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Abstract

Antibodies (Abs) are proteins that bind target antigens (Ags) and interact with immune
receptorsOver the yeardiey have beedevelopednto therapeutis with tremendoupotentialto
treatvariousdiseases. Tir global market share is projected to cross $500 Billion by 2030. As
excellent as therapeutic antibodies are when administergdtients, they exhibit limitations
associated with solubilifyaggregation propensijtyand degradationtendencywhen working
outside the body. Therefore, it is important move beyond conventional Abs and develop
alternative protein binders that can mimic their functions while being able to address these
limitations at the same time.

Previously, several works have developedilico algorithms to design functioning protsin
to bind their targets. However, they typically generaeny predictions, which are practically
unfeasible for experimental testing due to high cost and time constraints. This dissertation
demonstrates the application of complex scientific protocols to shortlist the most promising
computational designs fromlarge dataset of predictions most worthy of experimental testing.

ChapterTwo will use anovel PETElalgorithmto designthousands of 0" fibronectin type Il
domains to bind 3 distinct tag epitope peptides, FLAG, HA, and MXxe it is unfeasible to
test all the designs, they will be energy minimized using CHARMM and Rosetta forcefields based
on three ofewerpositive CDR residues. The Rosetta Interfacalfze will calculate and analyze
their binding energy per buried surface area. Similar binding metrics will be calculated for an
energy minimized, noenedundant 231 Adprotein database and compared to the designs. The
designs will be rank ordered and tiop 30will be selectedor experimentsThis chapter is part

of a bigyer projectsubmitted for publication as of July 2024.



ChapterThree will useanother novel algorithm called MutDock to design 2145 DARRih
Cobratoxin complexeslhey will be downselected tdhe top 39 using the scientific protocols
mentioned previouslyand affinity matured using specific RosettaDesign protocols to improve
binding.3900 affinity matured designs will be narrowed down to 73 by applying similar protocols
and visually inspected in UCSF Chimera. Short 5 ns NAMD MD simulations will be conducted to
assess the structural integrity over time ancbnformationalbinding metric trajectory will be
plotted against time to analyze their characteristics. Their standard deviations will be calculated
and this analysis will assist in doveelecting the top 51 desigfts experiments

ChapterFour will use tooldike CamSol, HoTMuSIC, SCooP, IEDB Bxamunization,and
RosettaDesign to finune the physicochemical propertiessafthelical bundlego arrive at the
desired proteinThese top 5 were shortlisted from a list7&f similar structures after discarding
the ones with Cys residuede novodesigns, extra end loop, and the position of an end loop to
causesteric hindrance. RosettaFold preditfl out of 5 redesigned sequenséo fold to their
native state. This bindevill be thestarting point for the next 2 more iterative rounds of-fun@ing
to generate 16 di f f eThesefotepbéervablythd level df compmlexityof pr ot
the development and applied scientific protocols implemented in the subsequent dtesyisrs
increasingprogressivelywhich leads to a moresophisticéed downselection process for designs
worthy of experiments.

ChapterFive will elucidate the usage ofTasser, Robetta, and trRosetttamodel 3 anti
CTLA4 nanobodies and canine CTLA4 protein. ZDOCK was used to dock thieich resulted
in 85 of the 90 predictions shavg the nanobodies binding to the CTLA4 conserved epitope. This
was a modeling of experimental resuliad it was published in Scientific Repor@hapter Six

will explain the future directions of the current projects.
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1. Introduction

1.1. Research focus of this dissertation

Proteins are large biomolecules that medsaime ofthe fundamental life processes, dmiv
they do sdhave been an area of intense research for scieriststhe last few decaddi]. In
particular, therapeutic proteins like antibodies $Abave revolutionized the field of medical
science. These are defense protéuasassist the body to fight infectiomgjainstdisease causing
pathogensAn Ab i s a O6Y®0 shaped gl obul ar protein th
binds an antigen (Ag) and maskit to be neutralizé2], [3], [4]. Immuneproteinssuch as ¢ 2
receptorsnitiate the immune response through signaling pathways whereas complement receptors
activate the complement pathways to defend against invading patfsggsis[7], [8], [9], [10],

[11], [12], [13]. The ABAg complex is then engulfed by phagocytes like macrophages. Therefore,
the networkingof these proteins at the cellular level is critical to keep the body healthy and fully
functioning.

Therapeutic Abdravebeen developed to treat several disedmeEmuse of their therapeutic
propertiesandare excellentvhenadministered to patientslowever, they have issues related to
solubility, aggregation propensitgnddegradation tendency when working outside the bolig.
dissertatiorchapterwill acknowledg the usefulness dherapeutidAbsto treat diseaseglentify
their limitations introduce alternativeproteinbindersandin-silico method as a possible solution
to address # limitations, and most importantly focus on applying the appropriate complex
scientific protocolsiecessaryo finalize designs that are worthy of being experimentally tested in
the laboratoryWith the correct approach, a combinationirekilico tools to designalternative
proteirs can establish a fas@ndcosteffective techniquéo bind target antigenslowever, these

tools can make predictions based on scientific rationale and available data. The likelihood of
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experimental success with fewer-silico designs is extremely low. Therefore, hundreds and
thousands of designs are generally predicted to increase the probability of experimental binding.
However to find the designs that binidljs practically unfeasible to experimentally testadithem
due to time constraints and monetaxypensesFor this reason, it is important tpply the
appropriate scientific protocols to shortlist the most promising designs from the largdrset of
silico predictions that arenost worthy of experimeat

This is the commonality in all the dissertation chapters and the level of complexity of the
scientific protocols will progressively increase as they are implemented to the designed complexes
in the subsequent chapteHowever, before the technical contents of the individual chapters are
introducedto explainthe use of tleseprotocols the readersnusthavea basicunderstandingf
this field, in particulathe structure and functions of an Althe reason ihatAbsis the motivation
behind this work and unlesthe readers are well acquainted with their functioning, uses,
production, and limitations, they will not be able to understanchéeelfor a paradigmshift to
introducecomputational protein engineering to desaternative binding proteing herefore,a
systematic approach is necessary to progress through the contents of the chapters starting with the
background informatian

1.2. Defense Proteins: Structure and Function

Abs or Immunoglobulins (Igs) are heavy (150 KID&]) heterodi meric, 0YO
glycoproteins, produced by specialized cells of the immune system, which identify, target and
attach to foreign pathogens called antigens, and mark them to be neutralized by immune cells of
the body{3], [4]. The tips of the V region of the Ab are called the paratbppand they bind to
the antigenic epitopl 5], [16]. Paratopes are enriched in aromatic amino g&#ls which being

bulkier havefewer degrees of freedom (DOF) compared to lahgin residues. This provides
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rigidity and more stability to bind the epitopes. The paratggptope interaction can be thought of

as a lock and key model as the two complement each other with high binding affinity and
specificity, giving rise to a strong complex. Fundamentally, anolgsists of twelve domains,

which make up four polypeptide chains held together by disulfide 8hdBhere are two heavy

(H) and two light (L) polypeptide chains, which can be further divided into four variable domains,

2 Vu, and 2 \( that bind to the antigenic determinants or epitopes, and eight constant domains (the
otail 6) some of which interacts with Fc or
respons¢3], [4], [17]. Figurel shows a fully crystallized Ab structure with its parts labeled. Due

to this extent ofmodularity, Abs can be cleaved using the appropriate enzymes to generate fully
functional smaller lgike molecules. As shown in FiguBea protease called Papain cleaves an Ab

into a fragment, antigen binding (Fab(s)) and the fragment, crystallizable (Fc), which remain
attached[3], [4], [18]. Pepsi n, another protease, cteaves
fragment, consisting of both t H3/[4]0[18]. Anothes 6 | o
important Ig fragmenhasthe variable domains of the heavy and light chains linked together by a
stretch of a peptide, called single chain variable, fragmestF\{3], [19]. As mentioned earlier,

a nanobody (N§20] is a sdAhengineered from a VHH hese independent molecules have been
genetically modifiedecause atheir dynamic structure, flexibility, modularitgnd small size for

improved therapeutic applications to treat diseases and medical anomalies.
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Figurel A full antibody . A fully crystallized IgG4 antibody PDB 5DK3.43 are highlighted in

red, G in green, and M are in orange and blue respectively with the CDRs marked in magenta.
The Li-sand H-srepresents the light and heavy chain CDRs respectively. Fc and Fv represents the
constant and variable domains and Fab are fragment, antigen binding.

IgG F(ab’), Fab
H H H H H
L \ L L L L
\/ | & pepsin M over &
——- ———
digestion + digestion
fragments

Fab Fc
L H
papain L
. . +
digestion H H

Figure2. Antibody fragment examples An IgG being cleaved by Pepsin and Papain to
generate F(abd) 2 andSowmebwww.grgtece.co.ukéwpr especti vel

content/uploads/2016/10/teahfo-figl.gif)
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The V-shaped tips of the f&rminal variable region, Wand M. is a region of hypervariability
known as Complementarity Determining Regions or CDR(s), which serves as the primary binding
site to an epitoppt], [21]. Each &éarmé of the O0YO6 str-Bforture
the heavy chain domain, E3 for the light chain domain, and four stable framework regions; FR1
4 . As previously described, using theobéock
neutralized by agents of the immune system. Apart from the CDRs, certain regions ofctire Ab
interact with immune receptors and signal immune response. The fragment, crystallizable, Fc
region, often called the constant region of Abs near the basdnaé camiMtéract with immune
receptors and assist in signaling immune resg8h4&]. This region is not antigen specific since
it only interacts with immune proteins of the body and no foreign pathogen. The Fc region
comprises highly conserveddlycosylation sites where the immune receptors[Bid[23]. The
glycosylation process is essential for Ig effector functions since it paysialrole in the folding
of such mammalian/eukaryotic glycoprotejag], [24]. Additionally, it helps in steric protection
from proteolytic degradation, and protgirotein interactions (PPI).

The information mentioned above generally sums up the basic structure and functions of an
Ab. These proteins have been engineered and used in the medical indubtyapeutic Abfer
decades and at a global scale have an enormous market share.

1.3. Antibodies at a global scale

The pharmaceutical industry is an enormous contriltottre global economy and it plays a
significant role in the healthcare system. It is a versatile industry that is engaged in a variety of
activities such as research and development, drug discovery, clinical trials, manufacturing and
distribution, marketingand sales, intellectual property, quality cheakd other areas. This

industry has grownat a tremendous pace in the last few decades and their global sades w
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reinforced further due to the pandemic. An article published in Human Antibodies (Vol 30, 2022)
says that the Monoclonal Ab (mAb) revenue is expected to generate $300Bn [R620%50ther
article published in Antibody Therapeutics (Vol 5, 2022) has projected that the global Ab therapy
market will reach $445Bn by 20p#5]. Considering these projections, their trajectory might cross
more than half a trillion USD by 2030. In 2020, an article was published in JBS bywiRuku
et. al,highlightingample market value and revenue statistics of therapeutic antibodies along with
their future projectiong27]. In the same year, due to the COVID pandemic, the global
therapeutics market observed unprecedented dernttaatgsished their market economy to newer
heights. A report by Fortune Business Insights predicted a growth of $2.8y 2032 in the
mAb global markets (Report ID: FBI102734, Source:
https://www.fortunebusinessinsights.com/monoclearaibodytherapymarket102734). An
article was published in DARUPS, Springer, 2020, which further highlighted the stesrh and
long-term effectsof COVID-19 [28]. It states that there were 113 medicines and 53 vaccines in
the R&D pipelines or phase trials for patients diagnosed with the virus. Hence, the global
pharmaceutical market saw soaring demands in such therapeutics in the last three years and
observablytherapeutiAbs ha proven to beexcellentbinding proteirs of this industry. They also
have an interesting history of production ahd waythe Ab production technology has evolved
over the years is important tonderstandand judge if there is any paradigshift necessary or
otherwise.

1.4. Antibody production and limitations

Originally, therapeuticAbs was developed by immunizing animals such as mice or rabbit
with a target Ag. The mammal would gradually be injected with the Ag of choice in small

guantities ovetime to help generate an amplified immune response. It has been the common
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practice to develop immunity against that particular Ag. The minute quamitmgedhat no
harm was being caused to the animal or posing thliéat, and it was just enough to help develop
Abs against the target Ag oveeme. The Ab was obtained from the animal by extracting blood
and purifying it. Since the Abs were generated inside the animal, this process was termed a
vivg[29] process. As time progressed, the method of Directed EvdiB@ipn31], [32] was
introduced, which employad vitro [33], [34], [35] experiments to generadteerapeuti@antibodies
in the laboratory. As the name suggests, directed evolution mimics the process of natural selection
to drive proteins toward the desired end goal. It is based on iterative rounds of library mutagenesis
(creation of genetic variants through migaj, expressing the variants, isolating the desired ones
(selection), and finally amplifying the desired of@%], [32], [36]. The steps are repeated using
the best variant from the previous round to achieve improvements and finally get directed to the
desired protein. Both methods have been successful in consistently designing high affinity
therapeutic Abs. Over the years;like scaffolds such as mAbs, bispecific Abs (bsAbs), Fab,
Fcabs, scFvs, scHcs, etc. have been developed in the labor§i@®iy [19], [37], [38] They have
demonstrated enormous potential for binding to the target epitope with high affinity and
specificity{39]. mAbs have played a pivotal role as potential therapeutic agents in the treatment of
cancers, autoimmune diseasa®sd cardiovascular diseases with high success[atp$39], [40].
Thus, a lot of effort has been put into developing target specific therapeutic proteins for treating
autoimmune diseases and cancer models, by conducting laboratory experiments.
AlthoughsuchAbs areexcellenttherapeuticsvhen administered to patientbey have certain
limitations when being worked with outside the bodyhey must be expressed in specialized
eukaryotic (true nucleus) cells and require gomtslational modifications (PTM) like N

glycosylation to fold and function appropriately as therape(2i¢$23], [41]. They are relatively
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large molecules (150 kDa approx.), and their size makes it difficult for them to penetrate tumors
and they have slowed systemic clearance pfafil¢42]. This also causes them to have poor
solubility issues, which makes it difficult to develop high concentration Ab formul§i®h$44],
[45]. Due to the presence of several surface accessible drug conjugation sites, it becomes difficult
to reliably control the dosafi6], [47], [48], [49] Igs have poor thermostability, which hinders
their full potential from being developed into therapeutics. Experimental approaches to design
novel Abs to bind a target epitopeetime and cost expensive, and such technigelgon random
luck for epitope binding specificity. AherapeuticAb is only effective if it targets the specific
epitope of the Ag, which is a matter of chance when molecular biology experiments are concerned.
These factors significantly cause an increase in the productio2]¢dkereby decreasing the
yield. Due tosuchlimitations, the development of conventiotiaérapeuticAb based drugs face
hurdles for many common ilinesses. While there are no current alternatives to Abs for tmmune
activating properties, several other protein binders andgeoaffolds have been developed over
the years for their binding properties.

1.5.Non-Ig binders and paradigm shift ipprotein design

Numerous lgike scaffolds such as scFv, Fahad Nbs have been developed over the years
as potential therapeutic bindgr8], [37], [38]. Being smaller compared to an Ig, they hhigh
tumor penetrability. In addition to these engineeredikig binders, norlg scaffolds (Figures),
also calledAb mimetics such as Affibodies, Kunitz domains, Affimers, DARPins, Fibronectins,
Obodies, etc., unlike Abs, are also small (approx."111é size of an Ab), singidomain proteins
that function as therapeutic bind@s], [50], [51], [52] They often lack disulfide bonds, do not
require postranslational modificationsand can undergo direct multimerization. These

recombinant proteins display additional characteristics such as high thermo$spilapd
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solubility[54], ability to refold post denaturation, improved proteolytic stabilitgd can be
administered in ways other than injections. Such properties are not observed in conventional
therapeuticAbs, which makes these ndég excellent alternatives. However, the main challenges

in developing these binders are serum-hfifand tissue penetratiobnderstandablg relatively

tiny scaffold will have a higher tissue penetrability. However, the small size leads to a low renal
threshold, which results in them beingdaly flushed out by the kidneys after a single [&#gs

This requires a higher therapeutic uptake by the subject. To solve this issue, the scaffold can be
PEGylatef35], [56]t o i ncrease the renal threshold (cri
accumulate at the site of its pharmacological action. If the scaffolalthgl affinity tothetarget,

then it will distribute more effectively into a tissue, due to its small skZelRa). Thus, based on

the size of conventional mAbs or Abs, smaller protein binders target tissues faster and more
effectively. However, the dosage at which toxicities woltcur (therapeutic index) and
manufacturing cost are also important factans developing these therapeutic bindevkulti-
specificity, targeting multiple proteins or epitopes on a single protein simultaneously should be
considered while designing a binder. This strategy may lead to enhanced neutralization efficacy
and it remains a challenge in the field of therapeulibsrefore, a plethora of factors need to be
addressed simultaneously before approaching to design a therapeutic binder.

The point aboutlesigningsuch alternative binders is not that they are superior to Abs in every
aspect or can revolutionize the field of biomedical engineebigthat they are different.
Therefore, therotocols employed for them to be developed into therapeatadifferent and
each of them can be used to do different things in the field of therapeutics. Therefore, both of these
scaffolds have their advantages and disadvantages, that should be thoroughly examined before

developing either of them aslly functional therapeutic binders to bind target antigens.
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Figure 3. Alternative scaffolds. The figureshows a list of 9 antibody mimetics or alternative

protein binders with their respective PDB IDs. All images were obtained from the RCSB PDB and

viewed in UCSF Chimera. DARPIn and Fibronectins are the choice of binders, which were used

in the projects offtis dissertation.

It is necessary to develop methodologies that will enable us to have control over the specific
properties of such therapeutic binders. If the individual properties of such binders can be
engineered without the need for immediate molecular biology expesntiean their full potential
can be exploitedo a significant extenfThis gave rise to computational protein engineering and
design (CPE) and (CPD), which allow users to design and engineer binding proteinstbyifige
their propertiesSeveral comggx scientific protocols and data analysis methods are employed to
shortlist the most promising designs worthy of experimeHiswever, these computational

algorithms are based @eneral protein biology and chemistry. Therefore, before proceeding into

CPE and CPDgne must nderstand the basics of protein biology.
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1.6. Backgroundof proteins

Proteins can be classified into numerous categ@seshown in Figure,4each havingts
functions and characteristics e.g., enzymes act as catalysts for specific chemical reactions to build
(anabolism) or break (catabolism) molecules, hormones are chemical messengers, which
coordinate various functions of the body e.g., thymosin secretie llyymus gland helps develop
T-cell§57], collagen strengthens bones, cartilages, ligaments, tendamsl skin [58],
hemoglobif59] acts as the oxygen carrier to the tissues and organs and membrane proteins help
in the transport of ions, nutrients, fluids across the cells, and defense proteins such as antibodies.
There are several types of proteins and each is responsible for its functioning. Any irregularities
in their quantity inside the body can affect bodily functions to a great extent. Thus, they are very

significant for the appropriate functioning of livingganisms.

Figure4. Example of proteins Images of proteins (not drawn to scale) as described previously.
A represents collagen (PDB 1CDG). B isignaling protein or the Fgamma receptor 11l (PDB
1E4J) in this case. C is hemoglobin, which is a transport protein (30VU). D is pancreatic lipase
enzyme (PDB 1N8S). E is a defense protein or aléalfjth IgG4 antibody (PDB 5DK3) in this
case. F is theuman growth hormone (PDB 3HHR).
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The fundamental unit of a protein is called an amino acid or a residue. There are twenty
commonly occurring residues, which act as monomers. They connect in the form of a sequence to
form a protein. A residue comprises an alpha carbon atom to a basicgroipgNH?2), an acidic
carboxyl group {COOH), a hydrogen atom, and a side chakh for alkyl/aryl/polar/charged).

This unique side chain imparts each residue its properties e.g., polarity, solubility, reactivity,
hydrophobicity, melting temperaturecefA condensation reaction occuvbenthe acidic group

of the first amino acideacts withthe basic group of the second amino acid and results in the
elimination of a water molecule, which results in {6€©-NH- linkage called the peptide bond. A
series of such peptide bonds give rise to the polypeptide, @rarthebond atoms(i.e., carbon,
oxygen, and nitroggnform the backbone of the polypeptide chain and are therefore called
backbone atoms. This polypeptide chain possesses two termini i.e.ethétlothe amine group

is called the Nlerminus and the one with the carboxyl group is called theri@inus.

