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ABSTRACT

Short peptide segments have gained importance as drug candidates. There exist three
main problems for peptide design: determining the appropriate sequence with the desired
function; properly docking peptide on the protein surface; and the unbound state of the
peptide that is to be used as a drug. The ‘unbound state’ means peptide chains in the
denatured state at physiological conditions. The details of the potentials for peptide
docking simulations and the statistical features of peptides are defined in the literature.

As a solution to the peptide sequence determination problem, several experimental and
in silico techniques exist to screen peptides. There is no general computational tool to
determine peptide sequences. On the other hand, peptide motifs are crucial for selective
and specific binding. There have been successful attempts to discover biological motifs by
different research groups. To our knowledge, the efforts in the literature are based on the
alignment of evolutionarily conserved motifs from proteins. The evolutionary peptide
motif search algorithms/servers/software are available. However, there is no general
methodology to discover a binding peptide motif for any protein target. We aim to predict
peptide sequences and peptide binding motifs for any given protein using no prior
information. Here, four different algorithms are developed for peptide design. The
implementation of genetic algorithm, Markov model and hidden Markov model with
Viterbi decoding leads to prediction of peptides for different protein targets. The
algorithms are successful to determine peptide sequences with good theoretical binding
affinities. The peptide motifs for two case-studies are also offered. A web-server, VitAL, is
constructed based on Viterbi decoding.

The statistical thermodynamics features of the unbound peptide as a small
thermodynamics system in a thermal reservoir is lacking in the literature. A novel
statistical thermodynamics approach is applied to the free peptide segments in order to
classify them according to their conformational energies and entropies and heat capacities.
The conformational partition function, Helmholtz free energy, energy, entropy and heat
capacity are obtained. The model is applied to randomly produced peptides and to known
peptide inhibitors. Peptides with low energy, low entropy and low heat capacity are

determined to be essential for a peptide to be a good candidate inhibitor.
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OZET

Son yillarda, kisa peptidler ila¢ adayr olarak dnem kazanmistir. Peptid tasariminda ii¢
ana sorun mevcuttur: istenilen fonksiyonlara sahip uygun bir peptid sekansi bulmak;
peptidi protein yiizeyine en uygun sekilde yerlestirmek ve ila¢ olarak kullanilacak peptidin
“baglanmamis sekli’ni tayin etmek. Peptidin “baglanmamis sekli” ile kastedilen peptid
zincirinin fizyolojik kosullardaki denatiire halidir. Peptidin protein yiizeyine uygun sekilde
nasil yerlestirilecegi ve peptidlerin istatistikler 6zellikleri literatiirde tanimlanmustir.

Peptid sekans tasarimi problemine ¢oziim olarak, pek cok deneysel ve hesaplamali
teknik mevcuttur. Fakat peptid sekansi belirlemek i¢in genel bir hesaplama yontemi yoktur.
Ote yandan, peptid motifleri, segici ve spesifik baglanma icin cok onemlidir. Farkli
arastirma gruplarinin biyolojik motifleri kesfetmek icin basarili girisimleri olmustur.
Bildigimiz kadariyla, literatiirdeki ¢aligmalar proteinlerden evrimsel olarak korunmusg
motifleri bulmaya dayanmaktadir. Evrimsel peptid motif arama algoritmalari/web-
sayfalari/yazilimlar1 mevcuttur. Ancak, herhangi bir protein icin selektif olarak baglanan
peptid motifi kesfetmek icin genel bir yontem bulunmamaktadir. Bu ¢alismada, hi¢ bir
onbilgi kullanmadan, herhangi bir protein icin peptid sekanst ve peptid motifleri bulmak
hedeflenmistir. Dort farkli peptid tasarimi algoritmasi gelistirilmistir. Genetik algoritma,
Markov modeli ve Viterbi modeli uygulamalar: ile farkli protein hedefleri i¢in peptidler
tahmin edilmistir. Algoritmalar farkli proteinler icin iyi teorik baglanma gosteren peptid
sekanslar1 tasarlamakta icin basarii olmustur. Ayrica caligmalarimizda kullandigimiz
algoritmalar ile “VitAL” adli bir web sunucusu insa edilmistir.

Peptidlerin baglanmamis hallerdeki istatistiksel termodinamik 6zellikleri literatiirde yer
almamaktadir. Proteine baglanmamis peptidleri kiiciik termodinamik sistem olarak
tanimlamak miimkiindiir. Bu sistemdeki peptidleri konformasyonel enerjilerine,
entropilerine ve 1s1 kapasitelerine gore smiflandirmak igin yeni bir istatistiksel
termodinamik yaklasim uygulanmustir. Peptidlerin Helmholtz enerjileri, enerjileri,
entropileri ve 1s1 kapasiteleri bu yaklasim ile elde edilmistir. Modeli, rasgele iiretilen
peptidler ve bilinen peptid inhibitorleri uygulanmistir. Diisiik enerji, diisiik entropi ve

diisiik 151 kapasitesine sahip peptidlerin iyi birer inhibitdr aday1 oldugu tespit edilmistir.
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Chapter 1

INTRODUCTION

Computational design of inhibitor molecules for selected target proteins, which play a
role in diseases, has gained importance in the last decade. The ability to determine
successful inhibitors quickly and with minimal cost with computational design techniques,
when compared to the traditional design techniques, has increased interest in
computational techniques. In the past years, scientific concentration has mostly been on the
design of small organic molecules as protein inhibitors. Some of the small drugs have the
required specificity and selectivity; however, most of them cause various side-effects. The
toxicity caused by the small drugs can be avoided by using peptide inhibitors instead.
Peptide inhibitors are not expected to cause severe side-effects since they are made up of
amino acids, which are the main components of proteins. Consequently, peptide inhibitors
with high specificity and selectivity with minimum toxicity can be generated.

The focus of computational inhibitor design is currently changing from small molecules
to peptides. There are a number of scientific groups working on peptide design, and also
some companies’ R & D departments are searching peptides for cosmetics. As the research
in the area is recent, there is not enough data about the high-quality rational design
methods, the superior peptide inhibitors properties, or the limits for the binding energy of
peptide inhibitors to their target proteins. The aim of this dissertation is to investigate the
common properties of peptide inhibitors and to determine novel strategies for the peptide
design problem. First specifically, the known peptide inhibitors were examined and their
entropic, energetic properties were determined; then the information of protein data banks
was studied in order to determine the thermodynamic properties of the known protein
sequences. Subsequently, novel approaches for peptide design was targeted; and this
methodologies were applied to selected target proteins. The design of peptides was
accomplished by employing probabilistic methods as the hidden Markov models, the
Viterbi algorithm and the genetic algorithm.

This dissertation focuses on de novo peptide design methods and thermodynamic

properties of peptides. The outline of this dissertation is as follows:
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Chapter 2 focuses on a recent review on the peptide design strategies, the peptide motifs
and the target proteins that studied in this dissertation.

Chapter 3 illustrates a novel approach to determine the thermodynamics of peptides
utilizing computational means. Initially, the method is illustrated and then the performance
of the method on available peptide dataset is given.

Chapter 4 is based on peptide design via Genetic algorithm. The model is described and
the case study results are demonstrated. In Chapter 5, peptide design strategy based on
Markov model is described and a case study is illustrated. Chapter 6 explains two peptide
design models that are based on Viterbi decoding. At the end of this chapter, the web
server VitAL is introduced. The server provides a user-friendly interface to to predict
peptide sequences for a given protein target. The proposed algorithms are efficient for de
novo peptide design.

Chapter 7 demonstrates peptide motifs that are determined by our novel design
strategies.

The dissertation is concluded with a short summary of the performed study and future

research work.
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Chapter 2

LITERATURE REVIEW

2.1. Statistical Thermodynamics Properties of Peptides:

Short peptide segments offer new possibilities as drug candidates as stated in Chapter 1.
In view of the fact that the peptides have gained importance in emerging technologies, their
structure-function relations need a detailed understanding. The main problem in this area is
determining the appropriate sequence that will exhibit the desired function. There exist two
main problems for peptide drug design: properly docking a given small molecule on the
protein surface, and the unbound state of the peptide that is to be used as a drug. The
solutions to the first problem are outlined in the recent excellent review of Kitchen et al.
[1]. In the second problem, the term ‘unbound state’ means peptide chains in the denatured
state at physiological conditions [2]. The statistical features of peptides are already well
known in the literature, which have been pioneered by Flory and his collaborators [3-6].
Several techniques have been developed to screen probable peptides for use as drugs [7-8]
and the details of the potentials for binding of peptides for simulations are already well
known [7, 9-13].

The change of free energy AF of the protein, peptide/ligand and water system upon
binding consists of the following components:

AF = AF,,(L)+ AF, (L) + AF,; (P) + AF,

conf cont (P)+ AFy, 4, (LP) + AF (W) (1)

inding

where, AF,;(L) is the change from rigid body translation and rotation of the ligand,

AF,, (L) is the conformational free energy change of the ligand that is the basis of

calculations of the present work, AF,,(P) is the change of the rigid body translation and

rotation of the protein, AF,,(P) is from the conformational changes of the protein,

AF,

vinaing (LP) 18 the change in free energy due to the interaction between the ligand and
protein, and AF(W)is the free energy change of water. We assume the terms AF,,(P) and

AF,, . (P) are small. The contribution of each remaining term is discussed in more detail

in order to assess the contribution of AF

conf

(L) to the total AF .
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2.1.1. Contributions of AF,,(L) to the change of free energy
The rigid body term for the ligand is mostly entropic in nature, with

BAF,, =— ASyus | ASiu ) . Here, ﬁ:i and gvalues are dimensionless. We use the
ke k kT k

dimensionless form instead of the conventional entropy units (e. u.) with 1 eu. =1

calorie/mole/Kelvin. The translational entropy loss % of a ligand upon binding, with

the protein being stationary, is estimated by Amzel to lie in the range 4.5-7 [14]. An equal
loss of entropy from the three degrees of freedom for rotation would render the

sum SAF,, =—9 to —14. A value of as large as -25 has also been reported [15]. For the

Barnase/Barstar complex, Janin calculated [16] a rotational loss %of -11. For the BPTI

pancreatic inhibitor in the trypsin-BPTI complex [17] , Finkelstein and Janin obtained for

AS
% values in the range -24 to -30. The% value was determined to be -22.10 and the

A
% value to be -24.04 for Ras/Raf complex by Gohlke and Case [18]. The %Value

is determined to be —25%5 on average for protein-protein interactions [19]. Griinberg

AS,, +AS

trans

calculated [20] the value in the range -50 to -55 for complexes a-

chymotrypsiongen/ Pancreatic secretory trypsin inhibitor; Humanized anti-lysozyme
Fv/lysozyme; Anti-lysozyme antibody Hyhel-63/Lysozyme; Barnase/Barstar; HIVB-1
NEF/FYN tyrosin kinase SH3 domain; Uracil-DNA glycosylase/inhibitor; Ras activating
domain/Ras. There is a small degree of dependence of translational and rotational entropies
on the size of the molecules. But, irrespective of size dependence, the range of values
reported is too large, and good experiments seem to be the only way to resolve this issue. It
should be noted that there have been criticisms of these values on the grounds that Sakur-
Tetrode equation, and/or similar approximations have been used [21-22]. A critical review
of the sources of errors in estimates of free energy changes upon binding has been given by

Gilson et al. [23].
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2.1.2. Contributions of AF

conf

(L) to the change of free energy

AS
Karplus et al. [24] calculated the change of the configurational entropy %”f per

residue upon denaturation of a native protein into a random state to lie between 2 to 3. The
value of unity that we obtained for the binding of a freely jointed peptide is in general
agreement with their result. These values may be compared with estimated entropy
changes of folding and secondary structure formation in order to gain further insight to the
problem. In the crude approximation that folding of a peptide to a single conformational

state is similar to the binding of the peptide from many configurations to the single
. . . ASmnf
conformation in the bound state on the protein surface, the loss of entropy Tdue to

side chains only may be estimated to be around -1.5 per residue [21]. Lim et al. calculated
[25] entropy of the peptides binding to PABC domain of HYD protein due to the

. _ AS... A ) )
counteracting contributions of Tf’% to be in range of 0.52 and -0.7. Frederick et al.

AS
[26] determined maximum configurational entropy %’”f to be maximum -1.51 and

minimum 0.03 for good binding peptides of Calmodulin.

2.1.3. Contributions of AF

binding

(LP) to the change of free energy

We take the binding free energy to be mostly energetic, AE,, . (LP) and ignore

inding

entropic components. AE,, ...

(LP) includes the van der Waals, electrostatic and
hydrophobic, steric, hydrogen bonding, ligand strain and enzyme strain interactions
between the peptide and the binding location on the protein [1, 7, 9, 13, 15, 27-28].
Binding interactions seem to be a significant factor and will therefore be discussed here in
some detail. An excellent review of the subject is given by Gohlke and Klebe [7]. The

upper limit of electrostatic contributions to SAE,, . (LP)is estimated as -11.2 at 310 K.

inding

The contribution of hydrogen bonds and salt bridges to SAE,, .. (LP) varies in the range -

inding
1.0 to -3.0. For charge assisted hydrogen bonding and salt bridges, these values increase to
-3.5 to -7.7. The contribution of hydrophobic interactions in ligand binding is proportional

to the size of the hydrophobic surface buried. Experiments lead to values of SAE in the
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range of -0.04 A™ t0 -0.05 A [28-31] the burial of a methyl group which buries about 25
A? of surface, contributes about -1.2 to PAE [7].

Desolvation free energy of approximately 0.04 - 0.12 per methyl group is estimated
[32]. Kasper described a method [33] to calculate the relative free energies of protein-
peptide complexes. The peptides of 7 amino acids bound to DnaK molecular chaperone
showed that electrostatic contribution varies in range -2.9 to -6.13; nonpolar binding free
energy according to the A’ of surface of peptides varies in range -3 to -4 [34].
Calorimetric analysis of peptide binding to OppA protein by Sleigh et al. [32] indicated

that SAE,, ;... (LP) varies in the range -8.1 to -10.2.

inding
2.1.4. Contributions of AF (W) to the change of free energy

As a first approximation one may assume that n water molecules are localized on the

protein surface, which are released upon the binding of the peptide. A single bound water

molecule released from the crystalline conformation contributes +1 toA% [22], where

AS,, 1s the change of entropy of water molecules.. A water molecule is transferred from the
binding site of a protein upon binding of a small molecule with maximum enthalpy of -
6.16 and maximum entropy of -3.47 [32]. Favorable free energy of interaction of water
molecule in the binding site of a protein is -2.7. Entropy gain for release of one water
molecule to bulk water from the binding site is determined to be 3.35 [35].
2.1.5. The lacking part of the literature

The statistical thermodynamics features of the unbound peptide as a small
thermodynamics system in a thermal reservoir is lacking in the literature. In view of the
fact that each repeat unit of a peptide can be one of the twenty different amino acid types,
and that there are 10" different possible sequences even for a short peptide of seven
residues, it is obvious that the calculation of the statistical thermodynamics properties of
peptides is a difficult but straight-forward process. Each amino acid residue may be in a
large amount of states depending on the values assumed by their two backbone torsion
angles; the ¢ and y angles, or the Ramachandran variables [6, 8]. Since a peptide may be
in any of the possible configurations in the unbound state in the aqueous environment, and
since transitions from one conformation to the other takes place rapidly in around the

picoseconds range, we need to consider the average conformational energy and the entropy



Chapter 2: Literature Review 7

of the peptide when a free-to-bound state transition is under consideration. The
conformational heat capacity of the peptide in solution is needed to be known to
understand the stability of the unbound state. In order to calculate these thermodynamic
properties, torsion angle data, which may come either from molecular dynamics
simulations [36-37] of amino acids in solution or from knowledge based potentials [38-40],
should be known. In this dissertation, it is attempted to formulate the statistical
thermodynamics features of peptides using knowledge based data relevant to the denatured

states of proteins.

2.2. De novo Peptide Design:

The determination of a specific peptide sequence with affinity to a particular protein
surface is a problem of high degree of complexity arising from the fact that each residue of
the peptide could be chosen from a pool of twenty natural amino acids. Even for a peptide
with three amino acid residues, there exist 8x10° possible peptide sequences. Screening of
such a large number of molecules is complicated with both experimental and
computational techniques. A rational methodology for specific and selective peptide
sequence prediction is required. The necessary methodology should be time-efficient and
be able to design peptides for given locations on a given set of proteins. A fast and global
computational tool is desired.

The complete peptide binding problem can be visualized as a three step process: (i)
finding a path on the surface of the protein which defines a suitable region for the peptide
to bind, (i1) finding the appropriate peptide for this path, and (iii) improving the peptide for
a more stable binding required for inhibition. In some cases, the binding surface is known,
and a peptide must be designed de novo. In other cases, a peptide is given and the best
region on the surface that gives the optimum binding conditions is searched. Generally two
techniques are used for the peptide design problem: structure-based design and knowledge-
based design. In structure-based design, known drugs / peptides are tried to be bind to
protein. If the known structures interact with protein, better structures are designed via
using this structure. In knowledge-based design the known interaction of amino acids in
databases are used to construct a new peptide for a specific protein. The importance,
computational and experimental difficulties and the present state of the art of finding new

peptides have recently been discussed and reviewed by Petsalaki et al. [41]. The authors
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indicate that a short peptide sequence of a protein mediates the interaction with other
proteins. The method of Petsalaki et al. [41], based on a knowledge based bioinformatics
approach addressed this problem and could successfully find the binding sites for the
peptides. A similar ‘indirect’ design approach has been adopted by Frenkel et al. [42] ,
using their de novo molecular design computational tool Pro_Ligand [42]. The Pro_Ligand
methodology is based on molecular fragment placing on target protein sites via a rapid
graph-theoretical algorithm and the pre-screening the library fragments. Known peptides
were docked to unknown locations on given proteins by Hetenyi and Spoel [43] using
AutoDock [44]. There have been successful attempts for computational peptide design that
use knowledge-based search strategies and use diverse sets of statistical descriptors,
different training databases, hydrophobicity scales, motif regularities, etc. Also, automated
peptide binding search techniques [45-47] from known epitopes or protein libraries have
been successfully used as bioinformatics tools. There have been applications of
bioinformatics computational binding tools such as the sequence moment concept, artificial
neural networks, fuzzy neural networks and Hidden Markov Model for checking the
suitability of inhibitory peptides for binding on MHC class II proteins [48-57]. Along
similar lines, the suitability of a ligand as a drug was tested using Bayesian neural network
analysis [58]. Application of genetic algorithms to the design of peptides has been an
important line of research, examples of which are: in silico peptide screening and
application of genetic algorithm to determine inhibitory peptide against Parkinson's-
disease-related protein a-Synuclein [59]; peptides as thrombin inhibitors [60-61];
evaluation of energies for peptide binding to a user-defined protein surface patch via
Genetic algorithm for p53, oligopeptidase and DNA gyrase [62]; integer linear
programming [63]; design of hexapeptides against stromelysin protein by Singh et al. [64],
and a peptide buildup approach together with a genetic algorithm [65-67]. The prior
knowledge of the structural basis of peptide-protein binding strategies is extremely
important.

The recent paper by London et al. [68], that reviews the strategies important for
understanding the basis of the peptide interactions and peptide design. London et al.
indicates that peptides are stable in their free states and able to stabilize the unstable
proteins upon binding. This behavior can be observed in MHC proteins, which are

stabilized by peptides. The authors state that the protein site, which a peptide can bind to, is
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predefined. The peptides scan protein surfaces for an available binding pocket and prefers
largest binding pocket. After finding an appropriate site, the peptide makes interactions
with hot-spot residues. For each 3 residues of a peptide 1 hot-spot is observed on the
protein binding pocket. Numerous hot-spots are necessary for a long peptide to overcome
configurational entropic cost; consequently large peptides are harder to design. The
importance of an appropriate binding site is highlighted.

As stated before, the determination of an appropriate peptide sequence for a given
protein surface is difficult given that each residue of the peptide can choose any of the
twenty amino acids. In such problems, where a solution is hard to discover among many
possibilities, Hidden Markov model or heuristic techniques can be applied. Heuristics is
the general name for methods that attempt to find the optimum or best possible solution to
a problem, using the known properties of the given problem. Hidden Markov model
(HMM) is a statistical model in which the system assumed to be a Markov process with
unobserved states. Markov process can be defined as a stochastic process with the
following properties: given the present state, future states are independent of the past
states; at each step the system may change its state from the current state to another state,
or remain in the same state, according to a certain probability distribution. In this
dissertation the genetic algorithm as heuristics method, a Markov model and Hidden
Markov model deciphered by Viterbi algorithm are implemented to the de novo peptide
design problem.

Once the appropriate peptide sequence is determined, the interaction between the
selected target protein and the peptide should be determined via experimental and
computational means. The experimental techniques are obligatory to conclude that there is
an interaction between selected molecules, but the time-limits for those methods lead to a
pre-calculation of interaction with computational tools. Once the computational results are
complete, the results may be confirmed by reduced number of experiments. The
computational interaction search for possible affinity between a protein and a peptide can
be achieved by molecular docking studies. The docking method can be stated as the
prediction of the most possible orientation of two interacting molecules [69]. There are
various tools that are able to make docking calculations, most of which are academic-free.
In this dissertation, AutoDock [44] and GOLD [70] tools are used for docking. AutoDock

calculates the hydrogen-bonding, van der Waals, electrostatics, desolvation energies
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between protein-peptide complexes and also the peptide intrinsic energies. GOLD can
calculate hydrogen-bonding, van der Waals and hydrophobic energies of the protein-
peptide complexes.

2.2.1. Genetic Algorithm:

The search space of the peptide design problem is very large, due to the possible sequences
and conformations of peptide. Genetic algorithm (GA), which is a population-based
metaheuristic optimization algorithm, s ideal for cases that deterministic or analytic
methods fail, i.e. problems with underlying mathematical model is not well defined or the
search space is too large. Consequently, using GA is very proper for the peptide design
problem. GA 1is inspired by biological evolution: it uses reproduction, mutation,
recombination (cross-over) and selection mechanisms. The individuals of the population
are represented as chromosomes made up of genes. Darwinistic genetic algorithm is the
original genetic algorithm proposed by Holland [71] that utilizes a user-defined population
of solutions to determine superior solutions. GA is inspired from the biological evolution:
the individuals of the population symbolize the chromosomes; the reproduction, mutation,
cross-over and selection mechanisms are employed as operators of the algorithm (Figure

2.1).

Initialisation

Figure 2.1. Overview of GA.

Other evolutionary algorithms can be listed as: Lamarckian genetic algorithm (LGA),
Population-based incremental learning (PBIL) and Bayesian optimization algorithm (BOA)
[72]. GA and other evolutionary algorithms are used for peptide design by various groups:
Belda et al. [72], Kamphausen et al. [73], Abe et al. [74], Budin et al. [75-77], Schneider et
al. [78].
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Belda et al. [72] employed different evolutionary algorithms, namely GA, Lamarckian
genetic algorithm (LGA), Bayesian optimization algorithm (BOA), and population-based
incremental learning (PBIL) to design inhibitor peptides. AutoDock program [44] was used
to determine the interaction energy of designed peptide and target proteins. LGA is very
similar to GA; the only difference is that it uses a local search method. PBIL is an
abstraction of GA; it does not use mutation or cross-over but a statistical vector instead.
The genes are represented in binary format (0, 1). The statistical vector consists of the
frequency of each gene of the best individuals. Each i™ gene of the population is summed
and then divided into population-size, a statistical vector is formed. BOA is quite similar to
PBIL. Instead of a statistical vector it uses a Bayesian Network. A Bayesian network is a
directed graph. The nodes are the genes of a chromosome, and the edges indicate the
dependencies that exit between those genes [72]. LGA, PBIL and BOA were tested on
three different cases, and LGA determined to be the best algorithm. The randomly
designed peptides were also seemed to bind protein surfaces with high affinity. This can be
due to the limitation of amino acid set. Not the 20 amino acids were used, but a limited set
of 6-7 amino acids were used instead. The limitation is inconsistent with the logic of de
novo design. But the limitation improves the possibility of finding a good peptide
candidate in a small period of time. Accurate heuristics seem to be more reliable than rapid
heuristics if we compare the results of LGA, PBIL with BOA. The BOA gives fitness
values worse than the others. This can be due to time limitation, since less time is used by
rapid heuristics for BOA that requires a large population size to infer proper Bayesian
network. The disadvantages of their method are that the algorithm uses only limited
number of amino acids — not all 20 amino acid types, and the algorithm runs for 2 weeks
on 8 processors, which is quite a long period of time.

Kamphausen et al. [73] implemented GA for RNA folding and Thrombin inhibitor
peptide design problems. Their work is exciting, since effective peptide inhibitors can be
determined in 5 cycles of GA. Known thrombin inhibitors that are highly active were used
as the initial population for GA. 30 different building blocks and 16 amino acids were
utilized as the fragment library. The kinetics analysis for the peptides was completed and
nanomolar binder peptidomimetics were obtained.

