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Chapter 1.

INTRODUCTION

The development of one drug typically takes 10-15 years starting from lead identification to
clinical trials and Food and Drug Administration (FDA) approvement. The average expense
on one new drug is about 1 billion USD. To shorten the drug development process and to make
it cheaper one can use computer and as a result the computer-aided drug design has recently
emerged as a new domain of science.
To cope with any disease one has to develop an appropriate drug to attach a target which is
responsible for the disease. Targets may be proteins or other biomolecules like DNA, RNA etc,
while drugs are small ligands. To disfunction the target or receptor, the ligand should tightly
bind to it. The binding free energy of available drugs to their targets is in range of -12 ÷ -9
kcal/mol that corresponds to the inhibition constant IC50 ∼ nM ÷ µM. Thus, understanding receptor-ligand binding process and accurate estimation of the binding free energy are of
paramount importance for drug design problem. This goal may be achieved by computer. It
is well known that targets are often identified by experiments, while potential leads may be
screened out from large data bases of ligands by the docking method. Top hits revealed by
the virtual screening then are further refined by more exact methods based on the molecular
dynamics (MD) simulations. So far the success of the computer-aided drug design approach is
modest but it has predicted a numbers of drugs that have been later approved by FDA such as
HIV protease inhibitor amprenavir (agenerase) [1], influenza neuraminidase inhibitor zanamivir
(relenza) [2] etc. More success is expected in the near future as the computer power steadily
increases. In this thesis the computer simulation is applied to study the protein-ligand binding,
which is related to the Alzheimer’s disease (AD) and influenza virus.
AD is the most common form of dementia among the senior population that is increasing
substantially as populations age. The patient with AD will lose memory, decay language, and
experience problems with visual spatial search. Currently, around 40 million people worldwide
suffers from dementia, and this number is expected to rise to 115 million by 2050 [3]. There
is no cure or treatment for AD, and significant effort has been made to find efficient drugs
to cope with it, but the question about the cause behind it remains open. Historically, AD
is characterized by the presence of extracellular senile plaques, mainly composed of amyloid
beta peptide (Aβ), and intracellular neurofibrillary tangles formed by hyperphosphorylated
tau protein. However, genetic and pathological evidences strongly support the first hypothesis
about amyloid aggregation as a reason for AD [4]. Since Aβ peptides are proteolytic by-products
of the amyloid precursor protein (APP) and are most commonly composed of 40 (Aβ1−40 ) and
42 (Aβ1−42 ) amino acids, one of strategies to treat AD is to prevent generation of Aβ peptides.
In this case one has to block the activity of α-, β- and γ-secretases that cut APP into short Aβ
peptides. Here we will adopt the second strategy which is based on inhibition of misfolding and
reversing Aβ aggregation. Then the targets for drug design would be Aβ peptides and their
fibrils.
A large number of potential Aβ fibrillogenesis inhibitors have been proposed including
polyamines, metal chelators, chaperones, carbohydrate-containing compounds, osmolytes, RNA
5

aptamers and other compounds [5]. The another class of Aβ aggregation inhibitors consists
of short peptides [6]. Since Aβ is self-assembling, fragments homologous to the full-length
wild-type protein can serve as peptide-based inhibitors [7, 8]. A number of so called beta-sheet
breaker (BSB) peptides like KLVFF and LPFFD was shown to enable to slow down amyloid
aggregation. However, understanding of their binding mechanism at atomic level is still missing. In addition the relationship between the binding affinity and inhibition ability has not
been clarified. This opening question motivates us to study BSB peptides.
The experiments of Tjernberg et al and Soto et al [7, 8] showed that three-amino-acid
peptides (tripeptides) are weakly bound to Aβ peptides leading them to suggestion that to
have good binding a peptide should have at least five residues. However, the experiments
of these groups were performed for a small number of tripeptides which do not have either
aromatic or five-membered rings and it remains unclear if other tripeptides have better binding
affinity. We will study the binding affinity of all possible 8000 tripeptides to Aβ fibrils by
the docking method. Refining the docking results by the more accurate MD simulations we
have demonstrated that tripeptides that contain rings have the binding affinity as high as
pentapeptides. We also predict three most potent tripeptides for further clinical trials on AD.
It is well known that the binding energy of ligands is correlated with a number of factors
like the number of heavy atoms, number of aromatic residues, hydrophobicity, van der Waals
(vdW) volume of side chains and molar refractivity (MR) [9–13]. Since these factors have been
obtained for nonpeptide-based ligands and non-fibril targets, it remains unclear if they are
valid for peptidic ligands and fibril targets. Having used the docking results obtained for 8000
tripeptides we showed that the key factors obtained for non-peptide-based ligands remain valid
for peptidic ligands and fibril receptors.
Although Aβ40 is about 10 times more abundant than Aβ42 in vivo, Aβ42 is significantly
more neurotoxic than Aβ40 [14]. The role of Aβ40 in AD has not been well understood, but
recent studies have suggested that reduced level of Aβ40 is correlated with accelerated onset
of dementia. At the molecular level, it is not clear how Aβ40 executes its protective function
in AD pathogenesis. One of possible scenarios is that Aβ40 inhibits fibril formation of Aβ42
as evidenced from in vivo [15] and in vitro experiments [16]. This interesting problem has not
been, however, considered theoretically and one of our goals is to understand the mechanism
of inhibition of Aβ42 aggregation by Aβ40 using MD simulations.
Influenza, commonly referred to as the flu, is an infectious disease caused by RNA viruses of
the family orthomyxoviridae that infects both birds and mammals. Among the three different
influenza virus classes A, B and C, only type A has been observed to cause severe disease and
pandemic. In the last century, influenza pandemics occurred in 1918 (Spanish, H1N1), 1957
(Asian, H2N2) and 1968 (Hong Kong, H3N2) and killed millions of people. Recently, two types
of influenza virus, A/H5N1 (avian flu) and A/H1N1 (swine flu, Mexico, April 2009) have had
outbreak and spread all over the world causing death in both people and millions of poultry.
As of April 11, 2010, over 17800 deaths due to A/H1N1 were reported in 214 countries. For
the time being, the swine flu H1N1 is in a post-pandemic phase, but no one can predict when
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the next pandemic will occur.
Currently, two classes of drugs are licensed to treat the influenza virus. The first class is
M2 inhibitors amantadine and rimantadine, which block the M2 proton channel preventing the
virus from being able to uncoat. These drugs are ineffective against influenza B, and a number
of amantadine-resistant cases have been reported. The second class involves the neuraminidase
(NA) inhibitors oseltamivir (tamiflu) and zanamivir (relenza), which are able to block the
release of new virions from an infected cell. These inhibitors are often effective against both
influenza A and B virus, but some strains of avian H5N1 and swine pandemic H1N1 (pH1N1)
influenza are resistant to Tamiu [17, 18]. Thus, it is vital to design a drug that is capable of
treating both wild type (WT) influenza viruses as well as their mutants. The first step in this
direction has been made by McCammon group [19] who have screened out 27 top leads for H5N1
influenza from the NSC data base (see http://129.43.27.140/ncidb2/). The question of whether
these compounds are also suitable to cope with pH1N1 virus remains open. Using the steered
MD (SMD) method [20] we have demonstrated that four ligands from 27 leads, predicted by
the virtual screening [19], are more potent than tamiflu in treatment of pH1N1 flu. Our study
has also revealed that SMD is as accurate as molecular mechanics-Poisson-Boltzmann surface
area (MM-PBSA) [21] but less CPU demanding.
In this thesis we address the following questions:
1. We estimated the rates of dimerization of two BSB peptides KLVFF and LPFFD by the
all-atom simulation with explicit water. LPFFD was found to slow down the oligomerization of Aβ16−22 to a greater extent than KLVFF. The MM-PBSA calculation showed that
the former has higher binding affinity to both monomer and dimer of Aβ16−22 . Therefore,
for the first time, we have theoretical demonstrated that the binding affinity is correlated
with inhibition capability.
2. KLVFF and LPFFD peptides can inhibit oligomerization of Aβ peptides by decreasing
beta content of fibril-prone regions and stabilizing the monomer state. Using the MMPBSA and docking methods it is shown that KLVFF is weaker bound to Aβ1−40 and its
mature fibrils in comparison with LPFFD. One of the possible implications of this result
is that the later degrades Aβ fibrils stronger than the former one.
3. With the help of MD simulation we have shown that the beta content of Aβ42 is reduced
in the presence of Aβ40 . This means that the population of the fibril-prone state of Aβ42 is
reduced leading to slowing down of aggregation by Aβ40 . This is in qualitative agreement
with the experiments.
4. It has been found that the binding free energy of Aβ40 to Aβ42 is higher than that of Aβ42
to Aβ42 . This implies that Aβ42 peptides prefer to bind to each other rather than to Aβ40
and as a result, as observed on the experiments, one needs high enough concentration of
Aβ40 to observe pronounced inhibition.
5. By the docking approach the binding energy of 8000 tripeptides has been estimated. It
has been shown that, similar to the case of non-peptide-based ligands, the binding affinity
7

of tripeptides increases with mass, number of Carbon atoms, number of aromatic residues,
vdW volume of side chains and molar refractivity of ligands. We predict that peptides
WWW, WPW and WWP can be used as Aβ aggregation inhibitors.
6. Using the SMD approach we predict that ligands NSC141562, NSC5069, NSC46080 and
NSC117079 are potentially more prominent than the existing commercial drugs tamiflu
and relenza to cope with the swine 2009 A/H1N1 virus.
7. Our study points to the importance of the SMD approach for the drug design problem
because it has nearly the same predictive power as MM-PBSA but computationally less
expensive.
My thesis is organized as follows:
Chapter 2 is a review of the literature of Influenza and Alzheimer’s disease. Chapter 3
describes computational approaches for protein-ligand binding problem and methods for data
analysis. Chapter 4 concerns research on inhibition of Aβ aggregation by beta-sheet breaker
peptides and their binding affinity. In chapter 5, we present evidences for inhibition of Aβ42
aggregation by Aβ40 using the all-atom MD simulations. The binding free energy of Aβ42 and
Aβ40 to Aβ42 was estimated. Chapter 6 is devoted to calculation of the binding energy of 8000
tripeptides to Aβ fibrils by the docking methods. This allows us to obtain key factors governing
the binding affinity of peptide-based ligands. Top leads from tripeptides has been screened out
and studied in detail. In the last chapter 7, we study binding affinity of 32 compounds to
NA from pH1N1 virus using the MM-PBSA and steered MD methods. We have found four
compounds which are better than traditional flu drugs in the binding ability to H1N1 virus.
List of publications presented in my thesis:
1. Binh Khanh Mai, Man Hoang Viet, and Mai Suan Li, Top-Leads for Swine Influenza
A/H1N1 Virus Revealed by Steered Molecular Dynamics Approach, J. Chem. Inf. Model.
50,2236 (2010).
2. Man Hoang Viet, Son Tung Ngo, Nguyen Sy Lam , and Mai Suan Li, Inhibition of
aggregation of amyloid peptides by beta-sheet breaker peptides and their binding affinity,
J. Phys. Chem. B 115, 7433 (2011).
3. Man Hoang Viet and Mai Suan Li, Amyloid peptide Ab40 inhibits aggregation of Ab42:
evidence from molecular dynamics simulations, J. Chem. Phys. 136, 245105 (2012)
4. Man Hoang Viet, Nguyen Truc Trang and Mai Suan Li, Docking and molecular dynamics study of binding affinity of tripeptides: Implications for Alzheimer’s disease, submitted
for publication.
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Other pulications.
1. H.-L. Chen, Jack C.-C. Hsu, Man Hoang Viet, Mai Suan Li, Chin-Kun Hu, ChiaHsun Liu, Frederick Y. Luh, Silvia Si-Wei Chen, Evan S.-H. Chang, Andrew H.-J. Wang,
Min-Feng Hsu, Wunshain Fann, Rita P.-Y. Chen, Studying the fast folding kinetics of
an antifreeze protein RD1 using a photolabile caging strategy and time-resolved photoacoustic calorimetry on a nanosecond time scale, Proteins: Structures, Functions, and
Bioinformatics 78, 2973 (2010).
2. Nguyen Truc Trang, Man Hoang Viet and Mai Suan Li, Effects of water models on
binding affinity: Evidences from all-atom simulation of binding of tamiflu to A/H5N1
neuraminidase, submitted for publication.
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Chapter 2.
2.1.
2.1.1.

REVIEW OF THE LITERATURE

Alzheimer’s disease and beta amyloid peptides
Hypotheses on etiology of Alzheimer’s disease

Although the gross histological features of AD in brain are well characterized, the cause for
AD is still essentially unknown. There exist three major hypotheses, which have been advanced
regarding the primary cause. They are the cholinergic, tau and amyloid cascade. Among them,
the amyloid cascade hypothesis has become dominant because it is supported by a large body
of accumulated data.
The cholinergic hypothesis
According to this oldest hypothesis AD is caused by a reduced synthesis of the neurotransmitter acetylcholine [22]. Most currently available drugs (donepezil, galantamine, rivastigmine
and tacrine) that are cholinesterase inhibitors have been developed based on this hypothesis.
These medications, though sometimes beneficial, have not led to a cure. They have served to
treat symptoms of the disease only and have neither halted nor reversed it. This implies that
acetylcholine deficiencies may not be directly causal, but are a result of widespread brain tissue
damage. This damage is so extensive that cell-replacement therapies are likely to be impractical. More recently, cholinergic effects have been proposed as a potential causative agent for
the formation of plaques and tangles leading to generalized neuroinflammation [23].
The tau hypothesis
The tau hypothesis is based on studies demonstrating that deposition of Aβ plaques do not
correlate well with neuron loss [24]. The mechanism for neurotoxicity, proposed by Gray et al
[25], encompasses the idea that tau protein abnormalities initiate the disease cascade. According
to this theory tau proteins pair with other threads of tau and form damaging tangles inside nerve
cells. When this occurs, the cell’s transport systems disintegrate and malfunction which may
disrupt communications between cells and later cause cell death. However, consensus has not
been reached on whether tau hyperphosphorylation precedes or is caused by the formation of
the abnormal helical filament aggregates [26]. Support for the tau hypothesis also derives from
the existence of other diseases known as tauopathies in which the same protein is identifiably
misfolded [27]. Nevertheless, a majority of researchers supported the alternative hypothesis
that amyloid is the primary causative agent [26].
The amyloid cascade hypothesis
This hypothesis was proposed in 1991 by John Hardy and David Allsop [28]. It suggested that
the mismetabolism of APP was the initiating event in AD pathogenesis, subsequently leading to
the aggregation of Aβ, specifically Aβ42 . The hypothesis is supported by the observation that
higher levels of Aβ protein known to form fibrils correlate with earlier onset and greater cognitive
impairment in mouse models and with AD diagnosis in humans. However, the question about
Aβ toxicity is under hot debate as it is not entirely clear whether mature fibrils or oligomers are
more toxic. There are some evidences that strongly support for mature fibrils and plaques as
10

a toxic species. Firstly, the most convincing evidence for plaques being the poisonous species
comes from transgenic mice studies. In vivo multiphoton microscopy studies suggest that
plaque formation is followed by neurodegeneration, not the other way around, implicating
fibres rather than oligomers are more relevant. It proved a direct causal relationship between
plaques and neurodegeneration with obvious neuronal morphological changes in the days after
plaque formation [29]. In addition data on neuronic cell density showed that neuronal loss only
occurred in the immediate vicinity of amyloid plaques [30]. Finally, the effects on membrane
conductance of monomeric and oligomeric Aβ weren’t shown, whereas fibrils caused a large
increase in electrical conductivity, indicative of a toxic effect on the membrane [31].
However, there are several pieces of evidence that cast doubt on responsibility of fibrils for
neurodegeneration. The plaque formation is not unique to the disease state because studies have
shown that there is not always a link between the presence of amyloid plaques and cognitive
decline. Moreover, soluble low molecular weight species of Aβ seem to correlate best with AD
severity, including the patient’s age at death [32]. There are two main species that have been
isolated from the fibril formation pathway and suggested to be poisonous are oligomers and
fibrils. The smallest piece of oligomers, dimer Aβ, is the finest correlated with inhibition of
cytochrome c oxidase in human mitochondria. Greater oligomers, which compose of ∼4 ÷ 10
monomers, are harmful to neuron cultures and also able to inhibit long-term potentiation [33].
Aβ*56, a 56 kDa oligomer, which was isolated from transgenic mice brains had the strongest
inverse correlation with mouse performance in a Morris water maze test, which assesses spatial
memory. Even more convincingly, injecting Aβ*56 into the brains of four month-old rats
decreased their spatial memory [34]. Recently, it is has been suggested that high molecular
weight (HMW) oligomers, which are small globular structures and ∼2 ÷ 5 nm in size, are ∼
40-fold more toxic to neuronal cells in vitro compared to monomeric preparations and ∼10-fold
more dangerous than fibrils [35]. Aβ oligomer accumulation in intracellular area causes many
key pathological events of AD such as proteasome impairment, mitochondrial dysfuction etc
[36]. The latest developments on the amyloid cascade hypothesis may be found in the recent
review of Karran et al [37].
It should be noted that some new hypotheses on etiology of Alzheimer’s disease were introduced such as co-factors theory , metal hypothesis and others. They are the mixture of the
amyloid cascade and tau hypotheses and each of them has advantages and disadvantages.
2.1.2.

Macroscopic characteristics of AD

A major macroscopic characteristic of the human brain with AD is cortical atrophy. Ventricles are enlarged, while gyri appear narrower and sulci wider than in a normal brain. The
brain is affected symmetrically with the medial temporal lobe worst affected. The loss of tissue,
which roughly correlates with the degree of cognitive decline, is so severe that an AD brain
can weigh less than normal one. The primary sensory-motor cortex appears affected with some
delay, whereas the occipital lobe is relatively spared (Fig. 1). The disease erases memory and
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reduces mental functioning ability causing many problems such as confusion, changes of mood
and disorientation in time and space. Over time, the disease destroys large areas of the brain,
leaving its victims with little comprehension or awareness.

Fig. 1: Cross-sections of the normal and Alzheimer’s brains as seen from the front (left), and The
amyloid plaques and neurofibrillary tangles (right) (taken from web site of American Health Assistance
Foundation).

2.1.3.

Microscopic characteristics of AD

The Seline plaques (SPs) and neurofibrillary terms, which now become very popular and
are hallmarks of AD, are the ’miliary foci’ and fibril aggregates observed by Alois Alzheimer
in the past. The presence of plaques and tangles in AD result in a severe neuronal loss that
can reach 60 % in the hippocampus and 80 % in the nucleus basalis and in some frontal and
temporal areas [38]. SPs, formed in the extracellular environment, are made of an amyloidal
core, abnormal neurites and glial cells. The amyloidal core is an aggregation of amyloid-beta
peptide (Aβ), a four kDa peptide 39 to 43 amino acids long, which is products of the proteolytic
cleavage process of APP. SPs are variable in shape and size, but are on the average of 50 µm in
size and most of them have spherical shape. There are two kinds of SPs: diffuse Aβ plaques and
neuritic plaques. Diffuse SPs are amorphous deposits of non-fibrillar pre-amyloid Aβ peptides,
which produce no alteration of the neuropil, while neuritic plaques show instead an amyloid
core surrounded by dystrophic neuritis.
Another scenario for AD is that it occurs due to formation of neurofibrilary tangles (NFTs)
that are aggregates of hyperphosphorylated protein tau in the intracellular space. In normal
conditions, the protein tau binds to microtubules contributing to the progress of their formation
and stability. In AD, tau undergoes hyper-phosphorylation which causes the protein to aggregate [39]. Moreover, upon hyper-phosphorylation, tau loses its binding capability so that the
microtubules disintegrate. In AD, hippocampus, sibiculum, amygdala, entorhinal and transentorhinal corteses are areas, which are the most impaired by NFTs. NFTs are also numerous
in the nucleus basalis, limbic nuclei of the thalamus, locus ceruleus substantia nigra, and the
raphe nuclei of the brainstem. An important notice is that NFTs occur not only in AD, but
also in non-demented elderly individuals.
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2.1.4.

Amyloid precursor protein and production of Aβ peptides

APP is an integral membrane protein expressed in many tissues, concentrated in the synapses
of neurons, and encoded on chromosome 21 in humans [40]. APP695 , APP751 and APP770 are
three main isoforms of the APP, where APP695 , is the predominant form expressed in neurons.
The APP isoforms are abundant in hippocampus and cerebellum. The hippocampus is also the
first major area of the brain affected by AD and damage to it results in the first symptoms of AD.
APP has a short cytoplasmic region and a large extracellular domain. The Aβ sequence is within
residues 672 to 711 (Aβ1−40 ) or 713 (Aβ1−42 ) of APP770 . This section spans over 28 residues of
the extracellular domain and 12-15 residues of the transmembrane domain. Although the native
biological role of APP is of obvious interest to Alzheimer’s research, thorough understanding
remains elusive. Synaptic formation and repair, iron export, hormonal regulation and arthritis
have been suggested as biological functions of APP [41]. A large amount of APP is generated
in neurons, and it is metabolized very rapidly [42]. Multiple alternate pathways exist for APP
proteolysis, some of which lead to production of Aβ peptides (amyloidogenic pathway) and
some of which do not (non-amyloidogenic pathway) as shown in Fig. 2 [43]. Aβ peptides of 38
÷ 43 residues are cleavaged by β- and γ-secretases. Nearly 90% of secreted peptides is Aβ40 ,
whereas Aβ42 accounts for < 10% of secreted Aβ.

2.1.5.

Sequence and structure of Aβ peptides

As said above in vivo Aβ peptides have 39 ÷ 43 residues, but in what follows we are interested
in most abundant Aβ1−40 and Aβ1−42 . The sequence of Aβ1−42 is
DAEFR5 HDSGY10 EVHHQ15 KLVFF20 AEDVG25 SNKGA30 IIGLM35 VGGVV40 IA.
Aβ1−40 is different from Aβ1−42 in two last residues. The hydrophobic C-terminal covers residues
30-42, while a hydrophilic N-terminal contains residues 1-15. The central hydrophobic core
consists of residues 17-21.
Since Aβ peptides aggregate very fast in the water environment their structures have not
been resolved. The structures of monomer Aβ1−40 and Aβ1−42 have been intensively studied by
computer simulations. Although different groups reported different results on their structures
in aqueous environment [45–49], there is a common belief that the coil structure dominates and
the beta-content of Aβ1−42 is higher than Aβ1−40 . In micellar solutions they become stable and
the crystal structures of full-length Aβ1−40 (PDB code: 1BA4 [50]) and Aβ1−42 (PDB code:
1Z0Q [51]) have been obtained experimentally. They are rich in helix.
2.1.6.

Structures of Aβ oligomers

Aβ aggregates of Aβ have many structures of various sizes, but they can be divided into
oligomers and fibrils. Soluble oligomers are intermediates in the process in which the Aβ
13

Fig. 2: Proteolytic processing of APP. (A) the schematic structure of APP is shown with the Aβ
domain shaded in red and enlarged. The major sites of cleavage by α-, β-, and γ-secretases are
indicated along with Aβ numbering from the N terminus of Aβ (Asp1). (B) Non-amyloidogenic
processing of APP refers to sequential processing of APP by membrane-bound α- and γ-secretases.
α Secretase cleaves within the Aβ domain, thus precluding generation of intact Aβ peptide. The
fates of N-terminally truncated Aβ (p3) and AICD (cytoplasmic polypeptide generated by γ-secretase
cleavage) are not fully resolved. (C) amyloidogenic processing of APP is carried out by sequential
action of membrane-bound β- and γ-secretases. CTF is the abbreviation of C-terminal fragment.
Taken from G. Thinakaran and E. H. Koo [44].

peptides convert from a random coil to cross β-sheet structure of mature fibrils. Electron
microscopy shows the presence of two types of non-fibrillar aggregates [52]. The smaller soluble oligomers are indistinct blobs that barely stand out from background noise while larger
spheroidal oligomers have a somewhat defined structure and size range. By high-resolution
atomic force microscopy (AFM), Mastrangelo et al classified Aβ oligomers into classes: low
molecular weight (LMW) oligomers such as dimers, trimers, tetramers etc and high molecular
weight (HMW) (multiples of dimers, trimers and tetramers etc) [53]. Fig. 3 represents a car-

14

toon for structures of Aβ including monomers, LMW and HMW oligomers, protofibrils, and
mature fibrils.

Fig. 3: A model showing the sequence of assembly and possible structures of Aβ monomers, LMW
and HMW oligomers, unit-protofibrils, and protofibrils/fibrils. Taken from Ref. [53].

Circular dichroism and Fourier transform infrared studies suggest that oligomers do possess
a larger amount of β-sheet content than nascent monomers but less than fully formed fibrils
[54]. The structure and size range of LMW oligomers are compatible with multiple loose
hairpin-like monomers stacked next to each other. The HMW oligomers, in contrast, show a
definite circular cross section, corroborating previous electron microscopy imaging data [52].
AFM studies indicate that circular HMW oligomers are rather discoidal than spheroidal [53].
Their disks heap on top of each other and this could explain the non-specific ion channel like
activity ascribed to soluble oligomeric preparations of β amyloid.
2.1.7.

Structure of Aβ fibrils

Amyloid fibrils are the major component of amyloid plaques. Dependence on sizes, they are
divided into either protofibrils or fibrils, in which protofibrils are units to compose fibrils. Amyloid fibrils, in contrast to oligomers, are characterized by very well defined cross-β structures
and insoluble structures.
In the case of Aβ1−40 eight first residues from the N-terminal are disordered and they are
discarded from construction of mature fibrils [55]. Having used the solid state NMR Tycko
et al have resolved fibril structures of Aβ9−40 for various sizes. The structures may be either
two-fold symmetry (PDB ID: 2LMN and 2LMO) [55] or three-fold symmetry (PDB ID: 2LMP
and 2LMQ) [56].
A fibril model of Aβ1−42 was introduced by Lührs et al [57] using hydrogen-bonding constraints from quenched hydrogen/deuterium-exchange NMR and side-chain packing constraints
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from pairwise mutagenesis studies. In this model, residues 1-16 are removed as they are disordered, while residues 17-42 form a β-strand-turn-β-strand motif that contains two intermolecular, parallel, and in-register β-sheets. The first and second β-strands involve residues 18-26
and 31-42, respectively. They are connected by the loop. The fibril structure of five Aβ17−42
peptides is available with PDB entry 2BEG [57].
2.1.8.

Therapeutics for Alzheimer’s disease.

In this section we give a brief review on therapy of AD based on the amyloid cascade
hypothesis. Therefore therapeutic approaches may be either reduction of Aβ production or
inhibition of Aβ aggregation. In order to prevent Aβ production one has to target γ- and
β-secretases that can cleave Aβ peptides from APP. One can also target γ-secretase to inhibit
generation of APP themselves. For disrupting Aβ aggregation and promoting its clearance
oligomers or fibrils become targets for drugs. Our focus is on development of this strategy.
2.1.8.1. Preventing Aβ products.
Targeting γ-Secretase
γ-secretase is a complex comprised of four different integral membrane proteins: presenilin,
nicastrin, Aph-1, and Pen-2 [58, 59]. Among of them, presenilin, which is an integral enzyme for
cleavage of of Aβ peptides from APP and it promotes the accumulation of Aβ peptides in AD, is
the most considered. Although it is an attractive drug target to block Aβ generation, γ-secretase
also cleaves approximately 20 other known substrates including the Notch protein involved in
crucial developmental pathways. Lack of substrate specificity by γ-secretase inhibitors has led
to adverse events largely suspected as due to inhibition of notch signaling. Eli Lilly has recently
released results from their phase III clinical trial for the γ-secretase inhibitor LY450139. The
drug could reduce Aβ levels, but causes significant side effects and actually worsens cognition.
In order to avoid these serious side effects, γ-secretase modulators are being pursued that would
selectively lower Aβ42 generation without altering the notch cleavage [60].
Targeting β-Secretase
Another potentially strategy to prevent Aβ production is inhibition of β-secretase (BACE1).
BACE1 is commonly transported between the plasma membrane and the endosomal pathway, where the acidic environment is more optimal for APP metabolism by BACE1. Recent
therapeutic attempts to target BACE1 activity resulted in the genesis of cell-impermeable
sterol-linked BACE-inhibitors, which attach to the plasma membrane and inhibit BACE1 activity during endocytosis [61]. Other drugs targeting β-secretase, which are being investigated
by pharmaceutical companies, are SCH745966 (Merck) and CTS21166 (Astellas/Comentis),
and BACE1 monoclonal antibodies engineered to cross the BBB via the transferrin receptor
(Genentech).
Targeting α-secretase
APP processing can be either non-amyloidogenic or amyloidogenic pathway, where the latter
pathway is known as the cause of AD. In the first processing, APP is proteolysed within the
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Aβ sequence by α-secretase (ADAM10 and ADAM17). This cleavage results in the secretion of
α-APP N-terminal domain (sAPPα) and an 83-amino-acid membrane-bound CTF. α-secretase
cleavage, therefore, precludes amyloid beta formation. Interestingly, sAPPα is shown to have
neuroprotective effects and enhances dendrite outgrowth [62]. Overexpression of ADAM10 in
transgenic mice leads to an increase in sAPPα production. On the another hand the presence
of catalytically inactive ADAM10 results in increase of Aβ plaques and cognitive deficits [63].
This suggests that design of specific allosteric enhancers/regulators of ADAM10 may represent
one potential therapeutic avenue for AD therapy.
2.1.9.