The principle of protein folding, known as
Anfinsen is that a protein folding in a suitable environment into its native structure is governed
by its amino acid sequer{6€]. Thus, the folded state of a protein gives rise to a-tireensional
form and is not just a linear sequence. At the same time, it is known that all the information
necessary for a protein to fold to its native state resides in its genetic sequenge/ebhise to
the hierarchy of protein structures, namely, primary, secondary, tertiary, and quaasraoyvn
in Figure 5 The primary structure represents the specific sequence of amino acids arranged
together in the polypeptide chaithe secondarytmicture shows the formation of alpha helices,
beta sheets, and coils/loops due to the interatomic interactions within the polypeptide chain. The
tertiary structure represents the overall folded structure of a protein indimeasional space.

Several factordead to the formation of such a structure like salt bridges, hydrogen l@omtls,
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disulfide bonds buthe most important is the result of a hydrophobic collapse of the molecular
core. Proteins also have a quaternary structure, which refers to two or more polypeptide chains in
association to form a large functioning unit, so it mayaypgily to all protein structures. Some
common examples are hemoglobin, Abiseven the SARE0V-2 spike protein, a trimer (three
repeated units) of a single viral crowhaped protein. The protein folding mechanism is an
interesting phenomenon as it is esly governed by the thermodynamics of the protein and its

surroundings.
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Figure5. Amino acids and protein hierarchy. This figure shows the general structure of a residue
followed by two examples and the protein hierarchy. A represents the general structure of an amino
acid (Credit: Jazmine Aydee Torres, PROTEIN PANT(z) Group, Auburn University). B is two
amino acid exaples with their three letter and single letter code, namely, Alanine and Aspartic
acid. The sequence of alphabets represents the primary structure. D represents the sequence folding
into an alpha helix, which is a secamy structure. E is the complete globular protein or the tertiary
structure. F is the trimeric form of the protein or a quaternary structure (PDB 7U9G).

1.7.Protein folding
A protein structure is not in gid or static state but always in a state of thermal vibrational
motion due to the presence of covalent and electrostatic interactions. When interacting with

another protein i.e., hormoieceptor, antibodwntigen or enzymesubstrate, the proteins
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undergo conformational changes due to the interfacial interactions to attain the lowest energy state
stable complex. A protein is always surrounded by a solvent, where the protein is considered to be
the thermodynamic system and the rest to be the suirgsmdAssuming that the protein is
completely unfolded in solution, the Surface Accessible Surface Area (SASA) is maximum i.e.,
maximum value of proteisolvent contact. In this situation, the solvation forces e.g., van der
Waals interactions and hydrogleonds contribute towards the entropy and enthalpy of the protein
(system) and the solvent (surroundings). At the time of folding, thepalam or hydrophobic
residues will not interact with the solvent but only the polar and charged ones will do. These
hydrophobic residues will begin to coil up with other hydrophobic residues, eventually collapsing
into a stable hydrophobic protein core. This decreases the entropy of the protein due to core rigidity
and less degrees of freedom. However, at the same tmoe thie solvent molecules previously
bound to the polar residues on the protein surface can no longer interact with them, it increases the
overall entropy (system + surrounding = universe). The protein slowly stabilizes while the
surrounding solvent becomenore chaotic. This results in less SASA since the protein is folding
into a threedimensional structure and no longer in maximum contact with the solvent and for this
reason, th& i@ PG = T P he symbols signify their usual meaning in (Bé¢ b Brées

energy equation) would continue to increase, and a higher magnitudegfSvould contribute

more than thep H which would makep of the whole system) of folding negative, showing that
protein folding is mostly driven by entropy rather than enthalpy. Thus, contrary to some beliefs
protein folding is not only dependent on the protein itself but also the solvent, and the entine syste
as a whole should be considered to prevent this thermodynamically spontaneous process from

having an erroneous expiation.
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Since proteins try to attain their thermodynamically lowest energy state, there are certain parts
of proteins that are stabilized by themselves and are called protein domains e.g., single domain
antibodies (sdAbs) or VHH domains. Thegn attain their lowest energy state and fold into a
stabilized structure independently as compared to the entire protein. Taking advantage of this,
certain Ab fragments have been genetically engineered and replaced to give rise to novel and
improved chimerigroteing61], [62]. Such proteins have enhanced binding affinity, specificity,
andless immunogenicity and have proven to be extremely useful as therapeuticsniedibal
field. Taking advantage of this, one of these proteimgelbeen used in the projects of this
dissertation, which will be discussed later.

1.8. Computational protein engineering and design

A brief knowledgeof the fundamentals of protein chemistry should be adequate in proceeding
further with CPE and CPD. After considering the limitations of therap@insca paradigm shift
gave rise to computational protein design. Computational methodologies emerged as a powerful
tool to design proteins, which were tested in the laborg@8}y[64], [65], [66] It paves the way
for a direct, inexpensiveand efficient method to reach the goal of a desired protein. The
fundamental challenge in rational protein design was to predict the structure of a fully functional
protein from the amino acid sequence up until a few years ago. The reason behindchttis is t
proteins are of the order 200° amino acids and as a result, there exist innumerable possibilities
for the arrangement of backbones and sidechain alignments, their angles of inclination with each
other, bmded and noibonded interactions, variety of folding and ultimately their globular
structures. However, in late 2020, during the 14th Critical Assessment of Techniques for Protein
Structure Prediction (CASP14) evehetstructu@ofagl!l e

protein sequence with unprecedented accuracy (GDT of 92.4 out of 100), outperforming all other
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method§67]. This revolutionized the field of protein structure prediction, which has been a
problem for decades. Ever since, it has been evolving by adding nearly 214 million protein
structures to its databd68] as well as improving the AlphaFold algorithm for structure
prediction.

Computational protein engineering (CPE) has evolved to a great extent in the last few decades.
It can successfully design protein sequeng@ng RFDiffusion, RosettaDesigand RAbD[69],
[70], [71], predict binding interactions between proteins by a method called pprteiin
docking using ZDOCK, Haddock, RosettaDpt, [73], [74], [75] It can finetune and predict
their physicechemical properties such as solubility using Caif¥&pland thermostability using
PoPMuSC, HoTMuSIC, SCool7], [78], [79], [80], [81] and accomplish a plethora of other
objectivesAdditionally, several methods have been developed to quantify the binding interactions
between proteins and other molecules and identify the potential designs to work in the laboratory
experiments. These interactions are quantified based on variowsofioenmergies as calculated by
molecular mechanics forcefields such as Rof#ia AMBER[83], CHARMM]I84], and
GROMOSY85], to name a few. The fundamental law governing these interactions and therefore
protein folding is based on the thermodynamic principle of free energy i.e., the amino acid
sequence determines a proteinbés natigyerinstruct
other words, it is stabj@6]. The forcefield energy function calculations wdxksed orthis free
energy i.e., it calculates the change in free energy between the initial and final states of the protein.
The change in Gibbs free energy is given in Equation 1, vhé&Pepresents the enthalpic change
in energy whereasY Tépresents the change in free energy dubd@ntropic disorder of the
system mostly due to the proteinds interactioc

protein interaction with other molecules amdter is given in sectioh.2 Protein Folding
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w0 w0 "Yu'Y Eq. 1

1.9. Computational resources used in this research

The main source of PDB files was the RCSB HBH, home to over 221,000 experimentally
determined protein structures and more than a million computationally predicted structures as of
July 2024 (https://www.rcsb.org/). This served as the database from which the PDB files were
obtained, studied in UCSF @herg88], and used as inputs in several applications. A novel tool
developed in the PROTEIN PANT(z) Group is call@doteins Designed with Targeted
Exceptional Interactions (PETEI) algorithm. The motivation behind developing this algorithm was
that hotspdB9], [90], [91], [92]residues are responsible for protein binding interactions, where a
hotspot residue is an amino acid that disproportionately contributes a large portion of the protein
ligand binding energy. This algorithm designs proteins that bind using modular logpsdqAbs,
scF) that can be grafted to the stable protein framework and it can be applied to both Ig-and non
Ig protein scaffolds. The entire process can be divided into two parts:temengatabase creation
step, where the algorithm searchesR@SBPDB for loops that can be used for grafting into the
protein binding loops, and the protein design step where protein ligand complexes are designed
based oruser input epitope and paratope residues. ifagslico algorithm was used to design
monobodies/fibronect[A3], [94], [95]to bind three different peptides

Another novel algorithm developed in the PROTEIN PANT(z) Group is called MutPa@¢k
As its name suggests, it is based of docking and mutating residues to find better binding positions.
The algorithm identifies favorable binding positions of wild type residues based on the formation
of hydrogen bonds since they are the strongest el&iositeractions between molecules, and
mutate residues if the interaction is unfavorable. The precedence of residue mutation is tabulated

in the MutDock publicatiof®7]. The algorithm designs the binding positions by pairwise distance
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mapping calculations followed by distance alignment between thesekssmted paratope and
epitope residuedt was used toesign DARPiri U-Cobratoxin complexes.

Both CHARMM([84], [96] and Rosett#8] energy minimization techniques were frequently
used in the projects of this dissertatiarhich was an important step to evaluate and shortlist the
designsThere are fundamental differences between the two energy functions and for such reasons
both of them have been used when only one could have been used. Eq@&iioep2esents the
CHARMM energy functionlt comprises the classical equations of physics and the total energy is
calculated as a summation of the individual energies that account for its various parameters. The
first two terms represent the energy of atonte@guadratic form of their bond lengths and angles.
The third term is a Fourier series that represents bond torsional energy or bond rotations whereas
the fourth term is a quadratic form that considers improper shifts in bond angles between atoms
resuting in the formation of improper dihedrals. The Uinadley term is present to consider
addi tional atomic interactions or Ostretching
shifts, etc. It provides the distances between atom pairs (ihssicase) with a common atom.
The next two can be quite easily recognized to be thelkwello wn t er ms f or Coul
attraction, which describes electrostatic interactiand the 612 Lennard Jones potential, which
describes van der Waals (vdW}eractions. The penultimate term describes the conformational
characteristics of the protein backbone &ohigher degree of accuracy. In the final term,
CHARMM uses the Fast Analytical Continuum Treatment of Solvation (FAR®H calculate

solvation energy
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The total energy function dfie Rosetta forcefield is fairly simple and easy to comprehend. As
shown in Equation[88], it is a linear combination of many weighted energy functions used over
the summation operator.

o0 B 0 'O 'Ohxd Eq. 3

InEq. 3,0 represents the weight factor for energy t@nwhich is a function of the geometric
degrees of freedom i.éQ and their respective chemical identities). These weighted energy
functions are the interactions between atom pairs e.g., the vdW interactions are measured using
the 612 Lennard Jones potenti&@everal such individual energy functions are accounted for in
this total energy equation, which have been described in great detail in the Rosettg9®janual
Although these terms explain the type of energy functions utilized by these two forcefields, there
is a reason for using both to minimize the desigfidARMMI[96], [100] uses the classical
empirical equations of physics as components of its total energy function whereas the Rosetta
forcefield incorporates both the empirical equations of physics as well as statistical
componen{®8]. However, the ability of molecular mechanics forcefields to correctly account for
entropy is very poor. Thus, none are absolute or can generate accurate valuaheanalysis
of designed proteins. Additionally, CHARMM energy minimization consistently relaxed minor
steric clashes that were found in the PETEI and MutDock designed complexes, and Rosetta energy
minimization is the most commonly used method to quantifygdesn this field. For this reason,

both of these forcefields were used in the pigje
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Several other well knowmm-silico resources were us@tthe projectssome of which assisted
in downselecting the most promising designs for experiments. They haveliseassed in detail
in their corresponding chapters e.g., Visual Molecular Dynamics (VMR] and Nanoscale
Molecular Dynamics (NAMD]L02] softwarewasused in the DARPin U-Cobratoxin project to
screernthe potentiagooddesigns from théadones. Their steps have been discussed in detail in
that chapter, the results that were generated from the MD simulationspwaribe results were
analyzed to dowsselect the designs for experimental testing in the laboratory were all discussed
thoroughly.

Ot her tools such as CamSol s €103y and $okubility o mb i n
predictof104] were used to enhance protein solubility by incorporating stable and solubility
enhancing point mutatienand predict their solubility scores before and after the solubility
enhancement respectively. Protein thermostability was predicted using SCooP, which is a quick
and accurate methddr predicting protein thermostability9], [80], [81] at room temperaturdt
is based on the Gibbkde | mhol t z equation associated with
Additionally, it also generates other thermodynamic propediehe folding process such as
changs in enthalpy, heat capacity, melting temperataed free energy. Its database has a
collection of 14000 host organisms, which is one of the required user inputs.

Any enhancement in protein thermostability was accomplished utiieg Dezyme
PoPMuSi@78] and HoTMuSIi€77], [105]servers. POPMuSIC is an easyuse, fast performance
web server that can predict the thermodynamic stability changes in proteins due to point mutations
based onthe solvent accessibility of the mutated residues. HOTMuSIC is another web server
similar to POPMuSIC, and it can quickly and accurately predict the effect of point mutations on

the protein melting temperature. This makes it an instrument to manuallyeenghe thermal
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stability of proteins, which can lead to increased heat resistance. The results generated are similar
to that of POPMuSIiC and the user can choose the point mutation based on the overafltbiect

melting temperature of the protein. This tool can be reliably used for structuresigiith
resolutions low resolutiors, and modeled structures as mentioned in its publidatidnThe

accuracy and rapidness of such tools are critozadlesignng thermally stable proteins and have
been described in a detailed manner in the 0&i

Immunogenicity is also an important aspect of binding prot&esnovodesigned proteins
mustnot trigger unnecessary immune respsngeen injected into a tissue. The Immune Epitope
Database (IEDB) Analysis Resouft@6] (http://www.iedb.org/) is a list of immunological tools
developed at the La Jolla Institute for Immunology, CA that helps iat@ineg protein immune
properties. It does so by using a manually curated database of numerous experimental protein
structuresunlike other databases, which are comprised of both experinagatebmputationally
predicted structuresSeveral tools can be used to fihme protein propertiehowever, theone
used in this dissertation is the protein-ibenunizatiorj107] tool to humanize a protein sequence
or reduce its immunogenicity.

Finally, RosettaFold08] and AlphaFol{s7] were used to predict the-designed structures.
AlphaFold2 has completely revolutionized the field of protein folding and the newly modeled or
re-designed structures in this dissertation were predicted using the two as previously mentioned.
However, Sept2 0 2 3 Googl e Deepmi ndods Al phaFol d rel
AlphaMissensfl09] in Science that can accurately predict if a mutation in the protein structure
has the likelihood of being pathogenic. Unfortunately, due to time constithiistsool was not

used in this dissertation but any updated new algorithms related to thiaréedrthy of being
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mentioned in this dissertation as a source of useful information. There are other tools as well but
these tools were majorly used in the projects of this dissertation.

Many of these tools were used to fitume the proteins and some of them were also used to
shortlist the most promising designs for experiments. The data generated froARR& MD
simulation results exhibited clear distinction of the designsstiaildbe shortlistedand the ones
that should be discarded. The final structure predictfothe helical bundlessing RosettaFold
also showed the structures that folded to its native state and the ones that Babedton this,
the starting point for theext iterative rounds of finuning and shortlisting was the structure that
folded. Therefore, just as it is important to generate more predictions to increase the probability of
experimental success, it is equally important to make decisions basee@miifisgiationale and
apply sophisticated dowselection process to reduce the experimental sample space. This helps
establish a faster and casftectivetechnique as opposed to when conducting experiments on all
the predictions.

1.10. Brief overview of research projects

The entirety of this doctoral dissertation will mirror the Abstract at the beginning. This chapter
is heavily focused on the motivation behind the work that has been.dgrazknowledging the
excellent qualities ofherapeutic antibodies, addressing their limitatiangpducing in-silico
method to predict antigen binding proteing establish a different technique to bind target
antigens and usingscientific rationale andesearckbaseddatato apply scientific protocols to
shortlist the most promisg designs that are most worthy of being experimentally tektesd.
practically unfeasible in terms of timeesources and cost expengesxperiment with thousands

of predictions unless the sample space is narrowed down to the most prdeusngesigns
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This step connects all thaissertation chapters and these protocols will be applied to design and
shortlistalternative scaffolds to bind their targets.

Monobodies are engineered™filoronectin 11l domains, which have binding loops that are
homologous to Ab CDRS3], [95], [110] Chapter 2 will discusglesigning thousands of
monobodiesto serve as transmembrane receptordind 3 distinct target epitope peptides
HA[111], MYC[112], and FLAJ113] using PETEI As mentioned previously, the molecular
mechanics forcefields CHARMM and Rosetta were used frequently in this dissertation projects.
Similarly, they were used to energy minimize designs with fewer than four positive residues in the
CDRs to relax the struates. The Rosetta Interface Analyzer calculated and analyzed their binding
energy per buried surface area (BE/BSA). This step was repeated for a database of 231
experimental, nomedundant Alproteins and the trends of BE vs BSA was foundlamto the
designs. The p valuegere the best for the FLAG, followed by the HA and then MYC. The designs
were rankordered from best to worst based on the BE/BSA trend and the top ranked 30 were
selected for experiments. 10 out of 30 designs showed experimental success (33.33%)sand it ha
been submitted for publication as of July 2024.

Chapter 3 will elucidate on usingutDock to designthousands oDARPini U-Cobratoxin
( {&btx) complexesand apply different scientific protocols to dowelect the most promising
designdor experimentsDARPIns are small alternative protein binders with high thermostability,
solubility, andlack of Cys residues, easy to express, do not require PTM and are easy to engineer
to form drug conjugates for controlled drug deliy&8j], [114], [115], [116], [117] The antigen,

U-Cbtx is a lethal component of snake venom found inNthja sp. that can cause neurological
failures and local tissue damage due to snakebite enverfai®jg[119], [120] Once 2145

MutDock designs were generated, they wkrenselected to top 39 designs using the same series
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of scientific protocols mentioned for Chapter 2, and affinity matured using RosettaDesign to
improve their binding affinity. Th8900designs were further shortlistedtap 73 using both the
protocols mentioned previously and visualizing them in UCSF Chimeefiad good structural
features in the Rosetta affinity matured designs. Short 5 ns MD simulations were conducted to
assess the structural integrity of the 73 designs over time and their conformational BE/BSA
trajectory were plotted against time. Téeculated standard deviations of this metric and the plot
characteristics assisted in dowelecting the most promising 51 designs for experiments.

The most important criterion for any protein is its stability. The higher the threshold to
withstand mutations, high temperatures (because proteins denature at higher temperatures),
possess high solubilityhe tendency to refold and other such factors contribute to the stability of
a protein. Typically, such a stable structure of a protein sequence that has been scientifically
predicted is a helical bundle with minimal lofl&l], [122], [123], [124]A] s o t er med &I
protein structure§l21], t hese str uct dheliees hadarnea chose oinit inkddde o f
together by loops or sheets. This gives rise to the solid hydrophobic protein core that massively
contributes to the structural stability. If a protein can be designed with such characteristics and
additionally, the loops joininthese helices be used as protein binding regions then a highly stable
protein design can be arrived at that mimics an antibody and is highly stable.

Chapter 4use tools like CamSol, HOTMuSIiC, SCooP, IEDB -iDenunization, and
RosettaDesigntofinRe une t he physi c o c hhelical uadles tparrivepaethet i e s
desireddi deal 8 binding protei n. wefesarnhedkcothe BRESBme nt a l
PDB and top 5 were shortlisted from a list @ helical bundles Several factorsuch as Cys
residuesde novadesigns, extra end loop, and the position of an end loop to cause steric hindrance

were considered before discarding these proteiisgs was followed by redesigning their
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sequencesising RosettaDesign to improve solubiliMoreover, poperties such as solubility,
thermostability, immunogenicity, etc. were thoroughly fineed and optimized in such a way
that the final moleculexhibitedthe desired propertiel between these processes, wherever it
was necessary, a choice was madadok on a specific scaffold based on their solubility and
stability scores. Since this project dealt with several mutated structurasimggde toolvasunable
to optimizeall the properties altogethe decisions had to be made in between the steps before
working on a selected desigdnce all the properties were fitened, RosettaFold predicted all
the engineered designs, out of which only 1 folded with good solubility and thermostability values
and a humanized sequence. This was the starting point for the next iterative rouneisuoiriin
to generate 16 different 6éideal 6 binding prot
the development and applied scientific protogoiplemented in the subsequent chapters keeps
increasing progressively, and that leads to a more sophisticateeseéteetion process for designs
worthy of experiments.