Abe et al. [74] also used GA to screen peptide ligands against a Parkinson’s-disease-

related-protein and achieved peptides with affinity towards target protein after 6 cycles. A
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simple GA was implemented with single amino acid mutation, only the superior peptides
of each generation were used for new population generation. The binding site of the target
protein is highly hydrophobic; consequently in vitro screening could not be carried. For
this reason authors applied in silico screening. Only 10 amino acids we selected 10 amino
acids: glycine, alanine, valine, serine, threonine, proline, glutamine, asparagine,
phenylalanine and tyrosine were used for GA.

Budin et al. [75-77] utilized GA to build possible binder molecules via combining
molecular fragments. An energy function, which takes into account the electrostatic
salvation effects, was used to measure the affinity of fragments for target protein. The
fragment conformations on binding site were optimized and combined to have a globular
ligand structure. The model was tested on thrombin, HIV-1 protease and caspase.

Schneider et al. [78] utilizes a systematic way for peptide design. Initially a seed peptide
with ability to bind the target protein is necessary. Variant of the seed peptide was
generated by their algorithm, the variants were synthesized and testes on the protein. The
quantity sequence-activity relationship was used to train an evolutionary algorithm. E
method was applied to determine novel peptides that prevent the positive chronotropic
effect of anti-B;-adrenoreceptor autoantibodies from the serum of patients with dilated
cardiomyopathy. The designed peptides with desired activities did not match the seed
peptide sequence.

2.2.2. Markov Model and Hidden Markov Model:

Markov chain is a stochastic process, it is a movement from one state to the next state
with transition probabilities, over a defined set of states; each move is named as step.
Assuming that the current state is S;, at the next step it moves to S; with a probability P;;
[79]. Markov model could be applied to systems with Markov property. The Markov
property is defined for stochastic processes with the properties: given the present state,
future states are independent of the past states; at each step the system may change its state
from the current state to another state, or remain in the same state, according to a certain
probability distribution [80].

A specific type of Markov model, Hidden Markov model (HMM) is widely being used in
analysis of the biological data and in the bioinformatics area. HMM is a stochastic model
in which the system assumed to be a Markov process with unobserved states [80]. HMM is

a discrete-time Markov model. When a state is visited by the Markov chain, this state emits
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a letter from a pre-defined alphabet. The emissions are time independent. If the sequence
of states are denoted by qi, q2,... qn then the emitted states are denoted by Oy, Oy, ... Op.

When a sequence of states is visited a two-step process 1is observed:

initial — emission — transition — emission — transition — emission— - - -
qQ O to g2 @ to g3 [0 )

The O’s are known but the ¢’s are hidden, the aim is to dechipher the q values given a
known O sequence. The problem can be defined as

argmax Prob(Q | O) (2)
0

Figure 2.2 represents a frequently used example for HMM: the observed states (O) for
weather are dry, damp and foggy and the underlying conditions (Q) are sunny, cloudy and
rainy sky. The most probable sequence of the observed and the hidden states can be
determined via listing all possible combinations Pr (Q | O). The computational cost of

probability calculation is high for the problems with numerous observed/hidden states.

t=3
vAg vAg vAg
qu» ‘j@f’ qp(%»

Observations: Dry Damp Foggy

Figure 2.2. The hidden and observed states for the weather problem are depicted. The arrows

represent probability of passing through one hidden state to another.

The Viterbi algorithm is an efficient way of determining the best state solution of a
hidden Markov model based on a given observation sequence [81-82] and is being used
widely in the analysis of biological data and in bioinformatics area [83]. Viterbi decoding
reduces complexity via recursively finding the most probable sequence of hidden states
given an observation sequence and a HMM. Partial probability 6 is defined for each

particular intermediate state. Each & represents the probability of the most probable path to
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a state at time t, and not a total. d(i,t) is the maximum probability of all sequences ending
at state 1 at time t, as shown in Figure 2.3. Partial probabilities 8(i,t) are determined for
each intermediate and end state. The most probable sequence of states is selected from ’s
via maximizing the probabilities. The details, which are described according to our peptide

design problem, are given in Chapter 5.

O O O O O
QX O Q OO0
OO0 OO0 00

Figure 2.3. 6(i,3) are shown for three different i values, i = 1,2,3. The scheme on the left indicates
the most probable path for i = 1, in other words 8(1,3). The middle scheme represents 6(2, 3). The
scheme on the right shows 6(3,3).

HMM is utilized in protein structure prediction [84], analysis of protein, RNA or DNA
sequences [85], novel peptide hormone prediction via training the HMM algorithm with
known receptor protein-peptide hormone interactions [86]. Kobayashi et al. employed
HMM on 3 different studies for peptide design against MHC class Il proteins: training was
achieved by non-binding and binding peptides of target proteins and tests applied to
different data-set denoted that method is able to predict binder peptide sequences [52, 55,
87].

The various bioinformatics methodologies that are based on hidden Markov models are
summarized by Bystroff et al. [84]: the topology prediction for the transmembrane
proteins, the signal peptide determination, and secondary structure prediction methods are
summarized. Analysis of protein, RNA or DNA sequences were also achieved by the
Viterbi algorithm as illustrated by a study on gene finding from DNA sequence by Sramek
et al. [85]: the algorithm enables gene finding, promoter detection, and detection of
conserved elements. The prediction of the topology of all-beta membrane proteins
combining Viterbi and posterior algorithms was proposed [88] as a modified Viterbi

algorithm.
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Mirabeau et al. [86] determined two novel peptide hormones by the Viterbi algorithm
by training their algorithm with known receptor protein-peptide hormone interactions and
testing the model on peptide sequences in databases. The peptide hormone properties are
utilized to predict whether a protein/peptide contains a peptide hormone sequence or not.
The alignment of known peptide hormones to the top ranking proteins resulted in the
identification of two novel candidate peptide hormones.

Noguchi et al. employed the Viterbi algorithm on 3 different studies for peptide design
against MHC class Il proteins [52, 87, 89]. Training was achieved by non-binding and
binding peptides of the target proteins and tests applied to different data-set indicated that
the method is able to predict binder peptide sequences.

Viterbi algorithm was adopted by Sonmez et al. [90] to deteremine peptide hormones
that interact with G-protein-coupled receptors (GPCRs). Sequence alignment along
evolutionary path structure across species was utilized to train their HMM-based
computational approach. In other words cross-genomic sequence comparisons are their
main methodology. The sequences from Swiss-Prot were the input of the algorithm. The
basic molecular biology techniques were employed to verify computationally determined
sequences have biological significance. A previously unidentified neuropeptide was
discovered, which is mainly localized in brain.

All of the peptide design studies with HMM or Viterbi decoding in literature are based
on a training data set. No de novo approach using Viterbi decoding has been used for the

peptide design problem up to date.

2.3. Peptide Motifs:

The peptides are used as inhibitor / activator of target proteins in order to cure various
diseases. Although there has been a wide interest in peptide design, there is no general tool
to determine peptide motifs for protein surfaces. The peptide motifs are crucial for the
selective and specific binding. There have been successful attempts to discover biological
motifs by different research groups. Most of the efforts are to determine specific amino
acid or nucleic acid motifs that have been conserved by evolution. Motif search for specific
proteins are available in the literature, especially for MHC class proteins and SH3 domains.
To our knowledge, the efforts in the literature are to determine the evolutionarily

conserved motifs from proteins / DNA / RNA or to discover the binding motifs by means
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aligning the binder sequences of the target protein. The evolutionary motif search methods,
the peptide motifs discovered for specific proteins and some algorithms / servers / software
to determine peptide motifs are reviewed. Neduva et al. provide an excellent review of
linear motifs [91]. As staded in ELM server reference [92] the earliest linear motif
definition was written by Tim Hunt [93]:

The sequences of many proteins contain short, conserved motifs that are involved in
recognition and targeting activities, often separate from other functional properties of the
molecule in which they occur. These motifs are linear, in the sense that three-dimensional
organization is not required to bring distant segments of the molecule together to make the
recognizable unit. The conservation of these motifs varies: some are highly conserved while
others, for example, allow substitutions that retain only a certain pattern of charge across
the motif.

The short lengths of linear motifs, three to ten amino acids, make them difficult to
discover. It has been experimentally shown that the linear motifs do not have strong
affinities for their targets, the lowest affinity values are in range of 10 uM [91] . The
affinity values indicate that linear motifs make transient interactions with their partners.
Same or similar linear motifs are used in diverse species, but conservation over long
evolutionary distances is uncommon. Neduva et al. [91] explains the reason for this fuzzy
behaviour of nature with plasticity. The point mutations can activate or deactivate linear
motifs easily leading to fast adaptation. The loss or gain of a linear motif may not lead to
severe influences due to weak affinity of motifs. However, a point mutation on an essential
residue of the motif may lead to formation of different biological pathways through the
evolution. Saito et al. [94] verified that peptide motifs play role in the plasticity and the
evolution of protein network. The group developed an artificial protein library by mixing
four peptide motifs of Bcl-2 family proteins. The motifs regulate the apoptosis network in
positive or negative fashion. The artificial proteins in the library have pro- and anti-
apoptotic properties. Their findings present that common motifs may lead to formation of
proteins with divergent attributes.

As stated before, there are several attempts to discover peptide motifs for specific
proteins / protein domains. Amy Hin Yan Tong et al. [95] devised a combined strategy to
determine peptide recognition modules. The modules recognize and specifically bind to

particular peptide motifs. The method described utilizes both experimental and
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computational procedures. The phage display library and two-hybrid physical interaction
test construct the experimental part. The computational approach is to determine
interaction networks for the results of the experimental procedure. The method was
successful to determine proline-rich motifs for the SH3 protein domains. Authors imply
that their methodology can be used for other peptide recognition modules. Landgraf et al.
[96] applied a similar study for SH3 domains with very valuable outcomes. The group
combined phage display library and SPOT synthesis. Their aim was to determine all
peptides of the yeast proteome with potential affinity for eight SH3 domains. The
experimental studies lead to formation of five classes of peptides with overlapping
specificity for SH3 domains. Authors imply that the strategy can be applied to the human
proteome. Zhao et al. [97] explained the binding of numerous proteins to the catalytic
subunit of protein phosphatase-1 with a common motif on the binder proteins. Random
peptide library panning was used to determine the binding motif, (2-5 basic residues) VX
(F/W) (an acidic residue). Corr et al. [98] identified a binding motif for H-21Dd protein,
XGPX(a positively charged residue) XXX (I/L/F)(I/L/F)(a hydrophobic residue). Tan et al.
[99] analyzed scorpion toxins by mutation analysis and determined several peptide motifs
for ion channels.

There are several web-servers available to predict whether a given sequence is a peptide
motif or not. The servers are based on database searches. ELM server [92] presents 146
known motifs, which are experimentally determined. A protein sequence is given as query

to server (http://elm.eu.org) and then search for linear motifs on the sequence, complex

structure, and related literature are established. Neuwald et al. [100] developed a detection
method for motif-encoding regions in sequences. The model is tested on immunoglobulin
fold proteins and a set of distantly related 32 bacterial membrane proteins. The method is
able to identify very short motif segments that could not be determined by alignment tools
available. Thompson et al. [101] described Gibbs Centroid Sampler software that detects
conserved regions of biopolymers via centroid alignment. The method is able to predict
RNA secondary structure and motif detection

(http://bayesweb.wadsworth.org/gibbs/gibbs.html). Rigoutsos and Florafos [102] offered a

combinatorial algorithm to determine motifs for a given set of protein sequences. Their
methodology assures that the motif is maximal in length and composition. Reiss et al.

[103] developed a computational de novo method to identify peptides, which bind to
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specific peptide recognition modules. The protein sequences and experimentally observed

interactions are necessary for this probabilistic method (http://sf.net/projects/netmotsa).

The method was tested on SH3 domains and shown to be specific and sensitive. The
authors state that their methodology is general for any given peptide recognition module
domain. Reche et al. [104] developed a new search algorithm RANKPEP that utilizes a
position specific scoring matrix (PSSM) in order to identify binding motifs for MHC class
I proteins. The MHCPEP database with MHC-binder peptides was used for the
methodology. The binding potential of a given peptide sequence for a given MHC protein
is obtained from ranked and aligned peptides by PSSM. The prediction for any peptide
sequence can be completed at RANKPEP web-server

(www.mifoundation.org/Tools/rankpep.html). Reche et al. [105] extended RANPEP for

peptide motif prediction of MHC class II proteins. Rajapakse et al. [106] utilized genetic
algorithm to determine peptide motifs for medically important protein targets. The method
requires experimentally derived peptide motifs and the experimental motifs are used to
determine a consensus motif. The method was tested on the MHC Class II molecule I-Ag7
of the non-obese diabetic mouse. The determined motif is better than the experimental
motifs and the computationally derived motifs by MEME, RANKPEP and Gibbs Motif
Sampler. Dinkel et al. [107] developed a method to identify functional motifs in proteins.
The conserved homologous sequences are considered for detection of motifs. The method
was tested on experimentally confirmed motifs and found to be successful. The method is
able to identify short motifs due to its enhanced filters. Neduva et al. [108] offered a
strategy to detect binding motifs for certain proteins. Their methodology utilizes data from
genome-scale interaction studies. The over-represented motifs in non-homologous
sequences are discovered by the method. The researchers were successful to identify
known motifs and new motifs. Savoie et al. [109] described an algorithm to determine
peptide motifs for MHC proteins. The computational learning algorithm is named as
BONSAL it utilizes a database of 13000 MHC binding peptides with both positive and
negative T cell responses. The authors were successful to reveal motifs.

There is no general methodology to discover a binding peptide motif for any protein
target, according to our knowledge. The particular aim of this dissertation is to predict a

binding motif for any given protein using no prior information.
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Chapter 3

CONFORMATIONAL ENERGIES AND ENTROPIES OF PEPTIDES, AND
THE PEPTIDE-PROTEIN BINDING PROBLEM

A novel statistical thermodynamics approach is applied to the free peptide segments in
order to classify them according to their conformational energies and entropies and heat
capacities. The approach employs the rotational isomeric states (RIS) model in which the
states are described by the Ramachandran map of backbone torsion angles. The statistical
weight matrices for the pairwise dependent states are derived from the torsion angle
probabilities of the consecutive dipeptides in coil library. The partition function is
determined for a given sequence via RIS multiplication of the pre-determined matrices.
The conformational partition function, Helmholtz free energy, energy, entropy and heat
capacity are obtained. The model is applied to randomly produced peptides and also to
known peptide inhibitors to analyze their thermodynamic properties.

As stated in Chapter 2, the statistical thermodynamics features of peptides are
formulated using knowledge based data relevant to the denatured states of proteins. An
efficient algorithm to compute the partition function and the thermodynamics of a free
peptide segment, as a function of its sequence type, is proposed. Determining the energy of
a peptide is important for the reason that it gives information on the relative magnitudes of
the energy of the single conformation that is obtained upon binding and the average
configurational energy of the peptide in solution. Knowledge of the entropy of a given
sequence in solution is important since it is proportional to the amount of entropy that will
be lost when the sequence binds to the surface. The conformational energy and entropy of
a peptide in solution are significant contributors to the Gibbs free energy, AG, of binding.
The conformational heat capacity of a free peptide is also of importance because it is a
measure of the stability of the peptide in solution.

The conformational state of a residue is defined by a point on the Ramachandran map.
The energy of a given state depends on the following factors [6, 8, 110]: (1) the intrinsic
torsion potentials of the peptide backbone bonds, (ii) the attractive and repulsive
interactions between atoms of side groups that fall in close proximity upon the choice of

the ¢ and y pair, (ii1) the hydrogen bonds that may form between groups of the backbone
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atoms and the backbone-side chains, (iv) interactions between atoms of the residue and the
atoms of other residues along the peptide. These are contributions to the energy of a state
of a residue coming from intramolecular interactions that arise from the atoms of the
peptide. Secondly, interactions between the peptide atoms and atoms of the surrounding
medium may contribute to the state of a residue. We focused on intramolecular interactions
only. The intramolecular forces that stabilize the state of a residue and determine the values
of the ¢ and wangles are short range if the interacting atoms are within the residue or
between its nearest neighbors along the chain. Forces between atoms of residues not
adjacent along the chain are termed long range, and may be significant specifically in or
around the native state. Secondary structures such as helices, beta sheets, and tight turns
are stabilized by long range interactions.

When the state of a residue depends only on the state of its first neighbors along the
chain, its conformations may suitably be studied as a Markov process. The Rotational
Isomeric State (RIS) model of polymer statistics is a suitable method for the study of
Markov processes [6, 110]. We introduced a novel statistical thermodynamics approach,
based on the RIS model that can be used for classifying sequences according to their
conformational features such as their entropies and energies and heat capacities.

First of all, various regions on a Ramachandran map as states of residues were defined.
Then the probabilities of the states of a pair of neighboring residues were calculated using
information from the Protein Data Bank. Inasmuch as we are interested in the denatured
conformations of peptides, a coil library was constructed from which we obtain the
probabilities [39-40, 111-112]. With the probabilities determined in this manner, the
statistical weights for the pair-wise dependent states were obtained, and the partition
function for a given sequence was calculated using the RIS matrix multiplication scheme.
The conformational partition function, Helmholtz free energy, energy, entropy and the heat

capacity of the sequence were obtained accordingly.

3.1.  The model and calculations
3.1.1. Identification of isomeric states of a residue:
The ¢ and ¥ angles of a residue cannot adopt all values due to backbone intrinsic

torsion propensities and attractive and repulsive interactions of atoms that are in close
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proximity for certain combinations of these two angles. Among the repulsive interactions,
steric hindrances resulting from the side groups are the most pronounced. Hydrogen bonds
are the most pronounced favorable interactions. Depending on the type of the residue, these
angles show preferences for different states, which we term as ‘isomeric states’ on the
Ramachandran map. The frequency of occurrence of states for the twenty amino acids can
be obtained from the Protein Data Bank, PDB. An examination of the frequency of
occurrence of the states of neighboring units shows that the probability of the states of two
neighboring residues along the chain depends strongly on the type of these residues.
Plotting the ¢, ¥ angles on a Ramachandran map from PDB data, irrespective of residue
type shows that there are 11 major isomeric states. These are shown in Figure 3.1. We
number the regions from 1 to 11 according to the notation shown in Table 3.1.

In obtaining Figure 3.1, the non-redundant PDB Select database of native proteins was
used. There are 197,458 points on the Ramachandran map obtained from the database.
96% of these points fell on the eleven regions shown in Figure 3.1. The remaining 4% of
points were outside of these regions which are known to correspond to strained states of
the residues resulting from long range perturbations. We ignored this set of 4%.

Probabilities of occurrence of a residue in any of the eleven states given above depend
on the type of the library used. Since we are interested in the denatured conformations of
peptides, we calculated the probabilities over a coil library we constructed. The coil library

was downloaded from the website: http://www.roselab.jhu.edu/coil/. The library contains

fragments selected by Dunbrack's PISCES server according to the following criteria: less
than 20% sequence identity, better than 1.6 angstrom resolution, and a refinement factor of

0.25 or better.
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Figure 3.1. Isomeric states on a Ramachandran map.

Table 3.1. Notation for the 11 states.

State Notation Description
1 e Mirror image of the extended region €
2 € The extensive regions, @ > 0,y = +180°
3 Or Right-handed alpha helix.
4 Y Tight turn region.
5 Or The right handed bridge region between two B-strands
6 oL Mirror image of the dg region
7 ¢ Region observed mostly in residues preceding PRO
8 Y Inverse tight turn region
9 (049 Mirror image of og
10 Bs Extended beta sheet forming region
11 Bp Region with extended polyproline-like helices

The frequency of occurrence of states was collected in a four dimensional array,

f(i,7,¢,m), which is the normalized frequency that a bond is of residue type i, the

succeeding residue is of type j, where the first residue is in state { and the succeeding
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residue is in state 1. When the k-1 residue along the chain is of type i and the k™ residue

is of type j, the joint probability p;_; ¢, of having the states Cand m is

AR,
i - < /. .. |
Pris1:tn > fi7.¢m) )
&n

On the left hand side of Eq. 1 we dropped the indices i and j that denote residue types,
assuming that the sequence is given and fixed. Thus, it suffices to acknowledge the
position dependence with the bond indices k-1 and k. This simplifying notation conforms

with previous usage of polymer statistics [6]. For a given k, the matrix p;_;., is an

11x11 matrix relating the states of two neighboring residues. There are 400 of these
matrices for the 20 types of amino acid pairs. In Figure 3.2 we present two sample contour
graphs out of the 400. In Figure 3.2a, the k-1% and k™ residues are ALA-ALA. In Figure
3.2b, the residue pairs are GLY-GLN. Probability levels are given in four different levels
of gray, showing the differences in the conformational propensities of the two pairs.
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Figure 3.2. State probabilities for ALA-ALA (A) and GLY-GLN (B). The ordinates denote the
states of the previous residue and the abscissa denote the states of the latter residue in the pairs

shown. Probability levels are given by four shades of gray.
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3.1.2. Matrix multiplication scheme for generating the partition function of a given
peptide sequence:
The energy when bond k is in state 1 and the preceding bond is in state { is given by the

Boltzmann relation [38]

1 Pr-1kr,
Eqypign = —ln) — 20 2)
B\ p k10p kn

where 3 =1/kT , and the probabilities with the superscript zero denote those when the

distribution is uniform. For the eleven state model, p%_i¢ = p%n =T11 . The statistical

weight matrix U, for the bond pair k-1, k is

Uy = exp(— BEk—l,k;c,n ) (3)

The partition function, Z, of the peptide is obtained according to

Z= J*(ﬁUij C))
k=2

where J* = [T 1 ... 1];)J=column[ 1 1 ... 1]. (It is to be noted that in the Flory
notation, the J* matrix is given as = [1 0 ... O] that assigns the trans state to the first
bond. In the present formulation, the choice of the J* matrix allows for the

acknowledgement of all of the eleven states to the first residue).

The Helmholtz free energy, F=—[13[n 7 , energy, E=_den 7z, and the entropy [113]
d

S/k=p> 4F are obtained in matrix multiplication formalism as

dp
__Lulrlr
F= ﬁm{l (HU,(JJ} )

E:—lL*(ﬁijL ©)
4 k=2
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and
L* (H G, ]L )
S/k=——3= +%ln{J*(HUk]J} o
J*(H U, ]J k=2
k=2

where

u, U, dU ;
Gk:{ ¢ k},Uk'z—k,andL =[ 11 ..

. 1];L=column[00...1 1 ... 1].
0 U, dp
The heat capacity, C,, is given in terms of the partition function as
2 2 2
Cvzkﬁzalnzz:kBz _%(azJ +la§ @®
B z>\ op Z op

In terms of matrix notation, C, takes the following form:

L’{ﬁijL M’{ﬁijM
C =kp2- k=2 + k=2

{1*@2%}]}2 J*(g%}f ©)

Uk Uk ! Uk ! Uk rr
0o U 0 U

Hk — k k
0o 0 U, U,

o 0 0 U,

where,

(10)

andM*=[11.1 0.0 0..0 0..0 0..0 0..0]

M =col[0..0 0..0 0.0 0..0 0.0 111111]
2
U!!: a l2]
B
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3.2.  Results

The calculations are performed by randomly generating a sequence of n residues and
calculating its partition function, free energy, mean energy, entropy and heat capacity.
Peptides of four different lengths with n =5, 10, 15, and 20 are considered.

We choose the freely jointed model of the peptide as the reference systems for the
calculations. For the freely jointed chain all states are equally probable, and the mean
energy E may be taken as zero. The entropy is

%:nln(ll):2.4n (11)

In order to refer to the bound state in the discussion of peptides bound on a protein, we
also use the firmly bound state, as another reference system. We assume that no
conformational transitions can take place and the conformational entropy of the peptide is
zero. The conformational energy of a peptide is not unique for this case, and may take a
value depending on the peptide type and the configuration of the peptide in the bound state.

Taking the reference state energy of the freely jointed chain as zero leads to negative
mean energies for the real peptides with bond energies calculated from the PDB
probabilities according to Eq. 2. The energies of the states that are more [114] probable

dp

in each term. The entries of U, ' are of the form —BE, exp(-BE, ) which makes the terms

than the random state are negative (positive) according to Eq. 2. Eq. 6 contains ¢/, '=

with negative E;; dominate, making the entries positive. The negative sign on the right hand
side of Eq. 6 then makes the average energy negative. We let AS denote the entropy of the
peptide relative to the freely jointed state:

A5 5 oun (12)
kK k

and AE denote the average energy of the peptide relative to the freely jointed state:
AE=E—-E E (13)

freely jointed =

Here, E denotes the zero of the energy. Both AS and AE are negative quantities.

freely jointed
We also define the entropy AS, of the peptide relative to the bound state:

AS, _ S 8 _S_AS (14)
Kk kK k k k
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where S, is the entropy of the peptide in the bound state, which we take as zero. Defined
in this manner, AS,represents the magnitude of the entropy penalty that will be suffered

when a free peptide binds to a protein.

3.2.1. Entropy-energy relations as a function of sequence type

The relationship of Ak_S to SAE is presented in Figure 3.3 for the four peptide groups,

each of length n =5, 10, 15, and 20. The points are obtained for 10° peptides of length n by
starting from a random sequence and randomly changing one residue at a time. The points

AS Tk =Eof the straight
AE

lie on a straight line passing through the origin. The slope

line, which is equal to 0.620, is a characteristic property of the coil library and is a result of
the energy distribution of the torsional states. If the energies of the eleven states are chosen
as random instead of being determined by Eq. 2, the slope of the AS, /k vs BAE line
becomes unity. The results of random calculations are shown in Figure 3.4 for the random
energies for n = 10. The deviation of the slope of Figure 3.4 from unity is a measure of the

non-randomness of the energy surfaces defined by the ¢ and ¥ angles.
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h
o
T
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B AE

Figure 3.3. Relationship of entropy to energy for different sequence types of four different length

peptides.