Inhibition of Aβ aggregation

Although inhibition of Aβ generation is a good way for AD therapeutics, it contains many
risky factors and unknown effects that are difficult to control. A safer way is inhibition of Aβ
aggregation which is under intensive investigation. The inhibitors for this therapeutics include
small natural molecules, metal chelators, antioxidants, antibodies, vaccines, non-steroidal antiinflammatory drugs and small peptides.
The metal chelation may disrupt fibrillogenesis by inhibiting Al and/or Cu, Zn deposition
in the brain and/or preventing Fe from catalyzing the formation of toxic hydroxyl radicals
[64, 65]. Some experimental studies performed on animals have been carried out in this area
[66, 67] , but no clear clinical evidence has been provided so far to support the use of chelating
agents as an adjunctive treatment for AD or other neurodegenerative disorders with similar
etiology. However, in the light of recent experiences accumulated from studies on clioquinol
(CQ) [68] a very different point of view has emerged. In contrast to the direct chelation approach
developed for metal overload disorders and aimed at removing excess metals, the main goal in
AD treatment seems to be a better and more suitable modulation of metal ion homeostasis
and of metal-Aβ interactions, aimed at restoring broken ionic balance. Known chelators that
have been clinically tested to include desferrioxamine (DFO) [69], rasagiline, an Fe chelator
approved by the FDA in 2005, and CQ [67], an antibiotic banned for internal use in the USA
since 1971 that appeared to block the genetic action of Huntington’s disease in mice and in
cell culture [67, 70]. DFO is a chelator of tripositive metals still used against Al overloading in
chronic dialysis treatment and in the treatment of Fe overload conditions, but no longer being
pursued clinically for AD. Conversely, CQ that has completed the Phase II clinical trial, has
been recently withdrawn from trials on human as one obtained controversial results [67].
Antioxidant is believed to slow down progression of AD, because oxidative damage may be
responsible for the cognitive and functional decline observed in AD. Despite the link between
antioxidant intake and reduced incidence of dementia and cognitive decline in elderly populations is not clearly shown in epidemiological studies, some antioxidants such as Ginkgo biloba
[71], melatonin [72], Vitamins E and C [73], gossypin [74] and curcumin [75] are found to have
protective effect against Aβ neurotoxicity. It is suggested that a combination of antioxidants
might be of greater potential benefit for AD, especially if these agents work in different cellular
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compartments or have complementary activity.
A new research area about application of small chemicals or molecules from natural products
in preventing Aβ oligomerization has been undertaken. Although, a number of Aβ aggregation
inhibitors have been identified in vitro, molecules capable of disrupting pre-formed oligomers
have not yet come to clinical trials [76]. Natural compound scyllo-cyclohexanehexol (AZD-103),
for example, is shown as a promising fibrillogenesis inhibitor through recent in vitro studies on
animals. Ferulic acid, a phenolic compound and a major constituent of fruit, is reported as
a potential molecule to employ in AD therapy by its ability to inhibit Aβ fibril formation
and to destabilize preformed fibrils [77]. Moreover, a natural polycyclic pigment, hypericin,
can associate with precursors of mature fibrils and perturb the aggregation process through
intermolecular interactions with Aβ peptides.
The finding Aβ immunization that may clear amyloid plaques results in vaccine approach to
AD. The AD immunotherapy is possible to vaccinate large portion of the aging population to
treat or prevent the devastating effect of neurological disorder. It has been found that antibodies
against Aβ aggregation can effectively bind and neutralize neurotoxic Aβ oligomers, reverting
memory deficit and improving cognitive functions in transgenic mice [78]. The immune response
can preclude cytotoxicity, facilitating the removal of soluble and deposited Aβ by promoting
microglial clearance and/or by redistributing Aβ from the brain to the systemic circulation
[79]. This strategy has been promoted by studies showing that the induction of antibodies
against residues 4-10 of Aβ1−42 in TgCRND8 mice, overexpressing the APP Swedish and V717F
mutations, inhibits both Aβ fibrillogenesis and cytotoxicity without the inflammatory response
observed after immunization with full-length Aβ1−42 [80]. Vaccines, experimented on patients
with clinically diagnosed mild to moderate AD with the results, show that these patients have
significantly slower rates of decline in cognitive function and daily living, over the 1-year period
of assessment [81].
Research of anti-inflammatory compounds in mouse models and human clinical trials has
shown some promising results. Non-steroidal anti-inflammatory drugs including ibuprofen,
naproxene, ketoprofen, curcumin, sulindac, and indomethacin can reduce inflammation, oxydative damage, and plaque formation [82].
Peptides of different sizes are also reasonable alternatives to chemical pharmaceuticals. They
can regulate biological functions and offer high biological activity associated with high specificity
and low toxicity. Currently, there are 67 therapeutic peptides on the market, 150 in clinical
phases and more than 400 in the pre-clinic phase. A number of small peptides that inhibit Aβ
aggregation and reduce its toxic effects were reported and a fraction of them were shown to
be effective in AD rodent animal models. In addition, Aβ binding peptides, developed for a
suitable use in vivo imaging methods, are possibly useful for early diagnosis of AD. Because the
binding sites of Aβ for non-peptidic inhibitors are not well understood and most of them can
also block aggregation of peptides like amylin and α synuclein. Therefore they shows the lack of
specificity to β amyloid and projects for the development of potent non-peptide inhibitors have
rather limited success. In contrast, almost peptide-based inhibitors of Aβ oligomerization bind
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to (16-22) region [83], which is necessary for initiating oligomerization [83]. We will further
develop new short peptides as potential inhibitors for AD.
2.2.
2.2.1.

Influenza virus
Structure of Influenza Virus

Influenza virus is roughly sphere with diameter of about 100 nm (Fig. 4). The outer layer
is a lipid membrane which is taken from the host cell in which the virus multiplies. Inserted
into the lipid membrane are ”spikes” which are glycoproteins. Glycoproteins linked to sugars
are known as hemagglutinin (HA) and neuraminidase. HA has 17 subtypes (H1-H17), while
NA has 9 subtypes (N1-N9). The combination of HA and NA subtypes determines the subtype
of influenza virus (for example H1N1, H5N1 etc). HA can bind with sialic acid receptor on
the surface of cell and supports the entry of inuenza virus into the cell. After replication of
virus in the cell, NA cleaves the linkage between sialic acid and virus, releasing new forms of
virus from the infected cell [84]. Embedded in the lipid membrane is the M2 protein which is
important for proton transport. Beneath the lipid membrane is a viral protein M1 or matrix
protein. This protein, which forms a shell, gives strength and rigidity to the lipid envelope.
Within the interior of the virion there are eight viral RNAs. These are the genetic material of
the virus as they code for one or two proteins. The eight RNA segments are: HA (about 500
HA molecules are needed to make one virus); NA (about 100 NA molecules per one virus); NP
encodes nucleoprotein; M encodes two matrix proteins (M1 and M2) by using different reading
frames from the same RNA segment (about 3000 matrix protein molecules per one virus); NS
encodes two distinct non-structural proteins (NS1 and NEP); PA encodes an RNA polymerase;
PB1 encodes an RNA polymerase and PB1-F2 protein; and PB2 encodes an RNA polymerase
(Fig. 4).
2.2.2.

Three types of influenza viruses

There are three types of influenza viruses A, B and C depending upon the virus structure.
Among them type A is the most virulent human pathogens and causes the most severe disease
and pandemics. The influenza virus A can be subdivided into different serotypes based on the
antibody response to it. The serotypes that have been confirmed in humans, ordered by the
number of known pandemic deaths, are A/H1N1 (Spanish Flu in 1918, and Swine Flu in 2009),
A/H2N2 (Asian Flu in 1957), A/H3N2 (Hong Kong Flu in 1968), A/H5N1 (Bird Flu in 2004),
A/H7N7 (has an unusual zoonotic potential), A/H1N2 (endemic in humans, pigs and birds),
A/H9N2, A/H7N2, A/H7N3 and A/H10N7.
Influenza B infects humans, seal and ferret, but it is less severe and less common than
influenza A. This type of influenza mutates at a rate 23 times slower than type A and is less genetically diverse, with only one influenza B serotype (http://en.wikipedia.org/wiki/Influenza).
The reduced rate of antigenic change ensures that pandemics of influenza B do not occur.
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Fig. 4: Structure of influenza virus. Taken from Ref. [85]

Influenza C virus, which infects humans, dogs and pigs, sometimes causes local epidemics
but not pandemics. It is less common than types A and B and usually only causes mild disease
in children.
2.2.3.

Life cycle of Influenza A virus

Like any virus, influenza A virus can only live and replicate inside a living host cell. The
life cycle of Influenza A virus consists of multiple stages (Fig. 5). In stage 1, the virus binds to
a cell through interactions between its HA glycoprotein and sialic acid sugars on the surfaces
of epithelial cells in the lung and throat, and then enters into the cell by endocytosis. In
stage 2, the matrix protein 2 (M2) ion channel opens up allowing protons to enter inside the
virus. The protons acidify the virus core and make it to disassemble and release the viral
RNA molecules, accessory proteins and RNA-dependent RNA polymerase into the cytoplasm.
During stage 3, these proteins and viral RNA form a complex that is transported into the
cell nucleus, where the RNA-dependent RNA transcriptase begins transcribing complementary
positive-sense vRNA (steps 3a and 3b). In stage 4, the resulting complementary positive-sense
viral RNAs are either exported into the cytoplasm and translated, or remain in the nucleus. In
stage 5, newly-synthesised viral proteins are either secreted through the Golgi apparatus onto
the cell surface (in the case of NA and HA, step 5b) or transported back into the nucleus to bind
viral RNA and form new viral genome particles (step 5a). Other viral proteins have multiple
actions in the host cell, including degrading cellular mRNA and using the released nucleotides
for viral RNA synthesis and also inhibiting translation of host-cell mRNAs. During stage 6,
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Fig. 5: Life cycle of Influenza A virus. Taken from Ref. [86]

the viral RNA, RNA-dependent RNA polymerase, and other viral proteins in the nucleus are
assembled into a virion. HA and NA molecules cluster into a bulge in the cell membrane. The
viral RNA and viral core proteins leave the nucleus and enter this membrane bulge. Finally,
in stage 7, the mature virus buds off from the cell in a sphere of host phospholipid membrane,
acquiring HA and NA with this membrane coat. The neuraminidase cleaves sialic acid residues
that glue HA and the host cell membrane and thus release the grown virus from the cell. The
host cell dies after the release of new influenza virus.
2.2.4.

History swine influenza pandemics

The ability to trace outbreaks of swine flu in humans dates back to investigation of the 1918
Spanish influenza pandemic. It has infected one-third of the world’s population (an estimated
500 million people) and caused approximately 50 million deaths, and become the most severe
single disease event in the history of Epidemiology. At that time, the cause of human influenza
and its links to avian and swine influenza was not understood. The cause was only determined
in 1930s, and the related influenza viruses (now known as H1N1 viruses) were isolated from pigs
and then humans [87]. A 1976 outbreak of swine influenza in Fort Dix, New Jersey, involved
more than 200 cases, some of them severe with one death. In October, 1976, approximately 40
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million people received the swine flu vaccine A/NewJersey/1976/H1N1 before the immunization
initiative was halted because of the strong association between the vaccine and Guillain-Barré
syndrome (GBS) [88]. About 500 cases of GBS were reported, with 25 deaths due to associated
pulmonary complications. In 2009, cases of influenzalike illness were first reported in Mexico on
March 18 and the outbreak was subsequently confirmed as swine H1N1 influenza A. On June
11, 2009, World Health Organization (WHO) declared the outbreak to be a pandemic because
of widespread infection beyond North America to Australia, the United Kingdom, Argentina,
Chile, Spain, and Japan. WHO report on the 2009 influenza pandemic indicated that nearly
all countries reported cases of H1N1 virus infection, with more than 17,000 deaths worldwide.
Presently the death associated with the swine flu is occasionally reported in different countries.
2.2.5.

Development of drugs for treatment of influenza viruses

In development of drugs against influenza viruses one considers protein NA and M2 proton
channel as the main drug targets. Amantadine and rimantadine proved by FDA are inhibitors
for M2 proton channel. Their binding affinity inside the channel is higher than outside. For the
2008/2009 flu season, the United States’ Centers for Disease Control and Prevention (CDC)
found that 100% of seasonal H3N2 and 2009 pandemic flu samples tested have shown resistance to these drugs (http://www.cdc.gov/flu/weekly/weeklyarchives2008-2009/weekly35.htm
and http://www.cdc.gov/mmwr/preview/mmwrhtml/rr6001a1.htm). Resistance can occur as
a result of an amino acid substitutions at certain locations in the transmembrane region of
M2. This prevents binding of the antiviral to the channel [89]. Therefore, amantadine and
rimantadine are no longer recommended for treatment of influenza.
Currently, the NA inhibitors tamiflu and relenza are prescribed by doctor to patients who
suffer from influenza A and B virus. However, some cases of avian H5N1 and swine pandemic
H1N1 influenza were reported to show resistance to tamiflu [17, 18]. This necessiatate the
development of more efficient drugs. One of possible ways is to screen potential candidates
from large data bases of ligands [19, 90, 91]. Another way is to design compounds that are
structurally similar to tamiflu but with better binding affinity [91, 92]. A lot of promising leads
were predicted by in silico and in vitro studies but none of them are under clinical trials.
It is known that tamiflu must be administrated twice daily for 5 days. An important goal
is to produce antiviral agents that act longer than existing drugs. In order to achieve these
two goals (efficacy in treatment and long action), experiments have been carried out on the
compound R-125489 and its prodrug, CS-8958 [93] These ligands seem to be the most promising
leads due to its long-acting activity and good binding affinity to NA of both types A and B,
and their variants [94].
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Chapter 3.
3.1.

COMPUTATIONAL APPROACHES AND ANALYSIS METHODS

Molecular dynamics simulation

MD simulation is an important tool for understanding the physical basis of the structure and
function of biological macromolecules. It can describe ultimate details concerning motion of
individual particle as a function of time. Therefore, MD simulation can provide at the atomic
level details of molecular processes which can be difficult to access in experiment. In this study
we use all-atoms models for proteins and ligand in explicit water for MD simulations that are
mainly performed in GROMACS suit [95]. Therefore, we will give a brief introduction to the
general principles of MD simulations.
3.1.1.

Modeling of proteins and ligands: all-atom models

The most accurate description of a molecular system evolving in time can be obtained by the
time-dependent Schrödinger equation. This quantum mechanics approach is necessary should
we consider transitions between microstates. Here we adopt the classical mechanics to describe
molecules as changes in microstates are not taken into account. In this approximation the
motion of individual atom is described by the Newton equation.
For modeling of proteins one uses lattice, off-lattice coarse-grained and all-atom models.
Throughout this thesis we employ the most accurate all-atom models to describe proteins as
well as ligands.
Contrary to physics community, in computational biology the potential energy of the molecular system is called force field (FF). In the classical approximation, for FF models one neglects
the electronic motions and computes the energy of a system as a function of the nuclear positions only. Several different FFs have been developed by various research groups. As major
force fields, extensively used in computational science, one should mention AMBER [96–101],
CHARMM [102, 103], GROMOS [104] and OPLS [105, 106]. Although FFs are different, they
have the common functional form of a force filed consists of two terms:
E = Ebonded + Enonbonded

(1)

where Ebonded is the bonded term which is related to atoms that are linked by covalent bonds
and Enonbonded is the nonbonded one which is described the long-range electrostatic and vdW
forces.
Bonded interactions. The potential function for bonded interactions can be subdivided
into four parts: covalent bond-stretching, angle-bending, improper dihedrals and proper dihedrals. The bond stretching between two covalently bonded atoms i and j is represented by a
harmonic potential

1
Vb (rij ) = kijb (rij − bij )2
(2)
2
where rij is the actual bond length, bij the reference bond length, kij the bond stretching force
constant. Both reference bond lengths and force constants are specific for each pair of bound
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Fig. 6: Schematic representation for covalent bonding (a), bond angle interactions (b), proper torsion
potential (c), improper dihedral angles (d), long range vdW (e) and electrostatic interactions (f).

atoms and they are usually extracted from experimental data or from quantum mechanical
calculations.
The bond angle bending interactions between a triplet of atoms i-j-k are also represented by
a harmonic potential on the angle θijk

θ
where kijk

1 θ
0 2
Va (θijk ) = kijk
(θijk − θijk
)
(3)
2
0
is the angle bending force constant, θijk and θijk
are the actual and reference angles,

θ
0
respectively. Values of kijk
and θijk
depend on chemical type of atoms.

Proper dihedral angles are defined according to the IUPAC/IUB convention (Fig. 6c), where
φ is the angle between the ijk and the ikl planes, with zero corresponding to the cis configuration
(i and l on the same side). To mimic rotation barriers around the bond the periodic cosine
form of potential is used.
Vd (φijkl ) = kφ (1 + cos(nφ − φs ))

(4)

where kφ is dihedral angle force constant, φs is the dihedral angle (Fig. 6c), and n=1,2,3 is a
coefficient of symmetry.
Improper potential is used to maintain planarity in a molecular structure. The torsional
angle definition is shown in the figure 6d. The angle ξijkl still depends on the same two planes
ijk and jkl, as can be seen in the figure with the atom i in the center instead on one of the ends
of the dihedral chain. Since this potential used to maintain planarity, it only has one minimum
and a harmonic potential can be used:
1
(5)
Vid (ξijkl ) = kξ (ξijkl − ξ0 )2
2
where kξ is improper dihedral angle bending force constant, ξijkl - improper dihedral angle.
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Nonbonded interactions. They act between atoms within the same protein as well as
between different molecules in large protein complexes. Non bonded interactions are divided
into two parts: electrostatic (Fig. 6f) and vdW (Fig. 6e) interactions. The electrostatic
interactions are modeled by Coulomb potential:
Vc (rij ) =

qi qj
4π²0 rij

(6)

where qi and qj are atomic charges, rij distance between atoms i and j, ²0 the electrical permittivity of space. The interactions between two uncharged atoms are described by the Lennard-Jones
potential

Cij12 Cij6
VLJ (rij ) = 12 − 6
rij
rij

(7)

where Cij12 and Cij6 are specific Lennard-Jones parameters which depend on pairs of atom types.
Models used for water. For all simulations the SPC [107] water model was used in
combination with the GROMOS96 43a1 force field, the TIP3P [108] model with the AMBER
force field and the TIP4P [108] model with the OPLS/AA force field.
3.1.2.

Langevin dynamics simulation

The Langevin equation is a stochastic differential equation which introduces friction and
noise terms into Newton’s second law to approximate effects of temperature and environment:
m

d~r
d2~r
= F~c − γ + ~Γ ≡ F~ .
2
dt
dt

(8)

~ r.
where Γ is a random force, m the mass of a bead, γ the friction coefficient, and F~c = −dE/d~
Here the configuration energy E given by Eq. (1). The random force Γ is a Gaussian random
variable with white noise spectrum and is related to the friction coefficient by the fluctuationdissipation relation:
< Γ(t)Γ(t0 ) >= 2γkB T δ(t − t0 )

(9)

where kB is a Boltzmann’s constant, γ friction coefficient, T temperature and δ(t − t0 ) the Dirac
delta function. The friction term only influences kinetic but not thermodynamic properties.
3.1.3.

Integration algorithms

In MD simulations, Newton’s equations of motion (Eq. 1 and 2) are solved for discrete
time intervals ∆t by using an integration algorithm. Such algorithms are based on Taylor’s
expansions of positions, velocities or further derivatives.
The default MD integration algorithm in GROMACS, for example, is leap-frog [109]. It is
fast and requires only little memory storage. It uses positions ri at time t and velocities vi
at time t − ∆t/2; it updates positions and velocities using the forces fi (t) determined by the
positions at time t:
25

∆t
∆t
Fi
) = vi (t −
)+
∆t
2
2
mi
∆t
ri (t + ∆t) = ri (t) + vi (t +
)∆t
2
vi (t +

(10)

Because of reasonable accuracy in integrating the motion equations, the maximum time step
∆t should be small in comparing to the period of the fastest vibrations within the system. Its
maximum value can be 4 f s.
In the overdamped limit (γ > 25 τmL ) the inertia term can be neglected, then the Langevin
dynamics is replaced by Brownian dynamics. In this case the Euler method may be used for
solving the first order differential equations of motion.
3.1.4.

MD simulations in Gromacs suit

The GROMACS 4.0.5 package [110] was used to run MD simulations with the GROMOS96
43a1 force field [111] and the SPC water model [112]. This force field was proved to be useful
in studying aggregation of peptides (see, e.g. Ref. [113, 114] and references therein). The
equations of motion were integrated by using a leap-frog algorithm (Eq. 10) with a time step of
2 fs. The LINCS algorithm [115] was used to constrain the length of all covalent bonds with a
relative geometrical tolerance of 10−04 . The V-rescale temperature coupling, which uses velocity
rescaling with a stochastic term [116], has been used to couple each system to the heat bath
with a relaxation time of 0.1 ps. The Berendsen pressure coupling method [117] was applied to
describe the barostat with constant pressure at 1 atm. The vdW forces were calculated with a
cut-off of 1.4 nm, and particle-mesh Ewald method [118] was employed to treat the long-range
electrostatic interactions. The non-bonded interaction pair-list was updated every 10 fs with
the cut-off of 1 nm. ‘
3.2.

Computational approaches for study of protein-ligand binding

The accurate estimation of the binding energy of ligand to receptor is a key problem in
drug discovery. In this chapter we present the relationship between the binding free energy
and thermodynamics quantities measured in experiment. The computational approaches used
in our studies will be also discussed.
3.2.1.

Definition of protein-ligand binding affinity

In experiments the binding affinity may be characterized either by the inhibition concentration (IC50) or inhibition constant (Ki ). In theory, the (free) energy difference between
unbinding and binding states of protein-ligand system (Fig. 7) is used as a measure of binding
strength. There are a lot of numerical methods and computer modeling were proposed to cal26

Fig. 7: Protein and ligand in unbinding and binding states.

culate and predict the binding affinity. However, the binding problems always are hot topics,
because more accurate and faster in the calculation are the goals of many studies in this field.
The binding process of a ligand to a protein is expressed by following reaction:
P +L*
) PL

(11)

Where P , L, and P L are free protein, free ligand, and the protein-ligand complex, respectively.
The reaction is governed by the association constant, Ka , or conversely, the dissociation constant Kd = 1/Ka . They are given by the concentrations of three species in equilibrium
Ka =

[P L]
1
=
,
Kd
[P ][L]

(12)

where [P ], [L] and [P L] are, respectively, the concentration of the free protein, the free ligand,
and the protein-ligand complex. The receptor-ligand binding free energy ∆Gbind is calculated
through Ka by the following equation
∆Gbind = −RT ln(Ka C ref ),

(13)

R, T and C ref (often set as 1M or 1 molecule/1668Å3 ) are the gas constant, the absolute temperature and the reference concentration, respectively. In experiment, Ka can be the half maximal
inhibitory concentration or inhibitor constant which are measured in mol concentration. Because at room temperature RT = 0.596 kcal/mol, the free binding energy is ≈ −9 ÷ −12
kcal/mol when IC50 is in range of µM ÷ nM.
3.2.2.

Docking methods

In docking methods the configuration sampling is not used to estimate the binding affinity
but scoring functions are employed to identify the most stable receptor-ligand conformation.
The best conformation is then used to assign a ligand binding energy with the help of either the
same energy model that was used during docking or a more sophisticated and time-consuming
model [119]. Because of high speed, docking programs with scoring functions are widely used
as first screening of top leads from a large compound database in drug-design. The scoring
functions can be divided into four classes: force field, empirical, knowledge-based and consensus
scoring function [120]. In this study, we have used Autodock vina program,in which an empirical
scoring function is implemented.
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The empirical scoring function estimates the binding affinity on the basis of the set of
weighted energy terms
∆G =

X

Wi ∆Gi .

(14)

i

Here ∆Gi represents different energy terms such as vdW energy, electrostatics interaction, hydrogen bonding, desolvation, entropy, hydrophobicity etc. The corresponding coefficients Wi
are determined by fitting data on binding affinities of a training set of protein-ligand complexes
with known three-dimensional structures. Different empirical energy terms and empirical scoring functions are used in different protein-ligand docking programs such as FlexX [121] and
Autodock vina [122]. The applicability of docking methods may depend on the training set is
has been usually obtained for not large enough data set. Conceptual disadvantages come from
the fact that the functions are trained solely on crystal structures of protein-ligand complexes
with medium-to-strong binding affinities. This may result in empirical scoring functions that
have no effective penalty term for bad conformations. In short, the main disadvantages of
docking methods is that the dynamics of receptor is ignored and the number of trials for ligand
positions is limited. However, they are good enough for location of binding pockets and fast
enough to deal with large data bases.
3.2.3.

MM-PBSA method

In contrast with docking methods, which focus on a single bound conformation, the methods based on the MD simulation use conformational sampling to generate thermodynamic
averages. These methods are more accurate than docking methods, but they are more computer consuming. There are a lot of methods used for calculation of the binding free energy
like linear-response approximate (LRA), linear interaction energy (LIE), thermodynamics integration (TI), molecular mechanics Poisson-Boltzmann surface area (MM-PBSA) [123, 124]
etc. Each method has advantages and disadvantages, but we will discuss MM-PBSA method
in detail as it has been used in our simulations.
In the MM-PBSA method, the binding free energy is defined as follows
∆Gbind = Gcomplex − Gfree-protein − Gfree-ligand .

(15)

Calculations of the free energy of each molecule were carried out according to
G = Emm + Gsolvation − T S.

(16)

The molecular mechanics energy of the solute in the gas phase Emm was computed for each
snapshot with no cut-offs to incorporate all possible non-bonded interactions,
Emm = Ebond + Eangle + Etorsion + Eelec + EvdW .

(17)

The intramolecular electrostatic (Eelec ) and vdW ( Evdw ) interactions are calculated by the
Gromacs utility with the same force field used in MD simulations.
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The free energy of solvation, Gsolvation was approximated as the sum of electrostatic and
nonpolar contributions,
Gsolvation = GPB + Gsur .

(18)

Here GPB derived from the electrostatic potential between solute and solvent was determined
using the continuum solvent approximation [125]. It is the change of electrostatic energy from
transferring solute in a continuum medium, from a low solute dielectric constant (²=2) to
higher one with water without salt (²=78.45). Using grid spacing 0.1 Å , the APBS package
[126] was implemented for numerical solution of the corresponding linear Poisson Boltzmann
equation. The GROMOS radii and charges were used to generate PQR files. Then, the nonpolar
solvation term Gsur was approximated as linearly dependent on the solvent accessible surface
area (SASA), derived from Shrake-Rupley numerical method [127] integrated in the APBS
package. Gsur = γSASA + β, where γ = 0.0072 kcal/mol.Å2 and β = 0 [128].
Solute entropy contributions were approximated from the average of three snapshots randomly taken from MD runs. Structures were minimized with no cut-off for non-bonded interactions by using conjugate gradient and low-memory Broyden-Fletcher-Goldfarb-Shanno method
[129] until the maximum force was smaller than 10−6 kJ/(mol.nm). The conformational entropy of the solute S, estimated from normal mode analysis by calculating and diagonalizing
the mass-weighted Hessian matrix [130], is as follows
Svib = −R ln(1 − e−hν0 /kB T ) +

NA ν0 e−hν0 /kB T
.
T (1 − e−hν0 /kB T )

(19)

Here Svib is the vibrational entropy, h Plank’s constant, ν0 the frequency of the normal mode,
kB the Boltzmann constant, T = 300 K, and NA Avogadro’s number.
3.2.4.