Somemore projectsvereincluded in thdifth chapter. The commaitity in all the chapters is
that they all deal with single domain protein bindamnd they connect through a series of complex
scientific protocols, employed to shortlist the most promising designs from a large set of

thousandsThe concluding chapter will focus ¢ime future directions of the current projects

37



References

[ 1] P. S. Huang, S. E. Boyken, and D. Baker, A

Nat,urwvol . 537, 12327, 75@D6, pgoi 32D0. 1038/ naturel
[ 2] P. Chames, M. Van Regenmortel, E. Weiss, ar
Successes, | imitati obrs JanRdh ahronpaecso 1 57i1281Be. f 2t u
2009, doi: -5130811.1220009 .. AALTZHBO . x .

[ 3] et al. Janeway CA Jr, Travers P, Walport M,
mol ecummunaoebi ol ogy: The | mmune System in Heal!
Garl and Science; 2001.

[ 4] H. W. Schroeder and L. Cavacini, JioSutrrnuaclt ur
of Al l ergy and ,Clvionli.c all2 51, mmuon-&I12@ gSyUPPh... 201 @p,p .
10.1016/j.jaci.2009.09.046.

[ 5] C. Rosal es-QaedoE, ®Fcbeeceptors: Cell acti-

Advances in Biosciewvoé .amd Bt 2@MBplpgpgy 21
10. 4236/ abb. 2013.44a004.

[ 6] J. M. Hayes, M. R. Wormald, P. M. Rudd, anqt

Gl ycobi ol ogy and d hlenfalp,@ uva IR.e §r1Osppp2d0tPs®,,90 d o i
10.2147/J1R. S121233.

[ 7] 3. V. R. KHineertr ean di Ricd afekcxepp tMerds |, Boi @&84Q, pp.
2008, doi :-0-3187.917B®B/ 97 8

[ 8] V Schirrmacher, P. Hal |l or an, and C. S. Da\
anti bodies against |l a anti gkawr manld oft hEex p ereil e
Mediciwel . 141,i12®9, 519DP%, dQi0:1 10. 1084/ jem. 14
[ 91 F. Ni mmerjahn and$ dcept Raveadashredklc&t or s of
Nat Rev, |l mombnoB,j4ho0.2A08 ppdoi34 10. 1038/ nri 220°¢

[ 10K. B. Yancey and Z. LaZdriomva,ali@oamdp |IBeame rct
| mmunoder, mgtpid | 1L&PY 2008, db8i48DWEB. Y007/ 978

[ 11 . A. Janeway, P. Traver s, M. Wal port, and
i nnat e dHdamnmunbidtdyees pmpl ement systetO@hbhd [ Onhi re
Avail abl e: http:// www. ncbi.nlm.nih.gov/books/ |

[12). R. Dunkel berger and W C. Song, fACompl e
i mmune r e€seddnsReasd, 0 20i50n0.2000,p@moi3410.12038/c

[ 13 H. Rus, €. Cudrici, and F. Ni culescu, AThe
i mmunlimmymomqgl vRkes 33,il1hd, 200%H,p.ddi0:3 10. 1385/ 1 I

38



[ 14H. P. Peng, K. H. Lee, J. W Jian, and A.
ant i-pbodtyei n imrtea adatilonscadl Scilll,SnAh. 26, 20
10. 1073/ pnas. 1401131111.

[ 156. A. Dalkas, F. Teheux, J. M S$KwsgH.,gr och,
$ - $ &ndbdnd interacti-ansi bodliRrnozteerifinast:e gtor uc't
Function and, Bviooli.nf82,mArfd.6€ s9,20dpt.,, WH34 10. 100:

LY 7/

16 E. DeeGemasitMol ecul ar basis for the preferen
eao/lyai n anPtriobco diaetsl, AAcad | Scil0B3, 4.1 ,12,00®Bp. d4
0.1073/ pnas. 0505379103.

17D. R. Burton, AAnti bodyTrehdsfilexBbbehamhap
990. doi :-0D0D410DBH.POILEGB

[ 18A. Bates and C. A. Power, ADavid vs. Goli a"
Prospects of ADPRAtnitd dydoyriddrsa gdne nnt ., 02 , p . 28, 201
10. 3390/ anti b8020028.

[ 19F. A. Ahmad, S. K. Yeap, A. M. Ali, W Y. H
antibody: Principl e&l iasndDecvl ilnmmomtuan 2@ pp| i 2@l 2 pn
10.1155/2012/980250.

= o

=

[ 20F. Muyl der mans, fANaDomadheAnAiiNbw dRak, , Bii ongh e
vol . 82, 1WwW®.7,1,20d@8., doO5b:i olch@BiDA62/4a4mOn.ur e v

[ 21 R. J. Pantazes and C. D. Mar anas, AOpt CDR:
design of antibody complementarity ®ebeemnnin
Engineering, Desvgh. akd,i8bt8BecR20Dd®pp.do8d849
10.1093/ protein/gzgqg061.

[ 227 . M. eHagt8&l ycosyl ati onFan®ReEepRecspboMs B
F. Ni mmer j ahn, Eds., Cham: Spri ilg®ed. ldaiernat i
10. 10&8BB/1-®78018.

[ 237 . N . Arnol d, M. R. Wor mal d, R. B. Sim, P.
Glycosyl ation on the Biological Fun&gnnwnRawnd
| mmu,noviol . 25i50n0.200,7,p@oi21 10. 1146/ annurev. it

[ 24F. Krapp, Y. Mimura, R. Jefferis, R. Huber,
humanF¢ gl ycof orms reveals a correlatiolhn bet wi
Mol ,Bivool . 3251i98mMq. 29,03pp.do2896(002D)OALBZEM®O?22

[ 25). ElI' Abd, A. Tabl I, Rre8mewi c ThandaMkeB&mgl
di agnostic and ther ap8ARS cZo®n oxn élaxad mmind ,i d o d
Anti bodiods 130, DdDP22,15d02118D3.3233/ HAB

[ 26 K. kByuahThe gl obal | andscapeAat i Gpvindv e &b, a
no. 4,i2pp, ©88. 2022, doi: 10.1093/abt/tbac0?2

39



[ 27 R. Met LahDevel opment of therapeuticJdJanti bo

Bi omed vSocli. 2730n0202Q, pgpoi-011-05@21186/ s12929

[ 28N. Ayati, P. Saiyarsarai, and S. -1Mi kfnart,h ef ¢
phar maceutDARU, slkeauromraglo of Phawara.c e |i8chedl, SX,i ¢
2020, doi: -020DQAB®I/ s40199

[ 29M. Al essamrdrah\Wiogaracti on: DARPins recogni z
reagents for in vitro and in vivo protein man
DOlI: 10.1242Bibdlo, OBe&tr. 4979, ono. 12, 2018, doi: !

[ 30M. W. Treaxlamdym ect ed ev-il md i mkpc lofddsrH ei rn2p/ r noevue
stability and resistance to ®gotegdgat Eamgi meeus
Design and vSoell.e c2t6i,ih®», 2013Ppp.de@&B5 10.1093/pro

[ 31DP. K°nning and H. Kol mar, ABeyond anti body
alternative binding scaff ol dsMiamrdo ke n@e/imelsF aicsti
17, noil7,, 2p0pl.8,1 doi-0:1-B80311186/ s12934

[ 32PY. T. Bornscheuer, B. Hauer, K. E. Jaeger,
Empowered Redesign of Natur al Proteins for th
Phar mac eAuntgi ecvaal nsd,teé n €le e mia € i,0 nvaoll .E d5i8ti,4 @nno .2 01L,9, p p
doi : 10.1002/ anie.201812717.

[ 33F. Lapeti fHe naand fikA. gG@iilde t o si mple, direct,
assalysBiocol , Mebhoddg, no. 1, p. 62, 2017, doi: 1

[ 340. A. SPIERS, AGol dlmen podyt heakcphmommshany ye |
vol . 1, imnM®d.2,2,196B.. 89

[ 35R. Si meon and -e&ngiCrhecaarnetdi bnoodny i pr otRriont etihner a

CeJ Ivol . 9i14n0.201,8,pw.0i-3B1-0130661 007/ s13238

[ 36 M. S. Packer and D. R. Liu, fAMetiNRadRefvor t
Genetvol . 16,i 3%, Z01%HPp.da@79 10.1038/ nrg3927.
[ 37R. J. Flanagan and A. L. Jones, fiFab antib
toxi c®Oroagy Sadl . 27, Th1o33,1420 P4, ddil2’0 AP2-21460B/ 0
00004.

[ 38P. Hol i ger and P. J. Hudson, AEngi neered ¢

domaiNmg, Bi pt eohnol3,il1@86,9200p., Hb26 10. 1038/

[ 39F. SdatnghiMonocl onal Anti b9d,i ex301 &, Rewvi ew, O
10. 2174/ 1574884712666170809124728.

[ 40L. M. Weiner, R. Surana, and S. Wang, A Mo n
cancer i mmiatt RevapwmmbnollO,i320, B501@,p.dail:7
10. 1038/ nri2744.

40



[ 41RA. Frenzel , M. Hust, and T. SchirFmanh, AE:
| mmunoviol . 4, i2n0o,. 2JOULL3,, pdpo.i :1 10. 3389/ fi mmu. 201

[ 42 M. P. Detonhafi Smoawrlhat drug conjugates: A viab
solid tAmbiulhse®iods 7119n0.2028,pmwoit 10.3390/ ant

[ 4 3 M. PiemtdjrailsSol ubil ity Challenges in High Cor
Formul ati ons: Rel ationship with AminMoRAci d Se
Phar mvol . 12, 13907,1120p%H, BB96 10. 1021/ acs. mol

[ 44M. -Galret aahCombining Structural Aggregati ol
Predictions to RedMsli gimh &mrodt e ilrb, B3o8dud,i9l,2 Ody8.,0 3

doi: 10.1021/acs. mol pharmaceut. 8b00341.

[ 45P. Garidel, A. B. Kuhawi ¢k, Van&cM2fBrecBA, F
concentration protein fBumubdeadn ohasur rHolw dfi ghh e
and Biopharmateutid®®, pPct 353017, doi : 10. 1016/
[46P. A. Richards, AExploring alternative ant
antibody mimics fobDrugr PesedvdiTougdyeiBddgle mpegpl.0 3
2018, doi: 10.1016/j.ddtec.2018.10.005.

[ 47F. Panowski, S. Bhakta, H. Raab,SiPRt e Pol aki
specific Ab drug cWAhjsugalt.e s6 ,ido%,0 .c2ahlcde,p pd oxi3 b
10. 4161/ mabs. 27022.

48P. Agarwal and -€peRifBerngrrhmgpgiates: The
i oorthogonal chemistry, pr otBeiionc oennjguigv eCthreim2d® ,
o. 2,ilpp, 2065, doi: 10.1021/bc5004982.

49A. Wagh, H. Song, M. Zeng, L. Tao, and T. F
anal ytical char adrtweg i canMiAlhgavadls.,aaltOi,iRBddy 2, pp
2018, doi: 10.1080/19420862.2017.1412025.

[ 507 . L°fblom, F. Y. -iFmnrey ndo, g laonbdu ISi.n Shta-shd d  pfirNootr
Current Opinion val Bi 22 ,e8c4h&n,.o | Megcyp p2 0 BU.3 doi
10.1016/j.copbio.2011.06.002.

[ 51K. Gkrlec, B. Gt r uiknemhuyn o galnodb vAl.i B es d afcf, o |fid\so:
t ar glertesn,dos Bi otodc hmBal,i4h®, ZQl1l%Ppp.daei0:8
10.1016/j.tibtech.2015.03.012.

[ 52K. Y#, Yang, E. Di ki ci, S. K. Deo, and S. [
Partners: The Role of Antibody Mimetics in Bi:

[ 53]). Scétildhhlger most able designed ankyrin refj
bl ocks for idoowvadaivef dBugkwvoei cal9&hemostity p.
doi : https://doi.org/10.21016/j.jbc.2021.10140

S T/

—

41



[ 54H. K. Bi nz, M. T. Stumpp, P. Forrer, P. Ams
Protei-agpr@wsklked, Soluble and Stable Proteins
Consensus Ankyr iJn MRdp eBaad I.Pr3o3 24,5 0r8qg .0220,03p p .d o4 89
https://doi . r8d3/61 10.39 .M108B/9%00 2 2

[ 55F. Hober, S. Lindbo, and J. Nii hmvuerbo galna b u /i Bn
scaffol dMekkihmdesoIs., 60154, no.i116GQt, oROMLIZ20 LB, :pp.
10.1016/j.ymeth. 2018.09.010.

[ 56 F. M. Veronese and A. Mer o, AThe | mpact of

Bi oDrugsl! . 22329, B500%p.dRilB0DB22060BA 0006 303
[ 57N. @&aoafAThyrMonsd nnts Role in Viral Infectiou
and ClAippildxIllioi epgulives. 28, no. 8, Apr. 2023, d

10. 3390/ mol ecul es28083539.

[ 58 M. D. Shoul ders and R. T. RaAnes, R&ZCoBil agl
vol . 7895®%p.202%9, doi : 10. 1146/ annurev. biocher

[ 59). W. Adamson and C. A. Finch, fAHemogl obin
erythroponet Ray , Bbysi 86,9 ,pad97H51 doi
10. 1146/ annurev.ph.37.030175.002031.

[ 60FC. B. Anfinsen, APrinciples tShcaite nggoevie.r nl 8 1h,
no. 40962,30p,p.Ju223 1973, doi: 10.1126/science. 1l

[61B. A. Baldo, fAChimeric Fusion Proteins Use
Saf eDryu,gp Svadl . 38,i4hD, B01Hp.de-BHG2B51007/ s402

[ 62R. K. Campbell, E. R. Bergert, Y. Wang, J.
proteins can exceed the sum of their Nmart s: I
Bi otechmdl. 151443, 599 pp.dadid89L0. 1038/ nbt 0597

[ 63H. W. Hel |l i nga, ARati onal pr ot eifr odce sN agtnl: |
Acad S¢ivOol S A4, M®OO1TY9, 1P®.7,1@®IS5 10. 1073/ pn

[ 64P. Sormanni , F. A. April e, M. Vendruscol o,
antibodies targeting specific epHrtoocpeNsatwi tAhci and
Sci U WolA. 112,i9M®.7,3201pp. dP902 10. 1073/ pnas.

[ 65P. Sormanni , F. A. April e, and M. Vendruscoc
met hods: : I n siGhenn Soactviddenva 14 7d ei$hib$p 7 20020 b, @d
10. 1039/ c8cs00523k.

[ 66 . Met YahRati onali zation and design of the
sequences tamtamgeantrielcoodiliotS ,o0w eiln.t e7ri,I @ncoe.2 ®3,2 , p
doi: 10.1371/journal .pone. 0033340.

42



[ 67]. JempeafHi ghly accurate proteinNatwwueture
vol. 596, nid.89782I21pp doDRR3IBA12038/s41586

[ 68M. Vertadih Al phaFold Protein Structure Datab
coverage for over 21AMNunilleliico ™ wpodst d%i€rs 3$neog. u eDnlc,

D375, Jan. 2024, doi: 10. 1093/ nar/ gkadl1011.

[ 69). ARroylffetg|Rmls.ett aAnti bodyDesign (RAbD): A ¢
computational, amotli.baody deos i n 2018. doi : 10. 1
[ 70). L. eWgtadidre novo design of protein struct
Nat,urvol . 620, MdO00792®23pp . dodBDBEA4IA.51038/ s4158
[ 71B. Kuhl man, ADesigning protein structures
progr am JRoouwrenala,of Bipoplwglca9€Chémds439,20p9, 1
doi : https://doi.org/10.1074/jbc. AW119.008144

[ 72F. Lyskov and J. J. Gray, fIphreotRad sne tdtoaclka cnkg
Nucl eic,Awviods R&s no. WeB8Sern2WwdérlB,i doue, 1®p.102D

[ 73 . Domi nguez, R. Boelens, and Apr ot eiJn J.
docking approach based on bidchAemmChaimodaoac Hi2dp
no. 7, 11p7p3.7,17230103, doi: 10.1021/ja026939x.

[ 7405. C. P. e&tanafimel eHADDOCK2 . 2F 'Wedn dBley viemt: e dJrs
Model ing of Bi omal eviod,| &BriodC.o n¥p2 84, %X 218q, .02D,1 6pp .d 01 2
10.1016/j.jmb. 2015.09.014.

[ 75B. G. Pierce, K-H.Wikeihre,, ™. Wweareogn,, Band zZ. W
i nteractive docKkipnrgo tperiend iccotmpol ne xoefs parnodt esiynmmet r
Bioinfprwmalti c80, Tho73,12Jumpp.2ar41 doi: 10. 1009:

[ 76 P. Sormanni and M. Vendruscol o, AProtein s«
in the study ofCoprodot8&pni hgmdasbaBées$sPechoBi b2,
doi : 10.1101/ cshperspect. a033845.

[ 77F. Pucci, J. M. Kwasigroch, and M. Rooman,
Using HoTMeutShioCds, oMwlo!l Bi @dil3d,2,2 0, 584D7160. 1007
02®0 5.

[ 78Y). Dehouck, J. M. Kwasi groch, D. Gilis, an.i
for the estimation of protein stabi BMCy chang
Bioinfprwmaltics?2, no. 1, p-2110581 512011, doi : 10
[ 79 F. Pucci, J. M. Kwasi groch, and M. Rooman,
protein stabiliby temp8sabasafermabhccB8nino. 21
3422, Nov. 2017, doi : 10. 1093/ bioinformatics/

43



[ 80F. Pucci and M. Rooman, fATowards an accur a
homol ogousJ pBioamadlnsSymmlct 3Byinmiaed.2,5 Mayp2015632 d
10.1080/07391102.2015.1073631.

[ 81F. Pucci and M. Rooman, AStability Curve P
Te mp e rDeetpuerned ent St atRIlsdS c@d mpPwtio éBitdll®], s h@®@. 7, ¢
Jul . 2014, [Online]. Available: https://doi . o

[ 82 R. F. eAl, adimMdhe Rotsocemt tEaneArldy Function for Mac
Model ing ahdCibemi §ime, o ©ovyo |Co nip3u,ti3maet.8 ,6 ,Jump. 23AIF]
10. 1021/ acs.jctc. 7b00125.

[ 83). Wang, R. M. Wol f, J. W Cal dwel I , P. A.
testing of a genér @b mpmb evdbhl & mr2cse, T frdided .9, D0@pE., 1
doi: 10.1002/jcc.20035.

[ 847] . Hatangh CHARMM3 6 m: an i mproved force fiel:
di sorpreotediants .Medt vodls 147173no0.Jah, @2W.1771doi
10. 1038/ nmeth. 4067.

[ 85N. ScehtmiadiDef i nition and t esteil dg voefr sti hoen sGRC
54BEuoopean Biophygli csd40p8am@malZ01pp.ddi4:3 10. 1(
1-a 7 e®Q

86Y. Fang, fAProtein Fol diiilg8, Th®kel ZGi b[b&n IFir ree] .
ttp://arxiv.org/abs/ 1202.1358

875H. K. eByralRRCSB Protein Data Bank: Bi ol ogic
nabling research and education in fundament a
nerNwcloei ¢ ,Aviods Ré&s -DoA.7401 ,20pl®@W., D464 10.1009

o O

M M —

[ 88 E. F. Pet a@USESK -Ehvimeuwal i zati on system for
and anal@empy® vdhhem 25, ihn®12,1320@®44, d&i05 10.10
[ 89F. J. FI ei shman, J. E. Cor n, E. M. Strauch
AHot-sepontric de novo delsiMprd, d&fiodd.r o4t led )il OBD2n doSe,r sp
2011, doi: 10.1016/j.jmb.2011.09.001.

[ 90 E. Cukurogl u, H. B. Engin, A. Gpreobginand
interfaces: TowRlrdg BrophdwoWMolvdBiBGpIO/IBg. 2D,14pp
doi : https://doi.org/10.1016/j.pbiomol bio. 201
[ 91T. Kortemme and D. Baker, AA simple physic:
profpeionein Pomopgl dadd, AcadlSci99y BLadAlL222, 2P®M.2, ]
doi: 10.1073/pnas. 202485799.