Chapter 3: The peptide-protein binding problem 28

28 24 20 18
Figure 3.4. Relationship between energy and entropy (relative to the bound state) when the 121

states of the ¢ - ¢ energy surface are taken randomly. The line through the points with slope = 1.0

is the best fitting straight line through the data points.

In Figure 3.5, the entropy, AS, relative to the bound state is plotted against the average

energy relative to the freely jointed state. The points for a given n fall on a straight line.
This shows that sequences with low average energies have low entropies. The ‘limiting
sequence’ is represented by the zero entropy intercept. Such a chain has a single
conformation that is confined to its minimum energy conformation. When the best fitting

lines through the points are extrapolated to zero entropy, the BAE intercepts for n = 5, 10,

15 and 20 are obtained as -18.7, -39.2, -59.7, and -80, respectively. The values of the
intercepts per residue are approximately constant and are equal to -3.8kT for all n.
According to the energies obtained from the PDB data, the sequence that has the lowest
energy is all PRO, with an energy of -4.05 per residue and shows a discrepancy of 6% from

the extrapolated value of -3.8.
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ASb /K

B AE

Figure 3.5. Relationship of entropy relative to the bound state to energy for different sequence

types of four different length peptides.

Let us take the lowest point in Figure 3.5 on the set n = 10, for example. This is the

sequence VAL MET ILE GLU ILE PRO VAL ILE VAL VAL for whichAS, /k =5.3. The

entropy penalty per residue to freeze the chain at a single conformation is TAS = 0.53kT .
The highest point on the n = 10 line, on the other hand corresponds to the sequence GLY
SER SER GLY PHE GLN GLY GLY HIS ASP for which the entropy penalty per residue
is TAS =1.30kT . Thus the entropy barrier to be overcome for keeping the second
sequence at a single conformation is 2.45 times larger than that of the first. As is now
known well in the drug design area, and as we show in the discussion part, the entropy
barrier plays crucial role in determining the stability of binding. Therefore, choice of the
right peptide sequence is of major importance.
3.2.2. Distribution of mean energies, entropies and heat capacities

In Figure 3.6, the distribution of mean energies obtained from 10° peptide sequences of
n = 10 are presented.

These distributions deviate significantly from Gaussians because they are skewed with
longer tails on the low energy and entropy sides. The points are from the results of
calculations and the lines are drawn to guide the eye. The mean energy is -24.7 and the

peak is observed at -20.52.
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In Figure 3.7, the distribution of entropies, relative to the bound state, obtained from 10°
peptide sequences of n = 10 is presented. The points are from the results of calculations
and the lines are drawn to guide the eye. The mean of the graph is 7.6 and the peak is
observed at 11.04.

o
W
o
£

o

(]

-__‘I

(@3]
T

32 28 24 20 16
B AE

Figure 3.6. Distribution of mean energies for n = 10.
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Figure 3.7. Distribution of entropies of peptides for n = 10.

The distributions for both energy and entropy indicate that there is a wide range of these
thermodynamic variables depending on the sequence type. The behavior for other sequence

length peptides, calculated but not shown in the figures exhibit the same behavior, i.e. the
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energies and entropies range over a wide range. The mean energies are approximately -
2.5KT per residue which is significantly high when compared to the energy of -3.8kT at the
zero configurational entropy intercept discussed above. The mean entropies equate to
approximately 0.76k per residue for all sequence lengths.

In Figure 3.8, the distribution of heat capacities for the four different length peptides is
presented. The points are from the results of calculations and the lines are drawn to guide
the eye. The areas under the curves are normalized to unity. These distributions, unlike the
energy and entropy distributions, are skewed with longer tails on the high C, side, and
therefore cannot be represented satisfactorily as Gaussians. The peak per residues number
values of the curves are 0.7, 0.69, 0.68, 0.59 for the residue numbers 20, 15, 10 and 5,
respectively. The peak of the curves per residue ranges between 0.60 — 0.70. Thus, C,
scales with peptide length.

Frequency

Figure 3.8. Distribution of heat capacities for different length peptides.

At first glance, no functional relationship between Energy and C,/k, or Entropy and
C./k exists when BAE vs C,/k and ASy/k vs Cy/k plots are plotted, as shown in Figures 3.9a
and b. In order to see whether sequences with low and high C,/k values populate different
energy and entropy levels than the full set of peptides, we plotted Figures 3.10a and b. In
Figure 3.10a, the distribution of BAE values for the full set of 10° peptides of length n = 10,

shown with the open circles, is compared with the distribution of a subset of 11552
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peptides whose C,/k values are less than 4.70, shown with the grey colored circles and also
compared with the distribution of a subset of 11944 peptides whose C,/k values are larger
than 9.95, shown with the black colored circles. The low C,/k peptides have higher
energies, meaning that these are closer to the freely-jointed model. On the contrary, high
C//k peptides have lower energies. Peaks are observed at values -20.52, -20.34 and -23.98
for the all data points, low Cy/k peptides, and high C,/k peptides, respectively. There is a
difference of approximately 4kT between the peak values of the all data points and high
Cy/k distributions. In Figure 3.10b, the distributions for ASy/k for the same sets of 106,
11552 and 11944 peptide sequences. Again, the low C,/k peptides prefer high entropy
levels, and therefore are closer to the freely jointed model. The peaks are observed at the

values 11, 11.18 and 8.66 for the all data points, low C,/k peptides, and high C,/k peptides,

respectively.
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Figure 3.9. Comparison of C,’s with (A) BAE and (B) ASy/k for n = 10.
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Figure 3.10. (A) The distribution of BAE values for the full set of 10° peptides of length n = 10,
(open circles), the distribution of a subset of 11552 peptides with low C,/k values (grey circles),
and the distribution of peptides with high C,/k values (black circles). (B) Same comparison for the
entropy.

The position of the entropy value of a given peptide in the distribution of entropy values
obtained from a large set of peptides for a given value of n may be measured by the ratio rg

defined as
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_(As, 7k)-(AS, /k),,., (15)
S TS, k) —(AS, /k)

peak min
A value of rs < 1 indicated that the entropy is on the low side of the distribution, and vice
versa. Similarly, the position of the heat capacity value of a given peptide in the
distribution of heat capacity values obtained from a large set of peptides for a given value
of n may be measured by the ratio rc
(C,/k)-(C,7k),,
e = (16)
(C,/k) . —(C,/k)

peak min
A value of rc < 1 indicated that the heat capacity of the given peptide is on the low side of
the distribution, and vice versa. A comparison of rs and r¢ for various peptide drugs shows
that in general rs < 1 and rc < 1. In Figure 3.11, the values of rc and rs for those drugs are
plotted for 31 drugs. The horizontal line indicated the rc = 1 level. One sees all 31 drugs

satisfy the rs < 1, rc < 1 criterion.
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Figure 3.11. The rc versus rs values of 31 drug peptides.

The drugs are reported in Table 3.2. These are peptide drugs obtained from three websites:
(1) The KEGG peptide database from GenomeNet, which is a Japanese network of
database and computational services for genome research

http://www.genome.jp/en/about.html

(2) Calbiochem, http://www.emdbiosciences.com/g.asp?f=CBC/home.html
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(3) The University of Nebraska medical Center Antimicrobial Peptide Database,

http://aps.unmc.edu/AP/main.php.

The first column shows the number of residues in the peptide. The second column

identifies the peptide, the third fourth and fifth columns give the energy, entropy and heat

capacity values computed with the present scheme, the last column identifies the sequence.

The values of rs and rc are indicated following the slashes in columns 4 and 5.

Table 3.2. Drug peptide sequences and their statistical properties.

Peptide Code BAE | (AS/K)/rs | (C,/K)/r. Sequence

Length

8 KEGG -20.2 6.8 / 5.1/ DRVYIHPF
C02135 41 .35

8 KEGG -17.1 8.2 / 5.1/ FLFQPQRF
Cl16112 .61 .35

9 KEGG -18.6 9.7 1 64 / CYFQNCPRG
C07105 1 41

9 KEGG -19.4 93 / 6.0 / CYIQNCPLG
C00746 .66 .35

9 KEGG -18.7 9.6 / 6.5 / CYFQNCPKG
C13662 .70 42

9 KEGG -23.4 72 |/ 54 / RPPGFSPFR
C00306 .36 27

10 KEGG -25.5 8.3 / 56 / KRPPGFSPFR
C01505 .38 25

11 KEGG -27.5 92 / 6.1 / ISRPPGFSPFR
C16008 .38 24

12 KEGG -26.9 11.8 / 8.1 / MPHSFANLPLR
C16109 .55 .35 F

13 KEGG -28.8 13.2 / 8.8 / ILDLWKAIDGL
C16046 .59 44 PY

13 KEGG -26.0 149 / 10.5 / GVNDNEEGFFS
C02404 .80 .62 AR

13 UNMCAP -26.6 133 / 10.1 / HGVCGHGEHG
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AP00025 .60 .58 VHG
13 UNMCAP -30.8 11.7 7.4 ILPWKWPWWP
AP00159 41 .30 WRR
14 CALBIOCH -31.8 13.8 10.5 LQLRDAAPGGA
EM 613571 .62 51 IVS
16 KEGG -36.0 16.4 11.9 YGGFMTSEKSQ
C16017 .64 .49 TPLVT
16 KEGG -35.4 16.5 12.9 NDDCELCVNYV
C06006 .65 .59 ACTGCL
16 KEGG -33.0 17.9 12.3 ADSGEGDFLAE
C00952 .79 .53 GGGVR
16 UNMCAP -38.0 14.4 13.9 RGGRLCYCRRR
AP00218 43 .67 FCICV
17 UNMCAP -42.2 14.3 14.3 KWCFRVCYRGI
AP00214 .29 .60 CYRRCR
18 UNMCAP -43.2 16.5 14.6 RGGRLCYCRRR
AP00195 .50 .60 FCVCVGR
18 UNMCAP -43.8 15.9 14.6 RRWCFRVCYR
AP00211 44 .60 GFCYRKCR
18 UNMCAP -42.1 17.1 14.2 RGGLCCYCRRR
AP00219 .55 .57 FCVCVGR
18 UNMCAP -42.77 16.6 14.4 RGGRLCYCRG
AP00220 51 .58 WICFCVGR
18 UNMCAP -45.5 15.0 15.0 RGGRLCYCRPR
AP00221 .36 .64 FCVCVGR
18 UNMCAP -42.6 17.3 14.5 GFCRCLCRRGYV
AP00445 .57 .59 CRCICTR
18 UNMCAP -41.9 17.3 15.1 RCLCRRGVCRC
AP00724 .57 .65 LCRRGVC
18 UNMCAP -42.1 17.2 13.8 RCICTRGFCRCI
AP00725 .56 .53 CTRGFC
20 UNMCAP -49.7 17.5 15.5 VYIDKLTPPCG
AP00023 .54 .63 TMYYACEAV
20 UNMCAP -44.2 20.8 14.6 ILGPVISTIGGYV
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AP00725 91 .54 LGGLLKNL
21 KEGG -46.6 21.8 / 143 / DMSSDLERDHR
C15876 .67 .36 PHVSMPQNAN
21 UNMCAP -49.4 19.6 / 17.7 /1 CLGIGSCNDFA
AP00028 47 .65 GCGYAVVCFW

The fact that the peptide drugs cited here all have low entropies indicates that they are
relatively stiff and have few conformations that they can have. This is intuitively plausible.
However, the physical reason behind the fact that they all have small heat capacities is not

immediately apparent. Using the thermodynamic relation and the Onsager fluctuation

relation [113], ¢ =T(as)=_1 9 =L< AEAS) We see that the heat capacity is related
! 0 T| gyl | T
T
to the cross-correlations of the energy and entropy fluctuations
C, = B(AEAS) (17)
Thus, C, is determined by the correlation between energy fluctuations of the system,
which are large when the energy gaps are large, and entropy fluctuations of the systems

between different states, which are small when the energy gaps are large [115]. A small

value of C means that the peptide takes only a limited number of configurations whose
energies are not much separated from each other.

On thermodynamic grounds, the binding constant K, is obtained from the relative
concentrations, [L] , [P] , and [LP] of the ligand, protein, and their complex, in a

bimolecular binding reaction L+ P < LP as

_ lep]
*[L]p]

The connection of this experimentally measured quantity to the change in free energy in

(18)

binding is
AF = AG=-RThK, (19)
where, the change AG in the Gibbs free energy is approximated by the change AF in the

Helmholtz free energy. Here, we discuss the molecular factors that contribute to AF and
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identify the relative magnitude of conformational free energy changes calculated in this
dissertation.
3.2.3. Free energy changes upon binding

As given in Chapter 2, the change of free energy AF of the protein, ligand and water
system upon binding consists of the following components:

AF = AFpy (L) + AF,,, (L) + AFyy (P) + AF,,, (P) + AFy, 4, (LP) + AF (W) (20)

inding
where, AF,;(L) is the change from rigid body translation and rotation of the ligand,

AF,, (L) is the conformational free energy change of the ligand that is the basis of

calculations of the present work, AF,,(P) is the change of the rigid body translation and

rotation of the protein, AF,,(P) is from the conformational changes of the protein,

AF,

pinaing (LP) 18 the change in free energy due to the interaction between the ligand and

protein, and AF(W)is the free energy change of water. We assume the terms AF,,(P) and

AF,, . (P) are small. We discuss the contribution of each remaining term in more detail in
order to assess the contribution of AF,, (L) to the total AF .

The energies of different conformations of the free peptide will have negative energies
when the freely jointed chain is taken as reference. Each energy state will be populated
according to the Boltzmann distribution. Upon binding on the surface of the protein, the
conformational energy of the peptide will be fixed at one value. This energy may be larger
or smaller than the mean energy of the free peptide. The value of this energy depends on
the conformation of the bound state, which in turn depends on the shape of the protein
surface. A conformational energy in the bound state smaller than the mean energy of the

unbound state corresponds to an enthalpically favorable binding. For such a peptide, an

1/2
estimate of the decrease of conformational energy may be obtained from—<(AE )2> .

Using the definition of the heat capacity, C ,62<(AE)2>, the enthalpic advantage is

k

obtained from _ ﬁ(@jm. From the high tail of the curves in Figure 3.8, where the
k

frequencies of observation fall to less than 1 percent of the peak values, we see (as already
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stated in the preceding sections) that CI;V values are 5, 10, 15, 20 respectively for n = 5, 10,

1/2
15, 20. Thus, we have the scaling [Cl;”j =n"?, and the average conformational energy

decreases by n"" kT upon binding of a good drug. However, the entropy scales with n, and
therefore is the dominant factor. The free peptide will have conformational entropy
resulting from transitions of bonds from one isomeric minimum to the other. In the bound
state, isomeric transitions will vanish. Although the peptide will have some vibrational
entropy upon binding [24, 116], the magnitude of this component of the entropy is not yet
well characterized. It is mostly regarded within the association entropy of binding, which is
AS,. =S, —S,..—5S,. » where the subscripts are self explanatory [23, 27]. Neglecting this

trans rot

residual entropy, one sees from Figure 3.5 that on the average the entropy decrease is

A . . . g
TS =—1.0n. Thus, in general the conformational free energy of a peptide upon binding,

PAF,,, =—n""? + n. These values are thermodynamic averages however.

In calculating the conformational entropy using the isomeric states model, we did not
consider the side chain entropy explicitly. Implicitly, however, the effect is there through
the energy maps obtained from PDB. The size of an isomeric state on the Ramachandran

map implicitly contains this information. However, explicit consideration of the side chains

conf

AS
in addition to the backbone by others [22, 117-118] led to T values in the range -4 to -

7.5 per residue.

Using the free energy values cited above from different sources that are stated in
Chapter 2 [1, 6-7, 14-17, 19-29, 31, 116-119], the various contributions to free energy
changes in binding may now be given in Table 3.3. It should be noted however, that these
values are only approximate due to the wide range of values reported in the literature.
Therefore, the entries of the table should be regarded as to guide the reader. We note here
that significant effort is needed to reach a consensus on this important issue.

For n residues, nes electrostatic centers, nyg hydrogen bonds, A? of buried hydrophobic
area, and n,, water molecules displaced into the bulk water surrounding the protein, the

total change of free energy is obtained from Table 3 as:
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PAF =10+n—11n, —2n,, —0.05A—n, (21)
The problem of calculating the free energy of binding reduces to the evaluation of nes, nys,
A?%, and n,, , which we do not pursue further. It should be noted that free energy changes
due to several effects, notably due protein conformation changes and solvent enthalpy

changes, are omitted from Table 1 and Eq. 21, due to uncertainties in their estimation.

Table 3.3. Approximate free energy changes of different components of binding.

PAF,, (L) 10

PAF,, (L) +1to425°

PAF,,, .., (LP) electrostatic -11 per pair ©

/BAFbinding (LP) HB -2.0 per HB d

PAF, pinding (LP) hydrophobic -05 A7

PAF (W) -1 per water
molecule *

* The value of 10 is chosen by taking Amzel’s [14] values for translational entropy and multiplying it

by 2 to account for rotational entropy.

® The lower bound of the range is from the present work, where the contribution from enthalpy is
neglected due to n'” scaling. Entropy loss from side chains is assumed implicit on the RIS formulation.
The upper bound is the average of the values given by Karplus [24].

4 From Gohlke and Klebe and the references cited therein [7].

¢ There seems to be a general consensus on this value [29-31, 119].

" From Brady and Sharp [22].

3.3. Concluding Remarks

In this chapter, a novel method to determine thermodynamic properties of peptides is
presented. Peptides are modeled as sequences of Markov chains where the states defined
for each residue are dependenst on the states of the neighbouring residues along the chain.
This assumption allows for the application of the Rotational Isomeric States formalism to
calculate the thermodynamic averages of conformational properties of the peptides. Here,
we used a knowledge based approach to determine the statistical weights of the states of
the 20 amino acids and the dependencies of the statistical weights on the neighbouring

residues. An alternative approach would be to determine the pairwise statistical weights by
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molecular dynamics performed on residue pairs. However, this would require the
construction of 400 Ramachandran maps. Choice of the data from Protein Data Bank
produces statistical weights that are biased towards the native conformations. We used a
coil library data set that is taken from the residues in the coil and loop regions of native
proteins. Use of this library is expected to eliminate the helical and beta strand propensities
implicit in the full PDB data. Presently, there is no consensus on the choice of the data
bank information that would more appropriate to use for the statistical analysis of short
peptides. Peptides with low energy, low entropy and low heat capacity are determined to
be essential for a peptide to be a good candidate inhibitor. Free energy changes in peptide

binding are also discussed.
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Chapter 4

DE NOVO PEPTIDE DESIGN WITH GENETIC ALGORITHM

Determination of a specific peptide sequence with affinity to a particular protein surface
is a complex problem each residue of the peptide could be chosen from a pool of 20 natural
amino acids. Even for a peptide with 3 amino acid residues, there are 8x10° possible
peptide sequences. Experimental or computational screening of such a large number of
molecules is difficult. A time-efficient rational methodology for specific and selective
peptide sequence prediction is necessary. Genetic algorithm (GA) [71] is used for cases
that deterministic or analytic methods fail, i.e. problems with underlying mathematical
model is not well defined or the search space is too large. Accordingly, employing GA is
very proper for our problem, whose search space of peptide design problem is very large.
As defined in Chapter 2, GA uses a population of candidate solutions to determine better
solutions. Algorithm is inspired by biological evolution: it uses reproduction, mutation,
crossover and selection mechanisms. The individuals of the population are represented as
chromosomes made up of genes. The algorithm repeats itself for defined number of
generations and the given problem evolves toward better solutions in the meantime. For
each generation, a new population is formed from the previous population via the selection
of parents, mutation and crossover operations on those parents.

In this dissertation, the chromosomes are the peptide sequence and the genes are 20
amino acids. Each chromosome in the problem consists of 7 genes, in other words peptides
with 7 amino acids are designed. The genotype is the sequence of a peptide, whereas the
phenotype is the three-dimensional structure of that peptide. The input of the algorithm is n
peptide sequences, which may be selected randomly or selected from literature. The
designed algorithm forms new n peptides for each generation, and the affinity of the
designed n peptides for the target protein are determined via AutoDock program. The
binding energy of peptides to target protein is regarded as the fitness value. The peptides
are aligned according to their binding affinities, from high to low affinity. The choice of
parents to form new population is based on tournament selection [120]. Tournament
selection randomly chooses pre-defined number individuals from the population and then

selects the individuals with best fitness scores to form new individual for next generation.
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Also, elitism [121] is applied; the best 4 individuals of each generation will be directly
passed to the next generation in order to avoid premature convergence of the population.
One- or two-point mutation and one-point / two-point crossover operations are employed.
For first generations two-point mutation and two-point crossover are applied to have
diversification, while for the final generations the mutation and crossover are applied as
one-point. The generation of new population from a previous population is given
schematically in Figure 4.1. GA is implemented such that the algorithm works for any

given protein target.

ALALYS CYS GLY ALA ALA ASP
LEU HIS ALA GLY ALA PHE ARG

ASP GLU ALALYS ALA GLY ASP

50 peptides are
selected randomly
—p
GLY ALA ALA ASP
Cross-
over

100 Peptides
(Population)

The interaction
between each
peptide and the

P

eptides are
ranked according
to their binding
energies

target protein is
calculated by
AutoDock
program

-/

The best2

—— | peptides among 50

are

Mutation

selected

ASP GLU LEU|GLY ALA ALA ASP

PHE LYS CYS |LYS ALA GLY ASP

Figure 4.1. Schematic representation of Genetic algorithm.

4.1.

Genetic algorithm is implemented to the peptide sequence prediction problem. Firstly the

The Model and Calculations

ALALYS CYS GLY ALA ALA ASP|
ASP GLU ALA LYS ALA GLY ASP

Top 4 peptides
are directly
transferred to the
next population

—

This cycle is
repeated for 48
times

New population
with 100
peptides is
generated

_

parameters of model are elucidated, and then the model is explained in detail.

4.1.1. Model parameters

The input parameters of our GA are randomly created 100 hepta-peptide sequences, target
protein structure file (in .pdb or .mol2 format), a specific binding site on the target protein.

The output of GA is 100 peptides with possible affinity to the selected protein target.
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The population of 100 hepta-peptides is represented by S; where i indicates the population
number. 100 random hepta-peptide sequences form the initial population. GA generates a
new population using the current population. The formation of one population is named as a
generation. In forming the next population, 2 peptides P; and P, representing the parent 1
and parent 2, respectively; are selected from the current population. The offspring, i.e. new
peptide sequences, formed by P; and P; are represented by O; and O».

The cross-over, mutation and elitism operations of GA are denoted by C, M and E,
respectively. C[K] defines the residues from which the P1 and P2 portions are interchanged;
k denotes the number of residue (1-6). M[q, X] defines which residue to be mutated into
which type of amino acid; q denotes the residue number (1, 7) and X denotes the amino acid
type. Elitism operation keeps the best 4 peptides of each population.

4.1.2. GA Implementation

The binding region on the target protein is selected by GNM. 100 hepta-peptides are
randomly created by our Python script, without using any priori knowledge about the
binding site. Those random 100 peptides form the initial population. The 3-dimensional
structures, i.e. .pdb files, of the peptides are created by mutate command of the VMD
software [122] using an initial .pdb file of hepta-peptide made up of all Alanine residues as
input. The peptide torsion angles are set to be flexible by AUTOTORS utility of
AutoDock. Polar hydrogen is added to protein and peptide; Gasteiger charges are added by
AutoDock Tools (ADT). The grid map is determined by ADT; the binding-site is taken as
grid-center. Genetic Algorithm option of AutoDock for docking is selected. Lamarckian
Genetic Algorithm is chosen as the docking search parameter. The population size is set to
150; run = 50; maximum number of energy evaluations = 250 000; number of generations
=27 000. The docking parameters are kept at low values to have a fast computation time
since we want to rank peptides rapidly. AutoDock program outputs are the docked
conformations of the peptide on the protein; the free energy of binding that is summation
of the intermolecular energy (van der Waals energy, Hydrogen bonds, desolvation energy,
electrostatic energy), final total internal energy, torsional free energy of peptide and
unbound system energy; and estimated inhibition constant. The free energy of binding is
used as the fitness value of our GA. After each population of peptides is docked to the

binding site, they are ranked according to their fitness values. The ranking of the current
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population is the first step of our GA; the new population is formed by the fournament
selection [120] procedure with elitism [121]. The algorithm is defined in detail below.

Python is used as the scripting language.

Algorithm:

Input: Random initial population Sy, protein structure file, binding site specified
by GNM.

Output: 100 peptides with possible affinity to specified protein binding site.

1 for i = 10 times (10 generations)4

2 Create .pdb files for 100 peptides in current population S;;

3 Prepare AutoDock input files and dock each 100 peptides to target protein
binding site.

Rank the peptides according to free energy of binding.