Steered molecular dynamics methods.

Fig. 8: (A) Schematic plot for pulling ligand from a receptor by applying the force via the cantilever
with the spring constant . (B) Typical dependence of force experienced by ligand on the displacement
from its initial position. The rupture force serves as a score function for binding affinity.
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To probe the binding affinity of a ligand to a receptor one applies the external force to pull
the ligand from the binding pocket without fixing any atoms of the ligand (Fig. 8a). The key
idea here is that the stronger is binding the higher is the rupture force needed to pull a ligand
out from the binding pocket. As in single molecule force spectroscopy, the force experienced by
the ligand is proportional to the displacement of the cantilever. In the case in which the force
is loaded at a constant rate, the total energy of the receptor-ligand complex is
k
(x − vt)2
(20)
2
are, respectively, the energies of the receptor, ligand

E = Ereceptor + Eligand + Ereceptor−ligand + Ef orce ,
Here Ereceptor , Eligand and Ereceptor−ligand

Ef orce =

and receptor-ligand interaction. Their forms depend on force fields used to describe the binding
process. In AFM experiments the spring constant k of a cantilever tip is about pN/nm and
is the displacement of an atom, which the force is applied to, from its initial position. is the
pulling speed while is the force loading rate. The ligand experiences the force which is measured
in experiments.
The breaking of hydrogen bonds (HB) requires a force that equals. Assuming the hydrogen
bond energy 1 kcal/mol and the typical distance between two covalently bonded atoms nm one
needs force equal to 10 pN or a pulling rate of 100 nm/s to break a HB within one tenth of second
using a cantilever with pN/nm. Suppose the binding pocket size is nm and the experimental
pulling rate 100 nm/s, then one needs a time of s to expose a ligand to the environment. Since
within present computational facilities one can run all-atom MD simulations up to 1 s, one
has to pull ligand at least 10 times faster than in experiments. MD with high pulling speed
or large constant force is called SMD. The SMD method has been implemented in most of
simulation programs such as GROMACS [131], AMBER [132], CHARMM [103] and NAMD
[133]. Fig. 8b shows a typical force-displacement profile in the case of pulling a ligand from a
binding pocket with constant loading rate. Initially, the force experienced by the ligand grows
almost linearly in accord with the Hookes law. The rupture force , which characterizes the
mechanical stability of the ligand, is directly related to unbinding process. While this rupture
force does not characterize the binding process, one can hypothesize that the larger the force
needed to unbind a ligand from a receptor the higher its binding affinity. For comparison with
experiments one can use the following approximation
∆Gbind ≈ −Fmax xef f .

(21)

Here xef f is an effective displacement, which presumably depends on the details of the system
and force field used to simulate them. Thus, in the SMD approach, instead of calculating a
binding free energy, the rupture force is used as a score function to measure a ligands binding
affinity. It can not be directly compared with the ligand inhibitory capacity but it can be used
to obtain relative binding affinities. Considering as the work performed in the transition from
bound to unbound state, one can show that Equation (21) can be obtained using the cumulant
expansion of the Jarzynski equality [134].
Using the Bell-Evans-Ritchie argument [135] one can show that Fmax depends on the pulling
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speed logarithmically [136]. Therefore, to compare binding properties of different complexes,
SMD simulations should be carried out at the same pulling speed . For loading rates of 100 −
−105 pN/s, the rupture force varies between 100 − −102 pN [136].
One should note that in term of computational speed SMD is medium between docking
and conventional MD methods. By SMD one can investigate ∼ 100 ligands within reasonable
amount of CPU, while ∼ 10 and 105 ligands may be studied by MM-PBSA and docking methods,
respectively.
3.3.
3.3.1.

Tools and measures used for data analysis
Contact maps

The time evolution of formation of side chain-side chain (SC-SC) and hydrogen bond (HB)
contacts was monitored. A SC-SC contact is formed if the distance between the centers of mass
of two residues is ≤ 6.5 Å. HB is formed if distance between donor D and acceptor A is ≤ 3.5
Å and the angle D-H-A is ≥ 135o .
3.3.2.

Free energy landscape.

The free-energy surface along the N -dimensional reaction coordinate V = (V1 , ...VN ) is given
by ∆G(V ) = −kB T [ln P (V ) − ln Pmax ], where P (V ) is the probability distribution obtained
from a histogram of MD data. Pmax is the maximum of the distribution, which is subtracted to
ensure that ∆G = 0 for the lowest free energy minimum. We use either helix- or β-content as
a reaction coordinate for the one-dimensional free energy landscape (FEL). The helix-content
(α-content) and the gyration radius Rg are also employed as reaction coordinates for the twodimensional FEL.
3.3.3.

Order parameter P2 .

In characterizing the fibril-like state of short peptides, the nematic order parameter P2
[113, 137] is used. If P2 > 0.5 , then a system has the propensity to be in an ordered state. In
this paper we calculate P2 for two peptides Aβ16−22 . The fibril-like state of these peptides is
formed if one observes two antiparallel β-strands by using VMD and this happens at P2 ≈ 0.8.
3.3.4.

Secondary structures.

To estimate secondary structures of monomer Aβ peptides we used the definitions described
earlier [138, 139]. Namely, one assumes that, if dihedral angles φ and ψ are discretized into
20 intervals of 18o , then β strand conformations correspond to the vertices of the polygon
(-180, 180), (-180, 126), (-162, 126), (-162, 108), (-144, 108), (-144, 90), (-50, 90), and (-50,
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180) on the Ramachandran plot; the α helix structure is confined to the polygon (-90, 0),
(-90, -54), (-72, -54), (-72, -72), (-36, -72), (-36, -18), (-54, -18), and (-54, 0). Other angles
correspond to random coil. For dimers where HBs between two peptides become important for
monitoring fibril formation, we use the STRIDE algorithm [140, 141] because in this algorithm
the definition of secondary structures is based not only on angles φ and ψ but also on HBs.
From this prospect STRIDE is more accurate than definitions purely based on geometrical
constraints.
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Chapter 4.

INHIBITION OF AGGREGATION OF Aβ PEPTIDES BY BETA

SHEET BREAKER PEPTIDES AND THEIR BINDING AFFINITY
4.1.

Introduction.

Inhibition of aggregation of amyloid beta peptides is one of possible therapeutics for AD. For
this strategy, there are several types of inhibitors such as polyamines, natural molecules, metal
chelators, short peptides etc have been proposed [5, 6, 142]. Among them, peptidic inhibitors,
which are known as beta-sheet breaker peptides, play an important role. While the binding
sites of Aβ for non-peptidic inhibitors are not well understood, most peptidic inhibitors of betaamyloid oligomerization bind to a region of Aβ(16-22) [83]. Beta-sheet breaker peptides were
first studied by Tjernberg et al and Soto et al [7, 8, 143]. The influence of several fragments of
Aβ peptides on their aggregation have been also studied by other groups [144, 145]. Tjernberg
et al identified Aβ16−20 (KLVFF) which binds to full-length Aβ and prevents assembly into
fibrils [7]. Soto and coworkers have shown that fragment Aβ17−21 (LVFFA) does not displays
high capacity to inhibit Aβ fibrillogenesis but peptide LPFFD obtained from this fragment by
Proline replacement V18P and mutation A21D considerably enhances it [8, 146].
The mechanism for LPFFD inhibiting the formation of β-sheet conformation of Aβ1−42 has
been explored [147] by the all-atom model with Gromos96 43a1 force field [110]. Their focus
was on the behavior of the salt bridge D23-K28 which plays the important role in stabilization
of the turn region. This bridge is not stable as the salt bridge forming atoms are solvated [148],
but if one makes it stable by forming a bond, the loop will now be stable and will assist the
peptide in forming a hairpin like structure leading to acceleration of the fibril formation process.
In fact, a recent experiment [149] showed that the aggregation rate of Aβ1−40 -lactam[D23-K28],
in which the residues D23 and K28 are chemically constrained by a lactam bridge, is nearly a
1000 times greater than in the wild-type.
On the other hand, LPFFD was found to increase distance between D23 and K28 which form
the salt bridge [147] and based on this fact it was suggested that LPFFD interferes aggregation
by breaking the lactam bridge [147]. The effect of KLVFF on folding of monomer Aβ1−40 and
its aggregation has not been studied yet. Moreover, it remains unclear if KLVFF or LPFFD is
more efficient in preventing Aβ aggregation and degrading fibrils.
A number of reasons also motivated us to theoretically study effects of KLVFF and LPFFD
on the Aβ aggregation. It seems that stronger is the ligand binding to monomer or fibrils, the
better is the inhibition, but despite a lot of computational efforts [150–152], there is no direct
theoretical verification for this relationship. The another interesting problem is that the overall
hydrophobicity of ligands itself is rather relevant to cytotoxity than the amino acid sequence
[153]. Since the total hydrophobicities of KLVFF and LPFFD are different, they can serve
as a good choice for studying the relationship between hydrophobicity and binding affinity.
Thus, one of our goals is to study their influence on the aggregation of Aβ peptides and their
binding affinity. This would shed light on the correlation between binding, hydrophobicity and
aggregation kinetics.
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Because the estimation of fibril assembly rates of full-length Aβ peptides is computationally
prohibited, we choose the Aβ16−22 fragment (KLVFFAE) for model study. Using the Gromos96
43a1 force field [110] with explicit water we have shown that LPFFD slows down oligomerization
of Aβ16−22 to a greater extent compared to KLVFF. Since the binding free energy of LPFFD
to Aβ16−22 obtained by the molecular mechanics-Poisson-Boltzmann surface area (MM-PBSA)
method [123, 124] is lower than that for KLVFF, our results probably provide the first theoretical support for correlation between the binding affinity and inhibitory ability that the stronger
is binding the slower is the oligomerization process. Our finding also suggests that the former
is a more prominent inhibitor due to its lower total hydrophobicity compared the latter one.
It is well known that Aβ1−42 peptides aggregate into β-sheet fibril much faster than Aβ1−40
ones [154, 155]. This pronounced difference is presumably due to higher beta-content (βcontent) in the monomer state of the former [46]. Based on this fact one has proposed a
strategy for designing drugs to cope with the Alzheimer’s disease [46] that ligands destabilizing
the β-sheet monomer state would block formation of neurotoxic oligomers. Then an interesting
question emerges is whether this hypothesis remains valid in the presence of inhibitor/ligand.
To answer this question we performed conventional 300 ns MD simulations of monomer Aβ1−40
and two complexes Aβ1−40 +KLVFF and Aβ1−40 +LPFFD. To our surprise, both beta-sheet
breakers do not reduce the total β-content of Aβ1−40 , but the prominent inhibitor LPFFD even
enhances it. A more detailed analysis shows that they do decrease the β-content in fibril-prone
regions. Thus, in the presence of a ligand the correlation between the fibril formation rates
and the β-content of monomer state may be no longer valid. Instead the inhibitory capacity
of ligands is reflected in reduction of β-content in fibril-prone regions. On the other hand, we
have shown that inhibitors enhance stability of Aβ1−40 . From this prospect, in the presence of
ligand the stability of the monomer state is a better indicator for fibrillogenesis than the total
amount of β-content.
The susceptibility of two inhibitors to Aβ1−40 and its mature fibrils has been studied in detail.
For mature fibrils we have considered both two-fold [156] and three-fold [56] structures. The
results followed from the Autodock [157] and MM-PBSA method show that LPFFD displays
higher binding affinity compared to KLVFF. This result suggests that the former degrades
amyloid aggregates to a greater extent than the latter.
In short, in this chapter we present three main results. First, LPFFD interferes oligomerization of Aβ16−22 better than KLVFF and this is probably related to difference in their binding
affinity and hydrophobicity. Second, the capacity of blocking aggregation of Aβ1−40 peptides is
correlated with their binding affinity but may not associated with reduction of total β-content
in monomer state of receptors. Therefore, studying ligand binding is a save way to search for
new leads in the drug design problem. Third, our findings on binding free energies of KLVFF
and LPFFD to Aβ1−40 and mature fibrils are compatible with experiments [7, 8, 146] that they
inhibit aggregation of Aβ.
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4.2.
4.2.1.

Materials and Methods.
Crystal structures of amyloid peptides and their fibrils.

In the Protein Data Bank (PDB) three possible structures with PDB codes 1BA6 [158],
1AML [159] and 1BA4 [50] are available for the full-length Aβ1−40 . The structure 1BA6 is
not considered because it is a methionine-oxidized form of Aβ1−40 [158]. Since this peptide is
highly aggregation-prone in water both structures 1AML and 1BA4 have been obtained in the
water-micelle environment with pH equal 2.8 and 5.1, respectively [50, 159]. 1AML contains
two helices (15-23 and 31-35), while 1BA4 has one long helix expanded between residue 15 and
36. We have chosen 1BA4 for simulations because it has been resolved in the environment with
pH closer to pH of water.
We have chosen 1BA4 because this structure is more recent compared to 1AML. Thus, the
crystal structure of full-length Aβ1−40 with PDB code 1BA4 [50]) was used in our simulations
and docking experiments. The structures of monomer Aβ16−22 (KLVFFAE), Aβ16−20 (KLVFF)
were extracted from the structure of Aβ10−35 peptide (PDB code: 1hz3 [160]). The peptide
LPFFD was derived from (17-21)-fragment of Aβ10−35 with mutations V18P and A21D [8].
Since 8 amino acids of the N-terminal of Aβ1−40 are disordered in the fibril state they are
neglected in construction of fibrils. We will dock KLVFF and LPFFD to twofold-symmetry
fibril of six (6Aβ9−40 ) and 12 Aβ9−40 peptides (12Aβ9−40 ) [55], and three-fold symmetry fibril
of nine (9Aβ9−40 ) and 18 Aβ9−40 chains (18Aβ9−40 ) [56]. The corresponding structures were
kindly provided by dr. R. Tycko.
4.2.2.

Docking

To dock pentapeptides to full-length Aβ peptides and their fibrils, we prepare PDBQT file
for receptor and ligand using AutodockTools 1.5.4 [157] . The Autodock Vina version 1.1
[122] which is much more efficient than Autodock 4 has been employed. To describe atomic
interactions a modified version of the CHARMM force field is implemented. In the Autodock
Vina software the Broyden-Fletcher-Goldfarb-Shanno method [129] is employed for the local
optimization. To obtain reliable results, the exhaustiveness of global search was set equal 400,
while the maximum energy difference between the best binding mode and the worst one is
chosen to be 7. Twenty binding modes (20 modes of docking) were generated with random
starting positions of ligand which has fully flexible torsion degrees of freedom. The center
of grids is placed at the center of mass of receptors and grid dimensions are 60 × 40 × 40,
90 × 70 × 50, and 50 × 90 × 90 Å for Aβ1−40 , two-fold symmetry 6Aβ9−40 and three-fold
symmetry 9Aβ9−40 , respectively. For two-fold symmetry 12Aβ9−40 and three-fold symmetry
18Aβ9−40 grid dimensions of 100 × 70 × 70, and 70 × 100 × 90 Å have been employed. These
dimensions are large enough to cover the whole receptor.
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Table 1: Durations (in ns) of MD runs generated in simulations.
Traj

Aβ16−22

Aβ16−22

+KLVFF

+LPFFD

2Aβ16−22

2Aβ16−22

+KLVFF

+LPFFD

200

200

144

560

338

2

149

600

409

3

179

340

325

4

175

282

338

1

4.2.3.

2Aβ16−22

Aβ1−40

300

Aβ1−40

Aβ1−40

+KLVFF

+LPFFD

300

300

Aβ1−42

300

MD simulations.

MD simulations have been carried out using the force field Gromos96 43a1 and the
SPC water model as described in Chapter 3. Dimer of Aβ16−22 (2Aβ16−22 ) and two complexes 2Aβ16−22 +KLVFF and 2Aβ16−22 +LPFFD were studied to probe effects of inhibitors on
oligomerization. For each of these systems we performed four MD runs (trajectories) at T
= 300 K. Initial conformations were generated by randomly placing the peptides in periodic
boxes. The peptide concentration of Aβ16−22 and inhibitor are 67 mM and 33.5mM which are
about three orders of magnitude higher than those used in experiments [7].
To estimate binding free energies of inhibitors to monomer Aβ16−22 and Aβ1−40 by the MMPBSA method, we have simulated four systems including Aβ16−22 +KLVFF, Aβ16−22 +LPFFD,
Aβ1−40 +KLVFF and Aβ1−40 +LPFFD. Durations of all MD runs are listed in table 1. Because durations of runs are different, some remarks are in order. Since we are interested
in thermodynamics of Aβ16−22 , Aβ16−22 +KLVFF, Aβ16−22 +LPFFD, Aβ1−40 , Aβ1−40 +KLVFF,
Aβ1−40 +LPFFD, and Aβ1−42 , the corresponding MD runs should be longer than time required
for reaching equilibrium (see below) and long enough to get good sampling. Therefore, MD runs
of 200 ns and 300 ns have been carried out for the first three systems, and the last four systems,
respectively (Table 1). One can show that these runs suffice for our purpose as two-fold shorter
runs (100 and 150 ns) provide the same result for binding free energies.
In the case of 2Aβ16−22 , 2Aβ16−22 +KLVFF, 2Aβ16−22 +LPFFD we consider not only thermodynamics but also kinetics of fibril formation (see Fig. 1-3 below). So the criterion for length
2Aβ
of MD runs is that they it should exceed fibril formation time τfib
and be long enough for

reliable estimation of ∆Gbind . Trajectory 2 of 2Aβ16−22 +LPFFD (Fig. 3) is exception because
the fibril-like state does not occur after 410 ns. We have halted MD run for this case as the
order parameter P2 remains low.
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4.3.
4.3.1.

Results and Discussions
LPFFD is more efficient than KLVFF in inhibition of oligomerization of dimer 2Aβ16−22 .

4.3.1.1. Dimer 2Aβ16−22 .
Since monitoring fibril formation of full-length amyloid peptides by all-atom simulations
is beyond present computational facilities, we consider a much shorter fragment Aβ16−22 . For
illustration purpose we study the effect of KLVFF and LPFFD on this fragment. In the absence
of pentapeptides the fibril-like state of the dimer occurs rapidly in all four trajectories (Fig.
2Aβ
2Aβ
9). The fastest (τfib
≈ 1 ns) and slowest (τfib
≈ 58 ns) fibril formation with two antiparallel

Aβ16−22 peptides is observed in the fourth and first MD run, respectively. Averaging over
four trajectories we obtain the fibril formation time τ 2Aβ
fib = 19 ± 23 ns. The fibril-like state
in the fastest trajectory 4 is highly unstable because it disappears rapidly after formation at
2Aβ
τfib
≈ 1 ns and does not occur again after more than 100 ns. Similar to trajectory 2, where the

oligomerization is also fast, the route to the ordered state is not accompanied with intermediates
as no visible plateaus are observed in the time dependence of P2 (t). This behavior is in sharp
contrast with trajectories 1 and 3 where relatively short-lived intermediates appear (Fig. 9).

Fig. 9: Time dependence of the order parameter P2 for 2Aβ16−22 for four trajectories. Shown are
2Aβ
initial and fibril-like snapshots. τfib
≈ 58, 3, 13, and 1 ns for the first, second, third and fourth
trajectory, respectively. Averaged value of fibril formation times is equal to τ 2Aβ
fib = 19 ± 23 ns.

4.3.1.2. 2Aβ16−22 +KLVFF system.
The diversity of pathways to the ordered state of this system is shown in Fig. 10. In the first
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trajectory the antiparallel arrangement of one Aβ16−22 and KLVFF occurs after ≈ 18 ns. The
2Aβ
fibril-like state of 2Aβ16−22 is observed at τfib
≈ 20 ns without intermediates. For this run the

ordered state for all of there peptides does not appear. In the second MD run the antiparallel
2Aβ
ordering of two Aβ16−22 peptides occurs at τfib
≈ 56 ns but such arrangement was not seen for

the subsystem of one Aβ16−22 and KLVFF. As in the first trajectory, the full ordering of three
peptides is not observed. However, this kind of ordering occurs at relatively short time scales
(about 150 ns) for trajectory 3 and 4 (Fig. 10). The partial ordering of two peptides Aβ16−22
2Aβ
appears at τfib
≈ 170 and 122 ns for the third and fourth trajectories, respectively. Thus, the

antiparallel arrangement of 2Aβ16−22 is observed in all four MD run with the averaged time
2Aβ
τ 2Aβ
fib = 92±58 ns. Since within error bars this value is not markedly higher than τ fib = 19±23

ns of the dimer case, it remains unclear if peptide KLVFF slows down the oligomerization of
2Aβ16−22 system. However, because KLVFF considerably reduces the β-content of 2Aβ16−22
(see below) one can conclude that it interferes the fibril formation. From Fig. 9 and Fig. 10
we obtain the average value of P2 equal 0.72 and 0.61 for 2Aβ16−22 and 2Aβ16−22 +KLVFF,
respectively. These data further support KLVFF as an aggregation inhibitor.
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1.0

20 ns
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18 ns

0.8

0.8

0.6
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0.4

0.2

0.2
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0
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Time(ns)
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300
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1.0

1.0
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8 ns

0 ns

0.6

0.6
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0.8
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0.2

0 ns
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0.0
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0

100

200
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Time(ns)

0
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Time(ns)

Fig. 10: The same as in 9 but for 2Aβ16−22 +KLVFF. The inhibitor KLVFF is shown in turquoise.
2Aβ
τfib
≈ 20, 56, 170, and 122 ns for the first, second, third and fourth trajectory, respectively. Averaging
over four trajectories we have τ 2Aβ
fib = 92 ± 58 ns.

4.3.1.3. 2Aβ16−22 +LPFFD complex.
As evident from Fig. 11 the antiparallel state of two peptides Aβ16−22 occurs in the first MD
2Aβ
run at τfib
≈ 84 ns. However such a state is not observed in the second trajectory implying that
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2Aβ
τfib
should exceed its duration 400 ns. The existence of several long-lived plateaus implies that

intermediate states are obligate in routes to the ordered state of 2Aβ16−22 . These intermediates
are more pronounced compared to the case when beta-sheet breaker peptides are not present
(Fig. 9). One Aβ16−22 peptide and LPFFD get antiparallel after about 304 ns and 51 ns for
trajectory 2 and 4, respectively (Fig. 11).
The antiparallel ordering of 2Aβ16−22 occurs in the third and fourth trajectories (Fig. 11) at
2Aβ
τfib

≈ 17 and 159 ns, respectively. The fast fibril formation in MD run 3 does not accompany

with long-lived intermediates but these states occur in the last run. Since the fibril-like state
is not observed in the second trajectory we have τ 2Aβ
fib > 168 ns which is higher than that of
the KLVFF case. The difference in inhibitory capacities of two beta-sheet breakers is even
more obvious from the time dependence of average β-content of Aβ16−22 peptides (Fig. 28, 29
and 30). In the absence of inhibitors the probability of being in the beta-rich conformations
is very high except first 50 ns in the first run (Fig. 28). KLVFF reduces the β-content of the
subsystem 2Aβ16−22 (Fig. 29) but to much less extent compared to LPFFD (Fig. 30). The first
and second trajectories in Fig. 30, where the β-content is reduced substantially, are the best
example for inhibitory capacity of this peptide. Using four trajectories shown in Fig. 28, 29
and 30, one can show that the average of beta-sheet percentage is equal to 57.52%, 32.98% and
24.55% for 2Aβ16−22 , 2Aβ16−22 +KLVFF, 2Aβ16−22 +LPFFD, respectively. This result supports
not only the inhibition effect of two peptides but also that LPFFD interferes the oligomerization
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Fig. 11: The same as in 9 but for 2Aβ16−22 +LPFFD. The inhibitor LPFFD is colored in red. τfib
≈
84, 17, and 159 ns for the first, third and fourth trajectory, respectively. Because the fibril-like state
of 2Aβ16−22 was not seen in the second run of 410 ns we have τ 2Aβ
fib > 168 ns.
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of 2Aβ16−22 stronger than KLVFF.
4.3.2.

Binding free energy of LPFFD and KLVFF to Aβ16−22 and 2Aβ16−22 .

To obtain the binding free energy ∆Gbind of beta-sheet breaker peptides to monomer Aβ16−22
by the MM-PBSA method we have made MD runs of 200 ns. As evident from the time
dependence of the interaction energy between two peptides, both systems Aβ16−22 +KLVFF and
β16−22 +LPFFD reach equilibrium at time scales of 15 ns (Fig. 12a). Note that the interaction
energy which involves the electrostatic and vdW contributions was computed without cutoff.
Only snapshots collected in equilibrium are used for estimation. The results shown in table. 2
imply that LPFFD displays higher binding affinity than KLVFF. This conclusion is in accord
with the fact that the interaction energy of the former with Aβ16−22 fluctuates to a less extent
compared to the later (Fig. 12a). In both systems the electrostatic interaction dominates over
the vdW one. Big negative contributions of the Coulomb interaction are compensated by the
polar terms (table. 2).

Fig. 12: Time evolution of the interaction energy between inhibitors and monomer Aβ16−22 (A) and
2Aβ16−22 (B). The arrow roughly refers to time when the system gets equilibrated.

Binding free energies of peptapeptides to the dimer 2Aβ16−22 are estimated by the MMPBSA method using snapshots generated in four trajectories for 2Aβ16−22 +KLVFF and
2β16−22 +LPFFD systems (see Fig. 10 and Fig. 11). Overall, the equilibrium is reached
after about 30 ns (Fig. 12b) for all trajectories. The nature of binding remains the same as
in the case of binding to monomer Aβ16−22 , i.e. vdW contribution is minor compared to the
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electrostatic one (table. 2). Within the error bars, the binding free energy of LPFFD (-4.9
kcal/mol) is lower than that of KLVFF (-3.0 kcal/mol).
Table 2: Binding free energies (in units of kcal/mol) of pentapeptides to Aβ16−22 , 2Aβ16−22 and
Aβ1−40 obtained by MM-PBSA method. For 2Aβ16−22 results are averaged over 4 MD runs.
∆Eelec

∆Evdw

∆Gsur

∆GP B

-T∆S

∆Gbind

Aβ16−22 +KLVFF

-194.2

-29.0

-4.6

212.2

18.3

2.7

Aβ16−22 +LPFFD

-254.4

-27.0

-4.0

266.0

16.1

-3.3

2Aβ16−22 +KLVFF

-171.0±15.2

-31.8±3.7

-4.8±0.39

179.1±16.8

25.4±2.8

-3.0±0.38

2Aβ16−22 +LPFFD

-154.3±16.2

-33.3±4.2

-4.7±0.42

163.5±17.9

23.9±2.5

-4.9±0.41

Aβ1−40 +KLVFF

-161.7

-41.2

-5.8

168.0

33.6

-7.1

Aβ1−40 +LPFFD

7.4

-52.0

-6.2

4.0

33.7

-13.1

4.3.3.

