotoxicity 

are needed.  Previous research from the Belfort group points to interrupting the hydro-

phobic face with hydrophilic residues (63), although this method has not yet been 

explored for AMPs against S. aureus. 

 

Figure 5.9. Wheel Diagrams for S Series Peptides. Wheel diagrams for S1, S2, S3, and S4 peptides. 

Blue circle residues are positively charged, red square residues are hydrophobic, green diamond 

residues are polar, and the black triangles are proline. 



 

     112 

5.4 Conclusions 

A generalizable AMP design method or algorithm was developed and experimentally 

validated against S. aureus and MRSA.  The method generates AMPs using a second or-

der Markov model to randomly create peptide sequences using probabilities from a 

database, which are then ordered with a scoring algorithm to predict the top performing 

AMPs.  Four new antimicrobial peptides were generated and tested against S. aureus and 

MRSA.   Of three of these peptides, one was by far the most effective, with a MIC of 4.7 

μM, thus validating the design algorithm in principle.   Necessary improvements to the 

algorithm still include reduction in the cytotoxicity of the peptides produced and the 

ability to capture subtle differences in peptide properties that result in similar scoring 

peptides having orders of magnitude different MICs.  
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6. Aβ1-42 N-terminus Binding Peptides 

6.1 Introduction 

Recently, four pieces of evidence have highlighted the importance of the N-terminus of 

Aβ1-42 (NtA) and its potential role in Alzheimer’s disease (AD).  One, research from 

Chapter 2 of this thesis, which has been published as Murray et al. (202), uses a series of 

experiments to examine the effect that mutations in the N-terminus (A2T and A2V) have 

on the aggregation rate, monomer structure, and binding.  Additionally, recently pub-

lished molecular dynamics demonstrate the capability of these same mutations to affect 

the monomer folding landscape (91). Second, Aβ1-42 is believed to aggregate into a fi-

brillar conformation of stacked parallel β-sheets driven in vitro by the intermolecular 

contacts between the central hydrophobic core and the hydrophobic C-terminus (203-

206).  As a result, the N-terminus is left unbound and solvent accessible.  Third, the 

Selkoe group has previously reported that inhibition of the N-terminus, residues 3-6, 

with the sequence specific antibody 3D6 completely prevents Aβ1-42 induced reduction 

in hippocampal long term potentiation (LTP), which is a measurement commonly asso-

ciated with learning and memory (33-36).  Notably, antibodies 4G8 and 21F12 that bind 

to the central hydrophobic core, residues 17-24, or to the C-terminus, residues 33-42, re-

spectively, did not affect to the same degree LTP (34).  Fourth and finally, an antibody, 

aducanumab (also referred to as BIIB037), which is known to target residues 3-6 of Aβ1-

42 oligomers (207), is the first antibody to demonstrate in Phase I clinical trials the ability 

to reduce amyloid plaques in vivo and improve cognitive performance (208).  These four 

pieces of evidence point to the N-terminus as playing a heretofore under-researched role 

in AD. 
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 As mentioned, patients treated with aducanumab in clinical trials have seen signs 

of plaque reduction and cognitive improvement, but not without problems (208).  At the 

concentration where aducanumab was effective at reducing brain plaques, 10 mg/kg, 

there was also about a 33% chance of developing amyloid related imaging abnormalities 

(ARIA), a condition associated with cerebral microhemorrhaging (208, 209).  Similar ef-

fects have been reported with other anti-Aβ antibodies as well, specifically for 

bapineuzumab, another antibody known to target residues 3-6 in Aβ (210-212).  These 

potentially inherent drawbacks in anti-Aβ antibodies point to the need to develop alter-

native treatment strategies.   

 Molecules commonly used as therapeutics include small organic molecules, bio-

compatible polymers, peptides, RNA aptamers, and DNA aptamers amongst others.  Due 

to the relatively low cost, along with a wide variety of chemistries, functionalities, and 

three-dimensional structures available with peptides (in addition to the research from 

Chapter 5 demonstrating previous successes in peptide design) the research in this chap-

ter will focus on our efforts in searching for peptides capable of binding to the NtA.  The 

goal is to find peptides that will bind with equilibrium dissociation constants (KD’s) on 

the order of 1-10 μM.  This range has been reported in the literature for peptide-peptide 

interactions with 1:1 binding stoichiometry (213, 214).  Stronger in vitro binding affini-

ties for peptide-peptide interaction have been reported, down to single to double digit 

nanomolar, but notably for peptide interactions consisting of multiple micromolar mono-

valent binding events (215).  An ultimate goal of this work, as discussed in Future Work 
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(Chapter 7), is to optimize the monovalent peptide binding to allow for stronger, multi-

valent binding affinity between peptides arranged on a bio-compatible scaffold and the 

N-termini of Aβ oligomers.   