Formation of next population S;.1:

4 E: Elitism, pass the top 4 peptides directly to next population

S for 48 times

6 Tournament selection part: randomly select 20 peptides; set the top 2 peptides
asPi &P,

7 k = random number between 1-6

8 C[K]: single-point cross-over between Py and P,: offspring O; and O, formed

9 r = random number between 0-1

10 if r > 0.2 then

11 q1, g2 = random number between 1-7

12 X1, X2 = any of 20 amino acids selected randomly

13 M[q1, X1]: single-point mutation on O and M[q2, X2]: single-point mutation

on O,

4.2. Case Studies

Our GA program runs for 3 days on 30 processors. The processors are 2.4 GHz Intel Xeon
with 1 GB RAM memory. 10 generations are completed in 3 days; consequently each
generation is evaluated in ~7.2 hours. The algorithm is tested on hGH, CRY2, and NF-«xB

proteins.
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4.2.1. Nuclear factor kappa-light-chain-enhancer of activated B cells

Nuclear factor kappa-light-chain-enhancer of activated B cells (NF-«xB) is selected as target
in view of the fact that it plays vital role in immune, apoptotic and oncogenic processes
[123]. This prominent target is formed by hetero- or homo-dimer of proteins and localized
both in cytoplasm and nucleus. In cytoplasm, it is kept inactive by binding of I-kBs
(inhibitors of kB) onto the nuclear localization signal (NLS) site. NF-xB becomes active
and translocated to nucleus, when I-kB is phosphorylated and degraded by ubiquitin
pathway. Degradation of I-xB releases the NLS site of NF-kB; the protein is shuttled to the
nucleus. In the nucleus, NF-kB binds to DNA and acts as transcription factor. As a
transcription factor, NF-kB mediates production of approximately 180 proteins. The
overproduction or constituent production of some proteins by means of NF-«B activity
leads to carcinogenesis and metastasis; especially inflammation-associated cancer.
Therefore, inhibition of NF-kB is essential for curing inflammatory diseases and NF-xB
related cancer types. The system that we aim to design a peptide against is a heterodimer of
p65 — pS0 subunits. The crystal structure of p50, p65 and I-kB complex could be
downloaded from the Protein Data Bank with the accession code: 1IKN [124]. This
complex resides in the cytoplasm as inactive, upon degradation of I-kB the p50-p65 the
complex is transferred to the nucleus via the NLS on the p65 subunit. According to
mutation experiments, the residues Aspargine-202 and Serine-203 are known to play major
role in I-xB binding. The C-terminal of the p65 subunit, which is responsible of p50 and I-
kB binding, is chosen as the target region [124]. The site is made up of 2 beta-strands and a
cavity forms in between the strands. Also the important residues Asn202 and Ser 203
reside on the chosen region. Figure 4.2 demonstrates the selected cavity: the boundary of
the cavity is formed by the amino acids: Glul93, Leul94, Lys195, Ile196, Cys197,
Argl198, Vall99, Asn200, Arg201, Ser281, Glu282, Pro283, Met284, Glu285, and Phe286.

Also the important residues Asn202 and Ser 203 residues [123] on the chosen region.
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Figure 4.2. The structure of p65 subunit, specified with ribbons diagram representation. The
residues that forms the binding site is shown with yellow color.

Best binding peptide sequence of each generation and the corresponding free energy of
binding in kcal/mol, which is the fitness value of GA, are given in Table 4.1. The fitness
value tends to decrease for each generation. The decline in fitness values indicates that
peptides with more affinity to the selected protein surface are determined at each
generation. The worse fitness is observed for initial sequence, which is expected since the
initial population is created randomly. The program is able to determine best peptide
sequence for NF-kB at the 7™ generation. Due to high mutation rate of offspring, the
program is able to diversify between good peptide candidates and worse candidates, as
could be seen in Table 4. The program moved to Phe Ala Asn Ala Asn Asn Asp sequence at
the 8" generation after determining best sequence Cys Ala Asn Ala Asn Asn Asp; then
moved back to the best sequence at the 9™ generation. In other words mountain climbing is

achieved.
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Table 4.1. The first column indicates the GA generation number. The second column indicates
the peptide sequence determined to have most affinity to the protein. The last column indicates the

best binding energy that is used as the fitness value.

Generation Number Peptide Sequence Fitness Value (kcal/mol)
1 QINAHHT -2.63
2 GLNACND -5.56
3 MANAAND -7
4 MANAHND -8.16
5 IANANND -8.41
6 MANANND -8.96
7 CANANND -10.21
8 FANANND -9.17
9 CANANND 9.5
10 CANANND -9.37

The convergence for some amino acid types at specific positions is observed, those
repeated and conserved residues may play role in specific binding to the selected protein
surface. The Asn at the 3™ position and Ala at the 4™ position are conserved for all
generations, those 2 residues are most possibly responsible of initial random peptides’
affinity for target protein. At the second generation Asn at the 6™ position and Asp at the 7™
position are observed to increase binding affinity and conserved for all next generations. At
the 5™ generation, the importance of Asn at the 5™ position is realized and the amino acid is
kept for further generations. At the 7™ generation the best sequence of 10 generations is
determined.

The physical and chemical properties of amino acids are also considered by our GA,
without any priori information. For the 1* position, mostly Cys and Met both having sulfur
atom are conserved but the hydrophilic Cys is selected. Cys also has a more active sulfur
atom. The binding surface is known to have Cys197 residue that the Cys of peptide may
make sulfur-bridge with. For the 2™ position, GA tried only hydrophobic residues: Leu and
Ile with large hydrophobic side-chains seem not to fit in the binding region, consequently
hydrophobic residue with smallest side-chain Ala conserved. For the 5" and 6™ positions

some hydrophilic residues are tried and Asn seem to be the most appropriate one.
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10° peptide sequences are analyzed for the selected protein surface. 10" possible hepta-
peptide sequences exist for a hepta-peptide. Almost 60% of the tried sequences have free
energy of binding that is lower than -7 kcal/mol. This outcome indicates that the searched
10° sequences are among the best sequences of the search space.

4.2.2. Fibroblast growth factor receptor 2

Fibroblast growth factor receptor (FGFR2) is a cell-membrane protein made up of an
extracellular region; a transmembrane helice region; and a cytoplasmic tyrosine kinase
(TK) domain. FGFR has three extracellular domains: D1, D2 and D3. The extracellular
portion of the protein interacts with fibroblast growth factors (FGF). There is 4 types of
FGF and more than 19 types of FGFR in humans. There exists 1:1 interaction between
each FGF:FGFR and two FGF:FGFR complexes bind to each other to form a dimeric
complex for activation [125]. Two FGFR:FGF complexes form a tetramer that triggers
downstream signals into the cell initiating mitogenesis or differentiation. The mutations of
FGFR?2 cause the protein to bind FGF’s strongly and lead to permanent differentiation and
growth signals. As a result breast, lung, ovary, stomach cancers are initiated. The FGF
proteins bind to the D2 and D3 domains of FGFR proteins, the interactions of D2 domain
are almost the same for all FGF:FGFR complexes, while the D3 domain interactions differ
for different FGF:FGFR complexes. Our aim is to design a selective peptide for FGFR2,
consequently the selective interactions of FGF2:FGFR2 were taken into consideration. In
the literature there exists various attempts to design drug against cytoplasmic TK region of
the protein - but a variety of proteins also contain TK domain, which became a target to
those drugs. Designing a drug / peptide against the extracellular domain of the protein may
lead to specificity and will hopefully decrease the side-effects of cancer therapies. The
PDB files, with best X-Ray diffraction values, from protein data bank (www.pdb.org) was
selected, the PDB ID is 1EV2 [114]. The extracellular part of the FGFR2 is selected as
target region (Figure 4.3). The binding site contains the hot-spot amino acids: Arg251,
Asp283, GIn285, Tyr281, Arg251, Glu250, and Alal71.

The initial population of GA is randomly generated peptides, which binds to FGFR2
with low affinity or no affinity at all. The GA is set for 13 generations. The results are
given in Table 4.2. The fitness value tends to decrease for each generation. The program is
able to determine best peptide sequence at the last generation. Due to high mutation rate of

offspring, the program is able to diversify between good peptide candidates and worse
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candidates, as could be seen in Table 5. The program moved to Asn Ala Ala Ala Asn Asn Ala
sequence at the 11" generation after determining a better sequence Asn Ala Ser Asn Asn Asn
Ala; then moved back to the best sequence Asn Val His Asn Ala Asn Ala at the 13"

generation. In other words mountain climbing is achieved, as in the case of NF-«B.

Table 4.2. Best peptides for FGFR2 generated by each cycle of GA. The first column indicates
the generation number. The second column indicates the peptide sequence determined to have most

affinity to the protein. The last column indicates the best binding energy that is used as the fitness

value.
Fitness Value

Generation Number Peptide Sequence (kcal/mol)
1 MAHNLHA -4.97
2 MAHNINA -5.28
3 MAHNIND -6.5
4 MAHFINA -6.59
5 VGHNNNA -7.18
6 MAVNNNA -7.28
7 MAANNA -7.94
8 NAHNNNA -7.71
9 FAANNNA -7.61
10 NASNNNA -8.83
11 NAAANNA -7.88
12 NASNNNA -8.57
13 NVHNANA -8.85

The convergence for some amino acid types at specific positions is observed. His at the 3™
position, Asn at the 6™ and Ala at the 7™ position are conserved for almost all generations,
those 3 residues are most possibly responsible of initial random peptides’ affinity for target
protein. Val is observed at the 5™, 6™ and the last generations.

The detailed examination of the interaction between this peptide and the protein reveals
that, Asn Val His Asn Ala Asn Ala peptide makes 7 hydrogen bonds with Tyr281, Arg251,
Glu250, Alal71 residues of FGFR2. The Arg251 residue of FGFR2 is known to interact
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with Asn102 — Asn104 of FGF [125]. If Asnl104 of FGF2 is mutated to Ala, the FGFR2-
FGF?2 interaction reduces 400-fold [125]. Arg251 is very prominent for FGF binding and
since the peptide has 2 Asn residues it mimics FGF. There is a hydrophobic interaction
between peptide and the hydrophobic pocket formed by Val249 and Alal71 residues of
FGFR2 [125]. Furthermore, electrostatic complementarity exists between protein and
peptide. The GA seems to work well and it is able to determine peptide sequences that
would make important interactions with the target protein. Figure 4.3 represents the

interaction between FGFR2 and Asn Val His Asn Ala Asn Ala peptide.

Figure 4.3. The FGFR2 and the best peptide complex. A. Both the protein and the peptide are
shown in lines representation, the peptide is shown with yellow color and the H-bonds are indicated
with green dashed-lines. B. The protein is shown in surface representation and the peptide is shown

in lines respresentation with blue color.

4.2.3. Cryptochrome 2
Cryptochromes (CRY) are blue-light receptor proteins, which display a high homology to
the DNA photolyases. DNA photolyases are DNA repair enzymes, which are activated by

blue-light. Apart from sequence similarity, CRY was discovered to have the chromophores
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that DNA photolyase has; flavin adenine dinucleotide (FAD) and 5, 10-methenyl
tetrahydrofolate (MTHF). The chromophores of CRY have the ability to play role in the
electromagnetic transmission of signal from eyes to SCN. Although both CRY s and
photolyases are similar in structural level, CRY s do not posses DNA repair activity [126].
The first cryptochrome in human was found when E. coli DNA photolyase was aligned
against human EST databank [127]. The second cryptochrome of human was found in
Prof. Aziz Sancar’s lab. [126] was found to have FAD and MTHF as chromophores; but
they lack photolyase activity. The hCRY were named as; Cryl and Cry2 [128]. It is not
possible to purify this protein with its chromophores. We aimed to design a peptide that
selectively binds to protein without disturbing its contacts with FAD and MTHF.

The binding site of CRY2 contains the residues between Arg341-Ala413. The initial
population of GA is randomly generated peptides and the GA is set for 10 generations. The
results are given in Table 4.3. The fitness value tends to decrease for each generation. The
program is able to determine best peptide sequence at the last generation. The results could
be seen in Table 6. The program determined the best sequence Asp Trp Trp Trp His Ala
Cys at the 10™ generation.

Table 4.3. Best peptides for CRY2 generated by each cycle of GA. The first column indicates the
generation number. The second column indicates the peptide sequence determined to have most

affinity to the protein. The last column indicates the best binding energy that is used as the fitness

value.
Generation Number Peptide Sequence Fitness Value (kcal/mol)
1 DRWWHAC -2.15
2 DAWWHAC -4.05
3 DEWWHAC -6.12
4 DVVFHAC -6.51
5 DDVFHAC -7.16
6 DLWWHAC -7.35
7 DIWWDAC -7.54
8 DMVFHAW -7.57
9 DVVFHAC -8.84
10 DWWWHAC -10.34
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The convergence for some amino acid types at specific positions is observed. Asp at the
1" position, His at the 5 position, and Cys at the 7™ position are conserved for all
generations, those 3 residues are most possibly responsible of initial random peptides’
affinity for target protein.

The detailed examination of the interaction between this peptide and the protein reveals
that, Asp Trp Trp Trp His Ala Cys peptide makes 6 hydrogen bonds with Glu344, Pro343,
Glu351, Ser395, and Arg398. Trp at the 4™ position and CRY2 Met363 form S --- aromatic
interaction. The S --- aromatic interaction provides extra overall stability to the native fold
of the peptide and also sets the orientation of the conserved aromatic. Furthermore,
electrostatic complementarity exists between protein and peptide. Figure 4.4 represents the
interaction between CRY?2 and Asp Trp Trp Trp His Ala Cys peptide.

A B

Figure 4.4. The CRY2 and the best peptide complex. A. The protein is shown with ribbon diagram
and the peptide is shown with lines representation, the peptide is shown with yellow color. B. The
protein is shown in surface representation and the peptide is shown in lines respresentation with

yellow color.

4.3. Concluding Remarks

A metaheuristic optimization method Genetic Algorithm is employed for the peptide
design problem. Tournament selection for GA is implemented. The method is global and
works well with any random initial population. The performance of predictions is

encouraging, and can be improved further via addition of some filters according to the
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target protein information or formation of non-random initial population. The filters may
also lessen the time of prediction. The conservation of amino acids and amino acid
properties at specific positions for each generation is a promising outcome.

The designed peptides have good theoretical binding energies for target proteins. The
experimental affinity values of designed peptides are necessary for comparison with the
defined theoretical values. The GA offers potential inhibitor peptide sequences for any
target protein within three days.

The importance of the program is that no manipulation during the runs or no priori
information are needed to determine a good candidate peptide, also the conservation of

amino acids at specific positions is outstanding.
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Chapter 5

DE NOVO PEPTIDE DESIGN WITH MARKOV MODEL

The Markov model offered in this dissertation to determine peptide sequences with
optimum affinity to the selected binding site of a protein. The method offers a novel
procedure for de novo peptide design that sequentially generates the peptide by docking its
residues pair by pair along a chosen path on a protein. The states are amino acid types, in
form of dipeptides, forming the peptide of given length. Important points that was taken
into consideration in the sequential generation of ligand molecules concerning the
placement of fragments on the surface are discussed by Pegg et al. [129]. Two novel
approaches are adopted: (i) the first one is the determination of the binding site on a given
protein which we determine using the coarse grained Gaussian Network Model (GNM).
Recently, it was shown that the GNM identifies the surface residues that are suitable
binding sites [130-132]. Once the binding region is determined, the binding path is
obtained on it by docking an arbitrarily chosen peptide using AutoDock [44]. (ii) The
second novel aspect of the model is the choice of the best fitting peptide to this path. All
possible amino acid pairs at each point along the path are generated; the binding energies
between these pairs and the specific location on the protein are calculated via AutoDock.
The binding energies form the statistical weight of each pair of amino acids. Once all
possible pairs are determined for the full path, the Markov based partition function for all
possible choices of the peptides are formed using the Ising model matrix multiplication
scheme [6]. The transition probabilities are evaluated based on this partition function, and
the best peptide for the given surface is selected employing a Markov model. The types of

amino acids are the states of the algorithm to be obtained as the solution of the problem.

S.1. The Model and Calculations

Markov model is implemented to peptide sequence prediction problem. Firstly the
parameters of model are elucidated, and then the model is explained in detail.
5.1.1. Model Parameters

The input parameters are target protein structure file (in .pdb or .mol2 format),

binding site of target protein and a path on this binding site, 20 amino acid .pdb files, 400
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dipeptide .pdb files, and 6 T transition probability matrices. The output of is 100 peptides
with possible affinity to the selected protein target. The binding path is divided into 7

consecutive grids denoted by Gy, representing the m™ grid. T, is the element of the m"

mga
transition matrix: the probability of the dipeptide formed by ¢,5 types of amino acids to
bind to Gm.

5.1.2. Markov Model Implementation

The binding region on the target protein is selected by GNM. To select a path on this
binding site, a peptide with 7 residues made up of all Glycine (7-Gly) is used. The affinity of
this initial peptide for the selected binding site; and the binding orientation of peptide are
determined via the docking tool GOLD [70]. The GoldScore scoring function of GOLD is
used with detailed analysis options turned on. The most possible bound conformation of 7-
Gly peptide is used for further analysis.

The orientation of the 7-Gly peptide bound to the target protein is divided into 7 grids in
space: G contains the conformation of the 1*" amino acids, G, contains the conformation of
the 1 - 2" amino acids, G contains the conformation of the 2™ - 3™ amino acids, G4
contains the conformation of the 3" - 4™ amino acids, Gs contains the conformation of the 4t
- 5™ amino acids, G¢ contains the conformation of the 5%~ 6™ amino acids; G7 contains the
conformation of the 6™ - 7" amino acids. To put it systematically; the G; contains only the
conformation of the 1% amino acids, and any of the remaining G piece contains the
conformation of the (m-1)" and m™ amino acids. The chiral carbon coordinate of the 1%
amino acid is used as center for grid Gp; and the arithmetic mean of the chiral carbon
coordinates of the (m-1)" and m™ amino acids’ is used as the center for the grid Gp. The
schematic representation can be seen in Figure 5.1.

20 amino acids are docked to Gy. All 400 dipeptides are docked to all m™ grid, G,
7>m>1. The amino acids and dipeptides .pdb files are prepared by the HyperChem
software [133]. The docking is achieved by AutoDock. The amino acid and dipeptide torsion
angles are set to be flexible. Polar hydrogen and Gasteiger charges are added by ADT. The
grid map is determined by ADT; the pre-determined spatial coordinates of chiral carbon
atoms on the path are used as the AutoDock grid-center. The grid size -with a spacing of
0.375 Angstrom between grid points- is set such that grid-box containing the amino acid /

dipeptide could rotate and translate freely. The maximum length of each amino acid and
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dipeptide is measured with VMD program; the measured values are used for grid-box size
determination. Genetic Algorithm option of AutoDock is selected. Lamarckian Genetic
Algorithm is chosen as docking search parameter. The population size is set to 150; runs =
10; maximum number of energy evaluations = 250 000; number of generations = 27 000.
The remaining parameters are set as default values. The docking parameters are kept at low

values to have fast computation time; since we want to rank amino acids / dipeptides rapidly.

Mﬁw |
e

Figure 5.1. Partitioning a path formed by 7-Gly peptide. The upper left illustration indicates the

Gy; the lower left illustration shows the G; grid box.

The docking results are analyzed and for each grid box G, the amino acid / dipeptide affinity
in terms of free energy of binding is determined. The determined energy values are used to
calculate the probability of binding of each amino acid / dipeptide to the protein binding. The
probabilities form the transition matrices.

For Gy, 20 binding energies are available, while for the remaining grids 400 binding
energies are available; the corresponding statistical weight matrix formation is given in Egs.
1.1 and 1.2. The RIS multiplication scheme [6] is used to determine transition probabilities.

The statistical weight matrix U, for the amino acid bound to the 1* grid is

U, =exp(- BE,,) (1.1)
where ¢ stands for the any of 20 amino acids and E indicates the free energy of binding of

amino acids to Gy.

The statistical weight matrix U, for the dipeptide formed residues is
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U, =expl=BE, cn) (1.2)

where m represents amino acid position of peptide, 7>m >1. The ¢. 7 values represent any
of the 20 amino acids; Ala, Cys, Asp, Glu, Phe, Gly, His, Ile, Lys, Leu, Met, Asn, Pro, Gln,
Arg, Ser, Thr, Val, Trp, Tyr. The order of amino acids is given as they are used in the
formation of the U matrices. The partition function, Z, of the peptide is obtained according

to

z :J*(HUij )
k=2

where I = Uy; J = column [1 1 ... 1]. (It is to be noted that in the Flory notation, the J*
matrix is given as J' = [1 0 ... 0] that assigns the Alanine to the first residue of peptide. In
the present formulation, the choice of the J* matrix allows for the acknowledgement of all
of the 20 amino acids to be the first residue with equal probability).

The probability of having residue ¢ at the m™ position and residue 7 at the (m+1)"
residue is determined by:

Ju,.u,U,.,.U,J
pm,m+1;§',77 - 7

Equation 3 is used to form probabilities of the transition matrix Tms1 for Gmsi; the

3)

elements of the matrix are probability values Py mi1:¢p = Tm+1;;,77 .

The calculated probabilities score for the binding affinity of the 20 amino acids to Gy;
and for the 400 dipeptides’ binding affinity to each of Gy. In order to calculate 100 top
binding peptide sequences for the target protein, the calculated transition probabilities are
used. The probability of a specific peptide sequence to have affinity for target protein is
calculated by the formula given in Eq. 4. The formula basically multiplies the probability
of X-type amino acid for Gy; XY-type dipeptide for G2; YZ-type dipeptide for G3, etc.

prob(Sequence = A|/A,A;A A AA)
= Puay Prosag ) P23:ay 05 P3.a:a3,04 Pa 504,05 Ps.6:45 46 Po.7:46,.47 (4)
=T..T T. T T. T T

LA ™ 241,40 7 340, A3 4543,A4 7 5;A4,A5 7 645 Ag™ 1546, 47
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where A, represents any of 20 amino acids.
Python used as scripting language. Our script determines the probability for all possible

peptides, but keeps track of the top 100 peptides only.

5.2. Case Study: NF-kB

The Markov program runs for 1 day on 10 processors. The processors are 2.4 GHz Intel
Xeon with 1 GB RAM memory. 10 processors are used in docking procedure; only 1
processor is used for probability calculations.

Peptide design for NF-xB is studied. To determine the path 7-Gly is used, the bound
conformation of 7-Gly peptide to NF-«xB is given in Figure 5.2. The peptide makes 6
Hydrogen bonds with the Glu-285, Glu-282, Leu-194, Leu-280, Pro-283, and Ile-196
residues of the protein. The path is used for amino acid / dipeptide docking and
determination of most possible 100 peptide sequences as explained in Section 5.1.

37 of 100 peptides bind to NF-kB in nanomolar quantities according to AutoDock
results. The docking results imply that the 6 of top 10 peptides, which are predicted to be
best binding peptides by our probability calculations, actually show nanomolar binding to
NF-«xB. From that point of view, the docking results support model and calculations.

Table 5.1 summarizes the properties of the top 5 peptides and NF-«B interaction. All
100 peptide properties could be found in Appendix 1. The 1* column indicates the peptide
sequences in one-letter representation, the 2" column gives the minimum binding energy
of 100 runs for each peptide in kcal / mol calculated by AutoDock, the 3™ column
demonstrates inhibition constant in molar quantities calculated by AutoDock, the 4

column gives the average binding energy of 100 runs for each peptide
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Figure 5.2. 7-GLY peptide bound to Nf-kB. Nf-kB shown with surface representation and peptide

with ball-and-stick representation.

Table 5.1. Interaction details of Markov Model peptides.

o Average
_ Binding o » Number of | Electrostatic
Peptide Binding Probability | Number of
Energy Ki Short Energy
Sequence Energy Order H-bonds
(kcal/mol) Contacts (kcal/mol)
(kcal/mol)

FSWFWY -11.25 5.71 -6.58 4 6 15 -0.73
KFWFFY -11.11 7.16 -6.95 95 5 14 -2.43
FKFEFWY -10.37 25.14 -4.42 44 3 17 -0.83
FKHKFY -10.22 32.17 -4.81 2 7 7 -3.39

RHTWFY -10.13 37.78 -5.6 28 10 20 -1.9

in keal / mol, the 5™ column represents the peptides’ order in the 100 probability order; the

6" column shows the number of Hydrogen-bonds formed with NF-kB, the 7" column

shows the number of short contact formed with NF-xB, the last column indicates the

electrostatic affinity of peptide for NF-«xB in kcal / mol.

The peptides generally make various short contacts and minimum 3 Hydrogen bonds

with the defined binding path. Electrostatic complementarities between protein and

peptides exist according to AutoDock results.

There are also peptides that do not show good binding to NF-kB according to docking

results, but predicted to have affinity for target protein by our Markov model. For instance,

the peptide Phe Lys His Trp Phe Trp Tyr, which is predicted as the best binding peptide by

our probability calculations, only show -4.37 kcal / mol binding affinity. The main reason
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for those overestimations may be explained by the fact that two dipeptides may show high
affinities for two consecutive specific sites on the protein; but when those two dipeptides
are overlapped to form a tripeptide, any / all of them may not be able to take the
conformations in their dipeptide forms. The overall conformation of a protein may be very
different from the conformations of dipeptides that form this peptide, the predicted binding
affinity and the calculated binding affinity may show variance. In order to overcome this
problem, the conformation of dipeptides should also be regarded in the Markov model. We
have implemented conformational information to the problem, which is described in

Chapter 6.