Relationship between binding, hydrophobicity and aggregation rates

In this section we try to get insights on the interplay between the binding affinity, total ligand
hydrophobicity and oligomerization rates using results obtained for Aβ16−22 systems. Since
LPFFD is more susceptible to Aβ16−22 and inhibits the oligomerization of 2Aβ1622 to a greater
extent than KLVFF, one may expect the correlation between binding affinity and inhibitory
capacity that the tighter is binding the stronger inhibition effect. To our best knowledge, such
a relationship was not demonstrated on the quantitative level previously.
To strengthen the hypothesis about relationship between binding affinity and inhibitory
action let us discuss other examples. Experimentally it was established that a commercially
available grape seed polyphenolic extract, MegaNatural-AZ (MN) inhibits Aβ aggregation to a
greater extent than ligand NGA9-119 (NGA) [161]. Using Autodock Vina version 1.1 [122], we
have shown that MN, for instance, has the lower binding energy to three-fold symmetry 9Aβ9−40
(∆Ebind =-10.4 kcal/mol) compared to NGA (∆Ebind =-8.6 kcal/mol) (D.T. Dung and M.S. Li,
unpublished results). Thus, the experimental data of Ono et al [161] and our theoretical result
are consistent with the proposed here hypothesis. The another example is that in in vitro
experiments [162] Curcumin was found to inhibit the fibril formation of Aβ1−40 stronger than
Naproxen and Ibuprofen. Using the MM-PBSA method [123, 124] and Gromos 96 43a1 force
field [110] we have shown that compared to later two ligands, the binding energy of of Curcumin
to monomer Aβ1−40 is lower. Namely, ∆Ebind =-21.6, -8.7 and -5.5 kcal/mol for Curcumin,
Naproxen and Ibuprofen, respectively [163]. Again these estimations support the hypothesis
that the tight binding would promote the strong inhibition effect, but more studies are needed
to ascertain it.
Using values of individual hydrophobicity of amino acids [164] we obtain the total hydrophobicity Hydtotal = −3.54 and -4.89 kcal/mol for LPFFD and KLVFF, respectively. These values
of Hydtotal allow us to speculate that the strong blockage of aggregation by LPFFD comes from
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its lower hydrophobicity. Our suggestion is consistent with the experimental result [8] that having Hydtotal = −8.05 kcal/mol LVFFA is much worse than LPFFD in interfering fibrillogenesis
of full-length Aβ peptides.
In order to substantiate our suggestion about the relationship between hydrophobicity and
binding capacity, we have designed several sequences which may be more efficient than LPFFD.
For instance, using Autodock Vina version 1.1 [122], NHPFV and NQYYV are shown to display
higher binding affinity to Aβ1−40 than LPFFD having ∆Ebind = −6.7, and -7.0 kcal/mol.
These values clearly are lower than ∆Ebind = −6.3 kcal/mol of LPFFD. Since NHPFV and
NQYYV have Hydtotal = -2.01 and -1.03, their dominance over LPFFD is consistent with the
proposed here relationship between inhibition and hydrophobicity. It should be noted that we
have obtained only preliminary evidence for the correlation between inhibition, binding and
hydrophobicity. Much more studies are needed for clarifying this important issue.
4.4.

Binding of LPFFD and KLVFF to Aβ1−40 peptide

Our results obtained for the short Aβ16−22 peptide suggest that the binding affinity of pentapeptides is correlated with their inhibitory ability. Because the estimation of oligomerization
rates of Aβ1−40 by all-atom simulations is beyond present computational facilities, to gain information about the influence of ligands on oligomerization, we restrict ourselves to calculating
∆Gbind using both the Autodock and MM-PBSA methods.

Table 3: Binding energies (in units of kcal/mol) of peptapeptides to Aβ1−40 and mature fibrils. The
results were obtained by the docking method.
KLVFF

LPFFD

Aβ1−40 (PDB code: 1BA4)

-5.5

-6.3

Aβ1−40 (259 clusters)

-4.9 ± 0.2

-5.5 ± 0.2

2-fold 6Aβ9−40

-6.7

-7.1

3-fold 9Aβ9−40

-7.0

-9.0

2-fold 12Aβ9−40

-6.2

-6.9

3-fold 18Aβ9−40

-6.7

-8.3

4.4.0.1. Docking result.
We first dock pentapeptides to Aβ1−40 the structure of which has been taken from PDB (PDB
code: 1BA4 [50]). Three best modes (lowest energies) are shown in Fig. 13. Both KLVFF
and LPFFD are located near the N-terminal. In the best position, KLVFF is bound by three
HBs with Gly9 and His13 of the receptor. LPFFD also forms three HBs with not only His13
but also with Asp7 and Val12. Although the HB networks are the same this peptide docks to
Aβ1−40 stronger than KLVFF due to domination of the vdW interaction as follows from the
MM-PBSA analysis (table 2) . The corresponding binding energies are shown in table 3. Since
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(B)

(A)

(C)

(D)

Fig. 13: Binding places of KLVFF & LPFFD to Aβ1−40 peptide (mode 1 - silver, mode 2 - green,
mode 3 - yellow) and hydrogen bonds of best mode (mode 1).

the structure of isolated Aβ1−40 used for docking was resolved in a water-micelle environment
[50] our results are applied to this type of solution.
Because the structure of Aβ1−40 in water is not known yet, in order to estimate the binding
energy in this environment by docking, we employ he flexible receptor method [165]. Namely,
using the Cα RMSD conformational clustering method implemented in the Gromacs software
and snapshots collected in 300 ns MD run for monomer Aβ1−40 . With the clustering tolerance of
1.0 Å we have obtained 259 representative structures which have used for docking. We obtain
the average (over 259 structures) ∆Ebind = −5.5 ± 0.2 and −4.9 ± 0.2 kcal/mol for LPFFD and
KLVFF, respectively. Thus both docking and MM-PBSA methods imply that KLVFF displays
lower binding affinity in aqueous solution.
4.4.0.2. MM-PBSA results.
Because the docking technique is not accurate enough due to omission of receptor dynamics
and a limited number of trial positions of ligand, we now estimate ∆Gbind by the MM-PBSA
method. The systems reach equilibrium after about 50 ns (Fig. 14) and only snapshots collected
in the last 250 ns have been used for estimation. The contribution of the electrostatic interaction
to ∆Gbind of KLVFF is superior to the vdW one (table 2). The situation becomes very different
for the LPFFD case, where the vdW interaction between the ligand and receptor dominates not
only over the Coulomb but also the polar contribution. Such a drastic difference presumably
comes from the fact the total charge of Aβ1−40 is -3 while KLVFF and LPFFD have charge equal
+1 and -1, respectively (Lysine (K) of KLVFF is positively charged, while the last Aspartic Acid
(D) from LPFFD carries the negative charge). This also partially explains why the Coulomb
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interaction between the receptor and LPFFD is repulsive (table 2).
As mentioned in MMPBSA method, to estimate the vibrational entropy by normal mode
analysis one has to minimize structures with no cutoff for nonbonded interactions in vacuum.
To this end we first apply the conjugate gradient method and then Broyden–Fletcher–Goldfarb–
Shanno method [129] is used to create better approximations of the inverse Hessian matrix,
moving the system to the currently estimated minimum. Instead of the conjugate gradient
method, we have also used the steepest descent method but post-minimization structures remain essentially the same implying the convergence of our procedure. The estimation of the
vibrational entropy reliable due to small RMSD between before- and post-minimization structures (RMSD ≈ 0.15 nm for Aβ1−40 ). Such a small difference in structures is expected because
Aβ1−40 contains hydrophobic core Aβ16−22 which prevents the system from high exposition to
the solvent. On the other hand, water molecules are known to fluctuate around the backbone
atoms and weaken HBs between amino acids [166]. Thus, in vacuum hydrogen bonding becomes
stronger keeping post-minimization structures to stay close to pre-minimization ones.
The binding free energy of LPFFD to the receptor ∆Gbind ≈ −13.1 kcal/mol is markedly
lower than ∆Gbind ≈ −7.1 kcal/mol for KLVFF. This trend is consistent with the results
obtained by the Autodock Vina version of docking (table 3). Thus, both docking and MMPBSA approaches support the experimental fact that both peptides inhibit the fibril growth of

Interaction Energy (kcal/mol)

Aβ1−40 . Moreover, we predict that LPFFD is more prominent than KLVFF.
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Fig. 14: Time evolution of the interaction energy between inhibitors and Aβ1−40 . Arrows refer to
times when the system gets equilibrated.

4.4.0.3. Hydrophobic interaction is more important than HB one.
The main driving force for binding process may be revealed constructing HB and SC-SC
contact maps (the criterion for contact formation is given in Material and Method). As follows
from Fig. 15 and Fig. 16, the hydrophobic interaction dominates over HB one. This effect
becomes even more pronounced in the case of LPFFD which mainly locates around the Cterminal (Fig. 16), while KLVFF visits both terminals with nearly the same probabilities (Fig.
15). A more detailed binding picture may be obtained by calculating distances between each
pair of residues of the ligand and receptor (Fig. 17). Because the N-terminal is not relevant to
fibril formation [55, 156, 167], the high probability of pentapeptide location near the fibril-prone
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Fig. 15: Hydrogen bond (top) and side chain (bottom) contact maps for KLVFF and Aβ1−40 . Results
were obtained from the 300 ns run of MD simulation.

Fig. 16: The same as in Fig. 15 but for for LPFFD and Aβ1−40 .

C-terminal is in accord with the fact that LPFFD is more efficient than KLVFF. Phe20 and
Lys16 of KLVFF show highest susceptibility to the C-and N-terminal, respectively, while Leu17
binds to residues 10-17 stronger the remaining residues (Fig. 17). This observation is in line
with the experimental fact that these three amino acids are critical for binding of KLVFF to
Aβ1−40 and inhibition of fibril formation [7]. Finally, as evident from Fig. 15, KLVFF spends
very little time near amino acids 16-20. Thus, it is not expected to bind to the homologous
sequence in the monomer Aβ1−40 peptide.
4.4.1.

Effect of beta-sheet breaker peptides on secondary structures of Aβ1−40

.
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Fig. 17: Distances between each pair of residues from KLVFF (upper panel) and LPFFD (lower panel)
and Aβ1−40 . Results are averged over the whole run of 300 ns.

4.4.1.1. Monomer Aβ1−40 displays the crossover from helix to random-coil (RC) conformations.
It should be noted that Aβ peptides have very high propensity to aggregation and for this
reason it has not yet been possible to study the full-length peptides in water solution. In water
but at low pH fragments of Aβ adopt mainly coil structures [160, 168]. To avoid aggregation
experiments have been performed in a mixture of water and organic solvents such as micellar
solutions [50, 169], trifluoroethanol [159, 170] or hexafluoroisopropanol [51, 171]. Under these
conditions the full-length Aβ peptides display substantial helical structure.
The time dependence of beta, helix and RC contents of Aβ1−40 is shown in Fig. 18. For
single Aβ1−40 , these quantities are quite stable in first 150 ns. From about 150 ns to 160 ns, a
structural transition from helix-rich structures to RC-rich ones occurs. The existence of such a
crossover is consistent with the weak two-state behavior (two local minima separated by a low
barrier) of the free energy plotted as a function of α-content (Fig. 19). The sudden increase
in α-content is accompanied with a sharp drop of the RC one. After the crossover the helix
and RC contents undergo little variations, but the β-content keeps changing. Even though no
pronounced crossover in the β-content behavior is observed (Fig. 18) reflecting in the downhill FEL plotted as a function of the β-content (Fig. 19). Our canonical MD simulations
show that at short time scales (≤ 150 ns) the monomer state of Aβ1−40 is rich in α-content
(Fig. 18). The crossover to the low helix-content region occurs at 150 ≤ t ≤ 160 ns, where
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Fig. 18: The time dependence of the secondary structure contents of Aβ1−40 peptide in Aβ1−40 (black
line), Aβ1−40 with KLVFF (blue line), and Aβ1−40 with LPFFD (red line) systems. Results are
averaged every 1ns. Arrows refer to times when the α-content undergoes significant change. Upper
and lower dotted lines in (B) refer to the average values of α-content during periods of 50-150 ns
(before jump) and 160-300 ns (after jump). The average values of pre- and post-crossover α-content
are 45.9% and 31.2%, respectively. Therefore, the jump between two regimes is ∆α = 13.8%. Lower
and upper dotted lines in (C) refer to the average values of random coil during periods of 50-150 ns
(before jump) and 160-300 ns (after jump). The average values of pre- and post-crossover random coil
are 43.5% and 56.1%, respectively. The corresponding jump in random coil content is ∆RC =12.6%.

the increase in random coil is also observed. At larger time scales (≥ 160 ns) coil structures
become dominating (Fig. 18) and average values of beta, helix and coil contents are equal
to 11.8%, 32.1% and 56.1%, respectively. If one considers secondary structures in equilibrium
with t ≥ 50 ns (Fig. 14), then average values of beta, helix and coil fraction become 11.2%,
38.0%, and 50.8%, respectively. This implies that, in concert with the helix (or coil) crossover
scenario, one observes changes (compared to equilibrium values) at large time scales for helix
and coil but not for beta content. Since these changes are not so drastic, we estimate the jump
in helix and random coil as the difference between their average values before and after the
crossover. Pre- and post-crossover average values are calculated by averaging over time periods
of 50-150 ns (first 50 ns are skipped as the system does not reach equilibrium yet) and 160-300
ns, respectively (Fig. 18). We obtain the jump in α-content ∆α = 13.8% and jump in random
coil ∆RC = 12.6%. These values display notable difference in secondary structures between
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two regimes.

Fig. 19: The one-dimensional FEL of Aβ1−40 , Aβ1−40 +KLVFF and Aβ1−40 +LPFFD, where the αcontent (left panel) and β-content (right panel) are the reaction coordinates. Results are obtained
from the MD run of 300 ns.

Using the clustering technique with the tolerance of 3Å Cα RMSD, we obtained three clusters. Since the behavior of secondary structures remains stable over this long enough period one
can expect that it holds for longer time scales. Therefore, our canonical 300 ns MD simulations
suggest that in water solution the monomer state of Aβ1−40 is mainly RC but helix and beta
structures are also present.
It seems that our simulations provide the α-content higher than that followed from previous
all-atom replica exchange simulations with explicit [45] and implicit water [46]. Sgourakis et al
have used Amber-derived PARM94, PARM96, MOD-PARM, Gromos and OPLS force fileds,
while an recently improved version of the Amber force field PARM99SB has been employed
by Yang and Teplow [46]. With the help of a coarse-grained model, Vitalis and Caflisch [47]
obtained the reasonable agreement with the CD estimates of 5% α-content and 25% β-content
in aqueous buffer at 298 K [172]. This result is also different from ours. Our estimations agree
with the results obtained by the UNRES force field [48] which also favors helices. Thus, the
problem of the intrinsic structure of monomer Aβ1−40 in aqueous environment remains open
requiring further investigation.
4.4.1.2. Inhibitors wash out the crossover from helix to random-coil conformations.
The presence of inhibitors does not change substantially the time dependence of β-content,
but the crossover from the helix to RC state becomes much less pronounced (Fig. 18). As
a result the FEL profile adopts the down-hill shape (color curves in Fig. 19) instead of the
two-state one. The smeared crossover between helix-rich and RC-rich conformations appears
at different time scales. Namely, the most appreciable change is observed at ≈ 250 ns and ≈ 40
ns for Aβ1−40 +KLVFF and Aβ1−40 +LPFFD complexes, respectively (Fig. 18).

48

Beta content (%)

100
A

80

1-40

60
40
20
0

1

4

7

10

13 16

19 22

25

28 31

34 37

40

28 31

34 37

40

34 37

40

Residue index

Beta content (%)

100
A

80

+KLVFF

1-40

60
40
20
0

1

4

7

10

13 16

19 22

25

Residue index

Beta content (%)

100
80

A

+LPFFD

1-40

60
40
20
0

1

4

7

10

13 16

19 22

25

28 31

Residue index

Fig. 20: Population of β-content of each residue of Aβ1−40 for Aβ1−40 (black), Aβ1−40 +KLVFF (blue),
and Aβ1−40 +LPFFD (red) systems.

4.4.1.3. LPFFD enhances β-content but not in fibril-prone regions.
It is well known that the fibril formation rates are strongly correlated with the population of
the fibril-prone conformation in monomer state [114, 173, 174]. Since the fibril-prone conformation of full-length amyloid peptides is rich in β-content, previous MD simulations [46] suggested
that the larger enhancement of β-content at the C-terminal of monomer Aβ1−42 compared to
Aβ1−40 is associated with the experimental fact that the former aggregates much faster than the
latter one [154, 155, 175]. Peptide KLVFF has a little effect on the overall beta structure while
LPFFD enhances it substantially (Fig. 18 and Fig. 20). This result would suggest that LPFFD
accelerates the fibril formation of Aβ1−40 but not slow it down as expected from experiments.
The puzzle may be solved if one reminds that the β-content shown in Fig. 18 is the total one. So
to decide if pentapeptides can inhibit oligomerization one has to consider fibril-prone regions.
KLVFF inhibits the fibril formation of Aβ1−40 because it reduces the β-content of the last 28-40
amino acids (Fig. 18b and Fig. 18a). LPFFD does not decrease the total amount of β-content
49

in this region (Fig. 18c and Fig. 18a) but in its presence fibril-prone amino acids 28-32 become
unstructured. This is probably responsible for inhibitory ability of LPFFD. Thus, aggregation
rates of Aβ are correlated with the β-content of fibril-prone regions in the monomer state but
not with the total one.

Fig. 21: Two-dimmensional FELs of Aβ1−40 , Aβ1−40 +KLVFF and Aβ1−40 +LPFFD, plotted as a
function of Rg and α-content. Results are obtained from the MD run of 300 ns.

4.4.1.4. Effect of Proline in LPFFD as beta-sheet breaker.
It is well known that the proline replacement can greatly reduce propensity of polypeptide
chains to fibril formation [146, 176]. Here we analyse the role of Proline in LPFFD in inhibition
of fibrillogenesis of Aβ1−40 . As follows from Fig. 16 it strongly interacts with residues 4, 25,
26, 29 and 30. On the other hand, the β-content of these residues is essentially zero (Fig. 20)
implying that Proline substantially suppresses it. Since the affinity of peptides to form fibrillar
structures depends on the beta-content in fibril-prone regions of monomer, one can expect that
Proline in LPFFD strongly reduces propensity of Aβ1−40 to self-assembly.
4.4.1.5. Aβ1−40 becomes more stable in the presence of inhibitors.
Because stable polypeptide chains show low propensity to aggregation, one may gain in50

formation about inhibition capability of beta-breaker peptides by studying their influence on
stability of receptor. As evident from Fig. 21, the two-dimensional Rg -α-content FEL of
monomer Aβ1−40 has three basins but in the presence of pentapeptides they shrink into a single one suggesting that Aβ1−40 +KLVFF and Aβ1−40 +LPFFD are more stable than Aβ1−40 .
This conclusion remains valid if one uses Rg and β-content as reaction coordinates. Therefore beta-sheet breakers should disfavor aggregation. More importantly, the stability of the
monomer state is a more unique measure for characterizing fibrillogenesis of Aβ peptides than
the β-content.
4.4.2.

Estimations of binding energy of pentapeptides to mature fibrils by docking method

Since mature fibrils are large systems the calculation of ∆Gbind by MM-PBSA is time consuming, we restrict ourselves to estimation of binding energy by the docking approach.
4.4.2.1. Binding to two-fold symmetry 6Aβ9−40 .
We choose the system of two layers which contain 3 Aβ9−40 peptides each (Fig. 22). Using
Autodock Vina version 1.1 [122], we have obtained ∆Ebind for KLVFF and LPFFD (table.
3). For the best mode with the lowest binding energy both inhibitors are located inside of
the receptor but their positions are different. Peptide KLVFF is bound to peptide II from
the upper layer of 6Aβ9−40 by two HBs with Asp15 (II) and Ala22 (II). LPFFD shows higher
binding affinity (table. 3) compared to KLVFF having one HB bond more (Fig. 22). This is
(A)

(B)

(C)

(D)

Fig. 22: Binding places of KLVFF & LPFFD to 2-fold symmetry 6Aβ9−40 complex (mode 1 - silver,
mode 2 - green, mode 3 - yellow) and hydrogen bonds of best mode. KLVFF and LPFFD are in left
and right side, respectively.
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because, contrary to KLVFF which binds to a single Aβ9−40 peptide II, LPFFD is also docked
to peptide III.
The difference in binding capacity of two pentapeptides may be obtained monitoring the
number of SC contacts between ligand and receptor. K, L, V, F, and F of KLVFF form 2, 1, 2,
2 and 5 contacts with chain VI of 6Aβ9−40 (Fig. 22), respectively. The last residue F has also
one contact with Glu23 of chain IV. Thus, in the best docking mode this pentapeptide forms
13 SC contacts with the receptor chain VI of which displays the strongest binding. LPFFD
also shows very tight binding to chain VI via SC contacts. Namely, residues L, P, F, F, and D
have 3, 1, 1, 3, and 5 contacts with this chain, respectively. In addition two SC contacts with
chain IV are formed by amino acid L and P. In total, LPFFD has 15 SC contacts with 6Aβ9−40 .
Since this number of contacts is larger than that of KLVFF, LPFFD has lower ∆Ebind .

(A)

(B)

(D)

(C)

Fig. 23: The same as in Fig. 22 but for 3-fold symmetry 9Aβ9−40 complex.

4.4.2.2. Binding to three-fold symmetry 9Aβ9−40 .
The three-fold symmetry structure of 9Aβ9−40 , resolved by Paravastu et al [56], is shown
in Fig. 23. For three lowest modes peptide KLVFF docks to three different corners. In the
best mode it has four HBs with peptide VII from the 9Aβ9−40 complex and the corresponding
binding energy Ebind ≈-7.0 kcal/mol (table. 3). Peptide LPFFD displays strong binding to the
receptor forming 7 HBs with peptides I, II, VII, VIII and IX from two different patches (each
patch contains 3 parallel Aβ9−40 peptides). This strong HB network gives rise to low binding
energy ∆Ebind ≈-9.0 kcal/mol. The high binding affinity of LPFFD is also understandable by
counting the number of SC contacts. Residues L, P, F, F, and D have 3, 2, 2, 2, and 3 contacts
with chain VII (Fig. 23), respectively. Fourth residue F from LPFFD forms one contact with
chain VIII, while D has 4 contacts with chain VIII and 2 contacts with chain IX. In total,
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LPFFD has 19 SC contacts with 9Aβ9−40 , where chain VII is the most susceptible to binding.
One can show that KLVFF has only 13 SC contacts with the receptor (10 contacts with peptide
VII and 3 contacts with chain VIII). They are formed by four residues K, V, F and F as L is
not bound to 9Aβ9−40 via SC contacts. Thus, as in the two-fold symmetry case, the binding
affinity of KLVFF is lower than LPFFD and one can expect that the latter degrades mature
fibrils to a greater extent than the former.

(A)

(C)
(B)
Fig. 24: (A) Binding places of KLVFF (green) & LPFFD (magenta) to 2-fold symmetry 12Aβ9−40
complex in the best binding mode. (B) Hydrogen bond network of KLVFF with the receptor. (C)
The same as in (B) but for LPFFD.

4.4.2.3. Binding to two-fold symmetry 12Aβ9−40 and three-fold symmetry 18Aβ9−40 .
In order to gain more insight on binding of two pentapeptides to mature fibrils we also
consider larger systems of 12 and 18 chains. In the best binding mode positions of KLVFF and
LPFFD in complex with 12Aβ9−40 are different (Fig. 24A). Both peptides have 12 SC contacts
with the receptor. However their difference lies in hydrogen bond networks (Fig. 24B and
Fig. 24C). KLVFF has three HBs with chain L and J from the upper layer, while LPFFD is
bound to the receptor via 8 HBs with residues from both layers. This strong hydrogen bonding
explains why LPFFD has lower binding energy than KLVFF (table. 3).
As in the 12Aβ9−40 , two peptides also locate at different places inside three-fold symmetry
complex 18Aβ9−40 (Fig. 25A). However, the hydrogen bonding is notably weaker as both
peptides have only 2 HBs with the receptor (Fig. 25B and Fig. 25C). KLVFF is hydrogenbonded with two chains from different patches (chain V and XVIII), while LPFFD with only
one chain X. Although two peptides have the same number of HBs with 18Aβ9−40 , KLVFF
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(A)

(B)

(C)

Fig. 25: The same as in Fig. 24 but for 3-fold symmetry 18Aβ9−40 receptor.

displays lower binding affinity (table. 3) implying that other interactions like electrostatic and
vdW interactions also make contribution. To show this we have calculated the number of SC
contacts between ligand and receptor. It turns out that KLVFF only has 12 contacts (1, 3, 2, 1,
3 and 2 contacts with chains IV, V, VI, XV, XVI and XVIII, respectively) against 20 contacts
(1, 3, 2, 4, 4, 5, and 1 contacts with peptides II, III, IV, V, IX, X, and XI, respectively) formed
by LPFFD with 18Aβ9−40 . Thus, our results on binding energies to 12Aβ9−40 and 18Aβ9−40
further support the fact that LPFFD is bound to mature fibrils of Aβ9−40 more tight than
KLVFF.
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Fig. 26: Time dependence of β-content for Aβ1−42 (green). The result for Aβ1−40 (black) is showmn
for comparison. For Aβ1−42 the simulation starts from the PDB structure (PDB code: 1Z0Q).
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Fig. 27: Correlation between simulated and experimentally determined chemical shifts for Cα atoms
of Aβ1−40 . δsim was estimated using the SHIFTS program [177, 178], while δexp has been obtained
by NRM method [156]. The data are collected for residues 2, 7, 9, 10, 12, 16, 17, 18, 19, 20, 21, 23,
24, 25, 28, 29, 30, 31, 32, 34, 35 and 36 in peptide Aβ1−40 . The correlation level between theory and
experiment is R = 0.95.
4.5.

Conclusions

We have shown that LPFFD slows down the oligomerization of Aβ16−22 to a greater extent
than KLVFF. The MM-PBSA calculation showed that the former has higher binding affinity to both monomer and dimer of Aβ16−22 . Thus, for the first time we have theoretically
demonstrated that the binding ability is correlated with inhibition one.
LPFFD markedly increases the total β-content of Aβ1−40 but it still can inhibit oligomerization because the beta enhancement takes place mainly in regions which are not prone to
aggregation. This observation suggests that in the presence of ligands the correlation between
the overall β-content the monomer state of Aβ peptides and aggregation rates may not hold.
Instead, beta-sheet breakers interfere oligomerization because they stabilize the monomer state
of Aβ1−40 or enlarge the gap between the native and excited states. This scenario is consistent
with the hypothesis that the more stable is a protein, the slower is the fibril formation.
If one uses the α-content as a reaction coordinate and maps the FEL onto it, then the
conformational change of Aβ1−40 obeys the weak two-state scenario. This picture becomes
down-hill in the presence of inhibitors. If the β-content is chosen as reaction coordinate, then
transition states do not occur either in the presence or absence of beta-sheet breakers. Thus a
single reaction coordinate description of FEL may be not accurate enough for conformational
dynamics of full length Aβ peptides.
Our canonical 300 ns MD simulations show that the most probable structure contains roughly
60, 30 and 10% of RC, α- and β-content, respectively. However, the issue about the structure of
monomer Aβ1−40 in aqueous solution remains open due to discrepancy between results obtained
by different groups [45–48]. The question we ask now if the 300 ns MD run provides useful
information for fibrillogenesis of Aβ1−40 and its complexes with beta-sheet breaker peptides.
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To clarify this problem, as a counter example, we have made additional 300 ns MD simulations
for monomer Aβ1−42 under the same conditions as in the case of Aβ1−40 . The time dependence
of β-content of both full-length peptides is shown in Fig. 26. Clearly, in accord with prior
simulations [45, 46], Aβ1−42 displays higher percent of beta structure compared to Aβ1−40 .
In other words, 300 ns MD simulations correctly capture the fact that higher propensity to
aggregation of the former is associated with higher β-content in monomer state. Thus, our
canonical simulations probably mimic the effect of pentapeptides on the secondary structure of
Aβ1−40 .
To further support the fact that our canonical 300 ns MD simulations of Aβ1−40 produce
structures relevant to experimental ones, we used chemical shifts predicted from our simulations
δsim and determined experimentally δsim . The δsim values were computed using the SHIFT
program [177, 178] and conformational ensemble collected in equilibrium. Our in silico result
obtained for Cα atoms is highly correlated (correlation level R = 0.95) with the solid state
NMR experiments of Petkova et al [156] (Fig. 27). The high correlation has been also observed
for atoms Nα (results not shown). Therefore, the strong correlation between our theoretical
data and those produced experimentally indicate that our 300 ns MD simulations produce the
Aβ1−40 ensemble reasonably.
Having used the MM-PBSA and docking methods it is shown that KLVFF is weaker bound
to Aβ1−40 and its mature fibrils in comparison with LPFFD. One of possible implications of
this result is that the latter degrades Aβ fibrils stronger than the former one. It would be
interesting to check this prediction experimentally.
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Fig. 28: Time dependence of the β-content β(t) of 2Aβ16−12 system for four MD trajectories. Here
β(t) = 21 (β1 (t) + β2 (t)), where β1 (t) and β2 (t) are the β-content of the first and second peptides.
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Fig. 29: The same as in Fig. 28 but for 2Aβ16−12 +KLVFF system.
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Fig. 30: The same as in Fig. 28 but for 2Aβ16−12 +LPFFD system.
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Chapter 5.