 To generate the search space of peptides, combinatorial libraries of 7-mers were 

produced using rational selections of four or five amino acid combinations, resulting in 

approximately 47 = 16,384 or 57 = 78,125 peptides per library.  To rationally select the 

four or five amino acid groups used to synthesize the libraries, we examined two natural 

binding partners for the NtA: (i) the binding pocket of 3D6 (216), and (ii) the central hy-

drophobic core (CHC) of Aβ (91).  The central hydrophobic core interacts with the NtA 

as shown in recent molecular dynamics (91), and notably with the NtA of the Aβ1-42 mu-

tation known to protect against developing AD, A2T (39, 40).  Analysis of the binding 

pocket between bapineuzumab and the NtA reveals that the residues R, G, S, and D, are 

involved most frequently in direct peptide contact, and were therefore selected as one 

amino acid group (216).  Alternatively, the residues predominantly involved in the inter-

action between the NtA and Aβ’s CHC, K, L, V, F, and A, were selected for a second 

combinatorial library.  Additionally, in an attempt to examine the differences between R 

and K (217), libraries consisting of the residues R, L, V, F, and A, and separately, K, G, 

S, and D, were also synthesized.  Here, preliminary results of the search to find peptides 

that bind with 1 – 10 μM affinity to the NtA from these four combinatorial libraries are 

presented and discussed. 
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6.2 Methodology 

6.2.1 Combinatorial Library Synthesis 

The following amino acids were purchased from 21st Century Biochemicals (Marlbor-

ough, MA): 9-fluorenylmethoxy carbonyl (Fmoc)-L-R(Pbf)-OH, Fmoc-L-K(Boc)-OH, 

Fmoc-L-D(Boc)-OH, Fmoc-L-S(OtBu)-OH, Fmoc-L-G-OH, Fmoc-L-L-OH, Fmoc-L-V-

OH, Fmoc-L-F-OH, Fmoc-L-A-OH.  Peptide libraries were synthesized from their C-ter-

mini to their N-termini on TentaGel rink amide resin using Fmoc solid-phases chemistry 

as detailed in Pearson et al. (63).  Notably, this resulted in amidation of the C-terminus, 

which is critical for identification of peptides via mass spectrometry.  Four unique com-

binatorial libraries of 7-mer peptides were synthesized using mixtures of four or five 

amino acids.  The amino acid mixtures are added in equal molar ratios during each addi-

tion step during peptide synthesis, giving the peptides a roughly equal chance of having 

any of the amino acids at each position.  The four combinations of amino acids that were 

used are K G S D (K1 Library), R G S D (R1 Library), K L V F A (K2 Library), and R L 

V F A (R2 Library), which resulted in libraries that contained either approximately 47 = 

16,384 or 57 = 78,125 possible peptides. 

6.2.2 Binding of Peptide Libraries to Surface-bound N-terminus of Aβ 

Biotinylated N-terminus of Aβ (BNtA, Residues 2-16 with additional K followed by bio-

tin at the C-terminus, BioSynthesis, Cat #: 13849-005) was attached to the first two 

chambers of a streptavidin coated surface plasmon resonance (SPR) chip (SA chip, GE 

Lifesciences, Cat #: BR100032) by flowing 1 μM BNtA dissolved in HBS-EP (Running 

buffer, 0.01 M HEPES, 0.15 M NaCl, 0.003 M EDTA, and 0.005 v/v% Tween 20 at pH 

7.4) for 2 min at 10 μL/min.  As negative controls, biotin by itself was attached to the 
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third chamber of the SPR chip, and nothing was added to the final chamber.  Binding 

was measured directly and indirectly between the K2 library and BNtA.  Direct binding 

was examined by injecting the K2 library at ~200 μM (estimated using 750 Da as the 

molecular weight of the library) using the KINJECT command on a Biocore 3000 (GE 

Lifesciences) with a 10 μL/min flowrate for 5 min followed by 5 min of washing at 10 

μL/min with running buffer.  Complete desorption of residually attached species was 

achieved with a 30 s wash at 10 μL/min of running buffer supplemented with 8 M urea.  

Bapineuzumab (bap), given as a generous gift from Dr. K Dane Wittrup, was used a pos-

itive control for direct binding with the same protocol as the K2 library addition except 

for using a bap concentration of 0.3 μM in running buffer.  Indirect binding was exam-

ined by first adding the K2 library using the identical protocol as the direct binding, but 

instead of removing residual species with running buffer + 8 M urea, bap was added at 

0.3 μM and the response was compared with the bap direct binding experiment. 

6.2.3 Pull Down Experiment 

A “pull down” experiment was used to selectively remove and identify any peptide spe-

cies from the combinatorial libraries that specifically bound to Aβ’s N-terminus.  BNtA 

was attached to streptavidin coated silica microparticles (1 μm diameter, Nanocs, New 

York, NY, Cat #: Si1u-SV-1) by incubating 1 μM BNtA with 0.1 w/v% microparticles, 

200 μL total volume, for 1 h at room temperature (RT).  Residual BNtA was removed by 

centrifuging the particles (7,000 × g, 2 min, RT), removing the supernatant, and re-sus-

pending the particles in 200 μL MilliQTM H2O by triteration and sonication.  Washing 

procedure was performed three times.  After BNtA removal, the four peptide libraries 
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were incubated at ~200 μM in MilliQTM H2O with either microparticles with BNtA at-

tached or microparticles with nothing attached for 48 hours at RT under gentle mixing.  

Following library incubation, particles were washed three times with MilliQTM H2O to 

remove unbound peptides.  Then, electrostatically bound peptides were eluted by re-sus-

pending the washed particle pellet in 50 μL 2 M ammonium acetate (high salt).  Particles 

were spun down again and the supernatant containing eluted peptides was collected.  A 

second elution was performed with 50 v/v% acetonitrile in MilliQTM H2O (organic) us-

ing the same elution protocol as the high salt elution.  All washes and elutions were 

analyzed with electrospray ionization mass spectrometry (ESI-MS) using a similar pro-

tocol to the one as described in Section 2.2.2.4.  Additionally, tandem mass spectrometry 

was performed to fragment m/z signals of interest to help sequence peptides that bound 

specifically to the NtA.  