The detailed analysis of top 5 peptides from AutoDock results with inhibition constant
lower than 50 nM and minimum binding energy lower than -10 kcal / mol are given in
Figure 4.6. Phe Ser Trp Phe Trp Trp Tyr makes hydrogen bond with Ile-196, Arg-198,
Val-199, Asn-202, and Glu-285 residues. Lys Phe Trp Phe Phe Trp Tyr makes hydrogen
bonds with Asn-200, Asn-202, and Glu-285. Phe Lys Phe Glu Phe Trp Tyr makes
hydrogen bond with Leu-194, Cys-196, and Glu-285. Phe Lys His Lys Phe Trp Tyr makes
hydrogen bonds with Cys-197, Val-199, Glu-282, Pro-283, and Glu-285. Arg His Thr Trp
Phe Trp Tyr makes hydrogen bonds with Arg-198, Val-199, Asn-200, Ser-203, Glu-282,
Pro-283, and Glu-285. The designed peptides bind to the selected protein binding site, as
expected. The Markov model is able to design specific peptides for the selected protein

region.

The residues Asn-202 and Ser-203, which are known to play critical role in I-xB
binding, are observed to be in close vicinity of top 5 peptides, making hydrogen bonds or
short contacts with peptide. Glu-285 residue of target protein also appears to play major
role in peptide binding. The possible interactions between protein and peptide may prevent
I-xB binding, if the formed protein-peptide complex is stable the NF-kB protein will not be
shuttled to nucleus and start gene transcription. The designed peptides may be used as
inhibitory drugs for NF-kB related diseases. Experiments to determine peptide affinities for

the target protein are necessary.
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Figure 5.3. The top 5 peptides. The representations are ordered according to the binding affinity;
1* scheme illustrates the FSWFWWY bound to NF-kB, the 2" shows KFWFFWY, the 3™
indicates FKFEFWY, the 4™ indicates FKHKFWY, and the 5" shows RHTWFWY.

As can be seen from Figure 5.3, all 5 peptides bind to the same region on protein surface,
their aromatic side chains interact with the binding cavities of NF-kB. The bulky aromatic
side chains of the peptides bind to 5 different grooves of the selected cavity. 4 peptides have
Phe Trp Tyr at their C-terminal, which bind to the 3 lower grooves. The peptide, with Trp Trp
Tyr sequence at its C-terminal sequence, binds to only 2 grooves. The Phe Lys His Lys Phe
Trp Tyr and Arg His Thr Trp Phe Trp Tyr peptides show high binding affinity since they have
+3 and +2 charges, respectively. Those positively charged N-terminal residues enable the
peptides to make electrostatic interactions with the negatively charged part of the selected
cavity.

5.3. Concluding Remarks

In this dissertation a model that utilizes Markov property is designed for peptide design
problem. This model seems to predict better binding peptide candidates when compared to
GA. The time required for prediction is 1/7 of the GA prediction time. The prediction
performance could be improved by additional informative attributes: conformation of
amino acids on protein surface, chemical and physical features of amino acids, protein
binding surface information. Experimental design is necessary to prove interaction between

the offered peptide sequences and NF-«B.
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Chapter 6

DE NOVO PEPTIDE DESIGN WITH HIDDEN MARKOV MODEL

Two Hidden Markov models are offered in this dissertation as solutions to the de novo
peptide design problem. The basics and theory of the two methods are the same, while the
observable states are different. The first model, namely VitAL, utilizes the intrinsic
Ramachandran potentials of the ¢y angles [134] of a coil library [135] as observable
states of the HMM. The second model, VitSTR, utilizes the intrinsic Ramachandran
potentials of the ¢y angles [134] of a pre-determined, fixed protein structure that is
derived from a counterpart of the target protein. The VitAL model is used for web server
design to predict a possible peptide sequence for any protein target; the designed peptide
may act as the inhibitor of the target.

Analogous to our Markov model in Chapter 5, the two offered Hidden Markov models
aim to determine peptide sequences with optimum affinity to the selected binding site of a
protein. The methods offer a novel procedure for de novo peptide design that sequentially
generates the peptide by docking its residues pair by pair along a chosen path on a protein.
The states are amino acid types, in form of dipeptides, forming the peptide of given length.
Three novel approaches are adopted in the proposed design: (i) The first one is the
determination of the binding site on a given protein which we determine using the coarse
grained GNM [130-132]. Afterwards, the binding path is determined on the target protein
by docking an arbitrarily chosen peptide using AutoDock [44]. (ii) The second novel
aspect of the model is the choice of the best fitting peptide to this path: all possible amino
acid pairs are generated at each point along the path, the binding energies between these
pairs and the specific location on the protein are calculated via AutoDock, and the
statistical weight of each pair of amino acids are formed. Once all possible pairs are
determined for the full path, the Markov based partition function is formed for all possible
choices of the peptides using the Ising model matrix multiplication scheme [6]. The
transition probabilities based on this partition function are evaluated, and the best peptide
for the given surface is selected employing a HMM using Viterbi decoding [80]. The types

of amino acids are the hidden variables of the algorithm to be obtained as the solution of
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the problem. (iii) The third novel feature of our approach is the consideration of the
suitability of the conformations of the peptides that result upon binding on the surface by
including the intrinsic Ramachandran potentials of the ¢y angles [134]. These are the
observables of the Viterbi algorithm. As in the choice of the peptides, the Ramachandran
torsion angles are assumed to obey Markov statistics according to which a given torsion

angle depends on the choice of the preceding torsion angle.

6.1. The Model and Calculations for VitAL
The model consists of five parts: (i) Determining the binding site and the sequence of
residues on the surface of the target protein on which the peptide will be docked, (ii)
determining the chiral carbon positions of the n residue peptide that will be interacting with
the sequence of residues on the target protein surface, (iii) partitioning the path of the n
points into a sequence of grids, (iv) docking, by using AutoDock, all 20 peptides to the first
grid, and all 400 dipeptides to the succeeding pairs of grids and evaluating their binding
affinities, (v) characterizing the ¢@—y propensities of the dipeptides. We then use the
outcome of these five steps for the implementation of the Viterbi algorithm.
6.1.1. Determining the binding site and the sequence of residues on the target protein
GNM has been shown to predict the protein residues located at specific sites for drug
binding [130-132]. We employed GNM to predict ‘binding site residues’ that play major
role in peptide binding. Having identified a site by the GNM, we then need a sequence of
residues on the protein that will be in contact with the binding peptide. We choose this
sequence of residues using either of the following two approaches: (i) If the protein exists
in complex with other proteins, and if the site determined by the GNM lies in an interface
in the complex, then the complex is used to determine this sequence of residues on the
surface. Recently, two studies indicated that protein-protein interactions, Tuncbag et al.
[136] and and protein-peptide interactions, Vanhee et al. [137] adopt the same structural
motifs as monomeric protein folds. The existence of specific folds at the interaction site
increases the stability of the formed protein-peptide complex. The counterpart fold of the
target protein can be safely used as the fold of designed peptide. The protein crystal
structure of the target protein is given as input to the web-server HotPoint [138] which

predicts the residues of interest on the surface. In Figure 6.1 an example obtained from the
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HotPoint server is given. In this specific example the target protein Human Growth
Hormone (HGH), Figure 6.1, is formed by helices and the counterpart protein Human
Growth

Figure 6.1. Selection of path by HotPoint server. HGHR (on the left) interacts with HGH (on the
right): HotPoint predicts that the regions indicated with green and pink colors interact. The green-
colored HGHR residues are selected as binding-sites. The pink-colored HGH residues are selected

as binding peptide path.

Hormone Receptor (HGHR) is formed by beta-strands. The binding site of HGH,
determined by the GNM, is depicted in pink and the residues that interact with the HGH
binding-site, determined by HotPoint, are in green. The region shown in pink will contain
the residues to which the peptide will bind. The chiral carbons of the residues shown in
green are used as grid-centers for the peptide to be designed, which will be explained in the
next section. (ii) If an interacting partner of the protein does not exist, a probe peptide
made up of all alanine residues, equal in number to the residues of the peptide to be
designed, is docked to the binding site using AutoDock. The specific aim of docking an all
alanine peptide is to obtain a path which may well be approximated by the backbone
contour. Deviations from this path, due to the forces imposed by placing bulky side groups
as the peptide grows on the surface for example, are accounted for as described below.

Chiral carbon coordinates of the docked peptide are essential for further steps.
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6.1.2. Partitioning the Path into Grids

Our aim is to design a peptide of n amino acids. For this purpose, we need n points —one
for the center of each amino acid of the peptide- that is close to the sequence of residues on
the binding surface. We choose these n points as the spatial coordinates of the chiral
carbons of either the docked probe peptide or the interacting protein portion determined by
HotPoint. Once this path of n points is defined, n contiguous grid boxes are constructed,
each centered around one of the n points. The first grid contains the first amino acid. The
first and the second grids along the path contain the first and the second amino acids. The
" and r+1* grids contain the /" and r+1* residues. The n chiral carbon atoms of the path
define the centers of the n grid boxes.

6.1.3. Docking of amino acids & dipeptides to the binding site

The AutoDock program [44] is used as the docking tool to quantify the binding affinity
between the dipeptides and the selected protein surface. Python scripts are written to
automate the docking, the probability calculation and the peptide sequence determination
procedures. The binding affinity of a given peptide to the surface is determined via
AutoDock which gives the affinity in terms of binding energy in kcal / mol.

All 20 amino acids are docked to the 1% grid of the pre-defined path, such that their
chiral carbon atoms are forced to coincide with the first grid center. All 400 possible
dipeptides are docked to the first and second grid boxes, with the successive chiral carbons
located at the grid centers. The pair wise docking of the dipeptides is continued in this way
up to the last dipeptide along the path. Pair wise docking rests on the assumption of the
Markov property. The amino acids and dipeptides are prepared by the HyperChem
software [133]. The dipeptides have Ace-cap on their N-termini.

The grid map is determined by the ADT subprogram of AutoDock. The pre-determined
spatial coordinates of the chiral carbon atoms on the path are used as the AutoDock grid
box centers. The optimum grid box size is found by trial and error as 2.5 times the length
of the distance between the first nitrogen and the last carbon along the backbone of the
amino acids. The grids are set such that the chiral carbon atoms of the amino acid coincide
with the grid box centers but with a freedom to rotate and translate in the box. This

freedom, while keeping the dipeptides to be constrained to the neighborhood of the chosen



Chapter 6: De Novo Peptide Design with Hidden Markov Model 67

grids is necessary to account for the side chain differences of the different amino acids. It
also decreases the entropy penalty of constraining a peptide to a certain region.

Docking the dipeptide on a given grid pair leads to a set of 400 binding affinities, one
set for each dipeptide, which are used to determine the probability of binding of each
dipeptide to the protein binding site as explained in the following section.

6.1.4. Calculation of transition probabilities

The 20 types of amino acids and the peptide length n determine the number of states in
our model; there exists 20n states for the problem. For the Markov model adopted here,
one needs the transition probabilities, i.e., the probability of an amino acid occupying the
t+1* position, given the amino acid at the 7" location. The binding energies of dipeptides
obtained by AutoDock are used as the statistical weights for determining the transition
probabilities. We adopt the Rotational Isomeric States (RIS) approach of polymer physics
which is well suited for this purpose [6, 38]. For each grid the probabilities are calculated
via the formulation given below by Egs. 1, 2, 3, and 4. For the 1* grid 20 binding energies
are available, while for the remaining grid pairs 400 binding energies are available; the
corresponding statistical weight matrix is given in Eq.1 and 2, respectively. The RIS matrix
multiplication scheme [6] is used to determine probabilities from the energies.

The statistical weight matrix U, for the amino acid bound to the 1% grid box is
g 1 g

U, =eXp(—ﬂEl;i) (D
where f =1/kT , k being the Boltzmann constant and T the temperature, i is any of the 20
amino acids; alanine, cysteine, aspartic acid, glutamic acid, phenylalanine, glycine,
histidine, isoleucine, lysine, leucine, methionine, asparagine, proline, glutamine, arginine,
serine, threonine, valine, tryptophan, tyrosine.

The statistical weight matrix U, for the dipeptide formed by the " and r+1* residues

t+1
along the peptide is

Ut+l = GXp(— ﬂEt,t+l;i,j ) (2)
where t,(1<t<n-1), represents the amino acid position number (or the grid box number

along the path). The i, j values represent any of the 20 amino acids.

The partition function, Z, of the peptide is obtained according to[6].
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Z=J ﬁUt J 3)

t=2

where J' = U, ; J = column [1 1 1...1] . (It is to be noted that in the Flory notation, the J*

matrix is given as J*= [1 00 ...OJthat would assign alanine to the first residue of peptide.

In the present formulation, the choice of the J* matrix allows for the acknowledgement of
all of the 20 amino acids to be the first residue).

The probability of having residue i at the 7 position and residue j at the r+1" position is
determined by:

JU,.Uuu,,.uU,.lJ
Piivij = 7 4

Here, U’ ,, is the matrix obtained by equating all elements of U, to zero except the i,

t+1
The formula given above in Eq. 4 is used to calculate the probabilities of transition states.
Here, we keep the indices t and 741/, but they will be dropped in the application to the
Viterbi algorithm for simplicity of representation with the understanding that each pair of

sites has its own p;; .

6.1.5. Determining the emission probabilities of the ¢—y torsion angles

A fundamental requisite for favorable binding of a peptide to the surface is that the
torsion angles of the peptide in the bound conformation should not be forced to have
energetically unfavorable ¢g—y torsion angle values. The apriori probabilities of the torsion
angles are needed for this purpose. In this section we explain the formation of these
probabilities, called the emission probabilities, and their incorporation into the Viterbi
algorithm as the observable variables.

Two sets of probabilities are needed for specifying the conformation of the peptide. The
first set gives the probabilities of the torsion states determined by the angles ¢-y; of the
residue at the /" grid. The second set gives the probabilities for the torsion angles ¥ - @,
of the dipeptide formed by residues at #” and r+1* grids. The representation of the defined
torsion angles are shown in Figure 6.2. The @- ; torsion angles of the residue at grid t can
select any of eleven regions, as explained below and shown in Figure 6.3. The torsion

angles ¥ -@.; of the succeeding residue can choose the eleven torsion angles as explained
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below and shown in Figure 6.4. Each dipeptide is capped at its N-terminus by an acetyl
group in order to define the ¢ angle.

The ¢ and ¥ angles of a residue cannot adopt all values due to backbone intrinsic
torsion propensities and attractive and repulsive interactions of atoms that are in close
proximity for certain combinations of these two angles. Among the repulsive interactions,
steric hindrances resulting from the side groups are the most pronounced. Hydrogen bonds

are the most pronounced favorable interactions. Depending on the type of the residue, these

l//r ¢r+1

Ace -cap

Figure 6.2. Schematic representation of torsion angles of a dipeptide. Only the backbone atoms

of dipeptide are given and the acetyl cap on the N-terminal is shown as ACE, for simplicity.

Figure 6.3. The representation of eleven states on Ramachandran map.
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Figure 6.4. The probability distribution of ¥, - ®,,, angles on Ramachandran map.

angles show preferences for different regions on the Ramachandran map. The frequency of
occurrence of these regions for the twenty amino acids can be obtained from the Protein
Data Bank, PDB. An examination of the frequency of occurrence of the regions for
neighboring units shows that there is strong dependence on residue type [38].

Plotting the @-y; angles on a Ramachandran map from PDB data, irrespective of
residue type shows that there are eleven major isomeric torsion angle states. These are
shown in Figure 6.3. We number the regions from 1 to eleven according to the notation of

Reference [139] shown in Table 6.1.

Table 6.1. Notation for the eleven states.

State Notation Desrcription
1 € Mirror image of the extended region €
2 € The extended regions, ¢> 0, ¥~ —+180°
3 Or Right-handed alpha helix
4 v Tight turn region
5 Or The right handed bridge region between two [3-
strands
6 oL Mirror image of the 8y region
7 C Region observed mostly in residues preceding PRO
8 Y Inverse tight turn region
9 oy Mirror image of o
10 Bs Extended beta sheet forming region
11 By Region with extended polyproline-like helices
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In obtaining Figure 6.3, the non-redundant PDB Select database of native proteins was
used. There are 197,458 points on the Ramachandran map obtained from the database.
96% of these points fell on the eleven regions shown in Figure 6.3. The remaining 4% of
points were outside of these regions which are known to correspond to strained
conformations of the residues resulting from long range perturbations. We ignored this set
of 4%.

The probability of occurrence of a residue in any of the eleven regions given above
depends on the type of the library used. Since we are interested in the denatured
conformations of peptides, we calculated the probabilities over a coil library that we
constructed. © The coil library was  downloaded from the  website:

http://www.roselab.jhu.edu/coil/. The library contains fragments selected by Dunbrack's

PISCES server according to the following criteria: less than 20% sequence identity, better
than 1.6 angstrom resolution, and a refinement factor of 0.25 or better.

A given residue may be of type i (1<i<20) at the t™ grid, and may be in torsion-state
m, which is one of the eleven regions shown in Figure 6.3. The frequency of occurrence of
é-w; in torsion-states m for the i type of residue was collected in a two dimensional

array, f (i,m) which is the normalized frequency that an amino acid is of residue type i in
torsion-state m. The singlet probability b, ,, that the a residue along the peptide is of type i

having the torsion-state m is

A fli,m)

A AL 5
T ) >

For a given i, b,

i,m

is a column vector of eleven entries. In Figure 6.5, b, values are

i,m

given for GLY as an example.
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GLY
0.3

0.2

0.1

1 23 456 78 91011
Torsion States

Figure 6.5. The probability distribution of GLY ®; - ¥; angles, derived from coil library. The

dipeptide is mostly observed in the 6™ state; and the least observation occurs for state 7.

The choice of the torsion state of the 1 residue places restrictions on the choice of the
torsion state of residue #+/ due to the dependence of the torsion angle ¢.; on ¥. The
extent of this dependence for all pairs of residues in the coil library is depicted in Figure
6.4 where the joint probability distribution of ¥;.@.; is presented. For uniformity of
representation, we keep the same eleven regions of ¥ ¢.;. In obtaining Figure 6.4, the
non-redundant PDB Select database of native proteins was used. There are 955,679 points
on the Ramachandran map obtained from the database. 91% of these points fell on the
eleven regions shown in Figure 6.3. The remaining 9% of points were outside of these
regions. We ignored this set of 9%. The probabilities are calculated over the coil library of
http://www.roselab.jhu.edu/coil/.

The probability b

that the residue j is in state m of ¥.¢.; space when the preceding

i,j,m
residue is of type i is

_ flijm)
biJ»’” - Zf(lh]’m') (6)

'

m

For a given ij, b, . is a column vector of eleven entries.

i,j,m
For each n grid box, the docked conformation of the dipeptides is determined by

AutoDock. Knowing the conformation leads to the @-y; and ¥.¢.; angles. Thus, the
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torsion-state of the angles is determined. Equations 5 and 6 give the apriori probability of

observing the torsion-states. The product of the two probabilities, b, andb, is called

i,m i,j,m?*

the emission probability for the torsion state of residue j when the preceding residue i is

already prescribed. In the Viterbi algorithm below, this is indicated asb, ;. The index m

will be removed for simplicity.
6.1.6. Implementation of the Viterbi Algorithm
We follow the notation of Reference [83] in our application of the Viterbi algorithm.

We need the following definitions:

n: Number of residues of the peptide.

t: Grid number, 1<¢t<n

m: Index identifying the torsion state, 1 <m <11
S= 85,8y, The 20 natural amino acids set.

A= {al,az,...,all }: The eleven torsion angle regions.
q,: The state of the t™ grid. For example g, = S, means that the state of

the "™ grid is the amino acid ;.

a,: The torsion-state of the amino acid at the t" grid.

P=(pij ): The transition probability, Py = Pr(q,Jr1 =S, lg, =S i).
b= (bi, i ): The emission probability, b, ; = Pr(a,+1 =A;la, = Ai)
= (nl.): The initial distribution vector, where 7, = Pr(q, = S,).

The sets S and A describe the structure of the model, P, » and 7z describe the parameters.

Our intention is to determine argmax Pr( ¢,,4,,....q, 14,,a,,...a,) , meaning a peptide
N

sequence made up of preferable torsion angles and with high affinity to protein binding-

site. The algorithm is divided into two parts. Firstly, in the forward tracking step, the

algorithm finds max Pr(ql,qz,...,qn Ial,az,...,an). The forward tracking employs emission

and transition probabilities. Then the algorithm backtracks to determine an a,,a,,...,a,

that realizes this maximum.
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For an arbitrary position ¢ and amino acid type i:
51 (i ) : The maximum probability of all ways to end in state S, at grid ¢ and have observed

the torsion states a,, a,,...,q, .

0(i)= max Pr(ql,qz,...,q,_l,q, =S, and al,az,...,a,) (7)
q1-92 41
where
S(i)=Prlg, =S, and a,) ®)
then,
max Pr(q,,q,....q, and a,,a,,...,a, ) )
915925+

is determined.
Initialization step

sil=rbla ), 1<i<20 (10)
8, is 1x20 array, keeping the binding affinity probabilities of each amino acid for the 1%
grid box. &, is the initial probability of binding of any 20 amino acids to the 1* grid box
and is a 1x20 array. All entries of &, are chosen as unity to give equal chance for selection
of any 20 amino acids as the initial residue of the peptide. The binding affinity and the
corresponding torsion states are determined by AutoDock. The choice of the first residue
will contain the information of its torsion angles from AutoDock, leading to the knowledge

of the emission probability b, (al) which is accounted for in Eq. 10.

Induction step

J,.,(j)=max ,(l)pijbi,j(amla,), 1<t<n-1,1<i,j<20 (11)

1<i<20

J..is 1x20 array, keeping the binding affinity and torsion angle preference probabilities of
each dipeptide for +1* grid.

Backtracking

For each grid box, the maximum probabilities are kept in &,(i) arrays, as defined by Eq.

11. Backtracking of those arrays leads to the determination of a peptide sequence with a

possible affinity to protein binding-site.
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Initially, the last residue of the peptide sequence is determined from the 20 entries of d, ,
the array of the last grid box. The maximum entry of J, is selected, which determines the

amino acid residue g, .

We let
Z =argmaxJd, (i) (12)

120

and choose g, =S _ . Thus, g, is the final state of the last residue of the peptide.

—_
fia/
n

The remaining 4; , that is the amino acid types, for 1 <t <n—1 are found recursively by
determining:

Z, = argmax 5,(1')19,,5’+1 (13)

1=i<20

and then putting g, = S. . The backtracking method leads to a peptide sequence with high

affinity to the target protein surface.

6.2. The Model and Calculations for VitSTR
VitSTR uses the same model and calculations with VitAL; the only difference of the two
models is the emission probability calculation.

The model consists of nine parts: (i) determining the binding site and the sequence of
residues on the surface of the target protein on which the peptide will be docked, (ii)
determination of the counterpart protein(s) is any exists, (iii) investigation of each protein
complex and determination whether the counterpart protein interacts with the pre-
determined binding site or not, (iv) selection of n residues on the counterpart protein
interacting with the selected sequence of residues on the target protein surface, (v)
determining the chiral carbon positions of the selected n residues, (vi) partitioning the path
of the n points into a sequence of grids, (vii) docking, by using AutoDock, all 20 peptides
to the first grid, and all 400 dipeptides to the succeeding pairs of grids and evaluating their
binding affinities, (viii) characterizing the ¢—y propensities of the dipeptides forming the
selected n residues, (ix) characterizing the @—y propensities of the dipeptides. The

outcome of these nine steps is used for the implementation of the Viterbi algorithm.
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The target proteins’ structure is searched from Protein Data Bank (www.pdb.org) and
only the crystal structures formed by complexes are downloaded as PDB files. The protein
crystal structures are given as input to the web-server HotPoint [138]. The web-server
discovers the interacting residues of protein complexes. The residues of counterpart protein
that interacts with the binding site are determined according to the HotPoint results. Based
on the HotPoint results, n residues are selected on the counterpart binder region. The
number n is the pre-defined residue number of the peptide to be designed. The chosen n
residues of counterpart protein (named as binding path hereafter) and the target protein are
the only necessary inputs for our method. The chiral carbons of the binding path are used
as grid-centers for the peptide to be designed, as explained below. The conformation of the
binding path can be safely used to determine the conformation of the designed peptide.

A given residue may be of type i (1<i<20) at the 1* grid, and may be in torsion-state m,

which is one of the eleven regions. If the 1* residue of binding path is in torsion-state m,
then the singlet probability b, ,, that the a residue along the peptide is of type i having the
torsion-state m is

b, =1 (14)
If the 1* residue of binding path is in any other torsion-state, then the singlet probability
b, ,, that the a residue along the peptide is of type i having the torsion-state m is

b, =0 (15)
For a given i, b, ,, is a column vector of eleven entries.