AMYLOID PEPTIDE Aβ40 INHIBITS AGGREGATION OF Aβ42 :

EVIDENCE FROM MOLECULAR DYNAMICS SIMULATIONS
5.1.

Introduction.

As mentioned above, the assembly of Aβ peptides is an important event in the development
of AD. Increasing evidence from recent studies indicates that soluble Aβ42 oligomers such as
dimer [179], trimer [180], 12mer [181] as well as mature fibrils are the toxic agent [182, 183]. In
contrast, the Aβ42 monomer is not toxic [35]. Therefore, any agent that prevents Aβ42 monomers
from aggregation can play a protective role against the development of AD by reducing the
generation of neurotoxic species.
Concerning the role of Aβ40 in AD, there are two possible scenarios that this peptide either
inhibits aggregation or degrades aggregates of Aβ42 . Recent studies have suggested that reduced
levels of Aβ40 are correlated with accelerated onset of dementia [184]. However, at the molecular
level, it is not clear how Aβ40 executes its protective function in AD pathogenesis. One of
possible scenarios is that Aβ40 inhibits fibril formation of Aβ42 as evidenced from in vivo [15, 185]
and in vitro experiments [15, 16, 186, 187]. This interesting problem has not been, however,
considered theoretically and our goal is to understand the mechanism of inhibition of Aβ42
aggregation by Aβ40 using molecular dynamics (MD) simulations. Because the estimation of
fibril assembly rates of full-length Aβ peptides is computationally prohibited, we try to achieve
this goal using the hypothesis that the higher are aggregation rates the higher is the population
of the fibril-prone conformation N∗ in monomer state [46, 173]. One of the examples supporting
this hypothesis is that Aβ42 peptides aggregate into β-sheet fibril much faster than Aβ40 ones
[188] because the former has higher beta-content (β-content) in the monomer state [45, 46].
Using the GROMOS96 43a1 force field [110] with explicit water we have performed conventional MD simulations of monomer Aβ40 , Aβ42 and one mixed system of Aβ40 and Aβ42 . This
mixed system will be refereed to as Aβ40+42 . It should be noted that previous computational
studies [189–192] focus either on Aβ40 or Aβ42 dimer but the interaction between Aβ40 and
Aβ42 has not been considered. We have found that Aβ40 reduces the β-content of Aβ42 compared to the monomer case. The flexibility of the salt bridge D23-K28 and fragment 18-33 of
Aβ42 gets enhanced in the presence of Aβ40 . These results suggests that, in agreement with
the experiment [16], Aβ40 inhibits the fibril formation of Aβ42 . In order to get more insight
on the mechanism of inhibition we have estimated the binding free energy ∆Gbind of Aβ40 to
”receptor” Aβ42 using the molecular mechanics-Poisson-Boltzmann surface area (MM-PBSA)
method [123]. Since ∆Gbind followed from our simulations is negative one can conclude that,
in agreement with the experiment [186], Aβ40 interferes with Aβ42 aggregation through the
binding mechanism.
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5.2.
5.2.1.

Materials and Methods.
Structures of amyloid peptides used as starting configurations for simulations.

The crystal structures of full-length Aβ40 (PDB code: 1BA4 [50]) and Aβ42 (PDB code:
1Z0Q [51]), taken from the protein data bank (PDB), are rich in helix as they have been
solved in micellar solutions. To obtain unstructured structures for starting configurations in
simulations they were heated up to T = 500 K. The 5 ns MD simulations were carried at this
temperature until one gets random coil structures using the GROMOS96 43a1 force field [111].

Fig. 31: Starting conformations used in MD simulations for monomer Aβ40 and Aβ42 (upper panel),
and four trajectories of the mixed system Aβ40+42 (middle and lower panel). Positions of two peptides
in the mixed system have been randomly placed in boxes with the periodic boundary conditions. Both
peptides in all starting configurations are unstructured. Plots have been made using VMD software
[193].

5.2.2.

Fibril-prone conformation N∗ .

Structure N∗ is defined as the structure of the peptide/protein in the fibril state [46, 173]. In
the Aβ42 case first 16 residues are disordered and omitted. Therefore N∗ is the structured part
Aβ17−42 (PDB entry: 2BEG [57]) (Fig. 32) that includes the loop (27-30) and two fragments
(1-26) and (31-42). For Aβ40 N∗ is defined as the ordered fragment Aβ9−40 because the 8
residues are disordered and excluded from fibril structure construction [55]. The loop region of
N∗ is extended over residues 24-28, while two fragments are (1-23) and (29-40). The structure
of fragment Aβ9−40 has been provided by Prof. R. Tycko (Fig. 32).
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Fig. 32: Structures of fibril-prone state N∗ . For Aβ40 it is the ordered Aβ9−40 atomic coordinates of
which has been provided by Prof. R. Tycko. In the Aβ42 case N∗ is the fragment Aβ17−42 taken from
PDB (PDB entry: 2BEG). Positions of Asp23 and Lys28 that form the salt bridge are also shown.
5.2.3.

MD simulations.

The GROMACS 4.5.4 package [110] was used to run MD simulations with the GROMOS96
43a1 force field [111] and the SPC water model [112] (see Chapter 3 for more details). For
monomers 300 ns NPT MD runs have been carried out at T = 300 K starting from random coil
structures (Fig. 31, upper panel) obtained at high T as described above. The 5.8×5.8×5.8 nm
cubic box, which contains about 6120 water molecules, has been used for simulation. In the
united-atom GROMOS model the number of atoms is equal 388 and 403 for Aβ40 and Aβ42 ,
respectively. For the mixed system Aβ40+42 four independent 500 ns runs have been carried
out starting from initial configurations shown in middle and lower panels of Fig. 31, where
structures of two monomers are the same as in upper panel. Positions of two monomers were
randomly placed in the 6.9×6.9×6.9 nm cubic box. The total number of water molecules is
about 10560.
5.2.4.

Equilibration.

We monitor time dependence of energy E of the system. The equilibrium is reached if this
dependence gets saturation. In addition we calculate the specific heat CP = (< E 2 > − <
E >2 )/(kB T 2 ) at T = 300 K in equilibrium for the entire and half MD run. If values of CP
obtained for short (between teq and tfull /2) and long (between teq and tfull ) trajectory coincide
then the system can be considered as equilibrated. Here teq and tfull are equilibration time and
time of the entire MD run.

61

5.3.
5.3.1.

Results and Discussions.
Monomers.

Aβ peptides have very high propensity to aggregation and for this reason it has not yet
been possible to study the full-length peptides in water solution. In water but at low pH
fragments of Aβ adopt mainly coil structures [160, 168]. To avoid aggregation experiments
have been performed in a mixture of water and organic solvents such as micellar solutions
[50, 169], trifluoroethanol [159, 170] or hexafluoroisopropanol [51, 171]. Under these conditions
the full-length Aβ peptides display substantial helical structure.
The question about the structure of Aβ peptides in aqueous environment remains open as
different groups have reported different results on their secondary structures [45–49]. Thus, it
is worth to further explore this problem. In our previous paper [49] secondary structures of
Aβ40 and Aβ42 were probed using the GROMOS96 43a1 force field and 300 ns MD simulations starting from their PDB structures (1BA4 and 1Z0Q are PDB codes for Aβ40 and Aβ42 ,
respectively). It was found that the most probable structure of Aβ40 contains roughly 60, 30
and 10% of RC, α- and β-content, respectively. This result is in accord with the UNRES force
field [48] but conflicts with other groups [45–47] reporting the lower helix content. To see if the
initial configurations change our previous conclusion about secondary structures [49] we have
performed 500 ns conventional MD simulations for monomers using random coil structures (Fig.
31, upper panel) as starting configurations.
5.3.1.1. Cα chemical shifts of Aβ40 and Aβ42 .
To check if our canonical 500 ns MD simulations generate structures relevant to experimental
ones, we calculate chemical shifts δsim and compare them with experimental values δsim . The
time dependence of energy (Fig. 34) shows that both monomers reach equilibrium after about

Fig. 33: Correlation between simulation and experimentally determined chemical shifts [194] for Cα
atoms. δsim was estimated using the SHIFTS program, while δexp has been obtained by NMR method
[194]. The data are collected for residues 2-39 for both Aβ40 and Aβ42 . Shown are results, obtained
for monomer Aβ40 (A) and monomer Aβ42 (B).
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teq =110 ns and 70 ns for monomer Aβ40 and Aβ42 , respectively. We have also calculated CP for
time intervals [teq , tfull /2] and [teq , tfull ] for both trajectories, where tfull = 500 ns. The results
obtained for these intervals coincide (Table 4) indicating that the systems reach equilibrium at
teq .
Table 4: Specific heat obtained for different time intervals for monomer and di-peptide systems.
MDrun

Time ranges

hEi kJ/mol

hE2 i (kJ/mol)2

Cp kcal/(mol.K)

Aβ40+42 Traj1

90-250ns

-896.74 ± 104.93

815144.37

3.515

90-500ns

-903.39 ± 112.67

827369.38

3.591

60-250ns

-717.35 ± 104.47

525510.13

3.484

60-500ns

-728.55 ± 100.74

541364.94

3.379

200-250ns

-632.58 ± 89.94

410837.97

3.409

200-380ns

-653.83 ± 109.55

438973.31

3.665

80-250ns

-671.48 ± 106.62

462254.00

3.629

80-500ns

-630.68 ± 112.69

408943.66

3.571

115-250ns

-532.20 ± 91.68

290064.64

2.180

250-500ns

-509.82 ± 82.56

266733.05

2.176

70-250ns

-452.47 ± 71.36

210400.94

1.811

70-500ns

-474.32 ± 75.08

230619.93

1.801

Aβ40+42 Traj2
Aβ40+42 Traj3
Aβ40+42 Traj4
Aβ40
Aβ42

Fig. 34: Time dependence of the energy of monomer Aβ40 (A) and Aβ42 (B). Arrows roughly refer to
the time when the system reaches equilibrium, teq = 110 and 70 ns for Aβ40 and Aβ42 , respectively.

Therefore, snapshots collected during last 390 ns and 430 ns are used for calculation of Cα
chemical shifts δsim using the SHIFT program [177, 178]. The 500 ns canonical MD (CMD)
produces remarkable agreement with results obtained by replica exchange MD (REMD) [46]
experiments [194] for δsim of individual residues of Aβ40 and Aβ42 Fig. 36. Moreover, our
in silico result obtained for Cα atoms is correlated with the NMR experiments of Hou et
al [194] (Fig. 33 A and B) with correlation level R = 0.98 and 0.99 for Aβ40 and Aβ42 ,
respectively. Using the replica exchange molecular dynamics (REMD) and recently improved
Amber force field PARM99SB [99] Yang and Teplow [46] have obtained R = 0.994 and 0.995
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Fig. 35: Time dependence of the energy of the system Aβ40+42 in four MD trajectories are shown
on the left (four left panels). Arrows roughly refer to the time when the system reaches equilibrium.
teq ≈ 90, 60, 115 and 70 ns for trajectory 1, 2, 3 and 4, respectively. And time dependence of the
electrostatic and vdW interaction energies between Aβ40 and Aβ42 in the mixed system Aβ40+42 are
shown on the right (four right panels).

Fig. 36: Individual chemical shifts of Aβ40 (left) and Aβ42 (right) . Results were obtained by the
canonical MD starting from the random coil structure (green), REMD 1 (blue) and the experiment 2
(red).

for Aβ40 and Aβ42 , respectively. The high correlation has been also observed for atoms Nα
(results not shown). Its seems that the strong correlation between our theoretical data and
those produced by experiment and REMD indicate that our 500 ns MD simulations produce
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acceptable monomer ensembles. However, two different MD runs starting from random and
PDB helix-rich initial conformations of Aβ40 result in two different structure distributions
(with zero and 30 % helix contents for most populated structures) nevertheless demonstrate
excellent (0.98 and 0.96) correlation with the same experimental set of chemical shifts [194].
This result implies that the correlation factor cannot serve as a good indicator of reliability of
in-silico structural distributions. To understand this problem better we calculate the secondary
chemical shift defined as ∆δ = δ − δRC , where δRC is a chemical shift for amino acids in random
coil state. Using values of NMR δRC from Wishart et al [195] one can show that the correlation
coefficient between the experimental ∆δexp and the simulation results obtained from the CMD
run starting from PDB structure of Aβ40 is rather low, R = 0.23. The better correlation
R = 0.37 is observed for the MD simulation that initiates from random coil conformation,
while the best fit with R = 0.45 has been found by REMD. The situation becomes different
for Aβ42 as REMD gives worse correlation (R = 0.30) compared to the CMD (R = 0.45).
Therefore, it is very difficult to reach good correlation with experiments on secondary chemical
shifts even with the use of REMD. Nevertheless, our CMD presumably produces the structure
ensemble of the same quality as REMD.

Fig. 37: Left panels: Time dependence of the secondary structure content of Aβ40 in monomer (black
lines), and first (green lines), second (blue), third (cyan) and fourth (magenta) trajectories of the
di-peptide system. Result were averaged every 1 ns. Right panels: Population of β-content of each
residue of Aβ40 for monomer (black bar) and first (green), second (blue), third (cyan) and fourth
(magenta) trajectories for the Aβ40+42 system. The Stride’s definition was used for computation of
secondary structures[140, 141].

5.3.1.2. Secondary and tertiary structures of Aβ40 in monomer state.
The time dependence of beta, helix and RC contents of monomer Aβ40 is shown in Fig. 37 by
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black curves. The notable β-content occurs after about 150 ns, while helix structures remain
very low during the whole run. Random coil structure is very high especially for first ≈ 150
ns. The β-structure occurs mainly at residues 8, 9, 25, 26, 30, 31, 37 and 38 (Fig. 37).
The average value of beta, helix and coil contents, obtained in equilibrium, is 5.2%, 0.2% and
94.6%, respectively (table 5). With the help of a coarse-grained model, Vitalis and Caflisch [47]
obtained the reasonable agreement with the CD estimates of 5% α-content and 25% β-content in
aqueous buffer at 298 K [172]. However, one has to be cautious about this comparison because
the experimental results have been obtained for Aβ10−35 fragment and there is no reason to
believe that it has the same structure as full-length peptides. The UNRES force field provides
much higher helix structures [48]. These results are different from our present results.
Table 5: Average secondary structures of Aβ40 peptide in monomer (mono) and dimer Aβ40+42 systems. The β-contents in disorder (1-8), β-strand 1 (8-23), loop (24-28) and β-strand 2 (29-40) regions
are also given separately. Region identifications for β-strands and loop are the same as in the work of
Petkova et al [55]. Results have been obtained using snapshots collected in equilibrium.
Content(%)

Region

Aβ40+42 Trj1 Aβ40+42 Trj2 Aβ40+42 Trj3 Aβ40+42 Trj4 Average mono

All(1-40)

0.1

4.7

1.6

6.5

3.2 ± 2.4

5.2

Disorder(1-8)

0.0

0.0

0.0

8.5

2.1 ± 3.2

1.9

β-strand 1

0.3

11.6

4.3

7.7

6.0 ± 1.1

1.5

Loop(24-28)

0.0

0.0

0.0

1.7

0.4 ± 0.6

14.8

β-strand 2

0.0

1.1

0.1

5.5

1.7 ± 1.9

8.7

RC

All(1-40)

92.0

87.0

98.0

92.7

92.4 ± 2.9 94.6

Helix

All(1-40)

7.9

8.3

0.4

0.8

4.4 ± 3.8

β

0.2

It seems that our simulations provide the α-content lower than previous all-atom replica
exchange simulations with explicit [45] and implicit water [46]. Sgourakis et al have used
Amber-derived PARM94, PARM96, MOD-PARM, GROMOS and OPLS force fields, while an
recently improved version of the Amber force field PARM99SB has been employed by Yang
and Teplow [46]. However, our β-content is compatible with the results reported by these
groups. Using the Cα RMSD conformational clustering method implemented in the Gromacs
software and snapshots collected in equilibrium of 500 ns MD run one can obtain representative
structures of monomer Aβ40 in aqueous environment. With the clustering tolerance of 1.0 Å
we have obtained the most populated structure (84.2%) shown in Fig. 38 (upper panel). The
typical snapshot of the second dominant cluster, which has population 5.8%, shows that the
conformation is fully unstructured (100% RC). Thus, our results with poor beta structure
(5.2%) and almost no helices (0.2%) (table 5) agree with the experiment of Zhang et al [196]
and Danielsson et al [197] showing that the Alzheimer’s Aβ peptide adopts a collapsed coil
structure in water [196].
5.3.1.3. Secondary and tertiary structures of Aβ42 in monomer state.
As follows from FIG.. 37 and Fig. 39 the β-content of Aβ42 in monomer state is markedly
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Fig. 38: Typical snapshots of the most populated clusters obtained by clustering technique with cutoff
1 Å. For monomer Aβ40 there are 90.0, 0.0 and 10.0% of RC, helix and beta contents, respectively.
For monomer Aβ42 one has 85.7, 0.0 and 14.3% of RC, helix and beta content, respectively. In the
case of first and third MD runs of the mixed system both peptides are entirely unstructured with
100% RC. (100% RC for both peptides). For trajectory 2 of the di-peptide complex, Aβ40 has 87.5,
12.5 and 0.0% of RC, helix and beta content, respectively, while Aβ42 has 100% RC. In trajectory 4
both peptides have no helix structure. Aβ40 has 5% beta and 95% coil, whereas Aβ42 has 4.7% beta
and 93.3% coil. The population of the first dominant clusters is shown next to structures.

richer than that of Aβ40 . On average the β-content of Aβ42 (13.9%) (table 6) is about three
times higher (compare with table 5). This is consistent with the experimental fact [188] that the
former aggregates much faster than the latter one having higher population of fibril-prone state
N∗ . The similar result has been also reported in prior theoretical works [45, 46, 49, 198, 199].
Moreover, the C-terminal is rich in β-contents (Fig. 39) having highly β-structured residues
37-40, while other theoretical studies show that β-structure is mainly located in region (3841) [45] or (32-36) [46]. This is in line with that the C-terminal is fibril-prone as observed in
the experiment of Luhrs et al [57] and the fibril growth of Aβ42 initiates by attaching to this
terminal of peptides in the fibril forming a beta-sheet on the fibril edge [200].
Contrary to other theoretical studies, it was shown that the C-terminal is poorer in βstructure than the N-terminal [201] using the implicit solvent coarse-grained model OPEP. It
is not clear if this is due to drawbacks of coarse-graining or other reasons. The discrete MD
coupled with the four-bead model has also predicted a β-strand in the N-terminus [198]. The
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Fig. 39: The same as in Fig. 37 but for Aβ42 .

β-content obtained in our simulations is slightly higher than that of Velez-Vega and Escobedo
[202], Yang and Teplow [46], and Cote et al [201] but significantly lower than the result reported
by Mitterenacht et al [203]. Such a high secondary structure, obtained by these authors, may
be associated with omission of the electrostatic interaction in their force field [204].
The α-structure of Aβ42 is poor remaining lower than 3% during the whole run (Fig. 39).
The average α-content is 1.1% (table 6) which is a bit higher than Aβ40 (table 5). Our result on
helix structure of Aβ42 monomer is comparable with several groups [201, 202, 205], but lower
than that reported by Yang and Teplow [46].
The RC varies between 75 and 85% (Fig. 39). In equilibrium the average value RC is 85.9%
(table 6) implying that Aβ42 is more structured than Aβ40 which has 96.1% RC (table 5).
Note that in our definition RC includes also turns as well as bends. Therefore our result is
compatible with other groups [45, 46, 201, 202]. The lower RC content has been obtained [203]
using all-atom simulations with implicit water. Using the Cα RMSD conformational clustering
method with tolerance of 1.0 Å, we have obtained the most populated structure (37.4%) shown
in Fig. 38 (upper panel). This structure has 85.7, 0.0, and 14.3% of RC, helix and beta content,
respectively. The population of the second dominant cluster is 33.9%. The first and second
dominant clusters the same population of secondary structures but beta structures are located
at different places (Fig. 38).

68

5.3.2.

Mixed system Aβ40+42 .

5.3.2.1. Aβ40 in the di-peptide system.
To study changes in structures of two peptides in the mixed system we have carried 4 MD runs
of 500 ns. The time dependence of the energy, shown in Fig. 35, shows that this system reaches
equilibrium after teq ≈ 90, 60, 115 and 70 ns for trajectory 1, 2, 3 and 4, respectively. We have
estimated the specific heat for intervals [teq , tfull /2] and [teq , tfull ] for four trajectories (table.
4). The largest difference between two time windows, ∆CP = 0.195 kcal/(mol.K), is observed
for trajectory 3. Since ∆CP /CP ≈ 5%, the system reaches equilibrium for this trajectory.
Averaging over 4 trajectories we have CP = 3.607 ± 0.123 and 3.634 ± 0.224 kcal/(mol.K) for
the first and second windows, respectively. So with error bars the values of the specific heat
coincide implying that the system is in approximate equilibrium after teq . The vdW interaction
between Aβ40 and Aβ42 dominates over the electrostatic one (Fig. 35).
β-structure occurs in the second (blue curve in Fig. 37) and fourth trajectory (magenta curve
in Fig. 37) to greater extent than in the first and third ones. This is also evident from Fig.
37. After 300 ns of the second run the β-content does not fluctuate much. For this trajectory
residues 14, 15, 19 and 20 are very rich in beta structure, while residues 4,5, 11, 12, 16, 17, 30
and 31 dominate in run 4 (Fig. 37). Averaging over 4 trajectories we obtain the population of
beta structures of Aβ40 in the complex system (Fig. 40). Obviously, region (11-19), especially
residues 14, 15, 19 and 20 (Fig. 37), is richer in β-structure than the remaining parts (Table
5).
Overall, the presence of Aβ42 slightly reduces the β-content of Aβ40 from 5.2% in the
monomer to 3.2% in the dimer (table 5). In the mixed system the helix content increases
from 0.2% to 4.4% (table 5).
5.3.2.2. Aβ40 can interfere with aggregation of Aβ42 .
The alternative way to study the inhibition of Aβ42 assembly by Aβ40 is to monitor the
change in aggregation rates in the presence of the latter. Because this task is computationally
prohibited for such long peptides as full length Aβ peptides we try to get indirect evidences using
the correlation between the population of the fibril-prone state N∗ and fibril formation rates
[173]. As mentioned above, Aβ42 aggregate much faster than Aβ40 having higher population
of N∗ in monomer state. This fact is supported not only by the present study but previous
ones [46, 202, 206, 207]. Another example is that a recent experiment [149] showed that the
aggregation rate of Aβ40 -lactam[D23-K28], in which the residues D23 and K28 are chemically
constrained by a lactam bridge, is nearly a 1000 times greater than in the wild-type. This
is because the salt bridge constraint increases the population of the N∗ conformation in the
monomer state [174]. The decisive role of population of this conformation in self-assembly
has been also confirmed by simulations of short peptides using different all-atom models with
explicit water [114] as well as off-lattice [208] and lattice models [173].
In the presence of Aβ40 the β-content of Aβ42 is reduced in all of four MD runs (Fig. 39). It
becomes even more pronounced if one considers individual residues (Fig. 39). Aβ40 substantially
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Table 6: Average secondary structures of Aβ42 peptide in monomer (mono) and dimer Aβ40+42 systems. The β-contents in disordered (1-16), β-strand 1 (17-26), loop (27-30), β-strand 2 (31-42), and
two β-strands (17-26)+(31-42) regions are also given separately. Region identifications for β-strands
and loop are the same as in the work of Luhrs et al [57]. Results have been obtained using snapshots
collected in equilibrium.
Content(%)

region

Aβ40+42 Trj1 Aβ40+42 Trj2 Aβ40+42 Trj3 Aβ40+42 Trj4 Average mono

All(1-42)

6.5

4.3

4.3

7.8

5.7 ± 1.4 13.9

Disorder(1-16)

4.3

0.0

5.7

9.6

4.9 ± 2.8

β-strand 1

1.4

0.3

0.0

2.7

1.1 ± 1.0 21.3

Loop(27-30)

5.9

11.4

5.5

6.2

7.2 ± 2.1

β-strand 2

13.7

11.1

5.6

10.2

10.2 ± 2.3 17.2

(17-26)+(31-42)

8.1

6.2

3.1

6.8

6.1 ± 1.8 19.1

RC

All (1-42)

91.4

95.7

95.2

91.4

93.2 ± 2.0 84.9

Helix

All (1-42)

2.1

0.0

0.5

0.8

0.9 ± 0.6

β

7.9
9.5

1.2

decreases the β-content in fibril-prone regions (17-21) and (37-40). In the second trajectory
β-structure almost disappears in the wide region (1-29) (Fig. 39) but with substantial increase
in residues 30, 31, 34 and 35. In the third MD run residues 15, 16 and 35 are highly structured.
The enhancement of β-content appears in the N-terminal and residues 33, 36 and 37 in the
fourth trajectory (Fig. 39). Averaging over 4 trajectories we obtain individual β-content for
Aβ42 in the complex system (Fig. 40). In the presence of Aβ40 the β-content of fibril-prone
regions (17-21) and (36-42) is nearly reduced to zero, but some enhancement is seen in (30-35)
fragment. The beta content of β-strand 1 (region 17-26) is reduced from 21.3% in the monomer
to 1.1% in the dimer (Table 6). In contrast, the β-strand 2 content (region 31-42) does not
vary much.

Fig. 40: Average population of β-content of Aβ40 (left) and Aβ42 (right) in the monomers (black bars)
and di-peptide (red bars) systems. Results have been obtained by averaging over four trajectories (see
Fig. 37 and Fig. 39).

Within error bars the average total β-content clearly drops from 13.9% in monomer system
to 5.7% in the two-peptide system Aβ40+42 (Table 6). The decrease in β-content is also visible
from comparison of the most (Fig. 38) and second (not shown) populated structures obtained
by the clustering technique for monomer and di-peptide systems. For the first dominant clusters
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Aβ42 has nonzero beta content (4.7 %) in trajectory 4 only. For the second central clusters this
peptide has 9.5% beta in trajectories 3 and 4 but populations of these clusters are rather low.
Since the loop region of Aβ42 is small and within error bars Aβ40 does not affect its βcontent (Table 6) one can focus on two β-strands of N∗ . The β-content in these two regions
drops from 19.1% in monomer state to 6.1% in dimer state (Table 6). This reduction means that
the population of N∗ is decreased leading to our main conclusion that, in agreement with the
experiments [16, 186, 187], Aβ40 can inhibit aggregation of Aβ42 . One may think that reduction
of β-content by 19.1 − 6.1 = 13 % has minor effect on fibril formation rates. However, as has
been shown in our previous work, the fibril formation time τfib ∼ exp(−cPN ∗ ) [173], where
c ≈ 1 is a constant and population of the fibril-prone state PN ∗ is measured in percents. Since
the beta-content is proportional to PN ∗ , one can expect that its reduction by about 13% would
result in increase of τfib by ≈ five orders of magnitude. This estimation is made using c = 1
followed from simple lattice models with 8-bead sequences [173]. For all-atom models with
sequences of 42 amino acids constant c is presumably larger and the inhibitory effect becomes
more pronounced. Thus the reduction of beta-content of about 13% is not marginal from this
point of view.
The presence of Aβ40 does not affect helical structure of Aβ42 (Fig. 39) leaving the average
α-content unchanged (Table 6). However, the RC content increases (Fig. 39) from 85.9% to
93.2% (Table 6). Taken together, in the mixed system Aβ42 becomes less ordered compared to
the monomer case.
5.3.2.3. Side chain-side chain interaction between Aβ40 and Aβ42 is more important than
HB one.
To shed light on the nature of ordering of peptides in dimer, we have constructed the SC
(Fig. 41) and HB (Fig. 42 ) contact map using snapshots collected in four MD runs. Obviously,
the hydrophobic interaction dominates over the HB one and this is in line with the NMR study
of Aβ10−35 peptide of Zhang et al [196]. In the first trajectory, about 18 residues from two Nterminals prefer to stay together. The C-terminal of Aβ40 forms contacts with the middle part
of Aβ42 but with lower probability. For the second trajectory, the situation becomes different
as the N-end of Aβ40 has almost no contact with Aβ42 (Fig. 41). In the third MD run a few
residues from C-terminals of two peptides show the strong interaction. Residues 1-16 of Aβ40
has high propensity to have contact with the loop region of Aβ42 (Fig. 41). For the fourth
trajectory residues 33-39 of Aβ40 prefer to interact with not only C-terminal but also N-terminal
of Aβ42 . Residues from loop region of Aβ40 have high affinity to be near the Aβ42 C-terminal.
The difference between four contact maps reflects the complexity of the underlying free energy
landscape of the dimer. The existence of the large number of local minima constitutes the
diversity of structures and this may be consistent with the NMR experiment that the fibril
structure depends on the precise details of growth conditions [209].
The contact maps (Fig. 41 and Fig. 42) do not show any interaction between the two CHC
regions (17-21). This fact is in line with the scenario that Aβ40 interferes with Aβ42 aggregation
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because the strong interaction of these regions would stabilize Aβ42 leading to enhancement of
fibril formation.