[ 92B. S. Zerbe, D. R. Hall , S. Vajda, A. Whit!
spot residues and Ipirgdpredo mbeiinnd iinngtC éheofha dsepdo.d Mo d enl
52, no. i824pp. ARG8g362012, doi: 10.1021/ci 30017

44



[ 93P. G. Chandl er and A. M. Buckl e, fADevel opm
Based on the Fibr oOedcdtgion .Ty9p,e n3o.Do3maipn.,, 0610, 2
10. 3390/ cell s9030610.

[ 94 P. D. B. Orthol og, P. R. List, I . A. Fn, S.
[ 95 R. Pankov and K. M. Yamdd&el ihF®&brobhestimoa:
38631863, 2002, doi : 10. 1242/ jcs. 00059.

[ 96 A. Manuscript, ACHARMM.ip&@D, 02040, dbdj:no.

10. 1002/ jcc.21367. CHARMM,

[ 97 V. M. Chauhan and R. J. Pantazes, AMut Dock
fixedckbone proteiFmosntaMbpodlvdBi ds@i gnlp», AAQAZS,t ,

doi 10.3389/fmol b.2022.933400.

[ 98R. F. eAl,adiH#HS Public Acces $3004 8v,0120 1183,, dnooi.:
10.1021/acs.jctc. 7b00125. The.

[ 99 V. Haberth¢gr and A. Caflisch, AFACTS: Fast
sol valt i @oompoyt v®hem 29 ,i7hw®, Apr pp200®,1 doi : 10.:
[ 108] D. Mackerel |, M. Fei g, and C. L. Brooks
energetics in proteinphaseequietdsm mecmanatiso
protein conformational distri QutCioops,tividhmonl e c
25, no. 1114,1 5p,p .2 010440,0 doi : 10.1002/jcc.20065.

[ 10W] Humphrey, A. Dal k e, and K. Sc hJu IMoel n , A VI
Graphvol . 14-28nyB8&B, 1Felp.p.1RF6 ,-7 805 (96)00AMNUB/ 026
[ 102] C. eRhialhlSic,med abl e mol ecul ar Cdmnmpamivdbde mi t h
26, no. 1168,02p,p.Delc7.812005, doi : 10. 1002/ jcc. 202
[ 108] ResagcadiAut omated optimisation of solubil
anti bodi es Nand Cmmowtweli.ns1, 40, no. 1, p. -@8337, 2072
37668

[ 10P] Sormanni , F. A. April e, and M. Vendruscoc
of Protein Mutants Wi WMdl EBibdalnc 8 7i3®0g b i2Wilt5p p O
doi : https://doi.org/10.212016/j.)Jmb. 2014.09.02
[106] Pucci, R. Bourgeas, and M. Rooman, AQPre:
upon point mutations using statSicst iRepll .p &t e mto
p 23257, 2016, doi : 10.1038/ srep23257.

[ 10R] ¥itt@ahThe | mmune Epitope Ddtuabha&se ,AlCEDB)
vol . 47, nabD3 DI, ppn. DBBBV9, doi : 10. 1093/ nar [/

45



[ 10%3] K. eth,aanfdlaevel opment of a strategy and cc
candidate protein anal ogues wi t hl mneudnuocleadg yHL A

153, no.il22, ppanl18018, doi: 10.112211/imm. 12811
[ 10RB] Kreats,hanfaGener al i zed bi omol ecul ar model i ng
Al-At ons.c,ictenwvel . 384, no. 6693, p. eadl 2528, Ap

[ 109] Chtenggh Accur aaweder mt e9semese variant effect
Al phaMi SseeneegoV@b79381, no. 6664, p . eadg749
10. 1126/ science.adg7492.

[ 116] Koide, C. W Bail ey, X. Huang, and S. Kt
scaffold for noveMohi Bibidhg 2@Br4qitl noh s .4Dep.p.19498
10.1006/j mbi.1998.2238.
J.

[ 11 H] Yang, P. Carney, J. €. Chang, Z. Guo,
and receptor binding preferences of recombina
Vi rol ovgoyl . 8B7A7, 2MA5,1&80i : https://doi.org/ 10. 1

[ 11P] Lavigne, M. P. Crump, S. M. Gagn®, R. S.
Al nsights into the mechani-8iMRoSohetepnaoadsmeurct
ccMyMax heterodi meric | eucine zMop,p eBricldll.E d2 & le,d rba
pp. 111815 1998, doi: https://doi.org/10.212006/ ) n

[ 118] M.etThaACrystal structures of the M1 and
recepNatrwre® | . 531, T340, 75046, ppoi 33b50. 1038/ na

[ 11R] Tamaskovi c, M. Si mon, N. [3d xifgamed Ma n KSyrhi
repeat proteins (DARPi,nsv)ol .Fr50n8 .r ex0eld.2 hd aio: tl
396 V6 D 0670.05

[ 118] Pl ¢ckthun, ADesigned ankyrin repeat pr
research, di agnmsntui cRse,v aPrhda,rtnaetod p@Aag i gc@.0 1468 9
doi: 10. 1AHd&Y @hOBBHMG6S54.

[ 11€] ZebhndREfficient turadrd ithangetdiersg gwmietdh amik
proteins: Ef fects ofCaanfcfe,rn MRoeys. a md , Maoblde5c, 41, ap ps
2010, doi :-58021@CRHK2A008

[ 11 0] N. Shilova and S. M. Deyev, ADARPIians: P

(0]

Natyraol . 11i53n0.2049,pgoi420AMBLBB7/ 20758251
[ 11&8] T. Yee, M. Pitts, P. Tongyoo, P. Roj nuck
met all oproteinases and their peptidé&€oxinhsbito
(BaseVvol. 9, no. 1, 2017, doi: 10.3390/toxins'

[118] F. Wil laird@m®e urgent need to develop nove
treat ment dbobxsmakéBakbes ) H29 nh020569, ppoi 1
10. 3390/ toxins11060363.

46



[ 128] Sur yeatmoahfialnhe | ndi an cobra reference geno
comprehensi ve i dent iNfaitc a&teinmced .o f5 2v,id hhdm 2AQ 2 iprps. ,
doi: 10. 100139/5%94 1588

[ 12N] Keotg,aahPrinciples for desNagnhumwgoli.dedadl , prr
7423, 1pp7,22R212, doi: 10.1038/naturell600.

[ 12 R] Keotg,aa h Robust folding of a de novo desigr
core mutatlPdod¢ oNatall i Aeavd| ScillU,Sd1561,9,2 P20, 3«
10. 1073/ pnas. 2002120117.

[ 12R] B. Hil |, D. P. Ral ei gh, A. Lombardi , an
bundles as models for under dcanc€iheogv@®Rlest @883 n n
11, pig54743000, doi : 10.1021/ ar970004h.

[ 124] Ferrando and L. A. Solomon, fARecent pro
structure, design Lapfdevbl ndilthg not2e38 acVMaDB h DALG,
2021. doi: 10.3390/1i1ifel11030225.

a7



2.1 v8i Idiecsa gning of monobodies to serve as tran
tag peptides

This chapter has been adapted wiitgha npde rDminsesrii azre
Actuator Receptor Design for -VMadgwearisailb|Ceo mmud i &

by Matthias Recktenwal d*, RitankassBbadf{ adfann
Mac Aul ay, Varun M. Chauhan, Leah Davi s, Evan
M. Daringer, Robert J. Pantazes, Sebastisg8n L.
* These authors contributed equally to the pu
2.Background information

Transmembrane receptoasts as transporters and enable eukarysltular machineryto
transmit signal across the membranato the cell| 1Biomaterials researcmnovations use
relevant chemicabnd physical reactiont investigate cellular responses aassist in the
development of severalherapeutic interventiorfs 2 | , Biofna&efials research has made
tremendous advanceentsin functionalizing biologically relevaniaterials with smalpeptide
ligands thatcan initiate biological pathwayqd 4 ] , HowWewel, till today, there has been no
development of peptide materaceptor interactiorthat caract independently afuch biological
pathwayd 6 ] Coh¥r selme,nitesdg g nt et idc shpilohl woegiyo thearvtei a
incorporaticed | eueeadihoeeced transmembran-e rece
nati ve [p&Hthlewaey s.eceptors have been cdeelsHiughaerd t c
|l i gandewevert,ed pr ogr edses ih@pnib@e e ni tohaadte coegnrt orress p
to | [®4dndYel Ofyinglhdets ¢ bi ol ogy and matoera adrse aste
extiemdepermdedermtoluygh a popul ar ex pcean sa dodefl & sesvuel tt
chall enges i n bi p ¥Tehceh ndoe voeglyo pamtednd 4 eoaf latphie.ipv a de ¢
pat hways imelbygi melep eidn t he f dromeht iforelafs.an al
Over the past t hree daacadkeasdsefvues yogptehde tti rca nbsinoe

receptaorre &hhlasset cext r axred laud mwvearnsto gtintmd sy 12414 , r e s |
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[ 12] wehbwn exfantphies i s the devel opment-cefl|l CAR
therapenadbiiemmune cells to iideptef yiab4d] f hght
devel operdhforsaynt heti c tr ans mambredtrdgaddde t ept or s
extracel ITunleasre irnepcuetpst.or s ar e us ewhitaohet taobgl eet C
initiate tHewe,v emeescpeopntsoerse $vwh ircehl adyi naenr iezx t er nal
MESA (Modul ar Extracelllbllar [&86ds GHEME] ¢ Giethec ta
Extracel | ul ar[ 1Mopl encoutlsen eSgeanssroarn)d ar e better sui
to soluble signals suchtidlglt eytbkuoesscd&ot opr o
|l igands used within biomaterials fpaoLBhcsivat.
excellent for systems | i ke saywhaNoitcdg ste@lr&ck,. ad a
[ 2Bdwever, thesecfalnhubmme s c[gathh ecrjegbayn dlsi nfiutlilngp ot e
of being usedt @s man ibpulaeatt emapcehdi gnrearnyme d  wi t h s
receptors. MRerctemnt pepdtviadhecesynt hesi s rtelcdaitniod elgy
cheapecrducti ppa2hfanfd2ale, be easily incorporate

with spatiotemponoaboconenheot!l vch28hem{ 26ty [féeéa

With the goal o f creati ngasae nt e a manmdesnuberbapnoen d
mol ecul es, epitope tag peptides wesbsegekacesd
used to isolate prof eprnost efionrs nhaoncla @ ¢ttt ri eoang , s t

di stinct pepmptriededveb&LAG, uMdé€C| 2Badpt HAespwhbphbk i
t hese orthogonal tags can be designed to incl
norbornene click chemistry reactions. Since e
pepti des, wev el nreedemt drob dowa rdegeseillpipceodei n de s

enabl edessagmoe cseppetcof itchese peptsicdatiwihg homds frred

49



entirteheg fmamundé i[n2 Irbatduirree.ct t he search for perg
PETEI (Proteins Designed with Targeted Except
design monobodies (based on[ BWlei d®thhi dd btr@ nkA t
and MYC epitope tag peptide sequences. To eva
transmembr ane apeacpdupltio rp ossytsniéerniaso, 8 | & & § Bdhehlde lao p e d
novel -pempgiimdge transmembrane receptorLi ga@amnwhe d
Di meri zat iwans Acrteldgiteod )extracel | ul aar ez otnist attiuad m
scheinse adtapgteads phoa ys$abesrate to bring two f|
t oge[t3hkefire. system can be deactivated by removin
the phosphoryl ation process

Once candi date monobodi es, based on binding
were detarmiitédheece monobodi est ePDPA T aceppor atde
which were tested experi mentah$yst Sogemalrait bA
monobody and an intr andllbAgGear f zcpmenotdodhgi whi
intracellular kinase. For t he -slpnehciibfiitco rnyo nEoPbDoAC
intracellular kinase domspeaeciwfeire maumchodwt add

phosphat ase rckeanoaviers, twhei ogthosphor vyl group from
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2. Met hods and materi al s
2. 2PETEI Dat abase Generati on

PETEI was used to design monobody binding pr

t wo main steps: database generation and binde
selecting a scaffold protein. Tthoe tbhiinsd isncga flf oo
collectively they form a complete protein dom
the [BBBRre searched for |l oops that geométrical

Cl, biCh, UCH, bBCU, i-W, -@ antdiGtances within 0.225
scaffold protein, where 616 and o6f6é6 refer to
threshold of 0.225 | was identified through t

| oops whaviengttihHdm appear to align with the at

After |1 oops are identified from the PDB, the
scaffold they attach to as well as with the
monobody structures have beermndgx gdeomament al lhy m
to the variable domains of antibodi es, and t
equi val ent to the Complementarity Determinin
anal ysis of ##hkhaduQDRantiad ad-prhatgei o fCdAmhs] axses t o

identify quantitative cutoffs for structur al

The worst 10% of antibody -EDP&sobanmg &b6ehkbavy
t wo atoms closer than the sum of their van de
237.5 kcal/l mol with the scafgf dlhee @&fl etche osanhtait b
components of t he®°CHhAeR MNEdT&mrtc e ifeidelld.ops are |

than these thresholds to ensure they are comp
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pairs were found to have three heavy atom st el
with one armetshegrnedPHRETOBIps are considered comp:
not exceed these threshol dso.p Hisnalolmp,atR BbTEI wd.l

|l oop from each of the other attachment points

After a database of binding | oops has been
database of | oops to facilitate the | ater des
that the centroid of t hen laonodp tahtet abci hnndeinntg plooi ong
posi tdiireec2z i on. The binding | oops are then s
exceptionally strong binding interactions can

acronym.

PETEI consider s -par oteariinetiyntcfr agt otoaisn i ncl u
bri dgest,acki ngatiammmd i nteractions. For each of
thermodyoami mall geometry. For exempl eeshemydheg
straight |l ine from the hydrogen bond donor th
when that | ine points at a | one pair of el ect
are a particularndls setrmantclee aplae mi dTdaldbt geidsiypest b é
i nteracdadromnesspomddi ng i deal di stances that PETE
identified either through analyses of |iterat
addition to the distances, eveaey atdpei ofhali ng
constraint (e.g., the vector from the hydroge
bond, the plane ofi narerarcd matnisg reitecg )f orbut t |
parameters that rteaqudetedr rhiine.r adairreg rjite3v@dedwu n b r

consi der alternative amino acid side <chain |
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interactions around each | oop

in the d

all ow for mutations in the proteins it

atabase

design

| oops match their experimeetapt ymalbsenvedadgteic

only those for the native amino

aci d at each

Tablllent eractions and i deal di stances i

l nteracti on

Di st an

ri ng -sihna pae dT -hiinstte rflaBcftei o n

A hydrogen boHhd(denweég¢naad 38FC 2.89
A hydrogen bo-Ad(denwe ¢Oh a aanc ¢NS @h 3.00
Ahydrogen bondl hedoweed amdD384{ 2.79
A hydrogen bo-hld(denwe ¢ & aanc ¢@ @h 2. 86
The distances from C to CJlidmM]a 3.96
The distance frtomANN/ GUC 49 i a 3.18
The distance from the centr al 3 75
ring 1 nRiarn eARB&t I on '
The distance from the N in LYS 4 20
LY$S inter[a3c6t]i on ’
Theertical displacements from 3 75
parall el-"stit apkiacg[d8nft eraction |
The horizontal displacements f 1. 50
parallel-"dti apkiacg[d8®&)f eracti on '
Thaei stance from center -ofafredcdg 5 00
i nt erff8Ot]i on '
The distance from the center 0 3 50
ring i n a pdaralelrlfadcotlhhiomnt i di ne |
The distance Hirom dihree creinngrt @ 4 25
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2.2BRnder design with PETEI

The second main step of PETEI is designing

exceptioinalt éyagoiodns with no obvious detri ment

database of binding | oops began with the wusei

attach to, bi nder design begins wiethoptloé¢ eunel

identifying the specific amino acids that PET

i s then oriented so that the -gpptape asdcpaoi e
negatdiireeczt i on h(e .deat,abtaoswea rodfs bti ndi ng | oops) .

PETEI searches for positions of the target p
a sufficient number of strong interactions. TI
rotati onal and three transtationadamrdeaB&@&d&EL &ado

arge rotations around these axes would point

e designed protein. The remaini ng -dreogtraetei o n .
crements -axiwhntde thee ztransl ational degr ee:
mul taneousl y. For each rotational i ncrement
ti mal i nteractions can occur around the erfr

ans | athieo ntsaroqfet prot-dehi nhdadat mimait mbhm an wmekear
mpl ementary interactions (e.g., hydrogen boi
The tolerance was identified tohfr ofuignhditnrgi ante
mbi nati ons of possible interactions while
sitions. The resulting selected interaction

ceptionally good ver giherys aafe tcH eo sien tteor a chtaito
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|l denti fied monobodies with a sufficient numil

screened to eliminate designs with any ef t hr e
charge c¢cl ashes, and excessohposy tdesilgns hwirtgle d
steric clashes involving backbone atoms or at
exceptional i nteractions are removed from con:

as two heavyhianho®8%bei nghai $um of their vdW r
steric clashes among side chains that are not
the assumption that those side chains woul d
designs withaagey chasbpes, where such c¢cl ashes
same charge (i .e., positively charged nitroge
charged oxygen atoms of aspamrd adreo tamelr .g | RUE TaEra
binding is occurring at physi ol ogical pH and
charged amino aci d. Finally, PETEI does not cc¢
charged residues IiAn ptrlee i mi madrygvieospodsn of PET
constraint was prone to generating designs wi
appeared qualitativelryptedissicmimpahrexen. aWhi be d
hypetlze t hat those proteins are still experi mi
aims to generate designs with binding modes
interactions.

Successful PETEI designs are considered th
exceptional i nteractions and no detrimental f
have a selection for every bindpogehto®pt hath:e

compatible with the selected |l oops and do not
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not retain designs with greater than 60% si mi
successful desi gns. Here, this constraint mea

same as any other design.

2.2C8mputational Evaluation of Designs
PETEI gener ated nearly 2,000 monobody desi
experimentally evaluated in this study. To de
analysis was conducted. Al compl exdd [eddr]e f i

[ 4dki]jth fixed backbone atoms to repack cl ashi ng
alalt om minimized using the Rosetta force fieloc

calculate predicted binding eneagieseantdi bst i

it was found to be able to successfully resol
t hat PETEI Il ntroduces much more frequently th
cl ashes, Rosetta wasresedmpd emiesi mnzde caheuéemt
it is the most commonly used pgenhernatéedrdesfyg

=)

omedundantprabhei hodlat abase was prepared usi n
comparilksencdlooultated values

2. Besults

2. 3PETEI Al gorithm

Il n order to design trheptriede pltiog asn dese efdriedviie ¢ sodpr
and used PETEI (Proteins Designed with Target
capabl e of i dentifying candidate monobodi es
motivated by the observatinen atrlatcommotneiyn ulmidre

hot s[pdow)ser e a hoansipnoott bBiast dacnont ri butes a disp
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percentage of the overall binding energy. We
strong hotspot interactions without | arge ste

|l i keli hood of binding to target peptides when

Monobodies are based on the 10th type 1|11 f
similar t-bi ndhien@gnyvamgieabl e domains of anti bodi
to targets through modul ar dliongpsaftfh ati tdam .b €l he
|l oops of monobodies are attached to a scaffol
and is unaltered between different desi gns.
thermodynamic bibrydignegn eiratt @ m@gc tai ochast abase of n

selecting loops from those parts that bind to

Chain A from PR3@PEOBh DpI&dBaASl ected as t he
monobody designs. The three binding30l, édpls des
and876in file 1TTG. The generated database ha
958 for | oop oBbi Matrora at otdalvecsity of appr o»
monobodies. This database of | oops was wused t

MYC peptides.