A given residue may be of type i (1<i<20) at the ¢ grid, and may be in torsion-state m.
A given residue may be of type j (1< j <20) at the t+1* grid, and may be in torsion-state r,

which is one of the eleven regions. If the ™ residue of binding path is in torsion-state m

and t+1" residue of binding path is in torsion-state r then the singlet probability b, ;.. that
the a dipeptide along the peptide is of type i,j having the torsion-states m,r is
bijmr=2 (16)

A given residue may be of type i (1<i<20) at the ¢ grid, and may be in torsion-state m. A
given residue may be of type j (1< j <20) at the t+1* grid, and may be in torsion-state r. If

the " residue of binding path is in torsion-state m and r+1" residue of binding path is not
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in torsion-state r then the singlet probability 5,  ~that the a dipeptide along the peptide is

of type i,j having the torsion-states m,r is

b =1 (17

i,j,m,r
Similarly, a given residue may be of type i (1<i<20) at the ™ grid, and may be in torsion-
state m. A given residue may be of type j (1< j<20) at the t+/* grid, and may be in
torsion-state r. If the * residue of binding path is not in torsion-state m and t+1* residue
of binding path is in torsion-state r then the singlet probability 5, that the a dipeptide
along the peptide is of type i,j having the torsion-states m,r is

b imr=1 (18)
A given residue may be of type i (1<i<20) at the # grid, and may be in torsion-state m. A
given residue may be of type j (1< j <20) at the t+1* grid, and may be in torsion-state r. If

the ™ residue of binding path is not in torsion-state m and t+1* residue of binding path is

not in torsion-state r then the singlet probability b that the a dipeptide along the

i,j,m,r
peptide is of type i,j having the torsion-states m,r is

b =0 (19)

i,j,m,r
For a given ij, b; jm,r 18 @ column vector of eleven entries.

The choice of the torsion state of the /** residue places restrictions on the choice of the
torsion state of residue 7+/ due to the dependence of the torsion angle ¢.; on y. The

probability b, ;,, that the residue j is in state m of ¥;.¢.; space when the preceding residue

1s of type i is

bl.’ im= 1 (20)
if and only if the " t+1* residues of binding path is in state m. Otherwise,

b,;.=0 Q1)
For a given i,j, b;, j.m 1s a column vector of eleven entries.

For each n grid box, the docked conformation of the dipeptides is determined by
AutoDock. Knowing the conformation leads to the determination of @-y; and W ¢

angles. Thus, the torsion-state of the angles is determined. Equations 14-19 and 20-21 give
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the probability of observing the torsion-states. The product of the two probabilities, b

i,j.m,r
and b,; j.m» 18 called the emission probability for the torsion state of residue j when the

preceding residue i is already prescribed.

6.3. Case Studies

The AutoDock software is used for validating the accuracy of the solutions. The tertiary
structure of the designed peptide is prepared using HyperChem. The binding affinity
calculation between the target protein and the designed peptide was carried out by
AutoDock.

6.3.1. Protein-tripeptide case studies

As a proof of concept, the VitAL is tested on five known protein-tripeptide complexes.
The aim is to demonstrate the feasibility and the reliability of the algorithm. The binding
energy between the target protein and the peptide designed by Viterbi are determined by
the AutoDock program. The inhibition constant K; is also calculated by AutoDock. The
visualization of complexes is achieved by Accelerys Discovery Studio 2.5 program [140].
HIV-1 protease
The first complex is HIV-1 protease interacting with the tripeptide Glu Asp Leu. The PDB
accession number of this complex is 1A30 [141]. This tripeptide is the smallest analogue of
HIV-1 transframe octapeptide (TFP) Phe Leu Arg Glu Asp Leu Ala Phe, which is known to
be the most potent inhibitor of the target protein. The inhibition of the protein with this
peptide is selective and specific.

The VitAL designed the Trp Tyr Val tripeptide with high binding affinity for the HIV-1
protease. The binding affinity was calculated as -9.59 kcal/mol by AutoDock; the K; value
was 94.12 nanomolar. The binding affinity of the known inhibitor Glu Asp Leu was
determined by AutoDock as -7.66 kcal/mol; the K; value was 2.43 micromolar. The
binding region of the peptides is shown in Figure 6.6. Figure 6.6A indicates the complex
formed by the HIV-1 protease with Glu Asp Leu, while Figure 6.6B indicates the complex
formed by the HIV-1 protease with Trp Tyr Val. As the figures imply, both of the peptides
bind to the same active-site on the protein. The HIV-1 protease is formed by 2 identical
chains: chain A and chain B. Glu Asp Leu mteracts with the chain A residues Asp-25, Gly-
27 Ala-28, Asp-29, Asp-30, Met-46, Gly-48; and with the chain B residues Arg-8, Asp-25,
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Val-82. The peptide makes five Hydrogen bonds with Gly-27, Asp-29, Asp-30 and Gly-48
shown in Figure 6.7A. A salt bridge is present between Asp-29 of the chain A and Glu
residue of the peptide. The sulfide atom of Met-46 from the chain A makes a bond with the
oxygen atom of Asp. Trp-Tyr-Val interacts with the chain A residues Asp-25, Gly-27, Ala-
28, Asp-29, Asp-30, Gly-48, Pro-81, Val-82, Ile-84; and with the chain B residues Asp-25,
Gly-27, Ala-28, Ile-50, Thr-80, Pro-81, Val-82, Ile-84. The peptide makes nine Hydrogen
bonds with Asp-25 of the both chains, Ile-50, Thr-80 and Val-82 as shown in Figure 6.7B.
There are 2 salt bridges between Asp-25 of the chain A and the Trp residue of the peptide.
Another 2 salt bridges are present between Asp-25 of the chain B and Trp residue of the
peptide.

Figure 6.6 HIV-1 protease peptide complexes. (A) Glu-Asp-Leu and HIV-1 protease. (B) Trp-
Tyr-Val and HIV-1 protease.

Va2

Figure 6.7. Detailed analysis of HIV-protease peptide complexes. Hydrogen bonds are
indicated with green lines. (A) Glu-Asp-Leu and HIV-1 protease. (B) Trp-Tyr-Val and HIV-1

protease.
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Scytalidocarboxyl Peptidase B

The second complex is scytalidocarboxyl peptidase B protein interacting with the
tripeptide Ala Ile His (1S2K) [142]. The protein is pepstatin-insensitive carboxyl peptidase
from the organism Scytalidium lignicolum. The crystal structure contains the protein and
the cleaved angiotensin II peptide: Ala-Ile-His. The tripeptide is bound to the catalytic
residues GIn-53 and Glu-136 of the protein.

The VitAL designed the tripeptide Arg Arg Arg as potential binder peptide for the
scytalidocarboxyl peptidase B protein. The binding affinity of this peptide was calculated
as -12.96 kcal/mol; the K; value was 315.78 picomolar. The known inhibitor Ala Ile His
binding affinity for the target protein was determined as -5.33 kcal/mol; the K; value was
124.38 micromolar. The binding region of the peptides is shown in Figure 6.8; Figure 6.8A
indicates the complex formed by the scytalidocarboxyl peptidase B with Ala-Ile-His, while
Figure 6.8B indicates the complex formed by the scytalidocarboxyl peptidase B with Arg
Arg Arg. As the figures imply, both of the peptides bind to the same active-site. Ala-Ile-His
interacts with the residues GIn-53, Asp-57, Trp-67, Glu-136, Phe-138, Glu-139, Glu-140,
Cys-141, and Cys-148. The peptide makes two Hydrogen bonds with Glu-139 as shown in

Figure 6.9A. % — 7% stacking between Trp-67 and His residues of the peptide is present.
There is a salt bridge between Glu-139 and Ala residue of the peptide. Sulfide atom and
aromatic ring interaction is present between residues Cys-141 and His; Cys-148 and His.
S-O bonding is present between the residues: Cys-141 and Ala; Cys-148 and Ala. Arg-
Arg-Arg interacts with the residues Trp-6, Trp-39, GIn-53, Asp-57, Tyr-59, Asp-65, Trp-
67, Glu-69, Glu-73, Glu-136, Phe-138, Glu-139, Glu-140, and Cys-141. The peptide makes
fifteen Hydrogen bonds with the residues Asp-57, Tyr-59, Glu-69, Glu-73, Glu-136, Glu-

139, and Glu-140 as indicated in Figure 6.9B. % - cation interactions are observed
between Phe-138 and Arg-1 residue of the peptide; Trp-39 and Arg-3 residues. There are
salt bridges Glu-69 and Arg-1; Glu-140 and Arg-1; Glu-136 and Arg-3; Asp-65 and Arg-3;
also an internal salt bridge between Arg-1 and Arg-3 residues of the peptide. Arg-1
interacts with Cys-141 through S-O bonding.
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Figure 6.8. Scytalidocarboxyl peptidase B peptide complexes. (A) Ala-Ile-His and
scytalidocarboxyl peptidase B. (B) Arg-Arg-Arg and scytalidocarboxyl peptidase B.

Figure 6.9. Detailed analysis of scytalidocarboxyl peptidase B peptide complexes. Hydrogen
bonds are indicated with green lines. (A) Ala-Ile-His and scytalidocarboxyl peptidase B. (B) Arg-
Arg-Arg and scytalidocarboxyl peptidase B.

SPG-40

The other complex chosen is the signaling protein from goat mammary gland (SPG-40)
and the tripeptide Trp Pro Trp (1ZBW) [143]. The protein plays role in signaling for
reductive remodeling of mammary gland. The remodeling is necessary after cessation of
lactation in female mammals. The protein is known to interact with oligosaccharides; the
binding enhances protein-protein interactions. The tripeptide Trp-Pro-Trp sits at the active
site, to which oligosaccharides bind.

The VitAL designed the tripeptide Trp Tyr Tyr as the sequence with possible binding
affinity to SPG-40. The binding affinity of this peptide was calculated as -10.97 kcal/mol;
the K value was 9.04 nanomolar. The known inhibitor 7rp Pro Trp binding affinity for the
target protein was determined by AutoDock as -9.10 kcal/mol; the K; value was 215.27
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nanomolar. The binding region of the peptides is shown in Figure 6.10. Figure 6.10A
indicates the complex formed by SPG-40 with Trp Pro Trp, while Figure 6.10B indicates
the complex formed by SPG-40 with Trp Tyr Tyr. As the figures imply, both of the
peptides bind to the active-site of the protein. Trp Pro Trp interacts with the residues Trp-
10, Arg-14, Asn-79, Thr-267, and Glu-269. The peptide makes two Hydrogen bonds with
Asn-79 shown in Figure 6.11A. There is a salt bridge between Glu-139 and Ala residue of
the peptide. Trp Trp Tyr Tyr interacts with the residues Trp-10, Arg-14, Cys-20, Phe-37,
Trp-78, Asn-79, Asp-186, Arg-242, Glu-269, Ile-272, Trp-331, Asp-334, and Leu-335. The
peptide makes six Hydrogen bonds with the residues Arg-14, Arg-242, and Glu-269 shown
in Figure 6.11B. # ~ 7 stacking is observed between Trp-10 and Trp-1 residue of the
peptide and Phe-37 and Trp-1 residues. % - cation interactions are observed between Trp-
78 and Tyr-2; Trp-10 and Trp-1; also between Tyr-2 and Trp-1 residues of the peptides;
Tyr-2 and Tyr-3 residues of the peptides. There are salt bridges between Glu-269 and Trp-

1. There exists aromatic ring and sulfide interaction between Cys-20 and Tyr-2.

Figure 6.10. SPG-40 peptide complexes. (A) Trp-Pro-Trp and SPG-40. (B) Trp-Tyr-Tyr and
SPG-40.
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Figure 6.11. Detailed analysis of SPG-40 and peptide complexes. Hydrogen bonds are indicated
with green lines. (A) Trp-Pro-Trp and SPG-40. (B) Trp-Tyr-Tyr and SPG-40.

Peptide Deformylase

The peptide deformylase (PDF) from Enterococcus faecium organism with Met-Ala-Ser
tripeptide is another selected complex (3G6N), to which the peptide design algorithm is
applied [144]. E. faecium are found in normal flora of the intestinal track, but the
Vancomycin (an antibiotic) resistant types of bacteria cause infection commonly in
hospitals and the strain is resistant to all commercially available antibiotics. The PDF
protein is essential for bacterial growth, making it a potential drug target. The Met Ala Ser
motif is recognized by the active site of the protein.

The Viterbi program designed Val Trp Trp as peptide with possible binding affinity to
PDF. The binding affinity of this peptide was calculated as -9.52 kcal/mol and the K; value
was 105.71 nanomolar. The known inhibitor Met-Ala-Ser binding affinity for the target
protein was determined as -8.07 kcal/mol. The K; value was 1.21 micromolar. The binding
region of the peptides is shown in Figure 6.12. Figure 6.12A indicates the complex formed
by the PDF with Met Ala Ser, while Figure 6.12B indicates the complex formed by the
PDF with Val Trp Trp. As the figures imply, both peptides bind to the active-site on the
protein. The Fe** ion in the active site is shown with CPK representation. Met Ala Ser
interacts with the residues Gly-57, Val-59, Gly-60, His-76, Gly-113, Leu-115, Tyr-150,
His-157, His-161, and Phe-167. The peptide makes no Hydrogen bonds with the protein,
Figure 6.13A. A sulfide atom and aromatic ring interaction occurs between the residues
His-76 and Met; Tyr-150 and Met; His-157 and Met; His-161 and Met; Phe-167 and Met.
Val-Trp-Trp interacts with the residues Met-4, GIn-45, Gly-57, Gly-58, Gly-60, Leu-108,
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Glu-110, Gly-111, Glu-112, Gly-113, Cys-114, Leu-115, Tyr-150, His-157, Glu-158, Met-
166, and Glu-187. The peptide makes four Hydrogen bonds with Gly-111, Gly-113 and
Tyr-150 as shown in Figure 6.13B. There are internal salt bridges between Val-1 and Trp-3
residues of the peptide. There is an aromatic ring and sulfide atom interaction between the

residue pairs Cys-114 and Trp-3, Met-4 and Trp-3, Met-166 and Trp-3.

A B

Figure 6.13. Detailed analysis of PDF and peptide complexes. Hydrogen bonds are indicated
with green lines. (A) Met-Ala-Ser and PDF. (B) Val-Trp-Trp and PDF.

Concanavalin A

The last test case for tripeptides is concanavalin A (Con A) protein with Tyr Pro Tyr
peptide (1HQW) [145-146]. The peptide is determined to the best binding part out of ~1.4
x10° octapeptides. A highly diverse phage library procedure is used to determine this
sequence. Con A is a carbohydrate-binding protein; the literature indicates the importance
of carbohydrate binding in various biological processes. Consequently, inhibition of
carbohydrate-specific proteins is important for novel drug development. The chemical

synthesis of oligosaccharides is a sophisticated procedure since protection of sugar
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monomers is complicated; peptides can be used as ligands for such protein targets. The Tyr
Pro Tyr peptide is shown to inhibit binding of known monosaccharide ligands to Con A.
The Viterbi program designed the tripeptide Gly Ala Tyr for Con A. The binding
affinity of this peptide was calculated as -5.70 kcal/mol; the K; value was 65.83
micromolar. The known inhibitor Tyr Pro Tyr binding affinity for the target protein was
determined as -5.70 kcal/mol. The K; value was 144.38 micromolar. The binding region of
the peptides is shown in Figure 6.14; Figure 6.14A indicates the complex formed by the
Con A with Tyr Pro Tyr, while Figure 6.14B indicates the complex formed by the Con A
with Gly Ala Tyr. As the figures imply, both peptides bind to the active-site of the protein.
Tyr-Pro-Tyr interacts with the residues Thr-15, Ser-21. The peptide makes one Hydrogen
bond with Thr-15. Gly-Ala-Tyr interacts with the residues Thr-11, Tyr-12, Pro-13, Thr-15,
Asp-16, His-205, Pro-206, and Arg-228. The peptide makes seven Hydrogen bonds with

Thr-11, Tyr-12, Asp-16, Pro-206 and Arg-228. % — 7 stacking is probable between Tyr-
12 and Tyr residues.

Figure 6.15. Detailed analysis of Con A peptide complexes. Hydrogen bonds are indicated with
green lines. (A) Tyr-Pro-Tyr and Con A. (B) Gly-Ala-Tyr and Con A.
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6.3.2. Protein- heptapeptide case studies

In the second step of our test, we applied the VitAL method to the design of heptapeptides
against Proteinase K, and HLA-B*2705 proteins. Both of these proteins have known
peptide ligands in the literature.

Proteinase K

Proteinase K is a serine protease with broad specificity. The PDB accession number of the
inhibitor peptide Pro Ala Pro Phe Ala Ala Ala in complex with the protein is 1P7V from
the organism Engyodontium album. The article about the crystal structure and interaction
details of this protein-peptide complex has not yet been published.

The VitAL designed the Trp Tyr Tyr Tyr Tyr Tyr Tyr heptapeptide with possible binding
affinity to Proteinase K. The binding affinity of this peptide was calculated as -11.59
kcal/mol. The K; value was 3.22 nanomolar. The known inhibitor Pro Ala Pro Phe Ala Ala
Ala binding affinity for the target protein was determined as -8.52 kcal/mol; the K; value
was 569.86 nanomolar. Both peptides bind to the active-site on the protein as shown in
Figure 6.16. Pro-Ala-Pro-Phe-Ala-Ala-Ala interacts with the residues Asn-67, His-69,
Asn-99, Gly-100, Tyr-104, Leu-133, Gly-134, Gly-135, Gly-136, Ala-158, Gly-160, Asn-
161, Asn-162, Trp-212, Ile-220, Ser-221, Thr-223, Ser-224, and Met-225. The peptide
makes one Hydrogen bond with Gly-102. There exist a 7 - cation interaction between Tyr-
104 and Pro-1. A sulfide atom and aromatic ring interaction is observed between Cys-73,
Met-225 residues and Phe-4. The sulfide atom oxygen interaction is present between Cys-
73 and Ala-7. The stacking of ring structures is observed for His-69 and Phe-4. Trp-Tyr-
Tyr-Tyr-Tyr-Tyr-Tyr interacts with the residues Asn-67, His-69, Asn-99, Ser-101, Gly-
102, GIn-103, Tyr-104, Leu-133, Gly-134, Ala-158, Gly-160, Asn-161, Asn-162, Tyr-169,
Ser-170, Ala-172, Trp-212, Ile-220, and Ser-224. The peptide makes three Hydrogen
bonds with GIn-103, Ser-170 and Asn-161. A sulfide atom and aromatic ring interaction is

observed between Cys-73, Met-225 residues and Trp-1, Tyr-2, Tyr3 residues of the
peptide. & ~ % stacking is observed between His-69, Trp-212 and Trp-1; His-69 and Tyr-
2; Tyr-169 and Tyr-3; Phe-192 and Tyr-4; Tyr-104 and Tyr-6; also between Tyr-5 and Tyr-

6 of the peptide. A 7 -cation interaction is present between His-69 and Trp-1.
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Figure 6.16. Proteinase K peptide complexes. (A) Designed peptide. (B) Literature peptide.

HLA-B*2705

HLA-B*2705 is a disease-associated human MHC class I allele HLA-B27 subtype protein.
The protein is the target for nonapeptides. The self peptide sequence of this protein is Arg
Arg Lys Trp Arg Arg Trp His Leu. The copy number of this peptide in ankylosing
spondylitis patients is observed to increase [147]. Viral peptide Arg Arg Arg Trp Arg Arg
Leu Thr Val derived from Epstein-Barr virus membrane has shown to have affinity to
HLA-B*2705 [148]. The glucagon receptor-derived peptide Arg Arg Arg Trp His Arg Trp
Arg Leu has also proven to interact with HLA-B*2705 [149]. The PDB accession codes of
those 3 peptides in complex with HLA-B*2705 are 10GT, 1UXS, 2A83.

The VitAL designed the Trp Arg Trp Trp Lys Tyr Tyr heptapeptide for HLA-B*2705.
The binding affinity of this peptide was calculated as -8.97 kcal/mol; the K; value was
265.82 nanomolar. The known inhibitors Lys Trp Arg Arg Trp His Leu, Arg Trp His Arg
Trp Arg Leu, Arg Trp Arg Arg Leu Thr Val binding affinity for the target protein were
determined by AutoDock as —6.84, -7.21, and -8.52 kcal/mol, respectively. Both peptides
bind to the active-site on the protein as shown in Figure 6.17. Lys-Trp-Arg-Arg-Trp-His-
Leu interacts with residues Arg-62, Ile-66, Lys-70, Thr-73, Asp-77, Tyr-99, His-114, Lys-
146, Trp-147, Val-152, GIn-155, Lue-156, and Tyr-159. The peptide makes nine Hydrogen
bonds with Ile-66, Lys-70, Asp-77, Tyr-84, Tyr-99, Thr-143, Trp-147, and GIn-155. There
exist 7 - cation interactions between Lys-146 and His-6; Lys-1 and Trp-2; Tyr-159 and
Lys-1; and Tyr-99 and Lys-1. A salt-bridge is present between Asp-77 and Arg-3. A
sulfide atom and aromatic ring interaction is observed between Cys-164, Met-5 residues

and Trp-2. Stacking of ring structures is observed for Tyr-99 and Trp-2; Tyr-159 and Trp-
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2; Trp-2 and Trp- 7 in the peptide; Trp-147 and Trp-5; Trp-133 and Trp-5; Trp-147 and
His-6. Trp-Arg-Trp-Trp-Lys-Tyr-Tyr interacts with the residues Ala-69, Thr-73, Glu-76,
Thr-80, Arg-83, His-114, Lys-146, Trp-147, Ala-150, Val-152, GIn-155 and Leu-156. The
peptide makes three Hydrogen bonds with Thr-80, Arg-83 and GIn-155. A sulfide atom

and aromatic ring interaction is observed between Cys-67 and Trp-4 residue of the peptide.

7 — 7 stacking is observed between Trp-147 and Trp-1; His-114 and Trp-3; Trp-147 and
Trp-3; Tyr-99 and Trp-3; Trp-133 and Trp-3; Trp-147 and Tyr-6.

Figure 6.17. HLA-B*2705 peptide complexes. (A) Designed peptide. (B) Literature peptide.

6.3.3. VitAL Case Study: Predicting a peptide for human growth hormone

Growth hormone (GH) is essential for normal linear growth, and have effects on the
metabolism [150]. Human Growth Hormone (hGH) is responsible for linear growth in
vertebrates via stimulation of skeletal and visceral growth. The protein also plays a role in
carbohydrate metabolism and fat mobilization from tissues [151].

It is not possible to purify GH, we aimed to design a peptide bound to the protein may
be used to filter out this protein. GH is made up of 4 helix bundles with no symmetry.
Human growth hormone (hGH) binds to human growth hormone receptor (hGHR) in 1:1
stoichiometry [152]. Baumgartner et al. [153] indicated that the Ser-226 residue of hGHR
is very crucial in hGH binding, Ser interacts with the Glu-174 residue of hGH and offers
Trp X X X Ser motif for the binding site according to experimental results. Clackson et al.
[154] stated that the two nearby Trp residues of hGH-binder protein (hGHbp) play crucial
role in the hGH interaction. There is also an Ile residue on hGHbp, which is located next to
one of the Trp residues. The other important residues of hGHbp that are in proximity of

Trp, Ile and Trp residues are Asn and Arg. Cosman et al. [155] and Bazan et al. [156]
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stated that a characteristic Trp Ser X Trp Ser motif is observed in hematopoietic
superfamily receptors. According to our knowledge, no hGH binder motif is found with the
described conserved motif. Wells [157] studied Alanine scanning of hGH-hGHR complex.
Their results indicate that a small set of amino acids are necessary for the two proteins to
interact. The most important residues are hydrophobic surrounded by polar and charged
interactions of less importance. The Trp-104 and Trp-169 residues of hGHR were found to
pack against the Asp-171, Lys-172, and Thr-175 of hGH. Wells indicate that the
interaction site for the 2 proteins is large whereas only a few hydrophobic residues are
important in binding. Huo et al. [158] devised a computational study to determine the
residues playing role in hGH-hGHR binding. The Molecular Mechanics-Poisson-
Boltzmann surface area method was applied to achieve computational Alanine scanning
and re-computing the binding free energy of the complex. Their studies revealed that Trp-
104 of hGHR surrounded by Lys-168, Asp-171, Lys-172, and Thr-175 of hGH play a
crucial role for the interaction. The hGHR residues Trp-169, Glu-44, Val-171, Arg-172,
Glu-174, Tle-105, Ile-165, Ser-219, and Arg-217 are also very prominent for binding.

The PDB accession code of the protein is IHGU [159]. A crystal structure of the
protein-peptide complex is not available in PDB. Consequently, the most possible binding
site of the protein is determined by GNM.

The VitAL designed Trp Glu Leu Met Phe Phe Tyr heptapeptide for HGH. The binding
affinity of this peptide was calculated as -8.05 kcal/mol; the K; value was 1.25 micromolar.
The peptide and protein comples is given in Figure 6.18.