Fig. 41: Side chain contact map for Aβ40 and Aβ42 in the di-peptide system. Results were obtained
for four trajectories in equilibrium.

Fig. 42: Hydrogen bonds contact map for Aβ40 and Aβ42 in the di-peptide system. Results were
obtained for four trajectories in equilibrium.
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5.3.2.4. Salt bridge D23-K28.
As mentioned above the salt bridge D23-K28 plays the important role in stabilization of the
turn region. This bridge is not stable as its forming atoms are solvated [148, 174], but if one
makes it stable by forming a bond, the loop will now be stable and will assist the peptide in
forming a hairpin like structure leading to acceleration of the fibril formation process. The
substantial enhancement of aggregation by constraining the salt bridge D23-K28 has been
demonstrated experimentally [149]. Although a similar experiment has not been performed
for Aβ1−42 yet, one can also expect that the increase in distance between D23 and K28 would
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Fig. 43: Time dependence (A) and populations (B) of the distance between D23 and K28 of Aβ42 .
Black curve refers to monomer while color curves refer to 4 trajectories of dimer. Averaging over the
whole time window one has dD23−K28 = 8.5Å for monomer, whereas dD23−K28 = 12.0, 9.0, 14.9 and
13.1 Å for trajectories 1, 2, 3, and 4 of dimer.
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Fig. 44: The same as Fig. 43 but for Aβ40 . Averaging over the whole time window one has dD23−K28 =
6.9Å for monomer, whereas dD23−K28 = 8.7, 9.8, 6.9 and 8.6 Å for trajectories 1, 2, 3, and 4 of dimer.
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To monitor salt bridge flexibility we calculate the distance dD23−K28 between atom Cγ of
residue Asp23 and Nζ of Lys28. As evident from the time dependence and distributions (Fig.
43), dD23−K28 of Aβ42 in dimer is larger than in monomer state. This is true for all four MD
trajectories performed for the Aβ40+42 complex. In the monomer case we have the average
distance dD23−K28 = 8.5 Å , while dD23−K28 = 12.3 ± 2.1 Å for dimer, where error bars come
from averaging over 4 trajectories. The increase in dD23−K28 is quite substantial, about 3.8 Å .
Thus Aβ40 is expected to inhibit aggregation of Aβ42 as its presence makes the salt bridge of
the latter more flexible.
The effect of Aβ42 on dynamics of the salt bridge of Aβ40 is demonstrated in Fig. 44. In
monomer state the average distance dD23−K28 = 6.9 Å. For the dimer case the visible effect is
seen in trajectories 1, 2, and 4. Averaging over 4 trajectories we obtain dD23−K28 = 8.5 ± 1.0 Å
which is larger than the monomer value. Therefore, Aβ42 tends to interfere with aggregation of
Aβ40 but this effect is presumably less pronounced compared to the influence of Aβ40 on Aβ42 .
5.3.2.5. Flexibility of fragment 18-33.
It has been suggested that 18-33 fragment could nucleate Aβ folding and the formation
of a bent structure within residues 22-28 could be the rate-limiting step in fibril formation
[159, 168, 210]. We have computed Cα -RMSD of this fragment from its fibril-prone structure
(Fig. 32) for Aβ42 in monomer and di-peptide system (Fig. 45). For monomer we have average
RM SD = 7 Å , whereas RM SD = 7.8±0.3 Å for dimer, where error bars come from averaging
over 4 trajectories. Thus the presence of Aβ40 increases RMSD of 18-33 fragment of Aβ42 or
reduces probability of existence of fibril-prone state N∗ . This result supports the inhibitory
mechanism of Aβ42 aggregation by Aβ40 .
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Fig. 45: The same as in Fig. 43 but for RMSD of fragment 18-33 from Aβ42 in monomer and complex
systems. The corresponding fragment from fibril-prone structure has been used as the reference. The
black curve denotes monomer while color curves refer to 4 trajectories of dimer. Averaging over the
whole time window one has RM SD = 7Å for monomer, whereas RM SD = 8.1, 7.5, 7.9, and 7.7 Å
for trajectories 1, 2, 3, and 4 of dime.

We have also monitored time dependence of RMSD of Aβ40 (Fig. 46). For monomer one has
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average RM SD = 6.5 and 6.4±0.5 Å for monomer and dimer, respectively. Therefore within
error bars RMSD of fragment 18-33 of Aβ40 remains unchanged in the presence of Aβ42 .

RMSD (Å)

9

A

8
7
6
5
4
0

100

200

300

400

500

Population (%)

Time (ns)
30
25
20
15
10
5
0
3

B

in monomer
in Aβ40+42,traj1
in Aβ40+42,traj2
in Aβ40+42,traj3
in Aβ40+42,traj4
4

5

7

6

8

RMSD (Å)

Fig. 46: The same as in Fig. 45 but for RMSD of fragment 18-33 from Aβ40 in monomer and complex
systems. Averaging over the whole time window one has RM SD = 6.5Å for monomer, whereas
RM SD = 6.8, 5.9, 6.9, and 5.9 Å for trajectories 1, 2, 3, and 4 of dime.

5.3.2.6. Estimation of binding free energy of Aβ40 to Aβ42 by MM-PBSA method.
In order to calculate ∆Gbind we have used snapshots collected in equilibrium for four trajectories and the MM-PBSA method. The contribution of the vdW interaction is superior to the
electrostatic one (Table 7). For all trajectories the binding free energy is negative supporting
good binding of Aβ40 to Aβ42 . Averaging over four MD runs we obtain ∆Gbind = −34.12±11.95
kcal/mol. Thus, the underlying mechanism of inhibition lies in association of two peptides reducing the β-content or the population of N∗ conformation of Aβ42 . Our result is in good
agreement with the experiment of Yang and Wang [186].

Table 7: Binding free energy of Aβ40 to Aβ42 in the di-peptide system. The data were obtained using
snapshots collected in equilibrium (last 390, 440, and 430 ns for trajectory 1, 2, and 4, respectively
(Fig. 35) and the MM-PBSA method. For third trajectory snapshots between 115 and 380 ns have
been used skipping high energy structures from 380 to 500 ns [211]. All quantities are measured in
kcal/mol.
Aβ40+42

∆EvdW

∆Gsur

∆Eelec

∆GP B

-T∆S

∆Gbind (kcal/mol)

Traj1

-118.88

-13.80

-32.49

61.07

61.29

-42.81

Traj2

-83.20

-9.17

76.91

-59.58

54.57

-20.47

Traj3

-107.06

-12.46

36.73

-28.05

60.69

-49.75

Traj4

-84.35

-10.07

14.39

-5.53

59.45

-26.11

Average

-98.37

-11.38

23.89

-8.02

59.00

-34.12 ± 11.95
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5.4.

Conclusion.

As follows from Fig. 37 and 39 the β-structure occurs in Aβ42 much faster than in Aβ40 .
Consistent with this finding, solvent conditions that facilitate the initial coil → β-structure
transition would significantly accelerate fibril assembly. The N-terminal is less ordered than
the C-one (Fig. 37 and 39) but not completely unstructured. This may be in line with the recent
experiment showing that the English (H6R) and Tottori (D7N) mutations alter Aβ assembly
at its earliest stages and produce oligomers that are more toxic to cultured neuronal cells than
wild-type oligomers [212]. The experiments [16, 187] have shown that the inhibition of Aβ42
fibrillogenesis by Aβ40 increases with increasing concentration of Aβ40 and the best inhibitory
effect is achieved at stoichiometric ratio Aβ40 :Aβ42 ∼ 10:1.
However, the change in morphological properties of Aβ42 by the latter is observed in our
simulations with ratio 1:1. This is presumably because the concentration used in our simulations
(≈ 10 mM) is much higher than that used in experiments (∼ 1µM ).
In order to understand in more detail why the efficient inhibition happens at stoichiometric
ratio Aβ40 :Aβ42 ∼ 10:1, we have calculated the binding free energy of Aβ42 to Aβ42 . We
obtained ∆Gbind ≈ −55.8 kcal/mol (MH Viet and MS Li, unpublished results) that is lower
than the binding free energy of Aβ40 to Aβ42 (Table 7). This implies that Aβ42 peptides prefer
to bind to each other more than to Aβ40 and one needs, therefore, high concentration of Aβ40
to observe pronounced inhibition.
We have shown that, in accord with the inhibitory mechanism, the presence of Aβ40 increases
the beta content, distance between D23 and K28 of salt bridge and RMSD of 18-33 fragment of
Aβ42 . Therefore these three quantities are sensitive indicators for studying Aβ42 aggregation.
We have shown that the protective role of Aβ40 is associated with preventing Aβ42 from
aggregation. However, there is another possibility that Aβ40 can reduce toxicity by degrading
oligomers or fibrils of Aβ42 . This question requires further investigation but our preliminary
result on the binding free energy suggests that Aβ40 can bind to Aβ42 aggregates and degrade
them.
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Chapter 6.

DOCKING AND MOLECULAR DYNAMICS STUDY OF BINDING

AFFINITY OF TRIPEPTIDES TO AMYLOID BETA FIBRILS: IMPLICATIONS
FOR ALZHEIMER’S DISEASE
6.1.

Introduction

A potential strategy to inhibit Aβ aggregation, which is believed main cause of AD, is to
use short peptides [6, 213]. The initiation of amyloid formation by Aβ relies on interactions
involving residues 17 to 20 (LVFF) in the central hydrophobic region [214] and many efforts have
focused on developing beta-sheet breaker peptides to block this region. Tjernberg et al showed
that the shortest peptide KLVFF (fragment Aβ16−20 ) still shows significant binding preventing
assembly into fibrils [7]. Soto et al have adopted a different design strategy directly focusing
on the central hydrophobic region containing LVFFA (Aβ17−21 ) motif and designing peptides
with similar sequences and hydrophobicity [8, 146]. Proline residues that had previously been
noted to reduce β-sheet propensity [176] are inserted in the inhibitor peptides, while charged
residues are added to the ends to increase solubility [8, 146]. It has been shown that LVFFA
does not displays high capacity to inhibit Aβ fibrillogenesis but peptide LPFFD obtained
from this fragment by Proline replacement V18P and mutation A21D considerably enhances
it [8, 146]. The inhibition of Aβ aggregation by short fragments from the C-terminal of Aβ
peptides has been also intensively studied by simulation [145, 215]. The new structure-based
peptide inhibitor design has been proposed using fibril-like crystal structures of short peptides
the core of which is a ”steric zipper” [216] as targets. This allows one to develop non-natural
peptide inhibitors [217].
One of the most notable shortcomings of previously designed peptides is that they are
relatively long containing at least 5 amino acids. Such big compounds may not satisfy the
Lipinski’s restriction [218] on mass and enable to cross the blood-brain barrier (BBB). One can
overcome this considering shorter peptides, but the experiments of Tjernberg et al and Soto et
al [7, 8] showed that tripeptides, e.g., are weakly bound to Aβ peptides. Tjernberg et al have
suggested that to have good binding a peptide should have at least five residues. However, the
experiments of these groups were performed for a small number of tripeptides which do not
have either aromatic or five-membered rings and it remains unclear if other tripeptides have
better binding affinity. In addition, our preliminary study [49] suggests that the binding free
energy of some beta-sheet breaker peptides to amyloid fibrils depends on their hydrophobicity,
but the validity of this conclusion for a larger set of compounds is largely unknown.
In this chapter we perform comprehensive study of binding of all possible three-amino-acid
peptides (8000= 203 tripeptides in total) to Aβ fibrils using the the docking method. One of
our goals is to explore ability of tripeptides as potential leads for AD. On the other hand, it is
well known that the binding energy of ligands is correlated with a number of factors like the
number of heavy atoms, number of aromatic residues, hydrophobicity, van der Wall volume
of side chains and molar refractivity (MR) [9–13]. Since these factors have been obtained for
nonpeptide-based ligands and non-fibril targets, our second goal is to verify their validity for
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fibril-peptide complexes through study of a large enough data set of tripeptides .
We have shown that the main factors controlling ligand binding remain valid for the fibrilpeptide case suggesting their universality for any systems. Combining the docking and molecular mechanics-Poisson-Boltzmann surface area (MM-PBSA) methods it is found that some
tripeptides have the binding affinity not worse than pentapeptides. We predict that WWW,
WPW, and WWP have the inhibition constant in the range of nM and they are recommended
for further in vitro and in vivo study as potential inhibitors for AD.
6.2.
6.2.1.

Materials and Methods.
Receptors.

The sequences of Aβ1−42 and Aβ1−40 are given in Chapter 2. Since first 8 and 16 amino
acids of Aβ40 [55] and Aβ42 [57], respectively, are unstructured, we consider fibrils of truncated
peptides 6Aβ09−40 and 5Aβ17−42 . The atomic structure of 6Aβ9−40 was provided by Prof. R.
Tycko [55], while the crystal structure of 5Aβ17−42 was taken from the Protein Data Bank (PDB
ID: 2BEG [57]).
6.2.2.

Ligands.

From 20 amino acids one can construct 8000 tripeptides. For simulations their structures
have been generated and minimized by using AMBER 11 package [132]. Hydrophobicity and
vdW volume of volume of 20 basic amino acids are taken from Darby and Creighton’s book [219]
and Roseman’s paper [220]. The hydrophobicity and vdW volume of tripeptides are defined as
the sums of three individual terms. The polar surface area, number of aromatic rings, mass,
number of Carbon atoms, and molar refractivity are calculated by the Calculator Plugins of
Chemaxon package [221].
6.2.3.

Docking method.

To dock tripeptides to Aβ fibrils, we the Autodock Vina version 1.1 [122], where the exhaustiveness of global search was set equal 300, and the maximum energy difference between the best
and worse binding modes was chosen equal 7. Twenty binding modes were generated starting
from random configurations of ligand, which has fully flexible torsion degrees of freedom. The
center of the grids was placed at the center of mass of the receptors, with the grid dimensions
80 x 50 x 65 and 75 x 55 x 65 for 6Aβ09−40 and 5Aβ17−42 , respectively. These dimensions are
large enough to cover the whole receptor.
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6.2.4.

Molecular dynamic simulations.

Based on estimating docking energy results, the first ten compounds having strongest binding affinity with receptor 6Aβ9−40 were selected to perform MD simulation and MM-PBSA
calculation to evaluate binding scores. Complexes were placed in a triclinic box of around
19500 water molecules with 1nm distance between the solute and box. Periodic boundary condition is imposed. All MD simulations with the force field CHARMM 27 [222] and water model
TIP3P [108] which are implemented in Gromacs-4.5 package [223] (see Chapter 3).
6.2.5.

Blood-brain barrier

The BBB is a physical barrier in the circulatory system that a compound should across in
order to travel into the central nervous area [224]. Thus the requirement of passing this barrier
is necessary for any AD drug candidate. The crossing ability is measured by the logarithm base
10 of the ratio of the compound concentration in the brain, Cbrain , to that in the blood, Cblood :
·

¸
Cbrain
log(BB) = log
.
Cblood

(22)

Log(BB) is likely related to local hydrophobicity, molecular size, lipophilicity, and molecular
flexibility [225]. In the present work log(BB) is computed using the QikProp program [226, 227]
implemented in the Schrodinger software [228]. QikProp has been thoroughly evaluated at
many major pharmaceutical companies and found to be extremely useful in estimation of BBB
permeability.
6.3.
6.3.1.

Results and Discussions
Ligands preferably bind to hydrophobic regions of receptor

Binding positions of all ligands to 6Aβ9−40 obtained in the best binding mode are shown in
Fig. 47. Most compounds locate near the loop region inside fibril because this region is wider
compared to other regions. The top leads are also found in this region. Only a few compounds
are positioned near terminals of peptides. A detailed SC-SC contact map analysis shows that
ligands mainly interact with residues 19, 21, 30 and 32 of II-V Aβ9−40 peptides (Fig. 48).
Residue 23 of IV- V, and 28 of II- III peptides also strongly interact with ligands. Because 19,
21, 23, 28, 30, and 32 are hydrophobic residues one can conclude that ligands predominantly
bind to hydrophobic regions. This is consistent with the scanning experiment of Tjernberg et al
[7] who have shown that short peptides extracted from Aβ1−40 bind to its hydrophobic regions
better than other regions.
The situation becomes different in the case of 5Aβ17−42 , where most compounds are positioned outside fibril and near peptide I (Fig. 47). This is because the free space inside fibril is
not enough to accommodate them. Residues 19, 21 and 23 of peptide I and 34, 36 and 38 of
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peptides I and II are the most important in ligand binding (Fig. 49). Since 19, 21, 34 and 36
are hydrophobic and Glycine at position 38 does not have side chain, as in the 6Aβ9−40 case
ligands favor to bind to hydrophobic residues of receptor. Binding positions of tripeptides to
5Aβ17−42 are much more scattered compared to 6Aβ9−40 (Fig. 47).

residue index

residue index

residue index

residue index

residue index

residue index

Fig. 47: Binding positions of the tripeptides to 6Aβ9−40 and 5β17−42 . Results have been obtained in
the best binding mode. Green spheres refer to representative top-hit binders.
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Fig. 48: The side chain contact map between tripeptides and fold-6Aβ9−40 .

80

residue index
residue index

0.45

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42
residue index of I-Aβ17-42

0.4

3
2
1

0.35

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42
residue index of II-Aβ17-42

0.3

3
2
1

0.25

residue index

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42
residue index of III-Aβ17-42
3
2
1

residue index

residue index

0.5

3
2
1

3
2
1

0.2

0.15

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42
residue index of IV-Aβ17-42

0.1

0.05

0

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42
residue index of V-Aβ17-42

Fig. 49: The side chain contact map of tripeptides and fold-5Aβ17−42 .
6.3.2.

Correlation between two sets of binding energies

Binding energies ∆Ebind of 8000 tripeptides to 6Aβ9−40 and 5Aβ17−42 were estimated by
Autodock Vina 1.1 [122]. The correlation between two sets of ∆Ebind is rather high as the
correlation level R = 0.89 (Fig. 50) suggesting that the binding affinity is more sensitive to
ligand structures than to receptor. This conclusion is not apriori obvious because Aβ9−40 is
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Fig. 50: Correlation between binding energies obtained by the docking method for 6Aβ9−40 and
5Aβ17−42 (A). And the distributions of binding energies for 6Aβ9−40 (black) and 5Aβ17−42 (red) (B).
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binding energies to 6Aβ9−40 (−4.5 ≤ ∆Ebind ≤ −11.5 kcal/mol) are higher than 5Aβ17−42
(−4.0 ≤ ∆Ebind ≤ −8.5 kcal/mol). This result is reasonable because most ligands are located
inside fibril 6Aβ9−40 , while they are scattered around 5Aβ17−42 (Fig. 47).
6.3.3.

Factors governing binding affinity of tripeptides to Aβ fibrils.

6.3.3.1. Mass, Carbon and heavy atoms.
The binding energy increases with the number of Carbon atoms (NC ) and mass of ligands
(Fig. 51). This is because a larger ligand would have more contacts with a receptor leading
to stronger binding. For the same reason the binding affinity grows with the total number of
atoms of ligands. The highest correlation level with the number of Carbon atoms is recorded
as R = 0.92 for 6Aβ9−40 and 0.86 for 5Aβ17−42 . Since the mass and the total number of atoms
are equivalent quantities the correlation levels with them are almost the same (Fig. 51).
The pronounced correlation is also observed for the number of heavy atoms (NHA ) having
R = 0.83 and 0.80 for 6Aβ9−40 and 5Aβ17−42 , respectively. Considering binding of several
types of ligands to different targets, Kuntz et al reported that the binding free energy linearly
decreases with the number of heavy atoms for NHA ≤ 15, but its gets saturated beyond this limit
[9]. This nonlinearity was ascribed to the interplay between vdW interactions and hydrophobic
effects. As the size of ligand grows the repulsion interaction with receptor dominates attraction
deteriorating binding affinity. Having used larger data bases Reynolds et al [229] and Smith et
al [230] have demonstrated that the linear growth is possible up to NHA ∼ 30 − 40. This result
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is in reasonable agreement with our observation (Fig. 50A) where the monotonic increase
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Fig. 51: Dependence of binding energies on mass and number of carbon atoms for targets 6Aβ9−40
and 5Aβ17−42 . Straight lines are linear fits. For the dependence on the number of Carbon atoms
y = 3.558 + 0.238x (6Aβ9−40 ) and y = 2.801 + 0.173x (5Aβ17−42 ).
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of ∆Ebind is seen for the whole interval of NHA . The slope of the linear fit is 0.2 and 0.15
kcal/mol for 6Aβ9−40 and 5Aβ17−42 , while previous studies revealed slopes between 0.39 and
1.75 kcal/mol [9, 230]. Thus, our slope is lower than these estimates and this may be due to
difference between not only peptide-based and non-peptide ligands but also between receptors.
Note that we consider tripeptides, while previous studies [9, 229, 230] cover a broader class
of ligands such as metal ions, small anions, natural ligands and enzyme inhibitors. In addition,
although receptors are very different in nature (proteins against fibrils) the enhancement of
binding is always observed at small NHA . Therefore, this property is universal for any types of
ligands and receptors.
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Fig. 52: Ligand efficiency of tripeptides to targets 6Aβ9−40 (green) and 5Aβ17−42 (cyan) as function of
number of heavy atoms (A) and Carbon atoms (B). Average values of binding energy are denoted by
black curves. Red curves refer to the nonlinear fit y = a + xbα . For the dependence of LE on NHA we
have a = −0.237(−0.180), b = −25.146(−206.787) and α = 2.056(2.769) for 6Aβ9−40 (5Aβ17−42 ). In
the case of Carbon atoms a = −0.237(−0.202), b = −3.503(−5.395) and α = 0.913(1.724) for 6Aβ9−40
(5Aβ17−42 ) for both targets. For all these four cases the correlation level R ≈ 0.99. Blue refers the
b
. For LEHA we have a = 0.061(0.038) and b = −0.632 (-0.74) with correlation
nonlinear fit y = a + x1/3
level R ≈ 0.94. For LEC one has a = 0.297(0.0.335) and b = −1.906 (-1.784) with R ≈ 0.95. Note
that numbers in parentheses are for 5Aβ17−42 .

We define the ligand efficiency (LE) based on the number of heavy atoms and the number
of Carbon atoms as follows
binding affinity
∆Ebind
=
NHA
NHA
∆Ebind
binding affinity
=
.
LEC =
NC
NC

LEHA =

(23)

In accord with other groups [9, 231, 232], the efficiency of tripeptides is dependent on ligand
size in such a way that smaller ligands have greater efficiencies (Fig. 52). This effect becomes
more evident if the average binding energy ∆E bind is plotted as a function of the atom number
(black curves in Fig. 52). Here ∆E bind is the average over binding energies of tripeptides that
have a given number of atoms. LEC is a more useful indicator than LEHA in searching potential
leads as LEC > LEHA .
The size dependence of LE may be described by the power law
LE = LE0 + cN −α ,
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(24)

where LE0 and c are constants, while α is the exponent. In the case of HA fitting to data
for average binding energies (red curves in Fig. 52) we obtain α = 2.06 and 2.77 for 6Aβ9−40
and 5Aβ17−42 , respectively. For LEC this exponent becomes smaller as α = 0.91 and 1.72
for 6Aβ9−40 and 5Aβ17−42 . As evident from Fig. 52, the correlation level of fits is almost
perfect (R ≈ 0.99) suggesting that exponent α is not universal but rather sensitive to receptors.
Assuming that the binding affinity is proportional to the protein-ligand contact area and ligand
has the spherical shape Nissink obtained the universal behavior with α = 1/3 [231]. Fitting
to the Nissink’s formula (blue curves in Fig. 52) we still have high correlation level R ≈ 0.94
but this is apparently much worse than fits with higher values of α. Thus the fit with α > 1/3
works better than the Nissink’s prediction. Moreover, α is not universal but rather depends on
receptors. This is not surprising because shapes of tripeptides are not spheres and ∆Ebind is
not defined solely by the contact area. One can show that the polynominal fit of Reynolds et
al [232] is also valid in our case (results not shown).
6.3.3.2. Rings and aromatic residues.
Aromatic residues in amyloid peptides which carry pi-stacking interactions can accelerate selfassembly of the peptides and stabilize beta-sheet structure [233, 234]. Therefore small molecules
containing aromatic rings can be used to disrupt pi-stacking and slow down protein aggregation.
Previous studies also recognized that congo red, tannic acid, epicatechin, curcumin that have
rings play an important role in inhibition of the amyloid aggregation [162, 163, 235, 236]. From
this prospect, the number of rings should be considered as an relevant parameter in searching
for potential inhibitors of amyloid fibrillation. However, a comprehensive study on this matter
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is still missing.
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Fig. 53: Dependence of binding energies to 6Aβ9−40 and 5Aβ17−42 on the number of rings and aromatic
residues, molar refractivity (m3 /mol) and side chain vdW volume (Å3 ) of tripeptides.
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Our docking simulations show a rather strong dependence of ∆Ebind on the number of
aromatic residues and rings (including aromatic and 5-membered) of tripeptides (Fig. 53).
The increase in the number of aromatic residues from zero to three reduces ∆Ebind by ≈ 3
kcal/mol. This roughly corresponds to decrease of the inhibition constant IC50 by two orders
of magnitude. The correlation level with the number of aromatic residues is R=0.79 and 0.76
for 6Aβ9−40 and 5Aβ17−42 , respectively. ∆Ebind is correlated with the number of rings to the
greater extent having R=0.84 for 6Aβ9−40 and 0.80 for 5Aβ17−42 . Analyzing 7856 compounds
from GlaxoSmithKline, Ritchie and Macdonald indicated that the binding affinity to serum
albumin is proportional to a number of aromatic rings [10]. Despite of difference in nature of
targets and ligands, their findings are in accord with ours. This common property comes from
rigid structure of rings that increases the ligand-receptor binding energy at expense of entropy
reduction.
Fig. 54A shows the difference between the average binding energies of ligands that have the
same number of Carbon atoms but with and without rings. The substantial effect of rings is
seen at large enough number of Carbon atoms. As shown below, the top leads which has the
lowest docking energies contain at least two aromatic residues (Table. 8). However, one has to
bear in mind that the increase of the number of aromatic rings will make a drug candidate less
developable and less ”drug-like” [10] due to increase of mass and lipophilicity. Aromatic rings
are prevalent in drug molecules but their average number in oral drugs is about 1.6 only.
6.3.3.3. Proline enhances binding affinity.
Proline is unique among 20 natural amino acids because its side chain cyclic structure locks
the backbone φ dihedral angle at approximately −75o , making its conformation exceptionally
rigid compared to other amino acids. As a result, Proline rarely appears at the center of α-helix
and β-sheet structure [237]. It can disrupt β-sheet in both aqueous and membrane environments
[238]. Insertion of Proline residue in beta sheet breaker peptides increases their ability to slow
down the fibril formation [8, 49]. From this point of view Proline deserves particular attention
among other amino acids.
In order to clearly see the effect of Proline, the difference between average binding energies of
tripeptides with and without Proline is plotted as a function of the number of HA (Fig. 54B).
Here ∆E bind for ligands with Proline is calculated in such a way that for a given number of
HA we average over all tripeptides containing at least one Proline. For both receptors Proline
always enhances the binding affinity but the stronger effect is seen for 6Aβ9−40 . For this target
and NHA = 38, ∆Ebind is reduced by ≈ 1.4 kcal/mol, leading to decrease of IC50 by one order
of magnitude. More accurate methods for estimation of binding affinity may give a stronger
effect. Thus, due to conformational rigidity, Proline reduces the entropy cost leading to binding
enhancement. This relevant factor should be taken into account at least for drug design for
diseases associated with protein aggregation.
To compare Proline with other residues we consider the dependence of ∆E bind on amino
acids (Fig. 55). Proline and Histidine (H) are comparable in binding affinity probably because
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both of them have one 5-membered ring. Phenylalanine (F), Tyrosine (Y) and Tryptophan (W)
are better than Proline as they have an ‘aromatic ring. Tryptophan is the best one with one
5-membered ring more. Glycine (G) which does not have a side chain is ranked last. Cysteine
also contributes little to binding with amyloid fibril.
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Fig. 54: The difference between binding energies with and without aromatic rings for fold-6Aβ9−40
(blue) and fold-5Aβ17−42 (cyan) (A). The binding energy difference between ligands with and without Proline residue for fold-6Aβ9−40 (blue) and fold-5Aβ17−42 (cyan) (B). Results were obtained by
averaging over all ligands that have the same number of Carbon (A) or HA (B).
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Fig. 55: Dependence of the average binding energy ∆E bind on amino acids in tripeptides. If a tripeptide
contains at least one amino acid of a given type then its binding energy is taken into account in
calculation of ∆E bind . Amino acids were ordered by increasing of their mass. Results were obtained
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6.3.3.4. Molar refractivity and vdW volume of side chain.
The molar refractivity is a measure of the total polarizability of a mole substance.
It is defined as MR = 4π.NA α/3 =

n2 −1 M W
. ρ ,
n2 +2

where NA is Avogadro number, α

the mean polarizability of a molecule, and MW the molecular weight.
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n is the re-

fraction index which is a polarizability dependent parameter and ρ is the density.
In this work, MR of tripeptides is calculated by Chemaxon plugins software [221],
proposed by Viswanadhan et al [239] has been implemented.
Since MR is strongly related to the volume of
molecules and to London dispersive forces that
have important effect in drug-receptor interaction
and can show that the binding affinity or efficacy of ligands displays the linear dependence on
it [11, 12, 240]. However such a dependence was
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where the atom-based property matching method
-12
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tion (Fig. 53) with R = 0.65 and 0.66 for 6Aβ9−40
and 5Aβ17−42 . Although the correlation is not as
high as with NC or NHA it is worth to mark MR as
one of relevant parameters for binding of peptidebased ligands to amyloid fibrils. This is in qualitative agreement with results previously obtained for
other systems [11, 12, 240].
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ands and non-fibril receptors, it would be interIndeed, ∆Ebind and MR have quite good correla-

-6

R=0.43
-4

obtained for a limited number of non-peptide ligesting to reexamine it for fibril-peptide complexes.