 

Figure 6.1. K1 Peptide Library. K1 peptide library (A) sprayed by ESI-MS and (B) histogram of 

theoretical peptide combinations. 
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6.3 Results and Discussion 

6.3.1 Peptide Library Analysis 

The K1 peptide library was analyzed with ESI-MS in negative ion mode and the results 

were compared with the theoretical distribution of peptide masses in Figure 6.1.  Note 

that by removing one hydrogen with negative ion mode ionized species, the m/z values 

on the ESI-MS spectra corresponded with a molecular weight one Dalton higher than the 

m/v value displayed.  The ESI-MS spectrum of the peptide library had a distribution of 

peaks across the range that would be expected from the theoretical masses (416.1 – 

913.6 Da), had a single maximum (690.3 m/z) in the range where a maximum should be 

expected (663.3 – 734.3 Da) according the theoretical distribution, and had a range of 

higher intensity peaks (604.3 – 748.3 m/z) where higher intensity peaks should occur 

(605.2 – 775.4 Da) (Figure 6.1).  Notably, the ESI-MS distribution showed peaks ap-

pearing at greater m/z values than would be expected from the theoretical peptide masses 

(> 913.6 Da).  These were possibly due to oligomerization of library peptides.  Addition-

ally, according to the theoretical distribution, there should be a series of high intensity 

peaks around 675 and 700 Da, yet there were actually minimal m/z signals in those ar-

eas, indicating potentially incomplete or biased peptide synthesis.  Other than this 

discrepancy, the ESI-MS spectrum was in good agreement with the theoretical library 

distribution, and indicates the combinatorial method used to produce the library was suf-

ficient.  In the future, a “split-mix” synthesis method should be used to promote 

completely uniform generation of all possible peptides (218).  
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6.3.2 Binding of Peptide Libraries to Surface Immobilized N-terminus of Aβ 

To examine the binding between the K2 library and the NtA, BNtA was first immobi-

lized onto the first two chambers of a SA SPR chip (Figure 6.2).  No signal increase was 

observed with an initial injection of 1 nM BNtA.  A subsequent injection of 1 μM BNtA 

resulted in an increase of 875 R.U. with negligible loss of signal after washing, indicat-

ing BNtA was irreversibly bound to the SA chip.  As negative controls, biotin was added 

to the third chamber of the SA chip, and nothing was added to the fourth chamber.  

 

Figure 6.2. Attachment of BNtA to SA chip. 1 nM BNtA was initially flowed across a SA SPR chip at 

10 μL/min for 2 min, with no observable binding.  1 μM BNtA was subsequently flowed over the SA 

chip with 874 R.U. bound in chamber 1 and 875 R.U. bound in chamber 2.  34 R.U. was removed 

during wash. 

Direct interaction between the K2 peptide library and the BNtA was interrogated 

by flowing ~200 μM of the library for 5 min at 10 μL/min followed by a 5 min wash 

with running buffer in two replicates (Figure 6.3A, B).  A maximum increase of 185 

R.U. was observed for the first library interaction with the first chamber containing 

BNtA, while all other chambers increased by 170 R.U, including the second BNtA 
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chamber as well as the negative controls.  The second replicate showed a slight prefer-

ence in binding towards BNtA over the negative controls, with a 135 R.U. increase to 

both chambers containing BNtA and a 95 and 102 R.U. increase to the chambers con-

taining biotin and nothing, respectively.  It was impossible to make a conclusive 

determination of specific binding from these experimental runs since there was minimal 

signal and inconsistency between the two replicates.  Additional runs must be performed 

to determine if this difference in binding was significant and reproducible.   

Due to the relatively small signal size caused by the addition of the K2 library, 

the binding was investigated using an indirect, signal amplification experiment.  First, 

~200 μM of the K2 library was flowed and washed in all four chambers for 5 min at 10 

μL/min (Figure 6.3B).  Then, instead of completely removing residual peptide with 8 M 

urea, 0.3 μM bapineuzumab was added and the signal was compared with the original 

0.3 μM bapineuzumab binding signal (Figure 6.3C).  There was an apparent signal re-

duction in bapineuzumab binding when the K2 library was flowed prior to 

bapineuzumab addition (1,350 – 1,450 R.U. increase) compared with bapineuzumab ad-

dition with no prior peptide interaction (1,975 – 2,235 R.U. increase).  This potentially 

indicates the peptide library was occupying some of the binding sites where bapi-

neuzumab bound during its original run.  However, due to material limitations, the 

experiment could not be completed, and the error associated with this measurement re-

mains unknown.  Additional replicates should be performed, including experiments 

involving the three other combinatorial libraries as well to determine the significance of 

these results. 
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Figure 6.3. K2 Library Specific Binding to Aβ’s N-terminus. (A, B) Two replicates of the K2 library 

direct binding to BNtA. (A) 202 R.U. of the K2 library bound to the chamber 1 sensor containing 

immobilized BNtA. 175 R.U. bound to all other chambers. Legend from (A) applies to all three plots. 