Resi dwes o558 chain D from PDB file 4WE7 were
pepti4ddd,l seven residues of chain C from PDB
peptfiddegd r edl daufe 3hain A from PDB fil e[ 45]93 we
PETEI pr edtibcitnedd n3g7 2moHhAo b o-ldlii edi, nd 1mOn Eh A&Gi es, a
binding monobodi es. PDB files of the predict

|l nf ormati on. These complexes were nédreqi ensi na md
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buried surface areas were calcul at ed. The <car

testing using their predicted binding energy

The distributions of bindingpeedigyepdeHAb@NI

FLAG (n = 1110), and MYC (n = 582pubehdring
comparison, therasamedamt addtopgbasa@iomfcampl &dvey
i s i n[cdAajdteidbodi es are used as a comparison be

protein and there are far mpretexpecomeheakbky
of monobodies. -Cohdengi mehpypo&#FLAS haes 6Epgrif
0. 0053pi,ndHA g monobodi es have <comparbaibddei ngal L

monobodies have significah¥lyhamwehevahtuasal(

antibodies, where signitfaidaedaea mgswaegeasedan
From these, the 10 highest ranking monobody
experiment al testing

To provide a perspective into the binding m

231 -mmeodiundantpranei bovpme | esesd. Their bi nding

surface areas were calculated and plotted as &

an increasing trend with a negative sl ope. TFh
area, mndheememgy of the compl exes fgoumedtweemger
these two metrics, instead of relying on then
more reliable metric. Additionall y)y tdlred £ mmeate

structures. Adea PEdEul tdescfi gnhkeids and mini mi zed

based on this dataset standar d.
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FigLBending energies per buried s udifsacoegrarme ao f
the binding energies peprr ebdurciyeed) sbuM-fif @ Ge (aanrde a
MYCbIl()Juebinding monobodi es, and natwraluihngdantc
ant i-bodtyei n dat abase -b(iAbd,i nggr anyo)n.o bTohde eBL AAG v e
values (p = -Oi.MDI5MBg ,marmeboddddi es have cdmpaeabl

MYGbi nding monobodies have =sid.n7@}x ¢ d&a@mtnl yn awairr s

occurring antibodies, wher e asitgenditfsi caasnscuemiwiags |
variances.
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Fig@rPaeedi cted Binding Energy versusdBuadaaead S
Dat abase o0-Pr OAtneiim o@g niphlee xceast a demonstrates t|
energies strengthen (burei.ed bwrofmec enoaree a eigrad ri €
caused wus to rank order designs based on t he
experi mental testing

Figure 3 shows the same binding energy ver
monobmpedpyti de designed compl exes. These -curves
protein database plot because ther eolwdulad dhawh
dat abase would not have remained recognizabl e
of the mpepobhadeéy compl exes. It can be <clearly
designed compl exes cumep®dbiasss weHdwiwig ht heh ehiFg
binding energy with an increase in the buried
experimentally, FLAG binding results were the

Thi s suggesncse tohfe dsesgingnfiincgga protein binders be
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Fi gBMenobpdptide bindindhmetr magepbbobws the t
characteristi@oepdfi dteha edomonkaddy ompl exes. |t i
which shows that an increase in the BSA al so
near |l y 200i0On dtahtias pmliomtt sbel o-hggagdtoo®pdesées nct
in colored fonts. The font color and shape ha
of the readers

The monobodies were setup fopuflubrasskateoasn

as mentioned in the previous section. Once t
increase in flubowsvencewhetduehtyB8Rer was att
Zipper and kinase halves, the cells displayed

first screeni nme potni dteh er encoenpa boar dsy. Al |-pd®t iddees i g
compwerxe tested. 40%eis. ei spl B edA amenagmodii cant
fluorescence and HAGB8|I dlesnhgneadsreowied tthé&2acti v
monobodies, 50% or 5/10 showed a significant

showedf od.dé disrecrin activity. Finally, for MY C
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di splayed increase in fluorescence, with an i
are observed, this is consistent with the com

exhibited by the FLAG desangdnsf,i nfaollllyo wehde bMY G hd

2.B@Bi.scussion

This study focused on developing andovemi pg o
up with protocol sextpoe rsanoerntosu g h idebsiwgggnesra frpeas d ar
Peptide | igands were designed wusing HA, FLAG
receptor pairs, over 2,000 monobodies Twer e bu
desi gmsi nwemiezed using mol ecul ar mechanics forc
binding metrics were calcul atMeswoband esaflouondd
the highest t heoretical peptide | igand affir
identi ficati ommoroa dy -HAKBA PpFRLAAGISd eeMMYCC) pPphi s s.
suggests that although machine | earning has p
protein design using a combinataonad odngiodar isn
effect of hotspot residues are equally import
This further paves the way to design better p
with bul ki er anandtalbwdy sz edo meeisddgnddrsgr d shied ueef sf .
design was f ol | owetdi nbuyl aetxgreyr i amedn tisn hwiebriet oSr y EF
cells to respowedreodeisfameapelptuldas | i nkers w
devel op final denmimghsesdédr anecaptacsel | ular zip
and phosphatase (M7PB)uttieisenar n. cybi s de b mpgna
devel opment of Stimulatory and Inhibitory EPD

HACFLAG armiMMYBApeptides, respectively. I ntracel
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phosphoryl ate a substrate that merges two fl u
receptors revert split fluorescent proteins |
dephosphoryl ation.

The algorithm PETEI used here was also a par
of 2022, Pantazes Research Group (back then)

name of Auburn Universityés Mascmged Atso aP B TeEklu

avoid probable conflicts in the future. The |
advent of machine | earni-ngpido Howeaserdueveg
of artificial i nted,] igealt er atnido malc hd emei ¢ re atr mo |
t hem. This was also another reason to change
future confl i otfs tdaikkeo vatl gtore t Manmeé ei ngndifhmhet be

di ssertation
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3. Application of in-silico tools to design DARPIni U-Cobratoxin complexes
3.1Backgroundinformation

Countless diseases have plagued human society since time immemwbic required
constant attention and remedies to be treated. Human beings have always found scientific
breakthroughs to develop a variety of medical therapies to treat ailments such as the Bubonic
plague, Spanish Flu, SARS, COWI®, andHIV/AIDS, and prevent them from gaining severity.
However, amidst the list of ailments, venomous snakebite is often overlooked. Although venomous
snhakes are omnipresent across the world @osgsignificant health hazards, they are seldom
considered to be a health risk. The toxins can create a concoction of physical and neurological
disruptions in humans and animals, resultmgevere disorders, which may also be fatal at times.
Unfortunately, the impact of snakebite envenoming on human health is often underestimated and
for this reason, quick and effective treatment remains vastly underexplored. For these reasons,
shakebites maain one of the leading causes of death in several nations of th¢ Wdedl [3],

[4], [5].

TheCdlbr at-Ebtx) is an eXttemely potent neurotoxin found in the venom of several
cobra speciesNaja naja/kaouthia/oxiana/siamensisihich has a high affinity for nicotinic
acetylcholine receptors (NAChRs) and subti@led7], [8], [9] as shown in Figure.1These
receptors are critical for t he -Cbtk Bimistotheses i o n
molecules with high affinity, and blocks neural transmission between the nerves and muscles,
thereby causing respiratory and renal malfunctioning, adasti complete paralysis, local tissue
death, organ failure, blurred vision, and a plethora of other critical symdiojnd.1]. It belongs
to the family of thredingered toxins (3Ftx), which are relatively flat molecules with a small

hydrophobic cor e t haltl2].ghe arearsgenment of anpdrtant ahindacidse f i
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to form of folds and loops is specifically responsible for interacting with the nicotinic proteins and
subtypes.

Currently, the production of antivenom is focused on animal immunization, where horses or
sheep are injected with small quantities of the venom over months to gradually develop immunity
by generating antivenom antibodies (Af$) The Abs generated must match the snake species
toxin to temporarily bindthemin the bloodandbuy the victim some time for the appropriate
medical care. There may arise several challenges in treating venomous snakebites e.g., Abs have
low diffusability to penetrate localized tissues and bind the b&]n[14], and if not administered
quickly, the antivenom is rendered ineffective due to the rapid progression of the toxin that causes
tissue destruction. Unfortunately, the entire system is rigged avitmefficient, slow and
laboriouscocktailchallengefl], [11].

Although there have been some recent developments in using peptide inMibjiis], [17],
small molecule therapies (SMT) such as using single chain variable fragments [{R]Fvs)
nanobodies (Nbg)9] or sdAbs (single domain antibodies), they are still not as easily available in
the market as Ab, since a lot more research is needed for their approval. There is a paucity of
effective therapies against a malady, which has been and is still being reegieti@ny nations
across the globe. Hence, there is an urgent call to find highly effective, quick, and alternative

strategies to treat snakebite envenoming.
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Figurel. U-Cobratoxin in complex with AChBP. This complex was extracted from PDB 1YI5

and observed W CSF Chi mer a. Th e -Cptxy withIsene of @td keycbinding i s
residues highlighted in green. It is interacting with an acetylcholine binding protein (AChBP),
which is shaded in light gray.

Designed Ankyrin Repeat Proteins (DARPIns) as shown in Figure 2 is a class of engineered
alternative protein binders that are gaining prominence due to their properties and therapeutic
promisg20], [21], [22]. These molecules can specifically bind antigens with high affinity although
structurally dissimilar to A423]. For this reason, they are also called Ab mimftR]s Typically,

a DARPIn is about 1/10the size of a conventional Ab or-1% kDa, generally consisting 0f%
repeat modules or motifs with its hydrophobic core between its N and C tef20y23], [24],
[25]. Unlike Abswhich uses modular binding loops called complementarity determining regions

(CDRsJ26], [27], [28], to bind Ags, DARPins use fixed backbone binding surfaces to bind
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proteing29]. A key differencein improve their bindingaffinity is that antibody CDRs can be
wholly graftedwhereasa common methodor DARPIns is to dock them to target Ags followed

by mutating their residue sidechd@@] to accomplish the sam&uch Ab CDRike modularity

in their binding surfaces is not a common observation nor is it a strategy to improve their
properties.

Innately by themselves, DARPIns are highly soluble and thermostable molecules, can be easily
expressed in prokaryotic cells like coli, and do not require poestanslational modifications
(PTM) like Abq30], [31]. This significantly reduces production cd&8], [32]. Due to their small
size, they have high tumor penetrability and are potentially effective therapeutics for cancer
treatmeni20], [21], [31] The presence of Cysteine residue serves as a site for drug conjugation to
assist in drug dosaf$3]. Often, the presence of multiple surface exposed Cys residues can lead
to uncontrolled drug dosage. However, DARPins have the advantage of not having any surface
exposed Cys residue and therefore they can be easily engineered to have a singular drug
conjugation sit¢20], [31]. They can further be PEGylafé@], [34] to increase their renal
thresholds without altering their potency. Such properties make these moleculg®teignal
therapeutic binders. For these reasons, DARPins were the ¢hom®tein bindest o t ar ge't
Chbix.

The advent of computational protein engineering and design (CPE and CPD) has
revolutionized the concept dé novoAb and other therapeutic binder degig, [35], [36], [37],

[38], [39], [40], [41] The PROTEIN PANT(z) Group at Auburn University developed another
novel algorithm called MutDo¢&2], which as its name sugge& a dockand mutate tool to find
good binding positions for such alternative binders. Thus, MutDock was used to design several

DARPi ns i n cQ@bmtheearlywhase lof thi$ projethis was followed by Rosetta
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affinity maturation (AffMat) 6 improve the binding affinity of the DARPIrfarther. CHARMM
forcefield43], [44], and Rosetta forcefield energy minimizatip#S] were performed to relax the
existing strains in the desigradRosetta Interface Analyzer (RIf¥)6] was used to calculate the
binding metrics needed to quantify the designs. Visual Molecular Dynamics (MN¥Dgnd
Nanoscale Molecular Dynamics (NAMD) softwpt8] MD simulations were performed to further
asses structural stability over time and shortlist the good designs from the bad ones. UCSF
Chimerg49] is a molecular visualization tool, which was used to observe the designs and identify

characteristics that are detrimerttatomplex stability and discard them.

Figure 6. Full crystallized DARPin 6FPA. This image is a pictorial representation of a
crystallized structure of PDB 6FPAesigned Ankyrin Repeat Protein (DARPimplecule as
observed in UCSF Chimera.
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3.2Methods

Antigen & protein .‘ - - -
scaffold selection —~| Epitope selection l—-l MutDock simulation l—'

CHARMM and
Rosetta forcefield
energy minimization

Rosetta Interface

Analyzer (RIA) to

calculate binding
metrics

Rosetta affinity
maturation

Binding metrics

calculations and design
complex analysis

UCSF Chimera visual
inspection to shortlist
structures

VMD & NAMD MD
simulations

Figure3. Hierarchical flow of information of the entire methods sectionThis image shows the

Calculation and analysis
of binding metrics of
individual PDB frames

|

Finalized set of ranked
designs for experiments

chronology of the method section for better comprehension.

3.2.1. Finding the appropriate protein scaffold and target antigen
A protein binder and a target antigen of choiezemeeded as inputs for the design simulation.
The weltknown RCSB PDE0] was explored for DARPIns, and PDB 6HBA] was selected as

the protein scaffold. It was a nonutated, 1.58A structure, which was of the highest quality back

then and

structure, which was in complex with a bingerotein/peptide) to locate the target epitope. Other

it h a

d no

mi s s i n-Gbtxr ievas recessary to find a

t

he

factors considered were sequence identity, resolution, mutated residues, cobra species, etc. The

structure PDB 6ZFM was selected, which was Cbtx bound to peptide inhibitors. It was a 1.90A

structure daved fromNaja kaouthiawith no mutations or missing residues.

3.2.2. MutDock simulation

A novel tool called MutDocld2] was developed in the PROTEIN PANJ (Lab to design

good binding pose#\s its name suggests it comprises of two parts: 1. Docking or finding favorable
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binding positions between the binder and target antigen; 2. &th&abinder residues that do not
gualify as a good binding position with the antigen. Some of the key features of this tool are: It
uses known structural features such as hydrogen bonrlsr{és) to drive favorable binding pose
identification and dockingt does not use forcefields during the design process but they are used
to evaluate the designs based on certain binding metrics; There is no concept of the binder
translation or rotation aund the target because it uses pairwise distance matching and alignment
between several eligible-Bond forming residues of both the epitope and paratope; This allows
structurally favorable poses to form multiplebdnds in a single step, which accoumisdtrong
binding interactions; In case of steric clashes, the residue finds other poses and a maximum of five
structural distinct rotamers (Dunbrack librdBp] are used to generate a design pose. If the
binding pose remains of poor quality, then the residue is mutated and there is a priority list of
residue mutability, which can be found in the MutDock ar#2¢ in great detail. This entire
design simulation steps are repeated for all the selected epitope residues, which were used as
inputs and the final designs are generated. All simulation runs were submitted in the Auburn
University Easley Cluster as individual jobs
3.2.3. CHARMM & Rosetta forcefields energy minimization

Although forcefields were not used for energy calculations during the MutDock design run,
they wereused to relax the final poses and evaluate them. Two energy minimization forcefields
were used to relax the designs i.e., CHARMM] fixed backbone forcefield energy minimization
followed by Rosetta REF20[53] all-atom forcefield energy minimization calculations. If energy
minimization calculations are not used during a design/prediction process, there will always
remain some minor steric clashes, which can be relaxed using these forcefields. Since the primary

motive of the study was to design protein complexes with good binding posemshienportah
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metric was binding energy (B.E.), which is the difference in free energy between the bound and
unbound state of the comp[&#]. The other metric scores suchbasied surface area (BS|ap],
shape complementarity ($8%], [57], [58] werealso calculated using RIA. The structures were
sorted according to these scores and the best designs were selected.
3.2.4. Rosetta affinity maturation to improve binding

To further improve the binding affinity of the DARPIns, the best MutDock generated and
Rosetta minimized design complexes were selectethéRosetta affinity maturation process.
The general fixed backbone design application (figif]) [60] was used along withrasfile The
entire path to the database and the designed complex PDB files were used as input, the packing
corresponded to the instructions that were provided iretféde, the number of iterationsaskept
as 100 structures per minimized design, the latest weights function i.e., ref2015 was used. The
resfilehas specific syntax and conventions #r@necessary to be incorporated in the correct way
e.g., ALLAA and ALLAwc mean to allow all amino acids including cysteines, ALLAAxeans
to allow all amino acids except cysteine, POLARd APOLAR mean to allow canonical polar
and canonical nepolar amino acids respectively, and several other commands ématcessary
to be understood clearly and then used for the purpose. It is the instructions of this file that dictate
the interface residue mutations ardtherefore responsible for improving the binding affinity of
the protein binder. Theesfile and the remaining commands are all included in Appendix 1. The
generated affinity mtured files were minimized and RIA was used to calculate the new binding
metric scores. These scores were compared to the ones, which were generated using MutDock. At
the end of every major step of this project, the best designs were selected anddikerted the
next phase of the process. However, {saseeninghere were still plenty of structures, which

were further subjected to visual inspection using UCSF Ch[BHra
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3.2.5. UCSF Chimera was used to visually inspect and shortlist the designs

UCSF Chimerfs1] was used to observe the selected affinigtured designs and study their
characteristic features. They were visually inspected to check whether they have good structural
conformation e.gthecomplete burial of theomplex core, salt bridges, hydrophobic interactions,
hydrogen bonds, etc. After this step, the designs were further narrowed down for molecular
dynamics simulation runs.

3.2.6. Molecular dynamics simulations to assess structural stability over time

The affinity-matured designs were further filtered and prepared for 5ns MD simulation (MDs)
runs. Visual Molecular Dynamics (VMP)7] was used to prepare the QwikMD files. All ron
standard mol ecules were removed from the PDB
gwikmd file for each affinity matured design. Apart from a gwikmd file, a run and setup folder,
and an INFOMD file werelao made The INFOMD file had detailed informatidar runningthe
MDs. A few parameters were adjusted i.e., nsteps was set to 500 in the Annealing.conf file and the
dcdfreq, XSTfregand restartfreq were all set to 25000 in the MD.conf file. All of tigeserated
files were uploaded to the Auburn Easley Cluster. Sinces MiDs havea high duration, entire
nodes (48 cores) were occupied for running individual complex simulations using N&MD
installed in the Auburn Easley Cluster.

There is a sequence of steps in an MD simulation run: energy minimization to relax and release
excess strain from the system; this is followed by heating the system (annealing) to the temperature
(300°C in this case) at which the simulation is to be chaug; this is followed by the equilibration
step to equilibrate the system before the simulation and measuring the properties. This is followed
by conducting the simulation runs. After the files were generated post MDBS#a&nd DCD

files were downloagd to the PC. VM[7] was used again to load these files and generate the full
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500-frame PDB. This PDB had all the individual frames of the affinity matured designed complex
i.e., all 500 conformations throughout the 5ns MD were present in this one big PDB file. Each
frame from this PDB file was extracted to form 500 PDB files. Thigeptiocess was repeated
for all the designs selected for MDs runs. The RIA was used to calculate the binding metric scores
for each of the 500 frames for all the structures and their data was analyzed.
3.2.7. Finalizing the design rankings for experiments

Themain objective of this project wastbe si gn DA RP i-@bs. Forlhis teasbni nd U
while evaluating the structures from the beginnthg B.E has been the focal point although other
binding metrics were also considered. Later while observing the trend of plots, a cer&datioa
was arrived atwhich led tothe mergng of two individual metrics to form a more reliable one.
This reasoning has been explained in detail in Chapfes R2.is well established that designs with
such metrics have ba successfully experimentally tested over the Y8a)g62], [63], [64] the
final rankings were based on the However, since there were 500 different frames, which
suggests that there were 500 different PDB structures (different conformation) per MDs run, the
characteristics had to be considered for all of th€Enerefore the standard deviations (SD) of
thesemetricswere calculated for eadithe73MDsrunsl t 6 s wort h mentioning
500 frames B.E/BSA plots were made using smoothened data with a moving average of 5 data
points, the SD were made without ngiany average i.e., using raw data from the MDs. The
primary reason to consider thisiterion (SD)is that it provides a characteristic measure of the
entire trajectory of thdesignsover time, which cannot be found in thiagularforcefield binding
metricscoresFinally, designs with theolvest SD values were the tognked structures; however,
afew mid-ranked designs displayed sphr structural characteristics and were discasedet] in

this way,the best 51 structures were selected from the list of 73.
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3.3.Results
3.3.1. Choice of protein scaffold and antigen

Figures 4 and 5 below show the protein binder of choice PDB 6FPA and the target antigen of
interest PDB 6ZFM respectively as observed in UCSF Chimera. The DARPIn in Figure 4 is orange
with its paratope r es i-Gbty dighlightedg purpie Flyarexwas n b | u
extracted from PDB 6ZFM, which had multiple chains of the toxin with peptide bound to them.
There are two epitopes, | and Il. Some of the residues in | (highlighted in green) were obtained
from literature survey65], [66], which binds to nAChRs and subtypes, and the residues of epitope
II (highlighted in blue) were selected by identifying the presence of ampkigivitized residues.
A pre-stabilized residubasfewerdegrees of freedom (DOF) of motion whers in its unbound

state and ints bound stateif further lossthose degrees of motion.