-8

-5

0

5

Hydrophobicity

10

15

-9

5Aβ17-42

-8
-7
-6
-5
-4

R=0.33
-5

0

5

Hydrophobicity

10

15

The side chain vdW volume is also correlated Fig. 56: Dependence of binding energies
with ∆Ebind (Fig. 53). For 6Aβ9−40 the correla- on the hydrophobicity of ligands for targets 6Aβ9−40 (upper panel) and 5Aβ17−42

tion is even better than MR but still lower than the (lower panel). Red lines refer linear fits
number of Carbon and HA atoms. Having stud- are y = −7.498 + 0.127 (R=0.45) and y =
−5.652 + 0.0743x (R = 0.33) for 6Aβ9−40

ied the dependence of efficacy of 8 indole-derived and 5Aβ17−42 , respectively. Cyan denotes

averaged binding energies Fitting averaged

H4R ligands on its molar volume, a limited number binding energies by parabolic curves we obof similar compounds. With the correlation level tained y = −7.333+0.184x−0.016x2 (R =
0.97) and y = −5.533 + 0.126x − 0.0124x2

R ≈ 0.7 (Fig. 53) our result followed from a much (R = 0.95) for 6Aβ
9−40 and 5Aβ17−42 , respectively.
larger ligand set suggests that vdW volume should
be counted in searching for peptide-based inhibitors
of amyloid beta aggregation.
6.3.3.5. Parabolic dependence of ∆Ebind on ligand hydrophobicity.
Schneider et al obtained the very good correlation coefficient [241], but their result is restricted to Hydrophobicity, mainly known as vdW interaction [242], is one of the main driving
forces for binding process. Previous studies revealed that the dependence of binding affinity on
ligand hydrophobicity is not linear but rather parabolic [243, 244]. Using the large data base of
QSAR Hansch et al [13] have obtained a few unusual examples where as the hydrophobicity of
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a set of congeners drops, activity decreases until at a certain point, activity begins to increase.
Such a parabolic dependence was obtained for non-peptide based ligands and it is not clear if
it remains valid for ligands like tripeptides.
As follows from Fig. 56 the strong ligand hydrophobicity (large negative values) would be
more favorable for binding. However the linear fit for the whole region is rather poor with
R = 0.45 and 0.33 for 6Aβ9−40 and 5Aβ17−42 , respectively. This fact should be taken into
account in searching new leads. The dependence of the average value of ∆Ebind (cyan curve in
Fig. 56) on hydrophobicity is described by a parabolic function (orange curve) as the quality
of fitting is very good (R = 0.97 and 0.95 for 6Aβ9−40 and 5Aβ17−42 ). The crossover in binding
strength occurs roughly at hydrophobicity of 5. This is in the qualitative agreement with
the previous results [13] that the crossover takes place at positive values of hydrophobicity.
Thus, our new finding is that the parabolic behavior also holds for peptide-based ligands and
fibril receptors. As argued by Hansch et al [13] the non-linear dependence is associated with
the change in the structure of receptor. Their argument is probably also applied to our case
because at high positive values of hydrophobicity the ligand surface accessible area becomes
large causing deformation of the binding pocket. A more careful study is needed to settle this
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issue.
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6.3.4.

Irrelevant factors.

One can show that the binding affinity is not correlated with a number of characteristics
of ligand like the beta propensity, the number of charged residues, polar surface area, and
rotatable bonds (Fig. 57). The most remarkable observation is that the number of hydrogen
bonds between ligand and receptor is not a key factor that controls the ligand binding (Fig.
57). This is in line with previous studies [49, 90, 163, 245] that the binding free energy is
mainly defined by the interplay between the electrostatic and vdW interactions. For example,
in the case of influenza A/H1N1 virus the electrostatic interaction dominates over the vdW
interaction [90, 245], while the opposite situation occurs when non-peptide and peptide based
ligands dock to Aβ monomers and fibrils [163].

Table 8: 20 top hits obtained by the docking method for 6Aβ9−40 and 5Aβ17−42
fold-6Aβ9−40 fold-5Aβ17−42

6.3.5.

1

WWW

WWW

2

WWP

WFW

3

WWY

WWI

4

WWF

WWY

5

YWW

YWW

6

WPW

RWF

7

FWW

RWW

8

WFW

WWL

9

WYW

WFF

10

WFP

RWY

Prediction of top-leads by docking and MM-PBSA simulations.

6.3.5.1. Docking results.
From 8000 peptides we have selected 20 top hits which have the lowest binding energy for
receptor 6Aβ9−42 and 5Aβ17−40 (Table 8). These compounds compose mostly of W, P, F, Y that
have aromatic and 5-membered rings. WWW is a champion for both targets probably because
it has the largest number of rings. Proline occurs in three top compounds of 6Aβ9−42 but it is
missing in all of 10 top leads of 5Aβ17−40 . This is in line with the fact that Proline enhances
the binding to 6Aβ9−42 to the greater extent compared to 5Aβ17−40 (Fig. 54B). The docking
method provides the useful information about the location of binding sites but its predictive
power for binding affinity is limited because the dynamics of receptor is ignored and the number
of position trials for ligand is finite. Therefore we will use the more accurate MM-PBSA method
to refine the docking prediction.
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Table 9: MMP-BSA binding free energy of top ten tripeptides revealed by the docking method for
6Aβ9−40 . Their binding energy obtained by the docking method and log(BB) are also shown. The
BBB parameter was calculated by the program QikProp [228]. Energies are in kcal/mol.
Ligand

∆EvdW

∆Gsur

∆Eelec

∆Gpb

-T∆S

∆Gbind

∆Edock

log(BB)

WWW

-64.57

-8.95

-99.37

138.51

25.03

-9.34

-11.5

-2.91

WWP

-51.08

-7.02

-88.64

113.81

19.78

-13.15

-11.2

-2.25

WWY

-39.88

-6.64

-62.88

77.67

23.11

-8.64

-11.0

-3.17

WWF

-53.55

-8.18

-104.87

138.58

22.73

-5.27

-10.9

-2.5

YWW

-61.61

-7.03

-94.87

129.97

25.62

-7.94

-10.9

-2.62

WPW

-48.63

-7.80

-65.53

90.31

20.33

-11.32

-10.8

-1.76

FWW

-51.70

-8.03

-84.99

114.71

23.20

-6.81

-10.8

-2.61

WFW

-52.54

-8.62

-82.70

112.91

23.65

-7.29

-10.7

-2.49

WYW

-42.42

-6.07

-60.10

77.96

23.61

-7.02

-10.7

-3.16

WFP

-50.03

-7.17

-29.88

59.75

19.82

-7.52

-10.6

-1.69

6.3.5.2. Ranking by MM-PBSA.
Because the simulations by MM-PBSA methods are CPU time consuming we restrict our
study to 10 top leads of 6Aβ9−40 ( Table 8). The best docking configurations were used as
starting configurations for MD simulations. During 20 ns MD simulations ligands stay inside
the target (see Movie 1 in Supporting Information) implying that the systems are stable. Allatom root mean square displacement (RMSD) of the receptor relative to the initial structure is
plotted as a function of time (Fig. 58) for 10 compounds. Overall, the systems reach equilibrium
after 12 ns when the RMSD curve gets saturation. Snapshots collected in the equilibrium during
last 8 ns are used for estimating the binding free energy by the MM-PBSA method. The result
is shown on Table 9.
Except WFP the electrostatic interaction dominates over the vdW interaction. The contribution of electrostatic interaction is over compensated by polar solvation energies, resulting to
all positive numbers. The level of positive sums ∆Eelec + ∆GPB (from 15 to 40 kcal/mol) also
orients the ranking by MM-PBSA. Thus, the final negative values of ∆Gbind come from the
donation of vdW energies which vary from -62 to -40 kcal/mol. This observation once again
proves that hydrophobicity is not the main factor controlling the binding process, but it is
indispensable to direct the reaction. Apolar solvation energies constitute to the final binding
scores at the same range (from -9 to -6 kcal/mol) in all compounds (Table 9), while ∆GPB
greatly varies across the whole set of ligands. The entropy changes upon binding are quite different among various structures, from 19.8 to 25 kcal/mol. A peptide which has complex rings
that lie close may have low entropy. The deviation in entropy partially affects the final binding
value. Three compounds containing Proline have the lowest entropic contribution because as
mentioned above the conformation of this residue is highly rigid. Specifically, WWP ligand
which has the least positive entropy value, is the most potential inhibitor to degrade amyloid
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fibrils. As follows from Table 9, ∆Gbind is sensitive to sequences of ligand amino acids. WPW
is worse than WWP because when Proline is in the middle the complex becomes energetically
less favorable due to decrease of both vdW and Coulomb interaction. The binding strength to
6Aβ9−40 has been optimized when F is inserted between two W amino acids but it becomes
worse in the case of Y because WYW has the binding affinity lower than YWW and WWY.
The ranking of top leads obtained by the docking method is changed by the
MM-PBSA simulations.

Second by docking ranking WWP becomes champion in

the MM-PBSA classification having the lowest ∆Gbind
ble 9).

=

−13.15 kcal/mol (Ta-

WWW which is the first among docking top hits is ranked third now.

We predict that WWP, WPW and WWW are
the most prominent inhibitors for Aβ aggrega-

0.8

tion having ∆Gbind < −9 kcal/mol. Their inhibition constant IC50 is in the submicromolar
the program QikProp [228] and the result is
shown on Table 9. According to the QikProp
criterion three top leads can cross BBB having

RMSD (nm)

range. We have also calculated log(BB) using

0.6

0.4

0.2

log(BB)> −3.
Experimentally Tjernberg et al [7, 246] have
found that tripeptides extracted from full-

0
0

5

10

15

20

Time (ns)

length Aβ peptides have very low binding affin- Fig. 58: Time dependence of the all-atom RMSD
6Aβ9−40 in the presence of different tripepity to Aβ fibrils. This is because their peptides of
tides. Black, red, green, blue, yellow, brown,
do not contain rings. Our simulations show that grey, violet, cyan and magenta, respectively, refer
to WWW, WWP, WWY, WWF, YWW, WPW,

Proline and residues with rings can enhance the FWW, WFW, WYW and WFP. The arrow refers
binding of tripeptides making them to be poten- to the time when systems reach equilibrium.
tial inhibitors of amyloid aggregation.
6.4.

Conclusions

The binding affinity of a set of 8000 tripeptides to two-fold symmetry 6Aβ9−40 and 5Aβ17−42
fibrils has been studied by the Autodock Vina method. While ligands are mostly positioned
near the loop region inside fibril of 6Aβ9−40 , their locations outside 5Aβ17−42 are more favorable.
This may be attributed to stronger binding to 6Aβ9−40 than to 5Aβ17−42 . One of the most
interesting findings here is that, in agreement with the experiments [7], tripeptides preferably
locate near hydrophobic residues of receptor.
The binding strength is demonstrated to correlate with a number of factors such as number of
HA and Carbon atoms, number of aromatic residues, mass, vdW volume of side chain and molar
refractivity. The higher is the binding affinity, the larger these factors are. Such a correlation
has been noticed in previous studies for non-peptide ligands and non-fibrils receptors. Our
contribution is to show that those factors are also relevant for binding of peptide-based ligands
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to amyloid fibrils. Since the correlation with the number of Carbon atoms of ligand is the most
pronounced NC may be considered as the most important factor for screening potential leads
for Alzheimer’s disease.
Together with other amino acids that contain rings Proline enhances the binding affinity due
to rigidity of the 5-membered ring. As a result Proline is present in most of top hit compounds
(Table 8). More aromatic residues would give rise to stronger binding, but to satisfy Lipinski’s
rules [218] drug-like compounds cannot have many aromatic rings. The dependence of ∆Ebind
on hydrophobicity of tripeptides is not monotonic but parabolic. Such a dependence was also
observed for non-peptide based compounds by Hansch et al [243, 244]. The interesting question
about a possible link between the structure change in binding site and the crossover in binding
affinity requires further investigation.
We have shown that beta propensity, number of charged residues, number of rotatable bonds,
and polar surface area of tripeptides play a minor role in their binding to Aβ fibrils. Moreover,
∆Ebind displays low correlation with the number of hydrogen bonds between ligand and receptor
implying that the hydrogen bonding is not a key factor for binding. The competition between
vdW and electrostatic interactions plays a more decisive role.
Having used the virtual screening and the MM-PBSA method we predict that three peptides
WWW, WWP and WPW have IC50 ∼ µM -nM. Since these ligands enable to cross the bloodbrain barrier, they are highly recommended for further in vitro and in vivo study as potential
leads for AD.
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Chapter 7.

TOP-LEADS FOR SWINE INFLUENZA A/H1N1 VIRUS REVEALED
BY STEERED MOLECULAR DYNAMICS APPROACH

7.1.

Introduction.

Nowadays, tamiflu is the frontline antiviral drug used to fight the flu virus by inhibiting
neuraminidase, a flu protein responsible for the release of newly synthesized virions. The
dangerousness of this pandemic is not only because of this high rate spread via human like the
avian flu A/H5N1 [247], but also strains of both the A/H5N1 [17] and A/H1N1 [18] influenza
virus can resist to oseltamivir. Thus it is necessary to design a drug which would be better
than existing drugs for treatment of influenza.
This problem has motivated numerous computational studies. Using the structure-based
screening, in addition to 5 existing ligands (tamiflu, relenza, peramivir, DANA, and SA), Cheng
et al [19] have obtained the list of 27 ligands as top-hits for A/H5N1 (Material and Method).
Ligand 109836 from the NSC data base (see http://129.43.27.140/ncidb2/) was found to be
the most promising lead [19] to cope with the avian flu. Applying Autodock tool 1.5.2 [248],
Nguyen et al [249] have examined the binding affinity of 32 ligands, taken from the work of
Cheng et al [19], to the swine A/H1N1 neuraminidase (A/H1N1 NA). They have found that
instead of NSC109836, NSC211332 is a champion lead for the swine influenza virus.
In term of CPU time, the docking approach [250], where the dynamics of a receptor is ignored,
is computationally less expensive but its prediction ability is limited. Using the Autodock
method, it was shown, for example, that oseltamivir has almost the same binding affinity to
the wild type (WT) and H274Y variant of H5N1 neuraminidase. This result contradicts the
experiments [251] showing that oseltamivir binds to WT stronger. Other methods such as linear
interaction energy [252], free energy perturbation [253], linear response approximation [254],
MM-PBSA [21], molecular mechanics-generalized Born surface area [255], and thermodynamic
integration [256] can provide more reliable information but they are very CPU demanding as
the computation of binding free energy requires good configurational sampling in all-atom MD
simulations. Recently, the steered molecular dynamics method [20, 257, 258] has been developed
and successfully applied to understand mechanical unfolding of biomolecules and the unbinding
process of ligands from receptors [259]. The free energy and potential of mean force may be also
calculated using SMD, the Jarzynski’s equality [260], and weighted histogram analysis method
[261]. However, this approach is CPU demanding for such long protein as A/H1N1 NA because
a large number of trajectories between ligand bound and unbound states should be generated
to obtain reasonable estimations.
In this chapter we propose to screen out ligands which are possibly more suitable for treatment of A/H1N1 influenza than tamiflu and zanamivir (relenza) using the SMD method. Our
simple idea is based on the hypothesis that the larger rupture force needed to pull out a ligand
from a receptor, the higher is ligand binding ability with protein (or the lower is binding free
energy). In other words, instead of calculating the binding free energy, we estimate the unbinding force defined as a maximum force Fmax on the force-time or force-displacement profile of a
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ligand.
To check validity of the SMD approach, we first consider unbinding of tamiflu from the
wild-type (WT) and four mutants of neuraminidase from H5N1 [251, 262]. We have made this
choice because the binding free energies of these complexes have been determined not only by
the experiments [251] but also by the all-atom simulations using the Amber99 force field and the
MM-PBSA method [262]. In many cases the MM-PBSA method [124] has been successfully
applied to estimate binding free energies between proteins and ligands as it provides good
correlation with experimental values [262, 263]. Having used the Gromos96 force field f43a1
[223] and the SMD simulations with a constant velocity, we showed that Fmax of four strains of
A/H5N1 neuraminidase (A/H5N1 NA) is strongly correlated with the corresponding binding
free energies reported by the experimental [251] and theoretical groups [262]. This suggests
that the SMD might be used to study the binding affinity of ligands to neuraminidase.
Applying the SMD to pull 32 ligands [19] from the swine A/H1N1 NA we have demonstrated
that peramivir, tamiflu and relenza are ranked 8, 11 and 20, respectively (Fmax has been used
for ranking). Contrary to prior results [19, 249], four ligands 141562, 5069, 46080 and 117079
from the NSC set were found to be the most prominent for combating with the swine A/H1N1
virus. This results has been also confirmed by our estimates of the binding free energies for these
four ligands and the three FDA proved drugs (tamiflu, relenza and peramivir) using the MMPBSA approach. Our finding may be useful for therapeutic purposes. From the methodology
point of view, it is important to stress that the SMD has been shown to have the same reliability
as the standard MM-PBSA method in predicting binding affinity but is computationally much
more efficient.
7.2.
7.2.1.

Materials and Methods
Crystal structures of WT and mutants of A/H5N1 neuraminidase bound with oseltamivir.

Coordinates for the WT A/H5N1 NA were taken from a Protein Data Bank (PDB ID:
2HU0) [264] and were used as the starting conformation in our simulations. Because 2HU0 is
a tetramer, we extract only chain B, which has tamiflu bound to neuraminidase. In order to
test the SMD method we have applied it to pull the tamiflu from the WT and mutants N294S,
H274Y and E119G of A/H5N1 NA the binding free energies of which were estimated previously
[262] by the MM-PBSA method. We have also considered the mutant Y252H because together
with WT, N294S and H274Y its binding free energy has been already determined experimentally
[251].
Coordinates of the mutants N294S and H274Y bound with tamiflu in the active site
were taken from structures 3CL2 (monomer) and 3CL0 (monomer), respectively [251].
The mutants E119G and Y252H were created with the help of the Mutagenesis module (http://pymolwiki.org/index.php/Mutagenesis) implemented in the PYMOL package
(http://pymol.sourceforge.net). This module allows one to replace a given residue by a different one.
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7.2.2.

Molecular model for the swine A/H1N1 neuraminidase.

The amino acid sequence of A/H1N1 NA was obtained from Genbank Locus IS CY041156,
but its crystal structure has not been determined yet. The sequence alignment performed by
the homology modeling module in Discovery Studio 2.0 software, showed that A/H1N1 NA has
very high sequence identity (≈ 92%) with A/H5N1 NA [265]. Therefore, a homology model of
A/H1N1 NA was built using A/H5N1 NA as a starting point and by mutating corresponding
residues to match the A/H1N1 NA with the help of the mentioned above Mutagenesis module
in the PYMOL package. At the active site, the notable different between A/H5N1 and A/H1N1
neuraminidases is the replacement of Tyr347 by Asn347.
7.2.3.

The set of ligands

We have chosen 27 top-hit compounds obtained for A/H5N1 by Cheng et al. [19] and
five additional ligands including tamiflu, relenza, peramivir, SA (sialic acid), and DANA (2,3didehydro-2-deoxy-N-acetyl neuraminic acid). Atomic types, charges and other parameters of
ligands were assigned using parameters of the Gromos force field 43a1 [111]. Hydrogen atoms
are added by using the Dundee PRODRG2.5 Server (beta) [266] with the same force field.
Ligands are put into the drug binding pocket by the autodock method [248]. Since positions
of tamiflu in the active site of WT A/H5N1 NA and its mutants N294S and H274Y are known
from PDB, to check the validity of this approach we have used it to put tamiflu into the binding
pocket of these systems. It turns out that positions of tamiflu in the active site obtained by
the autodock are similar to those from PDB.
7.2.4.

Steered Molecular Dynamics (SMD).

The neuraminidase-ligand complexes were placed in a triclinic box with the edges of 7.25,
7 and 9nm which contains approximately 13200 water molecules. The center of the protein is
placed at 4, 3.9 and 3.25nm. The protein is rotated in such a way that its binding site directs
toward the pulling z-direction the definition of which is given in the main text (see also below).
To neutralize systems Na+ or Cl− counter-ions are added using the command ”Genion” in the
Gromacs suite.
The GROMACS 4.0.5 package [223] was used to run MD simulations with the GROMOS96
43a1 force field [111] and the SPC water model (Chapter 3). The equations of motion were
integrated by using a leap-frog algorithm [109] with a time step of 2 fs. After minimization
by the steepest descent method, position-restrained MD simulations were performed for 100 ps
to let water molecules move into the active site. Then the whole system was gradually heated
from 0 K to 300 K during 500 ps of the MD run. To make sure that the complex is stable,
the system was equilibrated for 500 ps at 300K in the NVT ensemble run with the Berendsen
procedure [117] and, subsequently in 500 ps NPT ensemble run at pressure of 1 atm. The
Parrinello-Rahman pressure coupling [267] has been used.
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After equilibration, through a virtual cantilever moving at the constant velocity v along
the biggest z-axis of simulation box (see the choice of pulling direction below and in the main
text), the force was applied that atom of ligand which is closest to the outsite bound of the
binding site in the z-direction. The spring constant was chosen as k = 600 kJ/(mol.nm2 ) ≈ 1020
pN/nm which is a typical value for k of cantilever used in atomic force microscopy experiments.
Movement of the pulled ligand causes an rupture of hydrogen bonds (HBs) between it and
protein and the total force was measured by F = k(vt − x), where x is the displacement of the
pulled atom from its original position.
We have tried pulling speeds v = 0.005 nm/ps and v = 0.01 nm/ps. Since results are
essentially the same for both cases, we will present results obtained for v = 0.005 nm/ps. For
this value of v, one needs to make SMD runs for 500–600 ps to entirely move the ligand out
from the receptor. To ensure robustness of results, four independent trajectories were generated
using different random number seeds.

Fig. 59: The left figures: Three probable mechanical unbinding paths, obtained by Caver 2.0 [268],
for tamiflu from the drug binding pocket of the WT A/H5N1 neuraminidase. The pathway along the
z-direction is highlighted in red. The orange mesh refers to the path which goes through loop 430.
The angle between the third path (magenta mesh) and z-direction is about 30o . The right figures:
Schematic plot of the first tunnel which corresponds to the z-direction. (A) refers to view along this
direction while (B) - crosswise view. The plot has been prepared using software VMD [193].
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7.2.5.

Choice of pulling path.

It is well known from studies of mechanical unfolding of proteins, the rupture force is sensitive
to pulling direction [269, 270]. Therefore, it is important to establish what pulling path should
be chosen. For this purpose we probe pulling pathways of tamiflu from the active site of WT
A/H5N1 NA, using Caver 2.0 [268], a plugin of Pymol. Fig. 59 shows three possible pathways
that the ligand can unbind and escape from the active site. The first pathway (red mesh) is
along z-direction. This direction goes through a tunnel which is directed outside the binding
pocket and is bounded by residues Asp151, Arg152, Ser246, Glu195, Arg292, Asn347 and
Arg371 (Fig. 59). The second pathway, denoted by the orange mesh, goes through 430-loop
(Fig. 59). The third path (magenta mesh) is along the direction which is departed from the
z-direction by angle of around 30o . The first tunnel has the largest average width of 2.51 Å,
while the second and third tunnels of second and third paths have average width of 2.16 Å
and 1.88 Å, respectively. Moreover, the first, second and third tunnels have lengths of 5.87 Å,
11.61 Å, and 13.32 Å, respectively. These geometrical parameters imply that moving through
the first tunnel would have the smallest rupture force (Fig. 60) as the number of contacts
with protein is minimal. One can show that this remains valid for the A/H1N1 neuraminidase
(A/H1N1 NA) case. Thus the first path along z-direction is chosen for pulling other ligands
from the active side of a protein. If a ligand is pulled along the z-direction, then it goes through
the widest tunnel. Therefore, this is the easiest pathway (lowest rupture force) to pull tamiflu
from the active site of WT H5N1 NA (Fig. 60). This conclusion remains valid for pulling
other ligands from A/H1N1 neuraminidase (results not shown). Therefore, in this study the
z-direction is chosen to pull all of ligands.

Fig. 60: Force-time profiles for pulling tamiflu from the drug binding pocket of A/H5N1 neuraminidase
along three possible paths. Red, orange, and magenta refer to the first (z-direction), second and third
paths, respectively. The pulling along the z-direction requires the smallest external force. The pulling
speed v = 0.005 nm/s.
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7.3.
7.3.1.

Results and Discussions
Validity of SMD approach

. To check if SMD is suitable for studying binding affinity, we apply it to pull the tamiflu
from pockets of the WT and mutants E119G, N294S, H274Y and Y252H of A/H5N1 neuraminidase. We choose these systems because their binding free energies are known from prior
experimental [251] and theoretical [262] works. The emergence of the H274Y and N294S variants was previously observed in oseltamivir-treated patents with H5N1 virus infection [271].
The Y252H substitution leads to a tenfold increase in sensitivity of this virus to tamiflu [251].
Influenza A (H3N2) virus with E119G NA mutations was isolated from patients treated with
zanamivir [272]. Since this variant is not resistant to oseltamivir, we used it as a control to test
the reliability of SMD in screening out new potent leads.

Fig. 61: (a) The force-time profiles for WT and mutations E119G, H274Y and N294S of A/H5N1
neuraminidase. (b) Correlation between Fmax and the binding free energies obtained by experiments
(squares). The experimental values of ∆Gbind are estimated from the inhibition constants Ki [251]
using the formula ∆Gbind = RT ln(Ki ). Here R = 1.987 × 10−3 kcal/mol, T = 300 K, and Ki
is measured in M. The linear fit y = 276.6 − 44.2x has the correlation level R = 0.99. Magenta
circles refer to the correlation between the rupture forces and ∆Gbind obtained by Wang and Zeng
[262] using the MM-PBSA method and the Amber 99 force field. The correlation level R = 0.98
(y = 794.9 − 15.6x).