(B) 135 R.U. bound to both chambers containing immobilized BNtA while 95 and 102 R.U. bound to 

the chambers containing attached biotin and nothing, respectively. (C) Indirect binding of K2 li-

brary. Library interaction from (B) was followed by bap injection (open circles). Signal was 

compared with binding of bap to fresh sensor (solid circles), and decrease in signal was used to indi-

cate binding of K2 library.  
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Figure 6.4. K1 Library Pull Down Experiment Results. ESI-MS analysis of the (A) washes, (B) high 

salt elution, and (C) organic elution from the K1 incubation with (I) the particles with BNtA at-

tached and (II) the particles with noting attached. Peptide hits were searched for by looking for 

peaks that appear in spectra BI and CI that do not appear in BII and CII, respectively. 
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6.3.3 Pull Down Experiment 

The ESI-MS spectra for (A) wash, (B) high salt elution, and (C) organic elution for the 

K1 library incubated with both the (I) microparticles with BNtA attached and the (II) mi-

croparticles alone are shown in Figure 6.4.  Washes for the K1 library incubated with 

both sets of microparticles resulted in notably different m/z distributions.  The wash 

from the K1 library incubation with the microparticles with BNtA attached (Figure 

6.4AI) had no significant peaks appearing above 847.4 m/z, and was more similar to the 

theoretical distribution of peptide masses than even the original peptide library due to the 

lack of high m/z peaks (> 913.6 m/z) (Figure 6.3).  Interestingly, the wash from the K1 

library incubation with streptavidin coated microparticles alone (Figure 6.4AII) was 

strikingly similar to the ESI-MS spectrum of the K1 library (Figure 6.3).  It was difficult 

to explain this discrepancy between the washes, as both experiments originated from the 

same aliquot of the K1 library. 

To identify potential peptide hits, m/z peak that appeared in the spectra of the 

elutions from the particles with BNtA attached (Figure 6.4BI and CI) that don’t exist or 

exist in a substantially lower relative peak intensity in the elutions from the streptavidin 

particles with nothing attached (Figure 6.4BII and CII) were examined.  Negligible 

amounts of material eluted from both sets particles during the high salt wash (Figure 

6.4BI and BII).  In the organic wash, an intense series of peaks appeared at 811.8 m/z, 

812.3 m/z, 812.8 m/z, and 813.3 m/z, with the highest intensity peaks occurring at 811.8 

m/z and 812.3 m/z (Figure 6.4CI and CII).  This can be seen with greater clarity in Figure 

6.5, which is the same data as Figure 6.4CI and CII, except with the x-axis enhanced 



 

     125 

from 800 – 850 m/z.  Unfortunately, there were no complete 7-mer peptides with theo-

retical masses between 807.3 Da and 816.4 Da.  The possibility remained that this peak 

was from a 7-mer peptide with incomplete cleavage of the side chain groups, although it 

wa unclear if there was a combination of amino acids with appropriate side chains that 

resulted in an 811.8 or 812.3 m/z value. 

 

Figure 6.5. Enhancement of K1 Library Elution Region of Interest. Magnification of the m/z range 

from 800 – 850 of (A) the K1 library from Figure 6.3A, (B) organic elution from the K1 library incu-

bation with streptavidin coated particles that have BNtA attached from Figure 6.4CI, and (C) 

organic elution from the K1 library incubation with streptavidin coated particles with nothing at-

tached from Figure 6.4CII. 
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Figure 6.6. Tandem Mass Spectrometry. (A) Isolation of 811.3, 811.8, 812.3, 812.8, and 813.3 m/z 

sample peaks prior to fragmentation. (B) Fragmentation of samples from (A) with the application of 

30 V.    

Tandem mass spectrometry was performed to help identify the peaks of interest.  

The peaks at 811.8 and 812.3 m/z were first isolated (Figure 6.6A) and then fragmented 

with an additional voltage of up to 30 V (Figure 6.6B) in an attempt to sequentially re-

move amino acids.  The most intense peaks after fragmentation appeared at 758.3 m/z 

and 554.2 m/z, which correspond with losses of 53.5 m/z and 257.6 m/z from the parent 

peak of 811.8 m/z, respectively (Figure 6.6).  These mass losses did not equate to losses 

of any single amino acid.  The loss of 257.6 m/z could have potentially corresponded 

with the loss of two lysines with an additional lost hydrogen (257.4) from the original 

peak, but the result was far from conclusive, as there were many other residual peaks 

that did not correspond with obvious losses of single or double amino acids.  The ambi-

guity of the result highlights the clear need for further verification of this apparent hit 

peptide. 

(A)

(B)
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Figure 6.7. R1 Library Pull Down Experiment Results. ESI-MS analysis of the high salt elution from 

the R1 incubation with (A) the particles with BNtA attached and (B) the particles with noting at-

tached.  

Unfortunately, there were no potential peptide hits that were as obvious as the 

811.8 m/z peak from the K1 library in the results from the other pull down experiments.  

Representative spectra from the other pull down experiments are shown in Figure 6.7.  

The high salt elution from the R1 library interaction with the microparticles revealed no 

peaks that appeared in the elution from the particles that have BNtA attached (Figure 

6.7A) compared with the elution from the particles with nothing attached (Figure 6.7B).  

There did not appear to be even a shift in the relative abundance in any of the peaks be-

tween the two elutions, indicating that there were no peptides that specifically bound to 

the N-terminus of Aβ over other areas of the particles such as the streptavidin or silica.  

This was representative of the results from the pull down experiments with the other 

peptide libraries as well.  This places substantial importance on either verifying the iden-

tity of the 811.8 m/z peak from the K1 library or redesigning the experiment to make it 

easier for potential peptide hits to be identified. 