Figure4. DARPIn paratope residue identification PDB 6FPA is an Xay crystallography 1.58

A resolutionDARPIN, expressed ift. colicells, anchasno missing residues. The highlighted blue
residues represent tieentified paratope binding region (PBR), which will be used by MutDock
to find favorable Hoond forming region with the targeted epitope residues.
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Figure5. U-Cobratoxin PDB 6ZFM epitope identification. It is an X%ray crystallography 1.90
A cobratoxin obtained fronNaja kaouthia The highlighted green residues represent epitope |
whereas the blue residues represent the identified epitope Il consistingstdiphized residues.

3.3.2. Epitope identification
Figure 6 shows t-CGbix interacyng with an ACoPe(BDB d YI5). These

residues were a portion of epitope I. Other residues were also selected to increase the binding
probability by strong bond formations. Some of these residues arelV¥25F29, R33, K35, R36,

and F65. The Trp and Phe residues are responsiblerfomgtheh y dr optiobind eT act i c
owing to the presence of their big aromatic rings, while interacting with similar receptor
residuefs7][68]. The charged residues i.e., Argnd Lys form salt bridgesand cation’

interactions with several neighboring receptor residues as they have long sidechains. The Asp in
position 27 is a highly conserved residue, which pkakey role in binding td orpedonAChR

[6][69]. Prior studies wereonducted by mutating this residue to check the effectivity in binding,
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which showed significant changes in the binding aff{6®y, [70]. From Figure 6, F65 may look
like it is placed far away from a potential binding site but it establishes interaction with AChBP
loop residug$6]. Research has been conducted to establish the intermolecular interactions
between these neurotoxins and nicotinic receptor prot@imsse interactions have been well
tabulated inthe literature by Bourne Y, et §#6]. Hence, aftera thorough literature survey, the
choice of residues for epitope | were K23, W25, C26, D27, A28, F29, C30, R33, K35, R36, K45,

and F65.

Figure 6. U-Cobratoxin in complex highlighting its key binding residues The figure was
extracted from PDB 1YI5 and it was visualized in UCSF Chimera. The molecule in light gray is
an acetylcholine binding pr ot ei-Ghtx. Tlen greem I s
highlighted atoms represent some of the key binding residueich have been established in
several studies to interact with these receptor proteins.
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From Figure 7, it is observed that there are both polar anepolan residues, which are
significantly close to each other such that they are limited in terms of their movEwmrestample
F4 has a big aromatic ring, which is stabilized by P64, N61, N63. Similarly, 19 is partially
interacting with F65, which is not visible here since it was included in epitope | but that does not
deny its presence around these residues and stabilizing fte&anthe protruding loop with N16,
H18 is being stabilizedy P15, 11, C14, A42 and A43. C3 and C14 are forming a disulfide bond,
which further stabilizes them. Additionally, R2 is forming a salt bridge with D13 and interacting
with polar residues SAndN61. The third loop near S58 has two more C57 and C62 which helps
stabilize that region. Thus, the concoction of numerous stabilized residues and the convex shape

of this region led teheidentification of epitope II.

P15
N16 ;

Figure7.UCobr at oxi nés key bindi ngThebuesrestluesrspreseht al t e
epitope I, which was selected on the basis ofgpabilization. MutDock was developed in a way
such that it designs more structures in presence of highstgi#ized residues

81



3.3.3. MutDock results analysis

After finalizing the epitopes, the paratope residues were selected and there were 2 separate
MutDock design simulation runs. A total of 2145 designs were generated out of which 375 were
from epitope | and 1770 were from epitope Il. All the designeweanimized using CHARMM
and Rosetta forcefield energy minimization, and their binding metric scores were calculated using
the RIA module as mentioned earliérhile CHARMM fixed backbone energy minimization was
consistently able to relax all the geneded&ructures, Rosetta @tom energy minimizer was used
since it is the most commonly used forcefield and conveniently the finalized calculated binding
metric scores can be easily compared and understood.

Figure 8 shows the results of MutDoc&is)gener a
vs. BSA (xaxis). The curve font colors were retaisded orthe color of the respective epitopes.
Epitope lis green while epitope lik blue. The triangular data points, both green and blue are the
ones, were selectdzhsed orthe binding metric threshold values as shown in Table 1. The trend
shows that witlanincrease in the BSA of the complexes, their B.E. got stronger. A reason for this
is that intially in the unbound state, there was a higher value of solvent accessible surface area
(SASA) as there were ample interactions with the solvent molecules. As the molecules interacted
and eventually formed a complex with a strong hydrophobic core, tlzsra gradual decrease in
SASA, whichindicates an increase in BSAhis is only possible ithe case of a complex with
strong B.E where there is almost no solvent interaction with the complex core. Instead of
evaluating the complexes using B.E. and BSAemarate metrics, the two were combined for
more reliability and made 16@ld for ease of calculation. In a previous study conducted in our
lab, a database consisting of 231 experimentally determinededandant antibodprotein

structures had an aveg@B.E/BSA score 02.8 + 0.6kcal/mol. 2. The actual score i€.028+
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0.006 kcal/mol However, for convenience in calculating and analyzing these figures, the score
was multiplied by-100 as shown in Table 1%{¢olumn, F'row). The threshold value for selecting

the affinity matured structures was within the average database Asgeeviouslymentioned,

an Sc value of 0.60 has been consistent in generating good quality désdbs vialue was kept

at 0.60 Since the structure is way smaller than an Ab,BSA, and B.E./BSA were kept at 660A

and 2.5cal/mol. 2 respectively. These complexes are significantly smaller (10% the size) than
conventional Ig, so it is expected that they will not have comparable values of BSA. However,
since Sc is a mathematical function or a structural geometric fit between the two nmldmye

are likely to have standard values as other complexes as well. An Sc value of around 0.60 is
considered to be good for such complex formafBis [57], [58] Considering these criteria
altogether, there were a total 8 (23 epitope | and 16 epitope Il) designs, which were further
selected for Rosetta affinity maturation.

Tablel. RIA calculated binding metric thresholds for shortlisting promising MutDock design

Compl { Sc BSA B. E/ BISOAO X

Epito|l ®@.6| o0 | >2.k6al / mo

Epitof ®.6| &00 >2.k6al / o
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Figure8. Comparative analysis of MutDock generated epitopes | & Il designsEpitope | is
highlighted in green while epitope Il is highlighted in blue. It is evident from the cthraethey

have a negative linear slope, which suggests that with increase in the BSA, the B.E got stronger.
The data points marked as triangles in both the font colors are the ones, which were selected for
Rosetta affinity maturation to further improve timg affinity. One thing to consider in this plot

is that since there are more epitope Il designs compared to epitope |, they are overshadowing the
epitope | data points by a great extent. Here, the epitope Il marker size has been reduced to allow
more visbility for the epitope | points. Hence, the variability in marker size.

3.3.4. Rosetta affinity maturation results analysis
3900 structures were obtained from the affinity maturation designs i.e., 2300 and 1600 for
epitopes | and Il respectively. Figure 9 displays the RIA calculated B.E. vs. BSA curve for the
affinity matured designs. Observably thie same scale, the affinity matured curves have a higher
magnitude of negative slope compared to the one in Figure 8. Additionally, from the plot
characteristics, it can be inferred that along with an increase in BSA, the B.E became significantly
strongerthanthe MutDock plotSince, the BSA gradually increases, the only way the curves can

slide down along the negativeaxis is if there is an increment in the negative magnitude of the
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numerator, which is possible only if the B.Etgstronger. This suggests that the affimtatured

complexes had better binding characteristics than the ones obtained directly from MutDock.

Buried Surface Area @A

0 500 1000 1500 2000

Binding Energy (kcal/mol)

-50 Epitope_| e Epitope_lI

-60

Figure9. Comparative analysis of epitopes | & Il Rosettaaffinity maturation results . Both

the plots have the same scale because of easier comparison. The plot shows an increase in the
negative slope, suggesting that there was an increment in the negative magnitude of B.E. Post
affinity maturation, with increase in BSA, the B.E. got esgonger.

3.3.5. Visual inspection using UCSF Chimera

The molecular mechanics (MM) forcefields are not the absolute benchfaréssessing
protein structures. Often, th@annotcapture the characteristics that molecular dynamics (MD)
simulationscan For assessg the structural stability of the designs over time, MDs was used. As
earlier stated, standard thresholds were considered to filter the designs for affinity maturation and
on a similar basjsTable 2 shows the thresholds for further shortlisting the best designs. Since the
binding feature oftte designsmprovedwith affinity maturation, close to 200 structures. The
structures were visually inspected using UCSF Chimera qualitatively, to check for promising

binding features. Some of the characteristics considered while visually inspecting these designs
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are salt bridge formation, since this is the strongest kind of electrostatic interaction; complete burial
of the core residuesind the absence of voids/gaps around it. The presence of voids around the
peripheral area of the core packing will lead to the entry of solvent molecules. This is detrimental
to the complex stability. Generally, CPE has been more efficient in desigmmgece@s with

strong hydrophobic core interactions rather than polar ones. Post visualization in UCSF Chimera,
73 complexes wereskected matching all the qualitatiaed quantitative thresholds as shown in
Table 2.The reason fochoosingthese values is that thenasmore affinity matured complexes

with better binding metrics than the Mutdock generated designs, which it is supposed to do.
Therefore, a stricter threshold value was considerethfsraffinity matured designs and even
then, they had to be narrowed downhetop 73 for MDs.

Table2. Binding metric thresholds for shortlisting promising Rosetta affinity matured designs

Compl Sc BSA BE/ B SLA 0O(x
Epito|l @.6| ¢&rood i >3.keal/ mo
Epito|l @.6| &oo | >3.k@al / mo

3.3.6. Molecular dynamics simulation results analysis
The binding metrics of the individual 500 frames were calculated using RIA and plotted against
time (5ns). The results have been shown in 12 different plots, each having the trajectories of 6
distinct designed complexes. To plot smoother curves,\angaverage of 5 data points was
considered and applied to all the 500 data points for each designed complex. This indicates that
the curves will be aesthetically appealing compared to their actual value plots. The plots were
B.E/BSA vs. time (5ns) and¢ir corresponding BSA vs. time (5ns). They were qualitatively and

guantitatively analyzed and then further cruossfied to match the results.
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The qualitative aspect was that the curves should have a near zero slope. To elaborate, if the
15t frame of a design started at a point (x, y) and went on till fram& #9B®wing a certain
trajectory. Then mathematically, the 30@ame should be at a point (x’, y*) where (x’, y*) tends
to (x, y) such that @e&ey/ e&ex 1 s as minuscul e as
ends at that exact conformation or near to it from where it started i.e., there should not be any
conformational changes at the end. If the trajectory ends in an upward trend, it represents
dissociation since the binding energy weakens with time. If the trajectory ends in a downward
trend, itexhibitsa better conformation than the one where it stantesthaply the current designed
complex is not good enough. As described above, a curve can have one of the three outcomes.

Another method of qualitative analysis is to seek designs with a lower range of frequency i.e.,
a relatively tighter or lesBiuctuating trajectory. This suggests that the intermolecular bonds are
strong such that they help the complex remain in their designed conformation with minimal
deviations throughout the period. On the other hand, highly, fluctuating trajectories vwbcdden
that the ligand is detaching from the protein noceatent at some point, the frames of which will
possess the weakest B.E and low B.E./BSA values as well. It is therefore highly desirable for the
designs tohave the least fluctuating trajectory avéime. The range of fluctuations can be
guantified by calculating the standard deviation (SD) of each data point and then ranking them
with the least to most variability. The ones with high SDs are ranked last compared to the ones
with low SDs, which suggststhe relatively tight nature of the complex trajectories of the latter.
Once the designed complexes have been ranked using the nature of the plots (qualitatively) and
the SD (quantitatively), the two distinct rankingdisan be matched twncludef the top and the
bottom rankings are similar. They might not be the same but there should not be a case where a

gualitatively topranked structure is found at the bottom in terms of its quantitative ranking.
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After this step, the other score rankings can similarly be matched to check if the top and
bottomranked structures are close to each other. Mathematically, the characteristics of a curve
observed in the plots should represent the quality of its SD as well. These criteria helped evaluate
the structures and rank them from top to bottom with the cuyrewthilable computational
capacity.

All the plots haveanequal range of axes values to ensure fair comparison e.g., all values start
from O for both the axes. For the plots on thelwaiihd side i.e., B.E/BSA vs. time, the range is 0.0
to -4.0 Kcal/mol. K. Similarly, for the ones on the right, the range is 0 to 1800TAis is to
maintain consistency throughout the plots for better comparison. Since thdéobasialuating
these structures Bheen previously explained in detaileywill not be discusseth greatedetail.

Instead a few unique examples will be usedunderstand the key takeaway from these plots. In
Figure 10, the complexes 213 81 and 245 45 are considered in the first plot. Both of them have
similar trends i.e., they start with relatively tightness &mder fluctuations, but they keep
increasing, to a point where they cross thd'@n@rk for the B.E/BSA. From a thermodynamic
perspectivea positive free energy represents 1spontaneityand that represents instability. In

the MD animation, the complex startssstciating slightly after the halfway time, which
corresponds to the characteristics of these two cuFrem a quantitative perspective, 213 81
ranks 7% and 67" out of 73 complexes, whereas 245_45 rankéard 38" in the SD calculations

for B.E/BSA and BSA respectively. For 245 45, the B.E had a stronger effect on the dissociation
tendency compared to BSAhesefindings summarizethat such structures, which cross the"0.0
range can be marked as bad desiiltseover a weak complex can also bendiéed qualitatively

from the plots e.g., 1025 36 has a wide range of fluctuation throughout its trajectory on the

B.E/BSA plot, which signifies that the complex is not attached strongly. To match it up, we can
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observe that its BSA has significant variations on the 1sgle plot corresponding to its left. The

BSA values nearly halved almost halfway into the MDs. To further justify, complex 1025 36 ranks
46" and 66 out of 73 complexes on the SD calculations for B.E/BSA and BSA respectively. It
has a more or less good rank than the previous complexes. Hence, it was considered to be weak

rather than being treated abad design.

Time (ns)

Time (ns) 0 1 2 3 4 5
0 1 2 3 4 5 1800
1600
5
& ~ 1400
7~ < 1200
ok g
Eg 1000
M g
5 g so0
=] g
SR 2 600
v O
2 30 B 400
g E
'é a5 @ 200
-4.0 0
—213.81 245 45 554 52 354 61 ——3554 67 —— 1025 36 213 81 ——245 45 554 52 554 61 ——554 67 —— 1025 36
. Time (ns
Time (ns) (ns)
, 0 L 2 3 4 5
0 1 2 3 4 5 1800
0.0
© 1600
g 05 _
= & 1400
7~ 10 <
B = S 1200
22 1S 4 -
g8 o 1000
S 20 g
8g T 800
R ’
gg o \ A SO X SN RV & AN ‘ % 600
&0 W7 Y WA ¥ VA £ 400
2 35 A
M 200
40 0
— 111 20 ——111 32 111 34 111 52 =111 57 ——554_94

——111_29 1132 111_34 ——111_52 ——111_57

554 94

Figurel0. Molecular dynamics simulation trajectory of affinity matured designs It shows the
characteristics of 12 designs. There are 4 distinct plots, 2 with B.E/BSA vs. time on the left and 2
with BSA vs. time on the right. Both the left and right plots belong to the same désugtailed
explanation has been provided in the previous sections to understand these plots.

We have already observed and identified the characteristic plots of braibéed designs, so
our focus should shift to the good ones. In Figure 11, all the complexes except 111 58, 111 59,
and 111 62 heerelatively stable trajectories. They are characterized by tighter or less fluctuating
trajectories, they exhibit a relatively straighter curve with a near zero slope, which suggests that

throughout the simulation, they held onto their structural confaomatnd did not exhibia
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tendency to dissociate or move much due to the absence of strong bonds. These are all the
characteristics, which should be present in a design to render it stable. Additionally, the ranks of
the complexes 111 63 and 111 78 ard &Bd 1¢" in the SD calculations of B.E/BSA
respectivelyand 4" and 3% for BSA SD calculations respectively. The same categorical ranks

for the B.E/BSA and BSA SD calculations of complexes: 111 $%and 19; 111 89 17" and

70111 917 20" and 6@ 111 937 15" and22'% 111 94i 7" and 12" 111 97i 8" and 11"
Therefore, judging by the quantitative results and rankings of these complexes, it can be claimed
that with the appropriate observation and data analysis a complex can be identified to be good or
bad based on these metrics and the quality of the platelis The three curves, which were
excluded were not 6ébadbé, but they did not ||

their nature itself.
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Figurell Molecular dynamics simulation trajectory of affinity matured designs This figure
shows the MDs characteristics of the designed complexes. This plot was used to identify the
behavior of 6égoodd designs over ti me.
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Although it was not previously mentioned, the second set of plots presented in Figure 10

(B.E/BSA and BSA) only had good structures. All their trajectorial characteristics matched the

descriptions

of

6goodéd

d e s i gSD xalcalaion pankengsifoo u s | y

B.E/BSA and BSA respectively they were: 1111289 and 2% 111_32i 39and £ 111_34i

4 and 9 111 _52- 24" and 39; 111 57 5" and 18", 554 94 23%and 26" Hence, it is quite

clear that they occupy the topnked positions qualitatively and quantitatively.

The full set of rankings based on the individual SD can be found in the Appendix. The overall

ranking of the complexes can be found in Table 5. The designs in this project were consistently

selected based meveralfilters e.g., binding metrics, structural visualization, MDs trajectories,

MDs animation visualization, etc. Similarly, the final rankings were obtained based on further

observing the MD&animations andiewing at their interfacial stability, plot characteristics, and

SD rankings. On thibasis, only the top and middle rankings will be experimentally tested in the

laboratory. The bottom rankings will only be tested if the selected designs fail.

From the plot characteristias can be observed thitM forcefieldsareunable to capture the

behavior of designed complexes over time, which can change to a great extent as it was shown

previously in certain casehis is verifiableby using MDs for such designed complexes.

Therefore, it is necessary to conduct MDs to check the behavior of such complexes over time

because MDsancapture what the MM forcefields fail e.g., binding complexes can have excellent

metrics but they can prove to be eitdesociating or have weak bond strength or display unstable

nature of complex formation over time. The following 6 complexes in Table Jaold4 have

good or toprankedbinding metrics, which were shortlisted for MDs runs:

Table3. Complexes with top tier binding metrics but with bottom order SD rankings

Comblex e BSA B.E/BSA
b (A?) (Kcal/mol)
32 37 0.773 | 786.268 -3.657
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111 _62 0.719 | 1017.16 -3.625
32_42 0.756 | 783.44 -3.614
111_42 0.723 | 1019.202 -3.599
32_28 0.751 | 844.924 -3.568
213 11 0.705 | 974.102 -3.566

These structures have higinding metric values but the following are their B.E/BSA and BSA
SD calculation rankings from the MDs plots:

Table4. Complexes with binding metrics in Table 3 with their respective SD rankings

Complex (Riﬁk) (F?frﬁ() B.E/BSA (Rank)
32 37 54N 720 68"
111 62 37h 69" 67"
32 42 60" 48n 64"
111_42 3 33" 51t
3228 68" 73¢ 718!
213 11 62 715 69"

Except for one rank in Sc of a single complex, none of the other complexes showed any ranks
even withinthetop 25, whereas the MM forcefield analyzed metric values were all in the top 25
positions. This suggests the importance of MDs in such studies. Based on the nature of the plots
and their quantification such fallacies can be identified and further exatursslect the best
designs and test them experimentally in the laboratory.

Table5. Table showing the final design rankings and the onesdrare the discarded designs.