Trp Glu Leu Met Phe Phe Tyr interacts with the residues Met-14, His-21, GIn-22, Phe-
25, Arg-64, Glu-65, Gln-66, Thr-175, Arg-178, Cys-182, and Cys-189. The peptide makes
five Hydrogen bonds with Arg-64 and Arg-178. There exist a 7 - cation interaction
between Arg-178 and Tyr-7. A sulfide atom and aromatic ring interaction is observed
between Met-170 and Trp-1; His-18 and Met-4; Met-14, Cys-182, Cys-189 and Phe-5;
Met-14, Cys-182, Cys-189 and Phe-6; Cys-182, Cys-189, Met-14 and Tyr-7. Sulfur —
oxygen interactions exist between Ser-188 and Met-4; Cys-189 and Met-4; Cys-182, Cys-
189 and Phe5; Cys-182, Cys-189 and Phe-6; Cys-182 and Tyr-7. Stacking of ring
structures is observed for His-21 and Trpl; Phe-25 and Trp-1; His-18 and Trp-1; His-18
and Phe-5.
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Figure 6.18. hGH peptide complex. (A) Overall structure of the comples. (B) Detailed analysis of
peptide bound on hGH, peptide is indicated with yellow color.

The HGH binding region is made up of hydrophobic residues by 18 %. The net charge of
the surface is +2 and the net charge of the designed peptide is -1. Consequently, there exist
an electrostatic complementarity between the target protein and the designed peptide.
There exist two Cys and one Met residues on protein binding site, which are potential
stabilizing residues of peptide binding. The designed peptide also has a Met residue, which
makes interactions with the sulfur atom on its side-chain. Numerous sulfur - aromatic ring,

sulfur — oxygen interactions are observed due to the Cys and Met residues of both the
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peptide and the protein. The Trp and Phe residues of the peptide enable stacking of
aromatic rings.

6.3.4. VitSTR: Predicting a peptide for human growth hormone

The binding site of hGH is determined to be around His-18 and His-21 residues of hGH by
GNM, as shown in Figure 6.19. The counterpart protein (hGHR) residues, which are in
contact with the selected binding site, is chosen: Gin Arg Asn Ser Gly. The conformation
i1s similar to hairpin structure. Potential penta-peptides with affinity towards hGH are

determined.
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Figure 6.19. The hot-spot residues of hGH protein determined by GNM.

The Viterbi algorithm designed Trp Trp Ala Ser Tyr peptide for hGH protein, which is
suitable for the Trp X X X Ser motif of Baumgartner et al. [153]. The binding affinity is
calculated as -9.27 kcal/mol by AutoDock. The inhibition, K, is determined to be 161.53
nanomolar. On the other hand, the counterpart protein segment Gln Arg Asn Ser Gly
peptide binding affinity is determined to be -5.52 kcal/mol; the K; value of the peptide is
89.23 micromolar. The bound conformations of the peptides are shown in Figure 6.20. This
figure indicates the complexes formed by the hGH with Gln Arg Asn Ser Gly (green) and
Trp Trp Ala Ser Tyr (yellow) peptides.



Chapter 6: De Novo Peptide Design with Hidden Markov Model 92
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Figure 6.20. hGH with Gln Arg Asn Ser Gly (green) and Trp Trp Ala Ser Tyr (yellow) peptides.

The interactions between protein — peptide complexes are examined in detail with
Accelrys Discovery Studio program and our Python scripts. The results imply that the
Viterbi peptide has much more interactions with hGH compared to hGHR derived peptide.
Glin Arg Asn Ser Gly interacts with hGH residues: His 18, Gln 22, Glu 174. There exists a
Z -cation interaction between Arg 2 of peptide and His 21 of hGH. The # -cation
interaction energies are of the same order of magnitude as hydrogen bonds or salt bridges
and play an important role in molecular recognition.No hydrogen bond is observed for this
complex. Trp Trp Ala Ser Tyr interacts with hGH residues: Asp 11, Met 14, Leu 15, His
18, His 21, Gln 22, Phe 25, Asp 171, Glu 174, Thr 175, Arg 178, Gln 181. There exist
hydrogen bonds between the residues: Trp 1 — His 21, Ala 3 — Arg 178, Trp 1 — Glu 174.
There exists aromatic ring — sulfur interaction between the residues: Trp 1 — Met 14, Trp 1
— Met 170, Trp 2 — Met 14, Trp 2 — Cys 182, Tyr 5 — Met 14, Tyr 5 — Cys 182, and Tyr 5 —
Cys 189. There exist S — O atoms interaction between the residues: Ala 3 — Cys 189, Asn 4
— Met 14, Tyr 5- Cys 189. There exist # ~ % interactions between the residues: Trp 1 — His
18, Trp 1 — His 21, Trp 1 — Phe 25, Trp 2 — His 21.

As Figure 6.20 implies the hGHR derived peptide and the Viterbi peptides have the
same conformation. The binding sites of the two peptides differ slightly. The difference is

caused by allowing the grid boxes to be 2.5 times the amino acid sizes for Viterbi
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calculations. GIln Arg Asn Ser Gly peptide is more exposed to solvent, while the Viterbi
peptide is embedded to protein surface. In physiological conditions, the counterpart protein
hGHR interacts with hGH protein with various additional residues. The peptide Gln Arg
Asn Ser Gly, which is a small part of hGHR, is not able to bind to hGH surface as strongly
as the whole hGHR protein given that many essential interactions are absent. The designed
peptide is able to interact better with hGH protein, albeit it has 5 residues as Gln Arg Asn
Ser Gly peptide.

The binding energy value of this peptide outperforms the peptide designed by VitAL
method using a probe peptide. The new penta-peptide has affinity of -9 kcal/mol for hGH,
while the VitAL designed hepta-peptide has affinity of -8 kcal/mol. In other words the
binding affinity per amino acid is -1.8 kcal/mol for the described method and -1.14
kcal/mol for the binding path determination by a probe peptide method. Both of the
methods are successful to predict potential binder peptides, but it is apparent that using a
binding path derived from a partner protein is a better choice than docking a probe peptide
to determine a binding path. The other reason for the improvement may be a result of using
the pre-defined torsional angle values instead of employing the probability values derived
from coil library. In other words, the use of torsional angles that are specific for the
binding site surpasses the use of torsional angles derived from a general database. The
capability to design a binder peptide increases with the use of properties based on the

selected protein binding surface.

6.3.5. VitSTR: Predicting a peptide for caspase-1

Cytokines are secreted proteins/peptides/glycoproteins that play role in signaling for the
immune system. Their secretion increases the adhesion factor expression, which enables
the leukocyte transmigration to an infection site. Interleukin-la (IL-1a) and interleukin-1f3
(IL-1pB) are precursor peptides that act as cytokines. Those peptides are cleaved by caspase
family proteins to become mature and active [160]. Caspase-1, also named as interleukin-1
converting enzyme (ICE), plays role in inflammatory response, cell proliferation,
differentiation, and apoptosis. This protease is a homodimer, and each part is made up of 2
subunits pl0 and p20. ICE recognizes Asp-Ala on IL-1B for its cleavage. Various
inhibitors of ICE are available, some of which are peptides and peptide mimetics.

Shahripour et al. [161] determined diphenyl ether sulfonamide inhibitors for ICE: the
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inhibitor leads to a gauche to a trans orientation of His237 of ICE. The orientation chane
of His leads to formation of a large hydrophobic pocket that strengthens the binding. Mialli
et al. determined a potetn peptide: Ac-Tyr-Val-Ala-Asp-CO—(CH2)s—Ph that inhibits ICE
with Ki=19 nM [162]. Shahripour et al. modified this peptide by replacing Tyr-Val-Ala
with a benzyloxycarbonyl group [163]. ICE inhibitor Ac-Tyr—Val-Ala—Asp—H shows
potent ICE inhibitory activity with a K; = 0.76 nM [164], the PDB accession code is 3IBC
for this protein-peptide complex.

There are two binding sites on ICE: the allosteric and active sites [165] (Figure 6.21).
Ala-scanning released that Cys331, Arg286, Glu390, Ser332, Asp336, His237, Asn337,
Ser333, Thr334, and Thr388 are important residues for protein interactions. The structure-
based design and genetic algorithm studies released that peptide sequences Tyr Val Ala
Asp, Asp Glu Val Asp, Ile Glu Thr Asp, Trp Glu Val Asp, and Val Glu Thr Asp have affinity
for ICE [76]. The Asp Glu X Asp motif was found to bind the conserved pocket with
Argl79, GIn283, Ser339 and Arg341 residues [166].

Active-Site Allosteric-Site Ligand-Free

Figure 6.21. The allosteric and active sites of ICE with and without ligands [165].

VitSTR algorithm is applied to ICE with the PDB accession code 1ICE. The PDB file
contains the protein with the peptide (7yr Val Ala Asp)-cmk. The path for VitSTR is
selected as the Tyr Val Ala Asp peptide chiral carbon atom coordinates. The algorithm
output is Gly Gly Tyr Phe peptide. This peptide is docked to ICE, and the Arg341 residue
is the binding center. The binding energy is determined to be -8.72 kcal/mol, with K; of
407.06 nM. The binding energy of (Tyr Val Ala Asp)-cmk is -7.27 kcal/mol.
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The neighboring residues of the Gly Gly Tyr Phe peptide are Ser339, Trp340, Arg341,
His342, Met345, Gly346, Ser347, Val348, Asp381, Arg383. The peptide makes 5
hydrogen bondes with His342, Arg383, and Asp 381. Figure 6.22 indicates the protein-

peptide complex, the protein is shown as surface representation.

Figure 6.22. The Gly Gly Tyr Phe peptide bound on ICE cavity.

The Tyr residue of literature peptide (7yr Val Ala Asp)-cmk and the Tyr residues of
VitSTR peptide Gly Gly Tyr Phe bind to the exactly same region on the protein (Figure
6.23). Also the hydrophobic residue Val of (Tyr Val Ala Asp)-cmk and the Phe of Gly Gly
Tyr Phe bind to the same region. The binding energy of Gly Gly Tyr Phe is better than the
binding energy of the literature peptide.

PHE/VAL

GLY-GLY

Figure 6.23. The Gly Gly Tyr Phe is superimposed with Tyr Val Ala Asp. The peptide Tyr Val
Ala Asp is indicated with ball-and-stick representation, and the peptide Gly Gly Tyr Phe is
shown with CPK representation.

Since the Ala-Asp residues of the literature peptide is observed to be flanking, it is a
good approach to combine (Ala-asp)-cmk with the VitSTR peptide Gly Gly Tyr Phe.
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Similarly other literature peptides can be modified according to the VitSTR peptide
sequence. The known inhibitor of ICE is given in Table 6.2 and the modified peptides are
given in Table 6.3. According to the Table 6.2 peptide sequences: Ala-Asp, His-Asp, Val-
Asp, Ile-Asp, and Thr-Asp dipeptides are added to the C-terminal of VitSTR peptide.

Table 6.2. The inhibitors of ICE from literature.
Val Ala Asp

Trp Glu His Asp

Val Asp Val Ala Asp
Asp Glu Val Asp
Tyr Val Ala Asp
Val Glu Ile Asp
Ile Glu Thr Asp
Leu Glu His Asp
Ala Glu Val Asp

Table 6.3. The modified VitSTR peptides and their affinity for ICE.

Peptide Min. Binding Energy (kcal/mol)
Gly Gly Tyr Phe Ala Asp-cmk -6.61
Gly Gly Tyr Phe His Asp- cmk -7.18
Gly Gly Tyr Phe Ile Asp- cmk -8.51
Gly Gly Tyr Phe Thr Asp- cmk -7.36
Gly Gly Tyr Phe Val Asp- cmk -7.28
Tyr Val Ala Asp -cmk -7.27

The affinities of the modified peptides for ICE are promising. Experimental verification
for each complex is necessary. The conservation of Val and the aromatic residue Phe
instead of Tyr is promising. The addition of 2 Gly residues at the N-terminal increases the

peptide affinity for the protein surface.

6.4. VitAL Server: Viterbi Algorithm Server for de novo Peptide Design
Web-server aims to predict a possible peptide sequence for any protein target, the

designed peptide may act as the inhibitor of the target. The algorithm is based on VitAL

that is described in previous sections. It performs probability calculations based on docking

search. The algorithm searches for an appropriate peptide sequence bound to the pre-
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defined binding residues of the target protein, which are supplied by the user. The VitAL
server uses 3 python scripts and several built-in inputs. The built-in inputs are 20 amino
acid and 400 dipeptide structure files, the torsion angle probabilities based on coil-library

of Rose Lab. (http://www.roselab.jhu.edu/coil/). The e-mail of the user is necessary for

the result retrieval and job view during the algorithm continues running. The VitAL web

server is available at http://saros.hpc.eng.ku.edu.tr/vital/. Server interface is coded in

PHP. The codes to predict peptide sequence are written in Python.

6.4.1. Input for the Server

Input data are two files: first one is the protein structure in PDB formatted coordinate file,
and the second one is a text file containing the hot-spot residue IDs of the target protein
and the desired peptide length. The input text file format is given in Figure 6.24, this
example file indicates that residues 151, 152, 153 from chain A are hot-spot residues of the
target protein and the desired peptide length is 2 as indicated in the last line. The binding
surface is defined by the hot-spot residues supplied by the user. VitAL requires chain
identifiers which confine to a protein interface. Server does not work for PDB files
containing without any chain identifiers and returns an error. If there is any missing data,
the server informs the users of what is missing and terminates the job. The algorithms
works for natural 20 amino acid types by default, but user can restrict the amino acid types
by selecting the desired types from the submission page (Figure 6.25). The VitAL is free
and open to all users and there are no login requirements.

& PATH - Notepad

File Edit Formakt Wiew Help
A

151

A

152

A
153
2

Figure 6.24. An example input file for VitAL server. The residues 151, 152, 153 from chain A are
hot-spot residues of the target protein. The desired peptide length is 2 as indicated at the last line.



Chapter 6: De Novo Peptide Design with Hidden Markov Model 98
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OR ROCUNIVERSITY 40,11, Algorithm for Peptide Design.

Main

Please upload a protein structure file (pdb file):
View Queue Please upload a path file prepared according to
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Submit Job Please enter your e-mail:
View Job Please choose amino-acids:
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Files
-Submit
References -
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Figure 6.25. The job submission page of the VitAL server.

6.4.2. Output of the Server

After the necessary input files are submitted, a job ID is given to each submitted job
enabling the user to track his job (Figure 6.26A). Once the job ID is entered by the user,
the details of the given job can be tracked as indicated in Figure 6.26B.

A

VAL A 4
ORROCUNNERSITY i1, by, Algovithan for Peptide Design. W

Main
View Queue Please enter joblD: ]

Submit Job Help

View Job

Help

Example
Files

References

Contact
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%@ KOC UNIVERSITY

Main

View Queue
Submit Job

View Job

Help

Example
Files

References

Contact

VIHAL & o
Viterbi Algorvithm for Peptide Design. IJ},

jobID: 100642
email: mesin@lu edu ir
status: %100

View the protein-peptide complex PDE fils when the job is finished!

Figure 6.26. A. The job view page of the VitAL server. B. The result for a given job ID, 100642.

VitAL induces the following steps:

1. determines a binding path for the given target protein

2. docks amino acids and dipeptides to the binding site

3. calculates the emission and translation probabilities; determines the peptide

sequence

4. docks the peptide to the binding site and calculates the binding energy.

While the job is running, the server informs users about the steps it is performing. The

steps can be viewed from the window shown in Figure 6.26B, the “details” link directs the

user to a new page (Figure 6.27). If the job is finished, the results are also visualized from

the same page: the peptide sequence and the binding energy of this peptide are given. The

protein-peptide 3D complex can be downloaded in PDB format, from the “view job” page

(Figure 6.26B).
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Figure 6.27. The details and the results for a given job, 100642.

The benchmark for VitAL server is given in Appendix 2. Pentapeptides from PEP_X
database [167] are employed for the benchmark. The Ramachandran map is divided into 21
areas (as explained in Appendix 2) and this alteration has improved the results compared to
11-state Ramachandran map. The results are exciting since the physic-chemical protperties
of the peptides are conserved. The AutoDock favors Trp / Tyr / Phe residues due to its

force-field. This problem can be solved via applying other force-fields.

6.5. Concluding Remarks

Novel de novo peptide design approaches are developed to block activities of disease
related protein targets. No prior training, based on known peptides, is necessary. The
methods sequentially generate the peptide by docking its residues pair by pair along a
chosen path on a protein. The binding site on the protein is determined via the coarse
grained Gaussian Network Model. A binding path is determined. The best fitting peptide is
constructed by generating all possible peptide pairs at each point along the path and
determining the binding energies between these pairs and the specific location on the
protein using AutoDock. The Markov based partition function for all possible choices of
the peptides along the path is generated by a matrix multiplication scheme. The best fitting
peptide for the given surface is obtained by a Hidden Markov model using Viterbi



Chapter 6: De Novo Peptide Design with Hidden Markov Model 101

decoding. The suitability of the conformations of the peptides that result upon binding on
the surface are included in the algorithm by considering the intrinsic Ramachandran
potentials.

The model i1s tested on known protein-peptide inhibitor complexes. The detailed
analysis of the designed peptide interactions and comparison of those peptides with the
known peptides indicate that our method is able to detect the requirements of binding
surface; such as hydrophilicity, electrostatic compatibility, aromatic interactions, sulfur
atom and its interactions.

The residues Trp, Tyr and Val are highly favored on the designed peptides. The binding
energy of dipeptides containing Trp and Tyr are observed to be superior to other
dipeptides. Consequently the transition probabilities of those dipeptides are favored. This
may be the reason for high occurrence of those residues in the designed peptide sequences.
The conservation of Trp may also be due to the formation of stacking and consequent
stabilization. When the protein — designed peptide complexes are analyzed in detail, it is
obvious that Trp residues form high number of stacking due to its aromatic ring; this
stabilizes the formed complex. The same observation applies to Val for hydrophobic
regions; since it has a smaller side-chain compared to other hydrophobic residues - except
Ala -; the amino acid is able to interact with small hydrophobic cavities. Nature seems to
protect interactions containing amino acids with aromatic side-chains; our methodology
also conserves those residues.

The only case that the method failed to determine an outstanding binder peptide is for
the Con A protein case. The surface of this protein is highly exposed to water.
Consequently, we may state that our algorithm works best for cavities on protein surfaces,
with both hydrophilic and hydrophobic residues present. The importance of the binding
surface selection is highlighted: a binding path with no cavity and made up of all
hydrophilic residues was shown to be not very suitable for determination of a candidate
binder peptide. The method is shown to be successful to determine peptide according to the
specific properties of the binding surface.

The algorithm requires O(mn) memory and O(mn®) time to run, where n is the peptide
length and m is 20 - the number of states. The time-consuming part for our methodology is
the docking process. The Viterbi algorithm works efficiently to determine a single peptide

is superior to other possible peptides, i.e. the most possible peptide sequence.
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Chapter 7

PEPTIDE MOTIF SEARCH FOR PROTEIN SURFACES:
Viterbi and Genetic Algorithms Combined

Our aim is to determine peptide motifs without any prior information the binder
sequences of target protein. The combined GA and VitAL/VitSTR algorithms determined
peptide motifs for the selected protein binding surfaces. A binding motif is achieved by
analysis of the designed peptides with the coarse grained GNM [130-132]. A binding path
on the selected binding site is necessary for our calculations. The binding path is selected
from a consensus path formed by the partner proteins of the target protein, the HotPoint
server [138] is utilized. The best fitting peptide to the selected path is determined via
generating all possible amino acid pairs at each point along the path, and calculating the
binding energies between these pairs and the specific location on the protein via AutoDock
[44] and forming the statistical weight of each pair of amino acids. A Markov based
partition function is formed for all possible preferences of the peptides using the Ising
model matrix multiplication scheme [6] . The transition probabilities based on this partition
function are evaluated, and the best peptide for the pre-defined path is selected via a HMM
using Viterbi decoding [81] . The types of amino acids are the hidden variables, and the
intrinsic Ramachandran potentials of the ¢y angles [134] are the observables of the
algorithm. The peptide sequence determined by Viterbi algorithm is optimized via a

genetic algorithm [71].

7.1. The Model and Calculations

The genetic algorithm is applied as defined in Chapter 5. The algorithm requires target
protein structure, a specific binding site, and 50 peptide sequences (initial population) as
input. The algorithm creates the structure files of given peptide sequences and then
evaluate the binding affinity of each peptide for the pre-defined binding site. The binding
affinity is calculated by AutoDock. The best 4 peptides are directly passed through the next
population, remaining 46 peptides are formed by crossover and mutation on the pre-

existing peptides.
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The binding site is a pre-defined GNM site. The input peptide sequences of GA need
not to be binder molecules. The output of the Viterbi algorithm is passed to GA, as an
input. This peptide is set as the best binding peptide of the initial population. Randomly
created 49 peptides are the other input variables of the algorithm. The random peptides are
created by our Python script, without using any prior knowledge about the binding site.
Each peptide is made up of n amino acids. Those 50 peptides form the initial population.
The 3-dimensional structures, i.e. .pdb files, of the peptides are created by mutate
command of the VMD software using an initial .pdb file of peptide made up of n alanine
residues as input. The peptide torsion angles are set to be flexible by AUTOTORS utility
of AutoDock. Polar hydrogen is added to protein and peptide, Gasteiger charges are added
by ADT. The grid map is determined by ADT, the binding site is taken as grid center.
Genetic Algorithm option of AutoDock for docking is selected. Lamarckian Genetic
Algorithm is chosen as the docking search parameter. The population size is set to 150, run
= 50, maximum number of energy evaluations = 250 000, number of generations = 27 000.
The docking parameters are set such that computation time is feasible, since the aim is to
rank peptides rapidly. The 3 AutoDock outputs are the docked conformation of the peptide,
the free energy of binding, and the estimated inhibition constant. The free energy of
binding is the summation of intermolecular energy (van der Waals energy, hydrogen
bonds, desolvation energy, electrostatic energy), final total internal energy, torsional free
energy of peptide and unbound system energy. The free energy of binding is used as the
fitness value of our GA. As each generation is finished, the population of peptides is
ranked according to their fitness values. The new population is formed by the fournament

selection and elitism procedures from the ranked current population.

7.2. Results
7.2.1. Human Growth Hormone Peptide Motifs

The VitSTR determined Trp Trp Ala Ser Tyr peptide for hGH protein, as stated in
Section 6.3.4. This peptide sequence and 49 randomly created peptides are set as the initial
population for GA. The generation number for GA is set as 10, total of 450 docking are
designed for the target protein. The designed peptides are clustered into 4 groups: low or
no affinity, medium-affinity, good-affinity and high-affinity peptides. Upon the 450

peptides: 58 of the them have low or no affinity for the target protein with free energy of
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binding larger than -5 kcal/mol, 228 peptides have medium-affinity with energy value
larger than -7 kcal/mol, 142 peptides have good-affinity with energy values larger than -8.5
kcal/mol, and 22 peptides with high-affinity with energy values more negative than -8.5
kcal/mol. For the first 3 generations no high-affinity peptides are observed. The 4™ and 5™
generations only created 2 peptides with high-affinity. The 6", 7"and 8™ generation has 4
high-affinity peptides. The last generation has 6 high-affinity and 25 good-affinity
peptides. GA leads to formation of peptides with more affinity towards hGH at each
generation. The average fitness values tend to decrease from generation to generation. The
decline in fitness values indicates that peptides with much more binding affinity to the
selected protein surface are determined at every generation. The top peptides of the last 3
generations all have high-affinity values. The top peptides sequences of last 3 generations
and the corresponding free energy of binding in kcal /mol, which is the fitness value of
GA, are given in Table 7.1.
Table 7.1. Binding energy values of the top peptides determined by GA.

Generation Number Peptide Fast Docking Results
Sequence Binding Energy (kcal/mol)
7 Trp Trp Ala Ile Phe -8.93
Trp Trp Asn Ile Phe -9.06
Trp Trp Met Ile Phe -8.54
8 Trp Trp Tyr lle Tyr -9.09
Trp Phe Phe lle Trp -8.69
9 Trp Phe Phe lle Trp -9.44
Trp Trp Ala His Phe -8.98

GA conserved specific residue types at particular positions: Trp is observed at the 1*
position and Phe / Trp / Tyr are observed at the 5t position as can as given in Table 7.1.
Similarly, the Viterbi peptide also has Trp for the 1¥ residue and Tyr for the 5™ residue.
Those repeated and conserved residues may play role in specific binding to the selected
protein surface. The significance of the program is that no manipulation during the runs
and no priori information are needed to determine a potential binder peptide. The physical
and chemical properties of amino acids are also considered by GA, without apriori
information. For the 1* position, hydrophobic Trp residue with aromatic ring is observed,
the residue is able to stack itself among aromatic rings and it is also able to make H-bond

due to its —-NH group. For the 2™ position, GA tried only hydrophobic residues with
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aromatic rings: Trp and Phe. For the 3rd position, Ala, Phe, Tyr, Asn, and Met is conserved.
The 3" position is the variable among all positions, it may require hydrophobic or
uncharged hydrophilic residues. For the 4™ position mostly Ile is conserved, but also His is
set for this position with a low frequency. The Ile amino acid is hydrophobic with long,
flexible side-chain. His residue, which is charged and polar, is also conserved. For the 5t
position hydrophobic residues with aromatic rings are conserved: Trp, Phe, and Tyr.