(A)

(B)
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6.3.4 Future Work to Identify Peptide Hits 

Immediate plans to identify potential peptide hits are to repeat the pull down experi-

ments to attempt to verify the peak at 811.8 m/z in the K2 library or identify any other 

peaks that did not appear upon first screening.  Beyond repetition, substantial improve-

ments in the experimental design need to be made to reduce non-specific binding.  One 

modification is using alternative buffer conditions for the incubation between the library 

peptides and the streptavidin microparticles.  The HBS-EP buffer used for the SPR ex-

periments from Figure 6.2 and Figure 6.3 is designed to reduce non-specific interactions, 

and includes 150 mM NaCl and 0.005 v/v% Tween 20.  Conducting the library incuba-

tion with these conditions should allow the particles to be washed with water and eluted 

in solvents compatible with mass spectrometry, however it should reduce the weaker 

electrostatic and hydrophobic interactions normally associated with non-specific bind-

ing.  Alternatively, performing gradual step-changes of salt or organic conditions during 

the elution (first elution with 0.5 M ammonium acetate, second elution with 1 M ammo-

nium acetate, etc.) could promote weakly bound species to elute first, and only the 

tightest specifically bound peptides eluting last.  Additional factors can be used to pro-

mote peptide binding such as longer incubation time and higher concentrations of the 

peptide library.  Importantly, the lack of peptides that bind specifically to the target of 

interest point to the need to verify this experimental method using a peptide or protein 

target with a combinatorial library that should contain a peptide sequence that is known 

to bind the desired target.  Experimental conditions needed to obtain specific peptide 

binding should be investigated using a peptide/protein-peptide combination known to 

produce strong, specific binding.   
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6.4 Conclusions 

According to the proposed N-terminal hypothesis for AD, molecules that bind specifi-

cally to the NtA should prevent Aβ’s deleterious effect on neuronal communication.  

Presented here are the preliminary results of a search through over 188,000 peptides for 

molecules that bind specifically to the NtA.  Direct and indirect binding measurements 

indicate that from a library of over 78,000 7-mer peptides containing the amino acids K, 

L, V, F, and A randomly distributed throughout the peptide, there are at least some pep-

tides that bind specifically to the N-terminus of Aβ.  Experiments designed to pull out 

peptides that bind to the target of interest did identify one or two species out of a combi-

natorial library of 7-mer peptides containing the amino acids K, G, S, and D with an 

811.8 and 812.3 m/z value.  Despite the use of tandem mass spectrometry, this potential 

peptide hit has not yet been identified, although follow-up experiments are currently be-

ing performed.  Additional suggestions on how to improve the pull down experimental 

design are given, which mainly focus on reducing the substantial amount of non-specific 

library-particle interaction. 
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7. Conclusions and Future Research 

7.1 Conclusions 

The research presented in this thesis highlights the benefits of modeling peptide 

behavior and the importance peptide secondary structure in analyzing peptides’ in vitro 

characteristics.  Chapters 2 and 3 demonstrate what insights can be derived from analyz-

ing macroscopic aggregation kinetics with a simplistic primary nucleation aggregation 

model.  Chapter 2 focuses on determining which stage of the aggregation process is most 

affected by point mutations to an aggregation prone peptide.  Meanwhile, Chapter 3 ex-

amines how different classes of cosolutes effect aggregation kinetics, and again which 

stage of the aggregation process is most disturbed.  Additionally, Chapters 2 and 4 relate 

peptides’ secondary structure to the peptides’ behavior in vitro.  Chapter 2 emphasizes 

that peptides with even subtly different secondary structures can have substantial differ-

ences in their aggregation kinetics and receptor binding.  Separately, Chapter 4 shows 

that while antimicrobial peptides derived from unique secondary structures have various 

mechanisms of disturbing supported lipid bilayers, peptides with nearly identical se-

quences and secondary structures disrupt these lipid bilayers with varying degrees of the 

same mechanism. 

The fundamental work performed in Chapters 2, 3, and 4 provides a foundation 

for future development of peptides to be used as therapeutics as antimicrobial agents and 

AD treatments.  Chapters 2, 3, and 6 focus on the identification of an important potential 

target for AD, Aβ’s N-terminus, and preliminary work to search for peptides that bind to 

this target.  Chapters 4 and 5 details the development of an automated antimicrobial pep-

tide design algorithm that could be used to target numerous pathogens and how to 
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determine the mechanism of action of these peptides with supported lipid bilayers.  The 

discussion presented below addresses future research opportunities and details short and 

long term plans on how to develop these peptides from their current state into future in 

vivo therapeutics.  

7.2 Future Research 

7.2.1 Antimicrobial Peptide Design and Mechanism 

For antimicrobial peptides (AMP) to be successful as in vivo therapeutics, four main 

challenges must be overcome: (i) reducing AMP degradation by proteolytic enzymes, 

(ii) increasing specificity for bacterial over mammalian cells, (iii) avoiding reduction in 

activity at physiological salt conditions, and (iv) improving the efficacy of AMP 

transport to required locations (191).  Additionally, future therapeutic use of AMPs will 

likely involve a cocktail of synthetic AMPs with small molecule antibiotics, due to syn-

ergistic toxic effects between the molecules (219-223) and a reduction in the rate of 

bacterial antibiotic resistance development (224).  For instance, Khara and colleagues 

demonstrated that synthetic α-helical peptides exhibited synergism with rifampicin 

against rifampicin-susceptible and rifampicin-resistant strains of Mycobacterium smeg-

matis (220).  Notably, the synthetic peptides with higher membrane permeability had 

enhanced synergistic effects with rifampicin over peptides with worse membrane perme-

ability but identical minimum inhibitory concentrations (220).  Still, for cocktails of 

antibiotics, there remains the challenge of fully understanding the synergistic mecha-

nism, and which types of membrane destabilization mechanisms lead to the greatest 

synergism (191).  A series of experiments examining the synergistic effects of AMPs 

with varying membrane permeating mechanisms, such as those researched in Chapter 4, 
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could help deconvolute this problem.  The work presented here in Chapters 4 and 5 can 

be used to directly address all of these challenges. 