Ran| PDB BE/ BS| SD |Ran/ PDB BE/ BS| SD
(kcal?y | (BE/ B (kcal?y |(BE/ B
1 |364 | 3.24( 0.19 37|554 | -3.10% 0. 34
2 111 | 3.53] 0.22 38|554_| -3.104 0. 34
3 [111 | 3.02] 0.23 39[554 | -3.10] 0. 34
4 | 111 | 3.46{ 0.23] 40| 32 _d§ 3.584 0.34
5 [111 | 3.27{ 0.24 41| 32 4 3.30] 0.34
6 |364 | 3.21] 0.24 42111 | -=3.52] 0. 34
7 111 | 3.25] 0.24 43554 | -3.05{ 0.365
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8 | 111 | 3.45] 0.24| 44554 | 3.05¢ 0.35
9 [111 | 3.02( 0.25 45|554 | 3.27% 0.35
10111 | 3.78%f 0.25 46|1025| 3.22¢( 0.35
11| 111 ] 3.69¢ 0.26] 47111 | -3.487 0. 3686
12 364 ] 3.29( 0.27 48|554 | 3.014 0.36
13111 | 3.70{ 0.27 49| 32_4 =3.48( 0.236
14111 | 3.697 0.27 50| 111 | 3.657] 0.37
15111 | 3.70{ 0.27 51111 | 3.59¢ 0.37
16| 111 | 3.14¢ 0.27 52390 | =3.37] 0.38
17111 | 3.75{ 0.28 53|554 | 3.05] 0.38
18111 | 3.70( 0.28 54|554 | 3.014 0.38
19111 | 3.57] 0.28 55| 111 | =3.46¢( 0. 41
20111 | 3.727] 0.28 56|1025| =3.08] 0. 42
21111 | 3.69] 0.29 57554 | =3.2141 0. 43
22554 | 3.03] 0.29 58|554 | =3.211 0. 43
23554 | 3.264 0.29 590|111 | 3.534 0. 43
241111 | 3.53] 0.29 60| 111 | =3.474{ 0. 44
25| 32 d 3.57] 0.30 61554 | 3.051 0. 44
26 | 554 | 3.05¢ 0.30 62554 | =3.04] 0. 45
27554 | 3.25( 0.31 63|554 | =3.08( 0. 46
28| 329 3.70] 0.31| 64| 32 4 3.614 0.49
29554 | 3.05¢ 0.31| 65554 | 3.06] 0.50
30| 111 | 3.31¢ 0.31] 66|554 | =3.02¢ 0.51
31111 | 3.64¢ 0.31 67111 | =3.621 0.51
32111 | 3.48] 0.32 68| 32 _3 3.65] 0.52
33554 | 3.264 0.32 69213 | =3.56¢( 0.52
34554 | 3.04{ 0.32 70|/281 | =3.02{ 0.52
35554 | 3.23] 0.33 71| 32 _2 3.56{ 0.53
36| 111 | 3.72] 0.34 72| 245 | =3.14{ 0.54

73213 | 3.01¢( 0. 76

3.4.Discussion

This chapter discusseingcomputational tools to design and analyzEeDARPIns- U-Cbtx
complex. The protein scaffold and antigen were selected from the RCSB PDB after careful
inspectionof several criteria. The two wetie inputs in the MutDock instruction file to run a

design simulation. MutDock, as mentioned before is a computational docking algorithm that
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simultaneously finds good binding poses and mutates residues. Two different epitopes were
selected | and Il based on their interaction with nicotinic binding proteins and subtypes, and the
presence of prstabilized residues. MutDock generated 2145 desighsch were minimized

using CHARMMS36 and Rosetta energy minimization forcefietasl their binding scores were
calculated using RIA for design evaluatiomeTop 39 designs were shortlisted for Rosetta affinity
maturation. 3900 designs were generatedffasity matured complexes and evaluated using the
forcefields. 200 affinity matured designs were shortlisted. These 200 designs were further
subjected to UCSF Chimera visual inspection and the best 73 designs were used i4BAMD
MDs runs. Each frame was evaluated using RIA and analyzed qualitatively and quantitatively. The
designs were then ranked from the best to worsttaip 51 were selected for experiments.

The final results were evaluated without any identifiable bias i.e., the plots were observed and
their characteristics were studied. Once they were analyzed and ranked, their SD were calculated.
The complex with the least SD values represented liessidtion, stronger binding affinityand
more structural stability. Thus, they were ranked the best and the ones with the highest SD scores
were ranked at the bottom. Once, the structures were quantified, the structures were matched based
on the qualitave and quantitative rankings. Although the ranks were not the same, they matched
being on the top/mid or bottom tier of the list. This suggests that the structures were well identified
and correctly analyzed for further experimental testing in the ladrgrat
this

This project used computational tools to generate designs, analyzeatitepredict the ones
that will potentially work in wet laboratory experiments. For the next chapter, methods were
devel opediddald Wbesdigng 6proteins from scratch.

thermostable, humanized binders that can bind antigens and interact with immune receptors.
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4. Application of in-silicot ool s t o design O6i deal 6 bi

4.1.Background information

Antibodies (Abs) areexcellentt her apeuti c binders that ar e
diseases and chronic infections. Howevemraviously discussed in the previous chaptdrsy
have certain limitationsherefore, it is important to move beyond Abs anmive ata solution to
design a binder, which mighte comparable to aAb in terms of its effectiveness and
physicochemical properties.

It can be concluded from the previous chapters thatnb& important criterion of a good

binding protein is its stability i.e., its ability to withstand high temperatures, undergo mutations

nd

and still be able to fold to its native structure, and able to withstand sheer stress and tendency to

refold due to itswithdrawal. For a protein to be stable, it needs to have a strong core that has
resulted from the hydrophobic collapse during its folding process. Protein structures exist in
several forms in naturélowever, according to researtere is one kind of structure in particular
that is considered ideally to be one of the most stable structures called thédiphlabundle
with minimal loop$1], [2], [3], [4]. According to a Rosetta simulations study, it was found that
the folding ability of a tertiary protein motif majorly depends on the secondary structure lengths
and the connecting loops, and not necessarily on the residue sequenddlddibédse findings
were written down as rules to generate a stable ideal protein stflt{B¢ T h e sheliced
bundles form a close unit linked together by loops or sheets, which gives rise to the solid
hydrophobic protein core that massively contributes to the structural stability.

If such a protein is designed with welhgineered characteristics such as high solubility and
thermostability, low immunogenicifyand additional beneficial characteristics of a binding protein

with the loops joining these helices to be used as antigen binding paratopes then we carypotential
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arrive at a highly stable protein that mimics the function of an antibody (Ab). Although several
protein structures in the PDB resemble alpklcal cylindersfor themto mimic an Ab, they must

remain connected with coils on both ends (Figure 1) so that they can be grafted to fit appropriate
loops to bind to a target protein as can be accomplished by an Ab. However, to accomplish all of
the above tasks to engineer amptpin successfully several mutations need to be incorporated
throughout its stable fraework such that these mutations are not detrimental to the final folding

of the protein to its native structure. Therefore, it must be ensured that these sequence mutations
are collectively responsible for llitsmernativeot ei n ¢
folding states. For this reason, it is also necessary to emphasize the stability of these point
mutations. However, it is nearly impossible to find a single mutation for an amino acid, which will
positivdy affect its thermostability, sobility as well as reduction in immunogenicity because one
optimization will always come at the cost of another for the same amino acid. Thus, the
thermodynamic stability of these point mutatiomsist bevery carefully considered before
mutating them, be it on the protein surface or the protein core because an incorrect mutation can

prove to be detrimental to the folding of the entire protein.
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Figurel. Alpha helical bundle and coiled coil differenceThe structures represent helical coils
obtained from the RCSB PDB. Figure A represents a coiled coil (PDB 2GUV), which cannot be
appropriate to engineer for this project because it lacks the end terminal loops/coils that connects
these helices. Figure Bpge e sent s an engineered O0ideal 6 prot
helices are connected with minimal loops at the terminals.
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4.2.Methods
4.2.1. Target protein scaffold selection

The RCSB PDB5] (https://www.rcsb.org) was extensively searched for the suitable protein
scaffold of choice i.e.,-@ alpha helical bundles. The search was conducted using the names that
these scaffolds are commonly referred to as e.g., 6/7 helical bundle(s), alpalbleidtes, alpha
helices, helical coils, and coiled coils. This was dmpreventpotentially favorable structures
from escapinghe search space. While conducting this search, it was understood that very few
structuresvould satisfy the search criteri&inally, 75 PDB structures obtained were alpha helical
bundles. The remaining structures were discagrdseventhough their framework could be
engineeredhey lacked the terminal loops/coils which joined the helices together. That means they
had individual chains or helices, which did not fit the desired scaffold description.

4.2.2. Measuring solubility of the PDB files

After the selection of the appropriate scaffolds, their solubility values were calculated using
t he CamSol server 6s | ntir]i8hamdSoluPsowolubilibyserver®ly pr of i
The reasorior using both toolss because these were predictions and it was unlikely that both
would produce the same value of solubilihe scale was different for both the tools e.g., CamSol
had scores-{,1) whereas SoluProt ranged frors.0t was also known that the profiles produced
would be highly insoluble since the proteins were membrane proteins and transport proteins. It
was still necessary to calculate their solubility proftegharacterize them eventuallyater, all
calculations and fie-tuning of solubility were accomplished using CamSol. The University of
Cambridge developed a variety of tools dealing with protein solubility (https:/Awww
cohsoftware.ch.cam.ac.uk/) i.e., their rapid and accurate prediction in varying pH, improving the

protein solwility profiles using point mutations that also consider the stability of the protein

105



structur¢10], and more. According to their artidié] by Sormanni et. al, the intrinsic solubility
profile was established by usinbe secondary structure propensities whose values were all
calculated from the PDB itself using the structures at its 50% sequence identity and a
hydrophobicity scale, which was adapted from the Wiinlfékite scal§ll]. This helped in
removing additional biases towards calculating solubilities of anyikedprotein aggregation
and also irthe case of residues such as proline and glycine which disfavor the formation of beta
sheets and thus against the formation of amyloids. Also, residues with a score ledsatean
considered to be poorly soluble amalrt the overall protein solubility while scores larger than 1
represent high solubility, which positively impacts the overall protein solubility. To calculate the
solubility, the protein sequence or tRASTA file was needed at the specific pH (7.0 in general)
and the results were displayed witla minute.
4.2.3. Measuring thermostability of the PDB files

The PDB files were individually subjected to predicting solubility and thermostability at the
beginning to help narrow down the list based on the value of these parameters. After the protein
solubility profiles were calculated using the CamSol serverinttigidual PDB files were also
subjected to their thermostability prediction using the ‘kmetiwn SCooP servgr?], [13], [14],
which is a fast and accurate protein thermostability prediction tool. It is based on the famous
thermodynamic Gibbslelmholtz equation (Equatiot) associated with the
process, wheréY is the protein melting temperatudd the standard heat capacity of folding,
YO the standard enthalpy of folding & and Y'O"Y is the folding free energy, which is a
function of temperature T. Along with this information it also yields other thermodynamic
properties associated with protein folding like any change in enthalpy, heat capacity, the melting

temperaturgand free energy.
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YOoY YO p — Y8 Y Y YO ¢Q Eq.1

The authors constructed 4 different databases and used different equations to model the
individual outputs for a particular protein of choice. To submit a job on the SCooP web server, the
PDB file of choice is required along with the target chain namee @hase two are submitted, the
user is redirected to a page, which contains several host organisms of expression. In this study, for
the 75 different PDB files, their different host organisms were selected and the queries were
submitted. The outputs gentzd were all within one minute, which was very rapid and accurately
fits the description of this tool.

4.2.4. Discarding synthetic proteins & proteins with surface Cys residues

The presence of Cysteine residues on the protein surface was also considered for further
filtering the structures from the remaining list. The reason is that Cys residues are sites for drug
conjugatiofil5], [16]. There are two residues specifically that can assist in drug conjugation i.e.,
Cys and Lys. The mechanisim which they function are different. However, a reason cited in the
design limitations of antibodies is the presence of multiple surface exposed Cys riesidueg
conjugation. This leads to uncontrolled dosafjas was also one of the reasons for DARPIins
being used as the alternative protein binders of choice in the previous chapter, which discusses
DARPin i U-Cobratoxin designs. The reason diteras that DARPins do not have any Cys
residues, which makes them easgngineefor drug conjugatiofi7], [18]. All 75PDB files were
visually inspected in UCSF Chimera for Cys residues. The ones with Cys residues were discarded.
Furthermorethe ones being selectegre made suneotto display steric clashes among the loops
situated at both endand with the incorrect positioning of a logiftedfrom theframework
PDB files that did not adhere toetbecategoies were discarded. Finallyde novodesigned or

synthetic alpha helical bundle structures wadsediscarded due to future copyright issues.
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These were the main criteria sareenthe structures based on their physit@micaland
structural characteristics. Based on this process, the PDB files and their ggmaiich were
shortlisted were subjected to protein multiple sequence alignment (MSA) using Clustal
Omegdl9], sequence design using RosettaDd2@ [21], [22], protein solubility and
thermostability improvement using CamBdl], PoPMuSi@23] and HoTMuSiq24], [25]
respectively, d@ mmuni zi ng t he pr ot e[26hDesnengnizaiondogld/] usi ng
and finally predicting the new protein sequences using AlphgFjldnd RosettaFo[d9].

4.2.5. Multiple Sequence Alignment using Clustal Omega

Considering that the proteins, which were selected had poor solubility and high
immunogenicity, the primary motive was to redesign the sequences to provide some relative
improvement to these factors. The proteamsl their homologs were aligned using multiple
sequence alignment (MSA) algorithms e.g., Clustal Ofi®jato check for mutational sites.
These sites can help incorporate the desired mutations to steer the protein scaffold properties to
the desired ones. However, very few such sites were identified, and such mutations would not be
sufficient to improve the ddred protein properties. It is for this reagbat RosettaDesign was
used to redesign the entire scaffold sequences.

4.2.6. Protein sequence design using RosettaDesign

The RosettaDesigR0], [30] application was used to-gesign the entire sequence of the
shortlisted alphdnelical bundle protein scaffolds. This method is used to optimize sidechain
positioning or create a new sequence of residues on the original backbone of the protein. The most
common example of @enovo designed protein structure is T(8]. Top7 was a 93 r
highly soluble, stable protein, which was des

Laboratory at the University of Washington using their protein design and structure prediction
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algorithms. They have further improved their algorithm using artificial intelligence and machine
learning techniques known as RFDiffudidh]. However, this was the most commonly used tool
to design protein sequences when working on this project and RFDiffusion was not developed
backthen.ie PDB structure filenames were | isted i
iterations i.e., number of designs was set to fifty. The database was set to the default main Rosetta
database and the latest weight function, ref2015.wts was usedforgspurposes. The linear
memory interaction graph was set as the Interaction Graph parameter. Anyfopts@quence
similarity was disregarded because the sequences are belagigaed so that there is a relatively
higher chance of the end product being more soluble and not necessarilgdarusequence
recovery. The remaining design parameters were kept to the default recommended settings. All
information regarding these design parameters can be found in the RosettaDesign tutorials page
under Application documentation and they are well igtain their specific links on the
RosettaCommons websitdhe design run was accomplished using the Auburn University HPC
Easley Cluster and the following are the job specifications: 10 cores in one general node were used
for this job for each of the five design ruidl jobs were completed.
4.2.7. Protein solubility improvement using CamSol

During the first set of trial rus) the top designs were selected out of the 50 from each set of
design runs. The CamSol combination method of automated strbetsee solubility
optimizatiorj10] was used to improve the solubility and stability of thedesigned protein
sequences. The standard protocol I ®emovimg use a
any hydrogen atomgr hetereatoms, except for the heavy atoms. An additional file i.e., a .zip
archive file was required containing a .hhm or a .a3m file, which is generated with HHBR]TS

The MPI Bioinformatics Toolkit HHBLITS webserver was used to obtain such[8]|€33].
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The entire protein sequence was submitted in the query, which generated the .hhm file. The file
was archived in a .zip file and it was renamed as the filename_chainname.hhm. This additional file
is only necessaryf the protein is not an Ab/Nb. The default setting for excluding target residue
substitution was Met and Cys. However, Phe and Trp were also included in that setting making
the list of residues to be excluded as Met, Cys, &t Trp. 2 more trial runs were set wéthst
of excluded amino acidss Cys, Met, lle, Leu, Phe and another list being Cys, Phe, lle, Leu, Gly,
Trp. Multiple trial runs were conducted with different excluded s€amino acids because the
fundamental idea behind this is to mutate the protein sequentee iabsence of highly
hydrophobic residues and find the best combination to generate a stable structure with the
maximum solubility value. The remaining settings were set as recommended with the maximum
number of simultaneous mutations set as eight. It iswoéntioning bre that multiple jobs were
submitted in the same window because the jobs got queued and they started executing one after
another and not simultaneously. The results get mailed to the registered email address and the
contents can be downloaded from thé fim that email.
4.2.8. Protein thermostability improvement

To improve the protein thermostability, two tools were used i.e., HOTMuSIC, to improve the
overall melting temperaturand POPMuSIC, to improve the thermodynamic stability. The process
was fairly simple, these stabilities were based on mutations, which again was dependent on the
exposure of that residue to the solvent. For example, if there is a polar residue, whesis Hean
30% exposure to solvent molecules then there are 19 mutations to choose from, of which the non
polar options usually have higheelting temperature improvement ovba negative free energy
suggesting a stabilizing mutation. It is vice versa for a regithtbas more than 600% exposure

to solvent molecules. In this case, it will need polar mutations as they wilbistaeilizing effect.
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However, the motive was not to apply such mutations all throughout the pnoséead it was to
apply minimum mutationsto improve the overall protein thermostability significantly. The
mutations that led to ehange in melting temperature or negative change in free energy were
considered. In almost all the cases, the mutations were the same for both HoTMuSIiC and
PoPMusSiC i.e., the residue change for higher melting temperature was the same for the stabilizing
mutation. The user input is the entire pratstructure either from the PDB or to wsgrivate file,
an account needs to be created in the Dezyme website. This is followed by selecting the option for
which software to use. It takes a few minutes to generate the results and is not as fast as SCooP.
4.2.9. Protein sequence danmunization

The IEDB Deimmunization tool was used to humanize the protein sequences. The user input
is the entire protein sequence RASTA format, and the server will break the sequence into
15mers, which will overlap in 10 residuesadh15mer will be predicted for 26 alleles using the
default recommended method. The second input is to use a limit or a threshold that corresponds to
the median percentile rank for each peptide sequence (15mer sequence). A lower percentile rank
will lead to ahigher binding affinity othe peptide sequence. If a higher limit is set, more peptide
sequencewill becomeimmunogenic in the next step of the process. However, this was set to a
default value of 20 as recommended. The next step will display all the immunogenic peptides
predictedbased orthe user choices. The peptides will be subjected to all 285 possible mutations
(19 mutations each for 15 amino acids i.e., 19 x 15 = 285). The relatively less immunogenic
peptides have a higher median percentile rank. However, 8.5 is the recommendefibrvalue
optimum deimmunization and it is kept the same. A maximum of 5 such 15mer sequences can be
further selected to undergo the-idemunization process and is confined to the framework of the

helical bundles because the loops will be subjected to swappitigg design algorithm. It is
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recommended to provide an email address to keep the outputs in record as .csv files. This is
followed by the output generation which lists a variety of mutational recommendations for each of
the 15mer sequences along with their evaluation metrics. It ihwientioning that the time
increases with a higher number of 15mer peptide sequence sedetioling separate jobs in
separate tabs for simultaneous protein sequences might result in erroneous results or no results at
all.
4.2.10.Protein structure prediction using RosettaFold
The protein structures were predicted from their mutated sequences using Rog28hiotde
Robett§34] server. One is required to register and create an accotiné website and select the
structure prediction option. The protein sequence is copied into the blank space or the FASTA file
is uploaded followed by naming the target/job. For minor mutatiorssrecommended to apply
the comparative modeling method with the original PDB file being uploaded to the server.
However, since there were plenty of mutations in the protein sequences, RosettaFold (which
outperforms all the other methods) was seleetedt hout upl oading any hom
PDB file. The job submission results were emailed to the registered email address. The results
were also observable in the visualization panel on the Robetta website.
4.2.11.Incorporation of a surface exposed Cys residue for drug conjugation

The protein sequences were mutated to enhance solubiiththermostability and reduce
immunogenicity considering that there should not be any Cys residue during the process. The
presence of a single surface accessible Cys residue will be an appropriate site for drug conjugation
for controlled drug dosage. Post giction using RosettaFold, a Cys residue was incorporated after
carefully observing the structure in UCSF Chimera and selecting an optimum location around the

center position on the surface bethelical bundle, so that the Cys residue remains accessible to
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drugs and there will be no steric clashes during the loop grafting protein design process. The choice
of residue, which was mutated in this case was hydrophobic to prevent any significant reduction
in solubility in case a hydrophilic surface exposed resigdas mutated.