Typical force-time profiles, obtained for five systems at v = 0.005 nm/ps are shown in Fig.
61a. Similar results (not shown) were obtained in three other MD runs. Mechanically the
E119G complex is the most stable having the highest peak and this result is in accord with the
experiments [272] that the E119G variant is not resistant to tamiflu. We do not address the
question about the nature of binding affinity of WT and mutants as it was discussed in detail
by Wang and Zheng [262].
In Fig. 61b, the rupture forces are plotted as a function of the binding free energies obtained
by the experiments [251] (black squares) and by theory using MM-PBSA method [262] and the
force field Amber 99 [98] (magenta circles). We obtain a very strong correlation between these
two quantities (correlation level R = 0.99 and 0.98 for experiments and theory, respectively):
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the larger the rupture force, the lower is the binding free energy. This result suggests that the
SMD method may be used to gain the binding affinity of tamiflu to H5N1 NA and its mutants.
Motivated by this observation, we will apply it to study binding of 32 ligands to A/H1N1
neuraminidase. The reliability of SMD approach has been also checked by computation of
binding free energies for seven systems using the MM-PBSA method.
7.3.2.

Pulling ligands from A/H1N1 Neuraminidase.

Fig. 63 shows the time (A) and position (B) dependence of force, obtained from one MD
run, for tamiflu, relenza, peramivir and NCS141562. For first three ligands, the force reaches
the maximum at almost the same time, while the peak of NCS141562 occurs at the longer time
scale. Such a behavior holds for three other trajectories (Fig. 62). If one uses the position
of the cantilever from its original position, ∆z, as a reaction coordinate, then peaks occur at
∆z ∼ 0.5 − 0.7 nm (Fig. 63B). After passing the peak the force drops rapidly.
Unbinding pathways might be divided into two parts. Before the maximum, the system
behaves likes a spring as f grows with ∆z linearly. After the peak the behavior becomes more
complicated due to occurrence of a weak peak at large time scales, when a ligand is about
to move out from the binding pocket. The minor maximum appears as a result of breaking
of HBs between the ligand and residues Asp151 and Arg152. This observation is consistent
with the conventional MD result [273] that Asp151 is responsible for flexibility of the 150-loop
connecting open and closed conformations in the gating mechanism of H5N1. Since the second

Fig. 62: Force-time profiles for pulling NSC141562, tamiflu, peramivir and relenza from the drug
binding pocket of A/H1N1 neuraminidase along the z-direction. Results were obtained from three
MD runs.
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Fig. 63: (A) Force-time profiles for typical trajectories of tamiflu, relenza, peramivir and NCS141562
in complex with the swine H1N1 neuraminidase. The pulling force is along the z-direction. (B) The
same as in (A) but for force-displacement curves.

peak is very weak one can neglect it and then the existence of a single pronounced maximum
implies that the mechanical unbinding of ligands follows a two-state scenario. The relenza
shows the weakest resistance to the external force while NCS141562 has the strongest binding
with the receptor (Fig. 62 and Fig. 63).
7.3.2.1. Why tamiflu is mechanically more resistant to A/H5N1 than A/H1N1.
Unbinding of tamiflu from the active site of WT A/H5N1 requires the force Fmax ≈ 900 pN
(Fig. 61) which is higher than Fmax ≈ 710 pN for the A/H1N1 case ( Fig. 63). Thus, the
tamiflu-A/H1N1 NA complex is less stable than the A/H5N1 NA one. This is in accord with
prior theoretical works, where the binding free energy, estimated using the same Amber force
field [96], is equal to ∆Gbind = −15.78 ± 1.49 and −12.8 ± 0.9 kcal/mol for H5N1 [21] and H1N1
[265], respectively. The MM-PBSA method was employed in Ref. [21], while authors of Ref.
[265] have implemented the linear interaction energy approximation.

Fig. 64: Time dependence of the number of HBs between tamiflu and A/H5N1 NA (black) and
A/H1N1 NA (red). The result was obtained from 15 ns equilibrium MD runs.

The most notable difference between active sites of H1N1 and H5N1 neuraminidases is that
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amino acid Y347 is replaced by N347. After the equilibration step of MD simulation, contrary
to the H5N1 case, residue N347 moves outward the binding site making its interaction with
tamiflu weaker. This effect presumably comes from reduction of the number of HBs between
the ligand and the receptor. To shed light on this problem, we have made two MD runs of
15 ns for tamiflu-A/H1N1 NA and tamiflu-A/H5N1 NA complexes. The time dependencies
of the HBs number between oseltamivir and the receptors are shown in Fig. 64. Using these
dependencies we obtain the average number of HBs ≈ 3 and 3.6 for A/H1N1 and A/H5N1,
respectively. Thus, the ligand-receptor HB network of the A/H5N1 case is stronger than the
A/H1N1 one, leading to differences in binding affinity of tamiflu to these systems. Using the
Caver 2.0 [268] program, one can show that the width of the tunnel through which a ligand can
moves out is around 3.42 Å for A/H1N1 NA. This value is larger than 2.51 Å for the tunnel of
A/H5N1 neuraminidase. Therefore, the mutation Y347N not only reduces the number of HBs
between A/H1N1 NA and tamiflu but also widens the binding site. As a result, tamiflu moves
out from the active site easier and the corresponding rupture force gets smaller compared to
the A/H5N1 case.
7.3.2.2. Nature of mechanical resistance of ligands: hydrogen bonding versus electrostatic
and vdW interaction.

Fig. 65: Time dependencies of the number of hydrogen bonds during the unbinding process of tamiflu,
relenza, peramivir and NCS141562. Arrows refer to peak positions in Fig. 61A.
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One can understand the nature of peaks in force-extension profiles by studying the role of
HBs, electrostatic and vdW interactions. Initially, HBs and non-local interactions between a
ligand and residues in binding site of NA (especially, Glu119, Asp151, Glu227, Glu277 and
Arg371) stabilize a ligand in its position. As the external force grows, the ligand moves out the
binding site because its initial configuration becomes unstable. This process is highly nontrivial
due to interplay of several kinds of interactions. We will focus on four ligands NCS141562,
tamiflu, peramivir and relenza.
As follows from Fig. 65, there are only a few HBs (around 2) between ligand NCS141562 and
the active site of A/H1N1 NA. The reason for such a small number of HBs is thatthese bonds
come from interaction with residues Glu119, Asp151, Glu227 and Glu277, carboxyl groups of
which are directed toward the ligand (Fig. 66a. The existence of a small number of HBs
suggests that the nature of the high peak is not entirely associated with HBs. If the number of
HBs and pairs of NSC141562 drops abruptly after passing the maximum then such a behavior
is not observed for tamiflu, relenza and peramivir (Fig. 65). This is because HBs still survive
after the rupture ( Fig. 66b). Therefore, as in the case of NSC141562, the occurrence of peak
is not only defined by HBs but also by the Coulomb and vdW interactions.

Fig. 66: Figure A shonws the electrostatic potential surface of the binding pocket of the NSC141562
system. E119, D151, E227 and E277 are negatively charged residues. Their carboxyl groups are
directed toward the ligand. Figure B demonstrates HB network of relenza after the peak in the
force-time profile. Three HBs (dashed lines) still survive after the rupture.

Although the hydrogen bond number between NCS141562 and the receptor is not large,
the electrostatic interactions between residues Glu119, Asp151, Glu227 and Glu277 and three
amino groups of this ligand are very strong. This is clearly illustrated in Fig. 67 where the time
dependence of the electrostatic energy Eelec is shown. The force peak occurs at the point where
the Eelec curve bends. At the maximum in the force-extension profile of NSC141562 the vdW
energy EvdW also changes abruptly. Thus, both Coulomb and vdW interactions are responsible
for ligand binding but the contribution of the former term dominates (Fig. 67). This is also
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valid for other MD trajectories (Fig. 68). The important role of the Coulomb interaction in
mechanical stability of NSC141562 can bee also ascertained by looking at electrostatic potential
surfaces before and after the peak (Fig. 69). Before rupture the surface of binding site is
predominantly colored by red implying that the ligand mainly interacts with negative charges
of NA. Right after the maximum, the substantial change in charge distributions occurs and
this plays a key role in formation of the peak in the force-time profile. In short, due to
strong Coulomb interactions the binding free energy of the complex becomes very low making
NSC141562 the most prominent to cope with the A/H1N1 virus.

Fig. 67: Time dependence of the Coulomb and vdW energies for NSC141562, tamiflu, relenza and
peramivir. Arrows refer to peak positions in Fig. 63A.

For tamiflu, relenza and peramivir Eelec and EvdW curves also bend at peak positions marked
by arrows in Fig. 67. Therefore, similar to NSC141562 case both electrostatic and vdW
interactions contribute to mechanical stability of these ligands, but again the magnitude of the
latter is lower. Because negative and positive charge groups of tamiflu and peramivir interact
with both negative and positive charges of the receptor in the active site, it is hard for a
ligand to find the best position to stabilize all interactions. This is a reason why repulsive
interactions between ligands and A/H1N1 NA (for example, the interaction between carbonyl
group of peramivir and carboxyl group of Asp151 in Fig. 70a) make these complexes less stable
compared to NSC141562.
Relenza has 9 charge groups (Fig. 70b) including 3 amino groups (NH), 1 amide (CONH),
1 ether group (C-O-C), 1 carboxyl (COO) and 3 hydroxyls (O-H). Due to this large number of
charge groups (tamiflu, peramivir and NSC141562 have 4, 6 and 5 charge groups, respectively)
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Fig. 68: The same as in Fig. 67 from the main text but for the second MD run. Similar results have
been obtained for remaining 2 runs (not shown).

Fig. 69: Electrostatic potential surfaces of NSC141562 systembefore (left) and after (right) passing
the peak. The plots were prepared by using the PyMOL package.Differences in patterns imply the
important role of the Coulomb interactions in ligand binding.

the binding site of NA becomes wider compared to three previous complexes. Repulsive chargecharge interactions are minor but distances between donors and acceptors which may form HBs
as well as between charges are large enough (always larger than 2.5 Å, see Fig. 71 below), so
that the binding ability of relenza with NA is not high. Besides that, because of enlargement
of the pocket surface upon its binding to the receptor, the loss of entropy of the whole complex
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is higher than that for tamiflu, peramivir and NSC141562 (see Table 11 below). This provides
the additional contribution to instability of the relenza-A/H1N1 NA unit (Fig. 63).

Fig. 70: The repulsive interaction between the carbonyl group of peramivir and carboxyl group of
Asp151 from the receptor (A). And electrostatic potential surface of the relenza complex (B).

Fig. 71: Time dependencies of distances between donors and acceptors of ligand and receptors during
the unbinding process of tamiflu, relenza, peramivir and NCS141562. Black, red, green and blue refer
to D151, E119, E227, and E277 for all ligands. Arrows refer to peak positions in Fig. 63.
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In order to obtain a detailed geometrical picture on binding affinity, we use time dependencies
of distances between donors and acceptors of ligand and receptor. As follows from Fig. 71, the
maximum occurs due to the abrupt growth of these distances. Comparing Fig. 65 and Fig. 71,
one can see that monitoring evolution of distances between donors and acceptors of ligand and
protein allows for a more detailed description. For NSC141562 unbinding is associated with
breaking contacts between the ligand and residues D151, E119, E227, E277, W178 and Y406
of NA. These contacts also contribute to the mechanical resistance of three other ligands (Fig.
71). In addition to these six contacts, the interactions with R152 and R292 are important for
peramivir and tamiflu, while the stability of relenza depends on positions of not only R292 but
also of R118 and D152. Although the number of residues which can interact with relenza is
bigger than with other ligands, the mechanical stability of relenza remains low due to gradual
time dependence of distances (Fig. 71).
Thus, having used the SMD approach we have shown that in term of ligand binding to
A/H1N1 NA the Coulomb interaction is more important than the vdW one. This conclusion
is also supported by our results obtained by the MM-PBSA method [123, 124] (see below).

Fig. 72: The force-time profiles obtained in four MD runs for top-hit leads NSC141562, NSC5069,
NSC46080 and NSC117079. The maximum forces averaged over four trajectories are equal Fmax =
1769.6 ± 65.3, 1364.9 ± 40.9, 1318.5 ± 48.5 and 1296.6 ± 46.2 pN for NSC141562, NSC5069, NSC46080
and NSC117079, respectively.
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7.3.3.

Ranking binding affinity of 32 ligands.

Fig. 73: Chemical structures of four top hits NSC141562, NSC5069, NSC46080 and NSC117079.

dock obtained by the Autodock method
Fig. 74: Relationship between Fmax and the binding energy ∆Ebind
[249]. The straight line is a linear fit y = −141.53 − 110.79x with the correlation level R = 0.49.

Fig. 72 shows four force-time profiles for the most prominent ligands NSC141562, NSC5069,
NSC46080 and NSC117079 (similar results for other compounds are not shown). Using values
of Fmax obtained in four independent MD runs one calculates their average values and error
bars. The average values of Fmax (Table 10) were used to rank binding affinity of 32 ligands.
The strongest ligand NSC141562 has Fmax ≈ 1769 pN which is about two and half times higher
than that for tamiflu. Together with this champion three ligands NSC5069, NSC46080 and
NSC117079 are also mechanically much more stable than other compounds. To pull them
out from the active site one needs, at least, to apply a force of ≈ 1300 pN at pulling speed
v=0.005 nm/ps. Therefore, these ligands are expected to have excellent binding affinity and
are strongly recommended for clinical trial. Their chemical structures are shown in Fig. 73.
Similar to champion NSC141562, the high binding susceptibility of NSC5069, NSC46080 and
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NSC117079 comes from strong attractive electrostatic interactions with polar amino acids E119,
E227, E277, and D151 in the binding pocket. This is also confirmed by the MM-PBSA results
presented below.
Peramivir, tamiflu and relenza are ranked 8, 11 and 20, respectively. Although ranks of
tamiflu and relenza are different, within error bars they have compatible values of Fmax (Fig.
75). Our SMD results suggest that eight ligands, including peramivir, can bind with swine
A/H1N1 NA better than the commercial drug tamiflu.

Fig. 75: Ranking of the binding affinity for 32 ligands using Fmax .

Our predictions are different from those obtained by the docking method [249] (Table 10).
This is clearly shown in Fig. 74 where the correlation between Fmax and the binding energy
dock
∆Ebind
is rather low (R ≈ 0.49). Four most potent leads obtained by the latter method

are NSC211332, NSC141562, NCS109836, and NCS350191 which are different from our set of
NSC141562, NSC5069, NSC46080 and NSC117079. NCS350191 is ranked 21 in our classification, while it is on the fourth place by the docking method. According to the docking results
[249], in term of binding ability to A/H1N1 NA relenza (rank 26) is much worse than tamiflu
(rank 7). This prediction is at odd with our result that tamiflu and relenza would have a compatible binding affinity. Despite several major differences, both the SMD and docking methods
predict that NSC141562 belong to the group of four top-hit leads.
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Table 10: The unbinding force Fmax obtained by the Gromos 43a1 force field for 32 ligands. Results
are averaged over 4 pulling trajectories with v = 0.005 nm/s. Error bars come from this averaging.
∗ Taken from Hung et al [249] for comparison.
Rank NSC

Rupture force (pN) ∆Ebind (kcal/mol)(Dock)∗ Rank (dock)∗

1

141562

1769.64 ± 65.34

-10.04

2

2

5069

1364.91 ± 40.93

-8.85

6

3

46080

1318.45 ± 48.54

-7.51

21

4

117079

1296.6 ± 46.22

-8.46

9

5

211332

929.21 ± 28.22

-12.05

1

6

131612

906.42 ± 20.49

-8.37

10

7

109836

861.93 ± 23.68

-9.47

3

8

Peramivir 832.21 ± 13.41

-8.47

8

9

90630

768.41 ± 20.6

-8.17

13

10

135371

730.01 ± 48.08

-8.36

11

11

Tamiflu

707.4 ± 6.41

-8.15

14

12

371688

699.85 ± 48.38

-8.95

5

13

164640

688.85 ± 27.55

-8.26

12

14

70194

688.43 ± 34.98

-8.07

16

15

17245

679.44 ± 24.96

-8.69

7

16

327705

656.66 ± 14.31

-8.04

17

17

45583

646.76 ± 38.58

-7.69

19

18

DANA

640.74 ± 40.64

-5.1

31

19

106920

631.56 ± 30.24

-6.57

29

20

Relenza

608.14 ± 37.52

-7.12

26

21

350191

602.74 ± 31.61

-9.56

4

22

45576

589.59 ± 41.62

-7.4

23

23

16163

567.56 ± 26.53

-6.12

30

24

18312

561.72 ± 47.71

-7.46

22

25

45582

532.36 ± 32.96

-6.88

24

26

37245

517.84 ± 22.48

-7.96

18

27

59620

494.77 ± 34.69

-8.07

15

28

372294

480.55 ± 22.04

-7.08

27

29

SA

469.38 ± 25.85

-4.82

32

30

72254

463.51 ± 14.25

-7.52

20

31

148354

440.68 ± 14.48

-7.19

25

32

327704

434.84 ± 39.13

-7.27

24
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We now compare the SMD results with those obtained by the ensemble-based virtual screening for A/H5N1 [19]. Our most favorable ligand NSC141562 is ranked 16 for binding to the
avian H5N1 neuraminidase. Cheng et al [19] predicted that NSC109836 is the top-ranked hit 1
but it is ranked 7 for A/H1N1 (Table. 10). oseltamivir and relenza have been shown to be more
stable in the H5N1 complex than peramivir, while our results suggest an opposite trend for
A/H1N1. Thus, although A/H5N1 and A/H1N1 neuraminidases have high sequence identity
their binding properties are markedly different. One of possible reasons lies in the mutation of
Tyrosine at position 347 by Asparagine. However, one has to be cautious in comparison of two
systems using results obtained by two different methods.
7.3.4.

Calculation of the binding free energy by MM-PBSA method.

The SMD results are in excellent agreement with the experimental [251] and MM-PBSA
[262] results for WT H5N1 and its mutants (Fig. 61). However this conclusion has been drawn
from results obtained for only four systems. Therefore it is appealing to perform additional
simulations to make sure that 4 top hits revealed by SMD are really better in term of binding
affinity than FDA proved drugs tamiflu, relenza and peramivir. For this purpose we have
computed ∆Gbind for 7 systems using the MM-PBSA method.
For each system we have made 4 independent MD runs of 15 ns. The time dependence of
the root mean square displacement (RMSD) from the initial structures (Fig. 76a) shows that
systems get equilibrated after 7 ns. Thus snapshots collected every 10 ps for last 8 ns were used
for calculating the free energies. The results are shown on Table 11. Clearly, in agreement with
the SMD results, 4 top hits are more susceptible to the A/H1N1 NA than tamiflu, relenza and
peramivir. For all of ligands studied (Table 11), the electrostatic interaction dominates over
the vdW one. Thus the binding affinity is governed not only by HBs but also by the Coulomb
interaction.
Table 11: Binding free energies of 7 ligands to A/H1N1 NA obtained by the MM-PBSA method.
Results are averaged over 4 MD trajectories. All values are given in kcal/mol
Rank Ligand
∆EvdW
1
141562 -6.40 ± 1.09
2
5069
-33.05 ± 0.94
3
46080 -38.42 ± 2.11
4
117079 -30.29 ± 1.27
5 Peramivir -37.68 ± 0.84
6
Tamiflu -24.89 ± 0.62
7
Relenza -30.38 ± 0.30

∆Gsur
-5.16 ± 0.07
-5.00 ± 0.10
-5.28 ± 0.13
-5.42 ± 0.20
-5.00 ± 0.13
-4.60 ± 0.10
-4.95 ± 0.11

∆Eelec
-1003.46 ± 6.94
-335.30 ± 14.51
-119.17 ± 7.67
-118.49 ± 12.16
-132.87 ± 3.17
-155.08 ± 12.23
-130.89 ± 6.54

∆GPB
907.92 ± 6.03
307.61 ± 12.76
108.76 ± 6.01
182.08 ± 13.00
139.07 ± 2.83
161.49 ± 11.27
142.71 ± 5.59

T ∆S
-10.59 ± 0.72
-14.75 ± 0.96
-15.21 ± 0.37
-17.21 ± 0.66
-17.14 ± 0.48
-14.96 ± 0.93
-19.03 ± 0.79

∆Gbind
-96.51 ± 11.35
-50.99 ± 4.82
-38.90 ± 4.92
-34.91 ± 4.95
-19.34 ± 0.53
-8.12 ± 2.62
-4.48 ± 3.47

There is strong correlation (R = 0.95) between ∆Gbind obtained by the MM-PBSA and
rupture forces for seven compounds (Fig. 76b). This means that predictive powers of two
approaches are comparable. If one uses pulling speed v = 0.005 nm/ps for SMD and MD runs
of 15 ns for MM-PBSA, then the SMD method is about 30 times faster. This estimate strongly

110

favors the SMD approach as an efficient method for screening out possible leads in the drug
design problem.

Fig. 76: Panel A: Time dependencies of RMSD for the champion ligand NCS141562, tamiflu, relenza
and peramivir. Systems get equilibrated (saturation of curves) after about 7 ns. Panel B: The
relationship between rupture forces and binding free energies to A/H1N1 NA obtained by the MMPBSA method for seven ligands. Error bars are due to averaging over four MD trajectories. The
linear fit is y = 669.1 − 12.73x with correlation level R = 0.95.

Fig. 77: The force-displacement profiles for tamiflu and sialic acid (SA) in the presence (red) and
absence (black) of water. Arrows refer to positions of Fmax in the absence of water. For both tamiflu
and SA Fmax (no water)/Fmax (water) ≈ 1.7. This ratio also holds for other ligands (results not shown).

7.4.

Conclusion

Having applied the SMD method to study the binding affinity of 32 ligands to the A/H1N1
NA, we have obtained a number of interesting results.
1. We have shown that the SMD can serve as a very promising method for drug design
because it reproduces experimental results on binding affinity of tamiflu to WT and
mutants of A/H5N1 neuraminidase.However its reliability needs further investigation.
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2. The SMD approach predicts that four top-hit ligands NSC141562, NSC5069, NSC46080
and NSC117079 are potentially more prominent than the existing commercial drugs tamiflu and relenza to cope with the swine 2009 A/H1N1 virus. This finding is presumably
important because both NA enzyme inhibition and X-ray crystallography data suggest
that the strategy of designing an inhibitor of NA that binds to its highly conserved active site achieves the desired goal to cope with all influenza NA subtypes, N1-N9, and
influenza B viruses [274, 275]. Their high binding affinity comes not only from hydrogen
bonding but also from the strong Coulomb interactions with negatively charged residues
of the receptor in the active pocket. The fact that these four leads are top-hits is also
in the line with our results obtained by the MM-PBSA method and the Gromos 96 43a1
force field.
3. The SMD is shown to be more accurate than the docking approach because the later
involves a number of uncontrolled approximations (omission of receptor dynamics and
the number of trial positions for ligand is limited). However, one has to bear in mind
that the SMD results are sensitive to the choice of pulling direction. So one should be
very careful to check what direction to apply the external force to as has been done in
this study using Caver 2.0 program [268]. The conventional SMD may be also used for
this purpose [276, 277]. Another thing is that the SMD result would depend on the initial
position of a ligand in the active pocket. To solve this problem we first used the docking
and then the equilibrium MD run to find the best place to accommodate it.
4. We have shown that the HB network alone does not determine the susceptibility of ligands
to A/H1N1 NA. The Coulomb interaction plays a dominant role but the vdW interaction
also matters (67). This is also clearly evident from 71, where some distances between
donor and acceptors of ligand and receptors before rupture are larger than the cutoff
3.5 Å for HBs. Their time dependence can be used to identify the nature of the peak
in the force-time/displacement profiles. However, using distances between donor and
acceptors of ligand and receptors one cannot distinguish contribution of the electrostatic
interaction from the vdW one. This problem can be solved either by calculating separate
contributions of different interactions to the binding free energy using the MM-PBSA
method or by monitoring evolution of Eelec and EvdW under mechanical force.
5. We have performed the simulations at the normal density of water of 1 kg/l. Then
an interesting question emerges is how does water density influence the unbinding force
Fmax . The prior SMD simulations [166] revealed that water molecules fluctuate around
the backbone atoms during barrier crossing and weaken interstrand HBs, thereby assisting
the mechanical unfolding protein domain I27. This mechanism is also applied to our case
where HBs between a ligand and receptor are attacked by water molecules leading to
reduction of Fmax upon increase of the water density. This is clearly shown in Fig. 77
where the unbinding force in the absence of water is about two-fold higher than that
when water is present. Thus Fmax depends on water density but the general trend shown
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in 75 remains unchanged.
6. After finishing this work we became aware of the paper of Colizzi et al [278] who have
also used the SMD-derived force profiles to study the binding affinity of six ligands to
the unique β-hydroxyacyl-ACP dehydratase of Plasmodium falciparum (PfFabZ) (see also
the comment [279] on this paper). Thus, similar to this work our independent study also
points to the importance of the SMD approach to the drug design problem. In difference
from Colizzi et al, we have shown that the SMD and MM-PBSA have nearly the same
predictive power but the former is computationally less expensive.

113

CONCLUSIONS

In this thesis we have obtained the following new results. By molecular dynamics simulations
it has been proven that LPFFD interferes with oligomerization of Aβ16−22 to a greater extent
than KLVFF. As follows from the MM-PBSA calculations the former has higher binding affinity
to both monomer and dimer of Aβ16−22 . Therefore, for the first time we have theoretically
demonstrated that the binding ability is correlated with inhibitory ability in such a way that
the stronger is binding, the stronger inhibition effect is. KLVFF was found to bind to Aβ40 and
its mature fibrils weaker than LPFFD, suggesting that the latter degrades Aβ fibrils stronger
than the former.
We have shown that the beta content or the population of the fibril-prone state N∗ of
monomer Aβ42 is reduced and the distance between D23 and K28 which form the salt bridge
decreases in the presence of Aβ40 . This is in the qualitative agreement with the recent experiments that at high concentration of Aβ40 the aggregation of Aβ42 is substantially slown down.
Our results obtained for the binding free energy of Aβ40 to Aβ42 reveals that Aβ40 plays the
protective role in preventing Aβ42 from fibril formation via the binding mechanism. We are
also able to explain that the inhibition effect occurs only at high concentration of Aβ40 because
its binding affinity to Aβ42 is lower that the binding affinity of Aβ42 to Aβ42 .
Based on docking results on binding energies 8000 tripeptides to Aβ fibrils we have obtained
the main factors governing the binding affinity of peptide-based ligands. Namely, it increases
with the mass, number of carbon atoms, heavy atoms , aromatic rings and Proline residues of
ligands. This result would be useful for fast searching potential leads for diseases associated
with protein aggregation. We have predicted that among all possible tripeptides WWW, WPW
and WWP are the most potent for treating AD having inhibition constant is in range of µM-nM
and ability to cross BBB.
By comparison of theoretical results with the experimental results on binding affinity of
tamiflu to WT and mutants of A/H5N1 neuraminidase, we have shown that SMD can be
considered as a promising method for protein-ligand binding study. Its accuracy is compatible
with the MM-PBSA method but the computational speed is about two orders of magnitudes
faster. With present computational facilities SMD may be used to study up to thousands
ligands. However, one has to bear in mind that this method is sensitive to the choice of pulling
direction and reliable results may be obtained only for receptors with well-defined binding
pockets. Applying SMD method to set of 32 ligands, we have found that four top-hit compounds
NSC141562, NSC5069, NSC46080 and NSC117079 from NSC data base are potentially more
prominent than the existing commercial drugs tamiflu and relenza to cope with 2009 A/H1N1
virus. It would be interesting to check our in silico prediction by the experiments.
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APPENDIX: List of abbreviations and symbols

AD

Alzheimer’s disease

APP Amyloid precursor protein
BSB Beta-sheet breaker
FDA Food and Drug Administration
FEL Free energy landscape
FF

force field

HA

Hemagglutinin

HBs Hydrogen bonds
MD

Molecular dynamics

NA

Neuraminidase

NPs

Neuritic plaqies

NFTs Neurofibrilary tangles
SMD Steered molecular dynamics
SPs

Seline plaques

vdW van der Waals
WT

Wild type
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