7.2.1.1 Antimicrobial Peptide Design 

The design algorithm presented in Chapter 5 could be used to identify novel synthetic 

AMPs against multi-drug resistant pathogens, such as Methicillin-resistant Staphylococ-

cus aureus.  Once a small number of highly-potent AMPs have been discovered, 

standard techniques from the literature can be used to address the four in vivo challenges 

listed above.  Common techniques for reducing AMP degradation rate by proteolytic en-

zymes involve the incorporation of non-natural amino acids, either an amino acid with a 

synthetic side chain (225-227) or replacing L-amino acids with D-amino acids (228, 

229).  To enhance selectivity for bacterial over mammalian cells, our group, along with 

others, have previously demonstrated the necessity to form an imperfect amphipathic α-

helical peptide (63, 230, 231).  Improving the efficacy of AMP transport has been suc-

cessfully achieved by capturing or attaching AMPs to in vivo compatible spheres such as 

liposomes, nanoparticles, or block co-polymer micelles, or, alternatively, conjugation of 

AMPs to bio-safe polymers such as PEG (232-234).  In the literature, there has not yet 

been a report describing a way to systematically prevent the reduction in AMP activity at 

high salt conditions, which marks this as an area open to future research (191).  How-

ever, it is clear that there are a number of established techniques to address the main 

challenges limiting AMP usage as in vivo therapies.  The research presented in Chapter 5 

lays the foundation to develop novel, synthetic, and highly-active AMPs against multi-

drug resistant or difficult to target bacteria.  These standard literature techniques to make 

our AMPs more attractive as therapeutic options. 
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 However, there are still some areas where the design algorithm presented in 

Chapter 5 can be improved.  Mainly, while one potent AMP (S1) was generated against 

S. aureus and MRSA, the other two AMPs, S2 and S3, predicted to have excellent po-

tency, were highly inactive (Fig. 5.6).  As addressed in the discussion in Chapter 5 

regarding the circular dichroism (CD) data (see Figure 5.7 and Section 5.3.2), S1 was 

verified to have an α-helical structure in 2,2,2-trifluoroethanol (TFE) solution, a polar 

solvent used to induce secondary structure, while S2 and S3 did not.  Since one of the 

underlying assumptions of the design algorithm was that these AMPs will form an α-hel-

ical structure when incorporated into a lipid bilayer (conditions that were mimicked by 

the polar TFE solvent), it is not surprising then that S2 and S3 were relatively inactive in 

comparison to the highly-potent S1.  Future iterations of the design algorithm should in-

clude a component to predict the secondary structure of the peptides. 

 One software that does this is PEP-FOLD (235, 236), a web based algorithm 

where peptide secondary structure is predicted based on the amino acid sequence.  To 

test the accuracy of PEP-FOLD in relation to these AMPs, the secondary structures of S1 

– S4 were predicted (Figure 7.1).  The PEP-FOLD predictions are in agreement with the 

CD data for AMPs S1, S3, and S4 in relation to their helical content, where S1 was 

shown to have a distinct α-helical CD spectrum yet S3 and S4 had little to no α-helical 

characteristics.  Interestingly S2, which CD data indicated was partially α-helical, is pre-

dicted to have identical secondary structure to S1 (Figure 7.1).  While the PEP-FOLD 

secondary structure prediction is not perfect, it would provide an additional parameter in 

the design algorithm that would eliminate false positive AMPs such as S3 that are as-

sumed to adopt an α-helix, but clearly do not (Figure 5.6) and should not (Figure 7.1).  



 

     134 

Additionally, it would be interesting to revisit S2 and examine its antimicrobial effica-

cies against S. aureus as well as other bacteria under different experimental conditions.  

While it did not exhibit any antibacterial activity using the conditions described in Chap-

ter 5, it still contains many of the properties of the highly-potent AMP, S1, except for, 

and this may be the essential difference, one fewer positively charged residue at neutral 

pH. 

 

Figure 7.1. PEPFold Predicted Structures. Secondary structures of peptides (A) S1, (B) S2, (C) S3, 

and (D) S4 predicted by PEPFold. 

7.2.1.2 Antimicrobial Peptide Mechanism 

As research is developing AMPs as increasingly viable in vivo therapeutic options, it is 

becoming increasingly clear that they will be most useful in a cocktail with small mole-

cule antibiotics (191).  However, a limiting factor in this application is the lack of 

mechanistic understanding of the AMPs’ synergistic effects with these small molecules.  

In Chapter 4, we have developed a straightforward method for distinguishing between 

(A) (B)

(C) (D)
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distinct AMP mechanisms on supported lipid bilayers.  Using a set of reference AMPs, 

we utilized a simple experimental set-up and analysis procedure to clearly differentiate 

between peptide insertion without pore formation, barrel-stave pore formation, and toroi-

dal pore formation.  Implementing this procedure to identify which AMP mechanisms 

synergize most efficiently with small molecule antibiotics could reveal insights into 

AMP sequences and structures most beneficial for in vivo applications.  Combining these 

mechanistic studies with in vitro bactericidal and cytotoxicity measurements from our 

collaborators at Dr.  Kathleen McDonough’s laboratory (Wadsworth Center, New York 

State Department of Health), could result in developing AMPs as viable in vivo thera-

peutics. 