The conservation of residues at particular positions lead to a motif for penta-peptide
of hGH: Trp - (Phe/Trp)—-(Ala/ Asn/ Met /Phe/Tyr) — (His/Ile) — (Phe /Trp/Tyr). The
1* position is fixed to Trp and the 31 position is the variable part of the motif. In other way
to represent a motif is: aromatic side-chain — aromatic and hydrophobic side-chain —
variable — hydrophobic, long side-chain or positively charged side-chain — aromatic side-
chain. There exist 1x2x5x2x3 = 60 possible peptides that can be built up from this motif.
In order to determine the best peptide among 60 possibilities AutoDock program is used.
The binding affinity in terms of kcal/mol is calculated for each of 60 peptides, the results
for good- and high-affinity peptides are given in Table 7.2. The interaction energies
between hGH and the motif peptides are given in Table 7.2. All of them bind to the pre-
determined binding site.

After the docking of 60 peptides, the top 7 peptides are clustered into 2 groups, as
indicated in Table 7.2. The first group has average binding affinity of -10.26 kcal/mol,
while the second group has average binding affinity of -8.9 kcal/mol. The first group has
the motif Trp — (Phe/Trp) — (Phe/Tyr) — (His/Ile) — (Trp/Tyr). The second group has the
motif Trp — (Phe/Trp )- (Ala/Tyr) — (His/Ile) —(Phe/Tyr).

Figure 7.1 indicates the bound Trp Phe Phe His Trp peptide on hGH surface. The
peptide makes hydrogen bond with protein residues Ser62, Aspl7, and Thrl175. There
exists a # — % interaction between the residues: TrpS — Phe25. There is an intramolecular
Z — 7% interaction of peptide formed by the residue pairs Trpl — Phe2. There exists an
intramolecular 7 -cation interaction of peptide formed by the residue pairs Phe3- His4. As
can be seen from the figure, there is almost a perfect geometric match between the peptide
and the surface. Especially Trpl and Phe2 residues match exactly to a cavity on the
binding surface.

Figure 7.2 indicates the bound Trp Phe Phe Ile Trp peptide on hGH surface. The
peptide makes hydrogen bond with protein residues GIn22, Ser62, and Aspl71. There
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exists a 7 -cation interaction between the residues: Trpl — Lysl172. There is an
intramolecular # — 7 interaction of peptide formed by the residue pairs Trpl — Phe2. A
7 -sigma interaction is observed for residues Trp5 — Phe25.

Figure 7.3 indicates the bound Trp Trp Tyr Ile Tyr peptide on hGH surface. The
peptide makes hydrogen bond with protein residues GIn22, and Aspl71. There exists a
Z -7 interaction between the residues: Tyr5 — Phe25. Two intermolecular 7 -sigma
interactions are observed for residues Trpl — Phe25, and TyrS — His21. The binding
orientation of this peptide differs from the Trp Phe Phe His Trp and Trp Phe Phe Ile Trp
peptide conformations on the protein surface.

Table 7.2. Binding energy and K values of the motif peptides.

Peptide Detailed Docking Inhibition Constants
Sequence Results K;
Binding Energy
(kcal/mol)
Trp Phe Phe His Trp -10.31 27.88 nM
Trp Phe Phe Ile Trp -10.24 31.30 nM
Trp Trp Tyr lle Tyr -10.23 31.91 tM
Trp Phe Ala His Tyr -8.94 279.62 nM
Trp Trp Tyr His Tyr -8.94 279.62 nM
Trp Phe Tyr His Tyr -8.93 286.24 nM
Trp Trp Ala Ile Phe -8.93 282.88 nM

Figure 7.1. Trp Phe Phe His Trp peptide bound to hGH surface. The protein is represented as

surface; the peptide is represented as ball-and-stick.
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Figure 7.2. Trp Phe Phe Ile Trp peptide bound to hGH surface. The protein is represented as

surface; the peptide is represented as ball-and-stick.

Figure 7.3. Trp Trp Tyr Ille Tyr peptide bound to hGH surface. The protein is represented as

surface; the peptide is represented as ball-and-stick.

Although no conserved peptide motif has been discovered for hGH binding, there have
been successful attempts to determine the binder residues of the protein. The crucial
residues of hGHR that play role in hGH binding are studied by many different groups.
Baumgartner et al. [153] determined that the Ser226 residue of hGHR is very essential in
hGH binding, the residue interacts with the Glul74 residue of hGH. Baumgartner indicates
that Tyr222 residue of hGHR is surrounded by a pocket formed with Glul75, Pro191 and
Arg215 of hGH. The author offers Trp-X-X-X-Ser motif for hGH according to
experimental results. The Viterbi algorithm determined Ser residue for the 4™ position of
the peptide and furthermore the Glul74 of hGH is found in neighboring residues of the
designed peptide. The algorithm sets Tyr residue for the 5t position, and Glul75, Pro191
and Arg215 residues oh hGH is available in the binding site. Cosman et al. [168] and
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Bazan et al. [169] acknowledged that a typical Trp-Ser-X-Trp-Ser motif is observed in
hematopoietic superfamily receptors, of which hGHR is a member of.

The alanine scanning studies of Wells [157] on the hGH-hGHR complex indicates that a
small set of amino acids are necessary for the two proteins to interact: Trp104 and Trp169
residues of hGHR pack against the Asp171, Lys172, and Thr175 of hGH. As stated before,
those hGH residues are found in our binding region and also 2 Trp residues are found both
in Viterbi and GA designed peptides. Wells indicate that the interaction site for hGHR-
hGH complex is large while only a few hydrophobic residues are essential in binding.

Experimental design is necessary to prove interaction between the offered peptide
sequences and hGH. Trp-X-X-Ser and (Phe/Trp)-X-Ile-(Trp/Tyr) motifs can be offered
for hGH as an outcome of our algorithms. The model can be applied to any given protein

target for design of any peptide length.

7.2.2. Erythropoietin Peptide Motifs

Erythropoietin (EPO) is a glycoprotein hormone produced mainly in mammalian kidney
and liver. EPO regulates the erythropoiesis and the red cell proliferation and differentiation
[170].1t is not possible to purify EPO directly from blood serum; we aimed to design a
selective peptide design to filter the protein. EPO interacts with the membrane bound
erythropoietin receptor (EpoR) located on erythroblasts in the bone marrow [171]. EPOR,
similar to hGHR, includes a 4 cysteines and Trp Ser X Trp Ser motif, which is presumed
to be involved in protein-protein interaction. Human EPO was first purified in 1977, from
anemia patients. Accordingly, human EPO is the major therapeutic agent to treat anemia of
chronic renal failure and other diseases [172]. There exist two binding sites on EPO: the
high-affinity receptor binding site and the low affinity receptor binding site. The high-
affinity receptor binding site involves residues Asn 147, Arg 150, Gly 151, Thr 41, Lys 52.
The Trp 51 and Phe 48 interact with the side chain of Leu 155, suggesting that the residues
play a structural rather than functional role in receptor binding. The low affinity receptor
binding site comprises the residues Val 11, Arg 14, Tyr 15, Ser 100, Arg 103, Ser 104 and
Leu 108 [173].
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The binding site of EPO is determined with GNM as indicated in Figure 7.4. The
binding site center is set as Leul55. From literature the residues Phel42, Tyr145, Phe148
and Tyr156 are known to be essential for receptor binding [173]. Gly151 and Val46 pack
against the methyl groups of Leul55 forming a shallow hydrophobic core [173].

The VitAL determined Trp Glu Met Met Met Met Met peptide for EPO protein, the
peptide affinity is -4.72 kcal/mol. VitSTR determined Glu Glu Glu Arg Glu Glu Val
peptide with -10.49 kcal/mol binding energy for EPO (Figure 7.5).

Glu Glu Glu Arg Glu Glu Val forms 5 hydrogen bonds with Phe48, Lys154, Thr163,
and Argl66. Salt-bridges are formed between Glu residues of peptide and Argl56, Lys154,

Argl50.
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Figure 7.4.  The hot-spot residues of EPO protein determined by GNM.
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Figure 7.5. Glu Glu Glu Arg Glu Glu Val and EPO complex.

The peptides designed by VitAL, VitSTR and 48 random peptides are set as the initial
population of GA. After 10 generations, the algorithm determined candidate peptide
sequences. The top peptides of the last 4 generations and the corresponding free energy of
binding in kcal /mol, which is the fitness value of GA, are given in Table 7.3.

Table 7.3. Binding energy values of the top peptides determined by GA.

Generation Number Peptide Sequence Fast Docking Results
Binding Energy (kcal/mol)
7 Asn Pro Thr Ala Tyr Phe Ser -6.5
8 Asp Pro Thr Ser Trp Ala Tyr -6.24
Asp Pro Ser Tyr His Ala Val -6.1
9 Asp Pro Val Ser Trp Ala Tyr -6.83
Asp Pro Thr Ala Trp Asp Tyr -6.3
Asp Pro Thr Phe Trp Asp Tyr -6.07
10 Asp Pro Trp Ala Trp Asp Phe -7.03
Asp Pro Val Ser Trp His Ser -6.07

GA conserved specific residue types at particular positions: For the 1% position,
negatively charged Asp residue with aromatic ring is observed. For the 2™ position the
helix-breaker Pro residue is conserved as given in Table 7.3. Those repeated and conserved
residues may play role in specific binding to the selected protein surface. The significance
of the program is that no manipulation during the runs and no priori information are needed
to determine a potential binder peptide.

The conservation of residues at particular positions lead to a motif for hepta-peptide of

EPO:  Asp-Pro-(Thr/Val/Ser)—(Ala/Ser/Tyr/Phe)-(Tyr/Phe/His)-(Phe/Asp/His/Ala)-
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(Ser/Val/Tyr/Phe). The 1% and the 2™ positions are fixed to Trp and the remaining
positions are variable. In other way to represent a motif is: negative charge — helix breaker
— hydrophobic — hydrophobic or aromatic side-chain. There exist 576 possible peptides
that can be built up from this motif. In order to determine the best peptide among 576
possibilities AutoDock program is used. The binding affinity in terms of kcal/mol is
calculated for each of all possible peptides and the best peptide sequence is determined to
be Asp Pro Val Tyr Trp His Val with -9.98 kcal/mol binding energy. The peptide-protein

complex is given in Figure 7.6.

Figure 7.6.  Asp Pro Val Tyr Trp His Val and EPO complex.

Asp Pro Val Tyr Trp His Val peptide makes specific interactions with EPO: 3 hydrogen
bonds with Phe48 and Lys154; 7 - sigma interaction is observed for Trp and Gly151; salt-
bridge forms between Asp and Lys154; # — 7% stacking is available for Tyr and Phe48.

7.3. Concluding Remarks
A combined probabilistic approach is offered to define a potential binder peptide motif

for a given protein surface. The method is constructed from two parts. The first part is
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based on a Hidden Markov model using Viterbi decoding and the second part utilizes
genetic algorithm. Initially, a binding site on the selected target protein is determined via
the coarse grained Gaussian Network Model. One or more counterpart proteins are
determined via employing the HotPoint server if any complex structure is available on
Protein Data Bank. The counterpart protein fraction(s) interacting with the pre-determined
binding site is analyzed. The interacting part of the counterpart protein is defined as the
binding path. The best fitting peptide is constructed by generating all possible peptide pairs
at each point along the path and determining the binding energies between these pairs and
the specific location on the protein using AutoDock program. The Markov based partition
function for all possible choices of the peptides along the path is generated by a matrix
multiplication scheme. The best fitting peptide for the given surface is obtained by a
Hidden Markov model using Viterbi decoding. The suitability of the conformations of the
peptides that result upon binding on the surface are included in the algorithm by
considering the pre-determined structure of counterpart protein. The structure
consideration is based on the intrinsic Ramachandran potentials. Genetic algorithm with
tournament selection is applied to determine motifs for the target protein. The best fitting
peptide sequence determined by Viterbi decoding and randomly generated peptide
sequences are set as the chromosomes of genetic algorithm. Initial random population leads
to determination of 50 possible binding peptides, after 7-9 generations of GA. The
conservation of specific amino acids at particular locations leads to formation of binder

motifs for the target protein.
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Chapter 8

CONCLUSION

The studies in this dissertation shed light to the peptide properties and the peptide
design problem. The statistical thermodynamics features of peptides are formulated using
knowledge based data relevant to the denatured states of proteins. The method is used to
determine the energy of a peptide to gain information about the relative magnitudes of the
energy of the single conformation that is obtained upon binding and the average
configurational energy of the peptide in solution. Knowledge of the entropy of a peptide
can be calculated to understand the amount of entropy that will be lost when the sequence
binds to the surface. The conformational heat capacity of a free peptide is also determined
to comprehend the stability of the peptide in solution.

The peptide design algorithms provide insights for researchers working on protein
purification and binder peptide problems. Three different models are offered to predict
inhibitor peptide motifs for any given protein. The methods are global and the performance
of predictions is encouraging. The genetic algorithm uses the tournament selection, one-
point crossover and mutation operations are implemented. The algorithm converges to
certain amino acids for specific positions. Moreover, the method is able to determine better
affinity peptides at each generation. The VitAL and VitSTR methods employ Viterbi
decoding for HMM, where the hidden states are amino acids and the observables are the
torsional angles. The models are able to predict a potential binder peptide sequence. The
prediction performance could be improved further by additional informative attributes such
as the chemical and physical features of the docked amino acids. The amino acids and their
property conservation at specific positions is a promising result. Experimental design is
necessary to prove interaction between the offered peptide sequences and the target
proteins. The importance of the programs is that no manipulation during the runs or no
priori information is needed to determine a good candidate peptide.

The VitAL server would be useful both for the experimentalists and computational
scientist working on peptide design problem. The VitAL method is tested on known
protein-peptide inhibitor complexes. The detailed analysis of the designed peptide

interactions and comparison of those peptides with the known peptides indicate that our



Chapter 8: Conclusion 114

method is able to detect the requirements of binding surface: such as hydrophilicity,
electrostatic compatibility, aromatic interactions, sulfur atom and its interactions.

As a future work, improvements for the emission and transition probabilities for Viterbi
models are crucial. The genetic algorithm can be improved further via addition of some
filters according to the target protein information or formation of non-random initial
population. Those filters may also lessen the time of prediction.

The thermodynamics of peptides, de novo peptide design and peptide motif
determination problem are studied in this dissertation. These studies here will serve to drug

design and protein purification.
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APPENDIX

A.1. NF-xB peptides designed by Markov Model
Table A.1.1. The top 100 peptides designed by Markov Model. The 1* column indicates the

peptide sequence, the 2™ column indicates the AutoDock binding energy of the designed peptide,
the 3 column shows the inhibition constant calculated by AutoDock, and the last column indicates
the probability order of the peptide — out of 100. The higher the probability value, the more
possible it is that the peptide will bind to target protein according to the Markov model.

Peptide Sequence AutoDock Binding K Probability Order
Energy (kcal/mol)
FSWFWWY -11,25 5,71 ;M 4
KFWFFWY -11,11 7,16 nM 95
FKFEFWY -10,37 25,14 nM 44
FKHKFWY -10,22 32,17 nM 2
RHTWFWY -10,13 37,78 nM 28
RHPNFWY -9,96 49,90 nM 63
FSNFFWY -9,9 55,72 nM 15
FAQKFWY -9,83 62,78 nM 79
RSWFWWY -9,74 73.09 nM 29
FKFFFWY -9,71 76,32 nM 83
FSQFWWY -9,67 81,72 nM 49
FKHSWWY -9,37 135,27 nM 93
FGNFFWY -9,34 141,91 ;M 9
FRVWFWY 9,25 165,55 nM 53
FKHCFWY -9,24 167,83 nM 46
FQPKFWY 9,1 213,51 nM 37
FKFKFWY -9,07 226,33 nM 3
FRNFWWY -9,03 239,49 nM 26
FSWFFWY -9,01 247,73 nM 5
FKHKFWF -8,9 268,16 nM 33
FAWFFWY -8,87 314,57 nM 84
FANFFWY -8,84 332,45 nM 30
FGNWFWY -8,84 329.84 nM 80




Appendix 116
FCNFWWY -8,81 348,41 nM 97
RHPLFWY -8,78 366,52 nM 76
FSPKFWY -8,76 382,05 nM 36
FSWKFWY -8,75 386,45 nM 62
KFWFWWY -8,59 504,49 nM 77
RHPSFWY -8,54 547,86 nM 75
HANFWWY -8,53 559,60 nM 16
FKFFWWY -8,41 685,98 nM 74
HAEWFWY -8,4 696.41 nM 71
FGNFWWY -8,37 735,51 nM 6
RSWFFWY -8,3 829,60 nM 42
FSWFWHW -8,26 889,07 nM 72
RHPCWWY -8,2 981,01 nM 51
HAVKFWY -8,19 999,39 nM 38
FSQWFWY -8,12 1,11 uM 23
FRLWFWY -8,09 1,17 uM 13
FSFKFWY -8,03 1,29 uM 66
FHTKFWY -8,02 1,32 uM 59
FGLWFWY -7,93 1,55 uM 32
FKHFWWY -7,91 1,60 uM 8
FSWLFWY -7,88 1,68 uM 100
FKHCWWY -7,84 1,80 uM 12
FAVKFWY -1,53 3,04 uM 60
FRHWFWY -1,53 3,04 uM 88
FKFWFWY -7,51 3.11 uM 25
FSQKFWY -1,37 3,96 uM 14
HANFFWY -7,36 4,02 uM 21
HAQWFWY 7,29 4,05 uM 85
FSTKFWY -7,22 5,07 uM 35
FGRWFWY -7,15 5,70 uM 82
RHPKFWY -7,15 5,74 uM 19
FRHKFWY -7,12 6 uM 86
FKHRFWY -7,11 6,17 uM 18
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HAWFFWY -7,11 6,13 uM 65
FKFKFWF -7,09 6,35 uM 34
FKHQWWY -1,07 6,57 uM 47
FKHWFWF -6,88 9,10 uM 31
FGRLFWY -6,85 9,53 uM 87
FFWFFWY -6,8 10,35 uM 81
FKHEFWY -6,76 11,17 uM 67
FGFKFWY -6,66 13,10 uM 61
FSQFFWY -6,32 23,34 uM 58
RNRLFWY -6,25 26,18 uM 68
RNFKFWY -6,12 32,75 uM 22
RHTKFWY -6,09 34,54 uM 7
FKPKFWY -5,99 40,34 uM 52
FKFRFWY -5,79 57,16 uM 91
FKFNFWY -5,69 67,28 uM 89
HAQKFWY -5,69 67,68 uM 56
FKHSFWY -5,63 74,28 uM 41
FKHLFWY -5,59 80,33 uM 96
FRVKFWY -5,57 83,19 uM 17
RHWFFWY -5,34 120,96 uM 40
RHVKFWY -5,15 168,68 uM 20
FKHIFWY -4,76 322,51 uM 98
FNFKFWY -4,72 344,96 uM 55
FSNFWWY -4,58 441,44 uM 11
FKHWFWY -4,37 630,09 uM 1
RHVWFWY -4,26 757,19 uM 64
RHWFWWY -3,23 4,28 mM 27
RNRWFWY -3,1 5,33 mM 70
FKFQWWY -2,9 7,54 mM 43
FFWFWWY -2,71 10,40 mM 69
FSWFWFW -2,47 15,35 mM 94
FANFWWY -2,46 15,61 mM 24
FKHFFWY -2,45 15,88 mM 10
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FSWWFWY -2,36 18,77 mM 45
FRNFFWY -2,27 21,60 mM 39
HAWFWWY -2,27 21,57 mM 48
FAWFWWY -2,01 33,37 mM 73
FKFHFWY -2 34,20 mM 90
FSWFFWF -2 34,44 mM 57
FSWFWWF -1,93 38,39 mM 50
RNRFWWY -1,6 67,72 mM 99
FSWFWFR -1,55 72,69 mM 92
FSQRFWY 0,02 None 54
FGNKFWY 0,57 None 78

A.2. VitAL Benchmark

The Ramachandran map is divided into 11-states as described in Chapter 3. The
emission probabilities for dipeptides are calculated according to the probabilities from coil
library as defined in Chapter 5. The emission probability values (according to the coil
library) for the torsional angles out of the 11-states are small. When the dipeptides are
docked to target protein surface by VitAL or VitSTR methods, their torsional angles are
mostly observed to be out of the 11-states. Consequently, for suc cases the effect of
emission probability is very small compared to the effect of transition probability. When
the transition probability dominates, the Phe / Trp / Tyr residues are favored in the
designed peptide due to the fact that their AutoDock binding energy is high compared to
other amino acid types. The force-filed other than AutoDock can be utilized to overcome
the large residue conservation through all peptides.

Since the dipeptide torsional angles are distributed in Ramachandran map, it is
necessary to define new states on the map. While implementing the VitAL as a web-server
a new peptide library, PEPX [167], is utilized. The usage of the new library is important
because the torsional angles are distributed all over the Ramachandran map, not only to the
11-states. The distribution is shown in Table A.2.1. As can be seen from the table 13% of
amino acids are observed out of 11-states, and 23% of dipeptides are observed out of 11-

states.
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Table A.2.1. The observation of 11-states and the other states fot the amino acids (2™ row) and

the dipeptides (3" row) of PEPX library.

States 1 2 3 4 5 6 7 8 9 10 11 Other
Amino Acid | 185 | 1563 | 2659 | 185 | 1472 | 704 | 161 | 229 | 1016 | 1875 | 1805 | 1783
Frequeies

Dipeptide 395 | 1537 | 2585 | 357 | 1262 | 592 | 218 | 399 | 943 | 1712 | 1661 | 3394
Frequencies

The Ramachandran map is futher divided into 21-states as shown in the Figure A.2.1.

The PEPX database is utilized for the new state definitions.

Figure A.2.1.21-states Ramachandran map.
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Table A.2.2. Definitions of 21 states.
State Notation Definition
1 e Mirror image of the extended region €.
2 € The extended regions, ¢ >0, y ~ -+180°.
3 OR Right-handed alpha helix.
4 Y Tight turn region.
5 Or The right handed bridge region between two [ strands.
6 oL Mirror image of the Og region.
¢ Region observed mostly in residues preceding PRO.

8 Y Inverse tight turn region.
9 o Mirror image of O.
10 Bs Extended beta sheet forming region.
11 Bp Region with extended polyproline-like helices.

. (-180<=phi<=-120 and -30<=psi<=0) or
12 O (-180<=phi<=-150 and O<=psi<=30)
13 o (-180<=phi<=-120 and -150<=psi<=-90) or

(-120<=phi<=-90 and -120<=psi<=-90)
14 oo (-90<=phi<=-30 and -150<=psi<=-90) or
(-60<=phi<=-30 and -180<=psi<=-150)
15 v’ (-60<=phi<=-30 and O<=psi<=90)
16 (-30<=phi<=30 and -180<=psi<=180)
17 - (30<=phi<=60 and 120<=psi<=180) or (60<=phi<=90 and
90<=psi<=150)
18 o’ (90<=phi<=150 and 30<=psi<=120)
19 (180<=phi<=150 and -150<=psi<=150) or (120<=phi<=150 and -
90<=psi<=-30)

20 o (30<=phi<=60 and -90<=psi<=30)
21 Ey (20<=phi<=60 and -120<=psi<=-90)
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The server is tested on pentapeptides from PEPX database [167]. The PDB accession
codes, literature peptide sequences, VitAL server designed sequences and the AutoDock
binding energy of designed peptides are given below in Table A.2.3. The conservation of
some amino acids and the similar amino acids in VitAL peptides is promising. The location
of some amino acids is altered in VitAL peptides when compared to the literature peptides.
This is due to the fact that the grid box for each amino acid is not constrained, but it is
relaxed to 2.5xamio acid size. The binding site for the peptide may be shifted 10-15
Angstrom according to the reference size. The most promising results are observed for
IBHX, 1PIP, 1IPYO, and 1R9N.
Table A.2.3. The VitAL benchmark

Literature Binding Energy of

PDB ID Peptide VitAL Peptide VitAL Peptide (kcal/mol)
1AB9 TPGVY WFYMC -6,67
1BC5 NWETEF FFPQH -4,88
1BE9 KQTSV WWVVYV -7,65
1BHX DFEEI WEVDE -6,84
1EE4 KRVKL WPLVA -5,75
1ELR MEEVD YYMIE 4.4
1EVH FPPPP WWLLI -6,19
1FCH YQSKL WWQCA -5,85
1GMD PGAYD WWWHP -8,71
1HTM TLCLG WYTVS -5,6
11HJ TEFCA WEAAA -4,81
1JQ9 FLSYK WYYGG -7
1JUQ DDHLL WWSDV -3,75
1IWY TRGLV WYEAE -5,6
1KL5 SHPQF WPECD -9,16
1KYD SDPWK WQHHS -6,37
1KZP KCVIM WPHCC -8,67
IMF4 VAHRS WWRLI -4,95
INRR KYEPF WEHPYV -5,3
INVQ ASVSA WYHHH -5,39
INXO0 AKATA WWVAA -6,26
10BY NEFYA WFEDIL 0,58
10KV RRLIF WWVCR -6,85
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10YT FEEIP WYAHP -7,09
1PIP QVVAA WYQVYV -5,12
1PYO LDESD WPESG -6,83
1RON YPSKP WFKMP -5,8
1SDX LEQCA WEYDD -4,37
1TG4 FLAYK WPCNE -5,84
1TNS GCVLS WWLYA
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