7.2.2 Identification and Development of Peptide Ligands that Bind to the N-

terminus of Aβ 

In Chapter 6 the success and limitations of the initial screening for peptides that bind to 

the N-terminus of Aβ1-42 are presented.  Short and long term plans to improve peptide 

hits in an attempt to market them as attractive therapeutic options are discussed below. 

Specifically, the following five steps should be followed to validate and improve previ-

ously identified peptide hits: (i) synthesize all possible combinations of potential hit 

peptide library and quantify their equilibrium dissociation constant (KD) with the Aβ’s 

N-terminus and the full length Aβ1-42 , (ii) synthesize additional peptide libraries or, al-

ternatively, make rational or irrational modifications to the top hit peptides to obtain a 

KD on the order of 1 μM or less (237), (iii) assay for Aβ’s effect on LTP/LTD inhibition 

of hippocampal cells when incubated with the top peptide hits (202) (iv) perform struc-

tural analysis studies to understand the configuration of the peptide hits when bound to 

Aβ using molecular dynamics (MD), and (v) arrange single or multiple hit peptides onto 
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a peptidomimetic scaffold.  Details regarding these steps along with potential problems 

that could arise are discussed below.  

 First, potential peptide hits identified from the combinatorial screen should be 

synthesized and assayed for their binding affinity to Aβ’s N-terminus and the full length 

Aβ1-42.  KD values can be determined using surface measurement techniques like SPR 

(see section 6.2 for details on successful immobilization of Aβ’s N-terminus on a 

Biacore® SA chip) or in situ techniques like ESI-MS (238).  This step is critical to not 

only confirm that the peptides identified as hits actually bind to Aβ’s N-terminus, but 

that they also bind to the N-terminus of the full length Aβ1-42 when more than just the N-

terminus is present.  Combinatorial screening experiments involved peptide binding to 

only the N-terminus of Aβ, so it is unlikely (see the discussion presented in section 2.4 

about the availability of Aβ’s N-terminus) but possible that the hit peptides might not 

bind in the presence of the full length molecule.  Additionally, it is essential to determine 

the affinity with which the hit peptides bind to their target.  Antibodies commonly used 

as therapeutics bind to their target with KD values on the order of 1 nM or less.  How-

ever, binding affinities for bioactive peptides have been reported at least as high as 3 – 

12 μM (214).  Therefore, it seems necessary to search for peptide hits that bind with at 

most single micromolar affinities.  If none of the hit peptides possess KD’s on the order 

of one or less micromolar, it will likely be required to either rescreen new combinatorial 

libraries based on the feedback from this initial screen, or make rational or irrational mu-

tations to the top peptide hits in an attempt to improve their binding affinity.   

Rescreening new synthetic combinatorial libraries based on feedback from our 

initial screen may be the most attractive option.  Our original libraries consisted of 
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charged residues with either hydrophilic or hydrophobic residues.  Supplementing the 

hydrophilic libraries with the hydrophobic amino acid tyrosine could prove beneficial, as 

tyrosine is one of the amino acids most abundant in the binding pocket between the 3D6 

antibody and Aβ1-7 (216).  Alternatively, one could expand the library to include one, or 

multiple, amino acids from every major amino acid category: positively charged, nega-

tively charged, flexible residues, structure making residues, small hydrophilic residues, 

large hydrophilic residues, small hydrophobic residues, and large hydrophobic residues.  

Generating 7-mer libraries with eight of these amino acids would result in 87 = 

2,097,152 peptide ligands to bind to the desired target (compared with the original 47 = 

16,384 and 57 = 78,125 libraries), thus greatly increasing the potential of finding a pep-

tide hit.  Separately, expanding the length of the peptide libraries could increase the 

binding affinities of the peptide library with the Aβ N-terminus target.  7-mer peptides 

were originally selected based on the length of the loop regions of the 3D6 antibody 

bound to Aβ1-7 (216).  There is evidence that for certain peptide binding systems, there 

exists an optimum peptide length for achieving the best binding affinity (Ref. (239) and 

references therein).  Currently, we have no information regarding what should be the op-

timum peptide length for binding to Aβ’s N-terminus.  MD docking algorithms (see 

discussion below) could provide insight into the peptide lengths we should be searching 

for.  Alternatively, synthesizing and screening the top peptide hits with their sequences 

repeated twice or three times could provide preliminary information as to whether 7-, 

14-, or 21-mers would be closest to the ideal length for our peptides. 
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 Our N-terminal hypothesis of AD rests on the idea that at least two N-termini co-

located near the binding domain of receptors involved in LTP measurements are re-

quired for causing LTP deficits.  If we can bind peptides or other biomolecules to Aβ’s 

N-terminus, then we should, in theory, be able to prevent these LTP deficits.  That 

makes the third step, (which can be conducted in conjunction with the first step if strong 

binding peptide hits are identified) in the experimental plan presented above, the crucial 

step in lending additional validity to this hypothesis and experimental plan.  The hit pep-

tides will be incubated with Aβ1-42 and the resultant complex will be assayed for LTP 

deficit reduction of mouse hippocampal brain slices by our collaborator, Dr. Shaomin Li, 

Harvard Medical School.  There is precedence for success with a similar approach to re-

ducing LTP deficits.  Previously, the Selkoe group demonstrated that when dimers of 

Aβ1-42 were incubated with antibodies that bound specifically to residues 3-6, 17-24, or 

33-42, only the antibodies that bound to the N-terminal domain of Aβ1-42 were capable of 

eliminating LTP deficits and, in addition, reduced the LTP levels back those of a healthy 

brain (34). 

 In the event that a number of peptides with good binding affinities do not reduce 

LTP deficits, alternative strategies for LTP deficit reduction will need to be examined.  It 

is known that antibodies bound with low affinity to the N-terminus of Aβ completely 

eliminated LTP deficits in vitro (34), so it seems logical that alternative molecules could 

achieve the same effect.  However, it is unclear if an LTP deficit reducing molecule re-

quires both the binding affinity and size of an antibody.  The 7-mer peptides generated 

with the combinatorial libraries are in general 1/200th of the size of an antibody, so even 
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in the event that a peptide binds to the N-terminus of Aβ1-42 with strong affinity, there re-

mains the chance that it will be insufficient to reduce LTP deficits.  Follow up 

experiments to the ones performed by Shankar et al. (34) could provide additional in-

sight into this question.  First, one should replicate their original result showing complete 

reduction of LTP deficits by incubating oligomeric Aβ1-42 with the full 3D6 antibody.  

Then, incubate Aβ1-42 oligomers with just the fragmented antigen-binding (Fab) domain 

to see if there is any effect of reducing the N-terminus inhibiting molecule size from 

~150 kDa to ~50 kDa.  Decreasing the antigen-binding domain further would introduce 

additional complications, however this straightforward experiment would provide infor-

mation about the size requirement for molecules to reduce LTP deficits.   

An alternative strategy for developing biomolecules that prevent Aβ induced 

LTP deficits is to arrange hit peptides onto a biomolecular scaffold in order to increase 

the ligand size and binding affinity (240, 241).  Biomolecular backbone scaffolds such as 

the one proposed by Levine et al. (242) offer attractive features such as controllable 

scaffold length, controllable spacing between side chain groups, biocompatibility, rela-

tively straightforward chemical synthesis, and linear or cyclized variants of the 

backbone.  This scaffold utilizes standard synthetic peptide chemistry to add two distinct 

backbone units, one for attaching the active peptide side-chains with alkyne-azide click 

chemistry, and one inactive unit to control backbone spacing and length (Figure 7.2).  

Additionally, having a scaffold that allows for the addition unique side chain groups 

would allow for the introduction of multi- functionality into the final molecule design.  

This could help overcome significant limitations such as the molecule’s ability to cross 
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the blood brain barrier (BBB).  Previously, it has been shown that adding the functional-

ity of a transferrin-receptor binding domain to an antibody targeting BACE1 allowed the 

antibody to both cross the BBB and inhibit Aβ production in vivo (243).  The potential 

multifunctionality of the scaffold proposed here makes this a very attractive option for 

future therapeutic use. 

 

Figure 7.2. Synthetic Scaffold Chemistry. The essential steps required for the synthesis of the scaf-

fold introduced by Levine et al. J. Am. Chem. Soc. 2012, 134, 6912−6915 .  The scaffold involves step-

wise synthesis and allows for the azide click-chemistry units to be rationally spaced with inactive 

ether units.   

Arranging the peptides on a biomimetic scaffold requires having structural 

knowledge of how the peptide hits bind to the N-terminus of Aβ.  The flexible nature of 

the peptide-peptide complex will make solution structure techniques such as NMR and 

crystallography challenging.  MD simulations could provide the structural information 

necessary to arrange the peptides on a scaffold.  Mainly, it should be known whether to 

attach the peptide hits to the scaffold via the N-terminus or the C-terminus, and the 

amount of spacing required between hits and the scaffold.  The direction of attachment 

depends on whether it is more energetically favorable for the N-terminus and the peptide 

hits to align in a parallel or in an anti-parallel arrangement.   Additionally, the distance 

required between the peptide hits and the scaffold could be optimized by estimating the 

most energetically favorable region of interaction between the full length Aβ1-42 and the 

peptide hits.  These calculations can be done using MD algorithms such as Dynadock 

(244), FlexPepDock (245), and PepCrawler (246), where the peptide regions of interest 
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are first aligned and the energies of interaction are then calculated.  These rational ap-

proaches to arranging the peptide hits on the scaffold should simplify the creation of this 

complex molecular structure.   

 Ultimately, assuming the N-terminal hypothesis, addressing these five steps 

should provide an inhibitor peptide for therapeutic treatment of AD.  An important con-

cern involves the question of whether these peptide hits penetrate the BBB in order to 

reach their intended target. Multiple approaches can be used to address this challenge.  

The Cecchelli laboratory from the  Universite ́d’Artoi in France has developed an in 

vitro model of the BBB and has successfully assayed the permeability of several com-

pounds capable of crossing the BBB such as caffeine and Warfarin (247).  Their model 

could be used in a serial arrangement with our experimental design from Chapter 6 to 

first select for molecules that can pass through the BBB and can then bind to the N-ter-

minus of Aβ.   Developing a platform such as this could be beneficial to not only this 

project, but also as a general high-throughput screen to search for molecules that pass the 

BBB and bind to targets such as Aβ.  Alternatively, low affinity receptor binding do-

mains to the transferrin receptor have been used to transport bifunctional antibodies 

across the BBB (248).  Attaching these binding domains, along with the NtA binding 

peptides, onto a multi-functional scaffold could allow for significant transport across the 

BBB and binding to the NtA. 
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