The finetuning of physicechemical properties of the proteins was accomplish@dtarative
rounds The methodology mentioned above is common in all ofdbhads The chronology is to
improve solubility, and thermostability, reduce immunogenicity, incorporate a single surface
exposed Cys residue, predict the protein structure, and quantify these characteristic properties.
Once the structurabatfold appropriately are obtained with such optimized properties, the next
set of structuress made to go tlough these exact steps. Therefore, instead of mentioning the
entire process for differembunds it will be mentioned only once for all of theronsidering the

example that folds at the end with positive results for thettined properties
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4.3.Results
4.3.1. Scaffold selection and properties measurement

Almost 100,000 structures were searchedgtructures were selected from the PDBese
75 structures were eithaynthetic designs with high solubility since they were all optimaed
novodesigns or were all membrane proteins, with very poor solubility profilesir solubility
profiles were predicted using CamS3ehich generated very poorrange of solubilities as shown
in Figures4.a and 4.bThese proteins were mostlg novadesigned, or had surface exposed Cys,
or had undesired position of an end loop, or had steric clashes amongst the erso logps had
to to discarded. Howevespmeestimation was necessary to understand the range of mutations
needed to solubilize these proteif@r this reasonthe SoluProt solubility valueg/ere also
consideredor the initial screeningSimilarly, the SCooP predicted thermostability profile was
roughly around §°C as can be observed from FigGrevhich meant thaduch temperature range
was sufficient to prevent the protein from degrading at room temperafinese were the wild
type scaffold predicted structural properties as obtained from tBe &1d their values changed
when they were cleaned dueth@ removal of miscellaneous atoms (SO4, NAG, FE, etc.). Even
after this round of shortlisting, there were structures witite loops or an extra helix, which
would have been detrimental to the structure. They had relatively worse values of both solubility
and thermostability when the PDB was cleaned compared to their original wild type structures.
Therefore, these structures were screened one final time before starting the sequence designing
processAs shown in Figure 2 and 3 only the best 5 structure®., PDBs 3HAS, 4KME, 1PY6,
1PXS, and 4Y9Hwhich passed all of the above screening parameters were selected for the final

engineering process that would finee their properties to steer them to the protein of our choice.
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PDB 1KME PDB 1PY6 PDB 3HAS PDB IPXS PDB 4Y9H

Figure2. Wildtype h el i c al bundl e .Fulyacfydtatized \WTsstrusttres wfdhie u r e
top 5 shortlisted alpha helical bundles from the RCSB PDB as observed in UCSF Chimera.

PDB 1KME PDB 1PY6 PDB 3HAS PDB 1PXS PDB 4Y9H

Figure 3. Wild type structures hydrophobicity profiles. As observed in UCSF Chimera, these
are the hydrophobic profiles of the top 5 PDB structures obtained from the PDB before they were
engineered to improve their physicochemical properties.

The next few sections will explain the engineering of hundreds of protein structures and their
physicachemical propertiesSince itis impossible to consider individual scaffolds and explain
them only one such scaffold will bexplained from improving its solubility to denmunizing it
to prevent unnecessary immune reactibfwvever, the same steps have been followed to engineer

each of them
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CamSol solubility profiles
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Figure 4.a. Wild type structures solubility prediction using CamSol server Clearly, these
represent poor solubility, which should be the case since the proteins are either membrane or
transport proteinsHowever, plenty ofde novodesigned helices are highly soluble, that were
produced in the pastenceforth all calculations pertaining to protein solubility has been
accomplished and predicted using the CamSol server and none other.
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Figure 4.b. Wild type structures solubility prediction using SoluProt server They also
represent poor solubility, which should be the case since the proteins are either membrane or
transport proteins. However, plenty @& novodesigned helices are highly soluble, that were
produced in the pastidditionally, all calculations pertaining to protein solubility has been
accomplished and predicted using the CamSol sdpeeause it is a complete suite and
guantification of several tools using a common data set will prevent erroneous results.
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SCooP thermostability profiles
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Figure5. SCooP thermostability prediction of wild type structures It can be observed that the
helical bundles have an average temperature of ardefi@@] @&hich issufficientfor a proteinto
not degrade at room temperatures

4.3.2. RosettaDesign results

RosettaDesign was used tedesign the top 5 protein genetic sequences, their solubility and
thermostability were improved using the towisntioned previouslgnd they were danmunized
as well. Each design run took approximately3s0hours to complete except for 1, which took
approximately 93 hours. After incorporating the mutations and using RosettaFold to predict the
structures, the only structure that emtty folded back to its native state was the design from PDB
3HAS (mutated). It had an improvéeh of 65.1°C from 61.4°C of its WT sequence, an improved
CamSol solubility score of 1.58 fror8.21 and it was completely d@munized. Thus, PDB
3HAS was used as the starting point for the next rounds instead of trying to engineer the other
designs. The top4 out of the 50 PDB 3HAS RosettaDesign designed sequences were selected for
further solubility improvement based on their improvement in solubility and thermostability
scores. Figure8 and9 show the change in these physicochemical profiles of thetgtes just

due to the sequence redesign. They show a significant improvement in the protein solubility
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profiles and the thermostability profile remained almost the same or increased slightly compared
to the average WT values.

Table 1. After first round ofengineering, 1 out of 5 PDBs got destabilized during solubility
mutations. However, the remaining underwent the-fimeng process and RosettaFold was used
to predict their structures. As shown in the table only 1 folded correctly, PDB 3HAS. This was
consdered as the starting point for the remaining rounds of engineering.

PDB Files| ScOOP CamSol Rosetta Fold
( ) Solubility Results
Tm (-1,1)
1kme 62.4 -3.659132 Inaccurate
1kme 3 | 66.5 1.449651 folding
lkme_13| 63.7 1.382326
1py6 61.3 -3.282869 Inaccurate
1py6_4 | 58.5 0.771455 folding
1py6_12 | 60.8 0.861351
3has 61.4 -3.21332 Correct native
3has 4 | 668 087644z | Sttefolding
3has_13| 65.1 1.57854
4y9h 60.8 -3.671735 Inaccurate
4y9h 8 | 62.7 1528744 folding
4y9h_12 63.1 1.525698
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RosettaDesign Solubility
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Figure6. Post RosettaDesign Solubility enhancement plat3hesolubility profiles of 50 PDB

3HAS designs obtained using the RosettaDesign algorithm. The difference in solubility is only
due to the result of sequence design and no additional engineering has been done.

RosettaDesign Thermostability

~N
o O

o O

Melting temperatureC)
o

P N W b OO O
o O o

o

1 35 7 9111315171921232527293133353739414345474951
Total Proteins

Figure 7. Post RosettaDesign thermostability plots Although in Figure6, a significant
improvement in solubility was observed, there was not much of a change in the thermostability
stability profile of the new designsompared to the WT protein sequences. Neither was the
sequence rdesigning detrimental to the thermostability of the structures, which suggests that they
are innately stable.
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4.3.3. Protein solubility and thermostability finguning

The designs were markdeb O . Letbdébs take the example of de
Tmof 62°C and a solubility value ed . 57 8 . CamSol 6s multiple mutat
Cys and Mebeing excludeds the only two residues during mutations so that many solutions can
be generated. 22 solution models were generated out of which model 15 ranked 1 in both solubility
and stability. A total of 70 mutation sites were identified baseskwarafactors, solvent exposure
being oneof them Model 15 had 14 simultaneous mutasthatwasmarked as xZABCy where
X was the original residue, Z refers to the protein chain, ABC was the residue positiowasd y
the newly mutated residue. The mutations were TA5Q, KA38R, CA49l, AA110R, TA120L,
FA135Y, AA142S, VA151L, GA155R, SA158R, DA161E, TA169K, IA179L, and VA203Q. This
was foll owed by w8ne-tunng ndsulls.Miheda vie splenfy of mutation
recommendations (19 mutations for each protein residbeyvever, a single mutation
recommendatiomt position 155Gly to Arg showed an increment of 1.17°@.we look at the
CamSol mutations, this was the same recommendation as GA155R, where A refers to the protein
chain. Both of these tools consider the exposure of the residue to the surrounding solvent.
Therefore, it is expected that this was a stabilizingation since two entirely differem-silico
tools predicted the same mutations.

4.3.4. Protein deimmunization

As stated previously in the methods section, only a maximum of 5 15mer peptides undergo
humanization calculations at once. The common practice was to humanize these 5 15mer peptides,
and post humanization, feed this humanized sequence again to -themDezation tool for
further humanize the remaining regions. It has not happened yet that any sequence required back

to-back 3 shots of denmunization calculations. To humanize an amino acid, it needs to have a
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low deimmunization score (1, 1@, ensure that its neighboring amino acids remain unaffected or
become less immunogenic. Additionally, the residue shows a high median difference, which means
a higher degree of immunogenicity reduction in that amino acid. Unfortunately, thene way

to quantify if the sequence is completely humanized except for feeding it to-tmenamization

tool, till it does not generate any more peptide sequences. The residue mutations for this process
were L181D, 1185R, 152D, ABD, F208D, 1211P, A214T, 1148D, F156C, 189D, A85P, L94E,
F171D, L174W, L179E, F43P, L177D, F112D, L117D, and F42D.

Apart from the mutations that were suggested in all of these processes, a few other important
factors were kept in mind to conduct this research. It was made sure that no mutations crossed the
effect of other mutat i on sesidue a positmn ABC,fa Botubiléynt t o
mut ati on ObO6 Madadebmmoni matodocmdt ati on 6cd hac
the latter option is discarded and other potential mutation sites are considered since there are more
de-immunization mutabn options. For toolthatprovide a plethora of mutatisnthe neighboring
residues, the mutating residues, and the stabilizing effect of the neighboring residues are
considered before the mutation e.g., if there is an option to mutate a residue to Asp in two positions
one with a neighbor Arg and another witiheighbor Asp, the one with Arg will be selected for
intracresidue stabilization. Furthermore, solubility and thermostability effects are also considered
before mutating residues e.g., given a cleanahoose between Ser and lle for a position with the
same deimmunization score and insignificant median difference, Ser will be selected because it is
hydrophilic and will reinforce protein solubility compared to lle. Although it was known right
from the beginning that using separate tools to engineer protein properties can result in improving

one at the cost of another, care was taken to make sure that all factors were considered before
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mutating a residue so that a single mutatimmaimprove all of the properties and steer the protein
towards its desired end goal.
4.3.5. Final structure prediction using RosettaFold

RosettaFold was used to predict the structures of all the newly designed sequences. The success
rate was better than expected as out of 24 structures 16 folded (66.67%) to their native state
including 12_15, with which the above engineering process wasieg@. Additionally, the
structures were carefully observed in UCSF Chimana a Cys residue was planted around the
middle of the structure for most of the structures in place of a Met. It was near thewittiaie
scopefor steric clash when the losgvere being used to bind a target antigen. Post sequence re
design, SCooPand CamSol were further used to determine thediculated a69.4°C and a
solubility value of 1.55 respectively. Figure 6 below shows the image of a predicted, humanized,
solubleand t her most abl e Tahled shawsé lisbof desighsriojowedibyotiieie i n .
solubility and thermostability profiles along with the WT PDB 3H#&®Ithe mutated PDB 3HAS,

which served as the starting point for the remaining models.
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Figure 8. Final predicted Ideal binding proteins structures Ros et ta designed Oi
was predicted using RosettaFold and observed in UCSF Chimera and the matchmaking feature
was used to superimpose all the 5 predicted structures to see their difference. As can be observed
from the figure, there is extremedynall difference to none. The RMSD average was around 0.4A

for these structures. The loops at the end connecting the helical framework will be grafted to bind

target antigen.
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Model 1 Model 2

Model 3

Model 4

Model 5

Figure9. Before and afterhydrophobicity profiles of engineered scaffoldsA before and after
solubility engineered image of the alpha helical bundles. The top 5 structures were the ones with
the WT sequences, directly obtained from the PDB. The bottom ones underwenbarfdlbf

fine-tuning and the hydrophobic profile difference is clear from visualization in UCSF Chimera.

Table 2. The fi

nal

16 o6i deal
Unfortunately, no immunogenicity quantification

8]
tool

protein designs

was found

to calculate their

immunogenicity. And each proteins sequence had multiple hundreds -iofirdenization
mutations and factors, which was impossible to be tabulated in this chapter.

Structurg SCooP Ther mo CamSol Saedl, uy
PDB 3HAS ( WT 61. 4 -3.21332
PDB 3HRSuUMDd 65.1 1. 55854
Design_1 61. 3 1.553451
Design_2 63.9 1.752526
Design_3 61.6 1.754562
Design_4 67. 8 1.368982
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Design_>5 62.5 0.928521
Design_6 66. 4 1.022473
Design_7 61. 8 1.403472
Design_8 64. 7 1.716237
Design_9 63. 8 1.243881
Design_10 61. 8 1.033810
Design_11 56. 3 1.228967
Design_12 65. 5 1. 24861
Design_13 59. 4 1.554915
Design_14 59 1.138238
Design_15 60. 9 1.162546
Design_16 62.3 1.799447

4.4.Discussion

In this chapter, advanced computational tools were used to convert a highly insoluble
immunogenic protein to a soluble humanized version. The PDB was searched and out of almost
100,000 structureg,5 were shortlisted, whose physicochemical properties were predicted using
SCooP, CamSpland SoluProt. Based on that, they were further narrowed down to only 5
structuresand their sequences were redesigned. Their properties wetarfggband the sequence
waspredicted. Out of 5 structures only 1 folded bazkts native state. That was selected as the
starting point for the next rounds of trials. These steps were repeated for the remaining 23 out of
50 structures, which were shortlisted based on their properties. At the end a&xigresd
proteins folded &ack to their native state. This proves that with the appropriate tool and the basic
knowledge of thermodynamics, the physicochemical properties of proteins can-heédeo a

great extent without destabilizing them.
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The next chapter will discuss some small projects that were done during my graduate degree
and their results. It will be followed by the futyseospects of these proje@nd final chapter of

my dissertation, showintipedirection these projects will continue in the future.
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5. Additional side projects during doctoral tenure

5.1. Modeling ant-CTLA4 nanobodies for immune checkpoint blockade
This has been adaptMNanaowhbdday pbeaste d sC DA 4 riomh iok
checkpoint blockade therapy of canine cancer
Jaiswal, Ritankar Bhattacharya, Robert Pantazes, Payal Agarwal, Amol S. Suryawanshi, Deepa
Bedi, Amarjit Mishra, Brucd-. Smith Maninder Sande)Scientific Reports, Natur@1 October
20211].

5.1.1. Background information

Although antibodies (Absggxtremely importantherapeutic binders, they have one significant
limitation when treating tumors. Due to their large size (~150 kDa), they are unable to penetrate
tumorg2], [3]. It is asignificant issu¢hat such a highly effective protein binder is unable to utilize
its full potential when it comes to cancer tissues/tumors. This is where smaller mobeeules
neededBoth Ig-like and nonlg bindershave been engineered tickle such issues. One such
particular example of an dlike protein binderfound in camels, sharkand some other animals
is called aVHH or a single domain antibody (sdAb) or a nanobody (MB)[5], [6]. These
scaffolds are the single heavy chain variable Ab domains, whigh@@Rshomologoudo Abs.
They are almost 1/1Tthe size of a conventional Ab i.e., approx. 12 kDa. Research has found that
camelid (camelsNb or VHH domains are very robust and have similar specificities as Abs. They
are highly soluble and can be cultured in high concentration formulations. Since they lack the Fc
region, they do not require expression in eukaryotic cells, so their bulk pmubeitomes a lot
cheaper compared faroducing a conventional Ap|. These factors make them a higdlue
therapeutic binderparticularly for cancer research. In this projeekperimentally tested
nanobodies were modeled to bagarticular epitope @ canine CTLA4 molecule.

CTLAA4[8], [9] is an important immunoregulatory protein, which downregulate=elll

activation and prevents the immune system from reacting to an antigen. This protein, when

130



expressed on T cells prevents-B7or B72 from binding to CD28 and blocks positive-co
stimulatory actiofiL0]. This blockade of complex formation of CDR®87-1 by CTLA4 initiates
a cascade of eventTCR downregulation, redtion in T cell activationand indution of T cell
tolerancgll]. Thereforea high affinity, effective and sitespecificproteinbinding CTLA4 and
blocking its mode of action will increase the survival time and cause remission of cancer cells.
Since dogs are also exposed to the same environment as us humans, they are also prone to
developing cancer over their lifetim&loreover the human and dog CTLA4 protsihave
conserved regions in their sequenddowever, commercially available therapeutic blockers are
unavailable for canine species. These reasons served as the motiatidrdeseloping blockers
to target canine CTLA4 protein.

This was a collaboration project where the authagenerated@Nb library and identified
the ones to bind canine CTLA4. The Nbs were already charactearizié and the exact binding
pocket had to be modeled. This was a classic case of pprt#gin docking i.e., to be more
specific, a case of global (unbiased) dockli2g, [13]. Since the epitope of protein CTLA4 was
unknown, the global docking method was used so that no residues can be spewifiecetthe
Nbs would bind. Below isa brief summary of this project. It was published in the Scientific

Reportsjn 20211].
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5.1.2. Methods

There were three Nbs (cNb6, cNb13, and cNpai)l the canine CTLA4genetic sequences
thatwere provided by the collaborators. The CDRs were determined from their sequences using
the multiple sequence alignment tool Clustal Omega, ENMBI[14], [15]. The structures dhe
Nbs the extracellular CTLA4 domainand the entire canine CTLA4 protein were predicted from
their geneticsequences using Robétfté], trRosettfl 7], and FTassefl8], [19], [20]. However,
that wasbefore the advent of machine learning or Alphaf2dlyl I-Tasser was considered to be
the gold standard of protein structure predictions. However, since these were all predictions,
multiple tools were used to concludethe predictions were similar atifferent due to the
approaches. Once, the structures were predicted, ZDZALKH23] was used to globally dock the
predicted individual Nbs with the extcallular domain of the canine CTLA4 protein. 9 jobs were
submitted, 1 for each nanobody predicted using a particular method with the corresponding
CTLAA4 protein. Each jothad 10 resultsandthere were 9@redicteddocked complexes. These
complexes were visually inspected using the Aaketiwn molecular visualization tool UCSF
Chimerd24].

5.1.3. Results

A total of 15 structures were obtained from the prediction tools, which were 5 structures for
each toolThe structural predictions of the entire canine CTLA4 protein wensisterly of poor
quality for all the methods i.e., Robetta, trRosetta, amdsker. However, they were all high
confidence predictions for the exttallular domairby itself Since the Nbs interacted with the
extracellular domain, the same was used for the docking calculations. Additionally, each Nb
structure prediction asalso gaerated with high confidence scorébe predictions are in Figure

1. A total of 90 docked complexes were generated out of which 85 showed the Nb CDRs
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interacting with the canine CTLA4 MYPPPY epitope. This epitope is conserved in HOmans
micg8], and dogs as shown in Figu2e The remaining structures exhibited unrealistic binding
where the CDRs were not at all interacting with the antigen. Fgghews the NiCTLA4 docked

complex and a zoomed view to depict the binding interactions.

Figurel. |-Tasser predicted nanobodies and canine CTLA4 proteinThe green color highlights
the binding region of both the Nbs and the target protein.

Seg MUrine = ----mmemmemmemememeececmeceecaeaes IQVTQPSVVLASSHGVASFPCEY 23
Seg HOME = ==-====mmemmmmmmmemeccmecmceae. AMHVAQPAVVLASSRGIASFVCEY 24
Seg_Can MAGFGFRRHGAQPDLASRTWPCTALFSLLFIPVFSKGMHVAQPAVVLASSRGVASFVCEY 60

+ o3k e ckok e chokokokoksk o ckackoksk Rokok

Seqg _Murine SPSHNTDEVRVTVLRQTNDQMTEVCATTFTEKNTVGFLDYPFCSGTFNESRVNLTIQGLR 83
Seg _Homo ASPGKATEVRVTVLRQADSQVTEVCAATYMMGNELTFLDDSICTGTSSGNQVNLTIQGLR 84
Seg_Can GSSGNAAEVRVTVLRQAGSQMTEVCAATYTVEDELAFLDDSTCTGTSSGNKVNLTIQGLR 120
= *********:..*:*****:*: o 0o ok ok *:** . .:*********
Seg_Murine AVDTGLYLCKVEUMYPPPYFVGMGNGTQIYVIDP-----------mmmmmmm e oo oo - - 117
Seg_Homo AMDTGLYICKVEUMYPPPYYLGIGNGTQIYVIDP-----------mmmmmmm e oo oo - 118
Seg _Can AMDTGLYICKVEUMYPPPYYVGMGNGTQIYVIDPEPCPDSDFLLWILAAVSSGLFFYSFL 186
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Figure 2. Sequence alignment of Human, murine, canine CTLA4The dignment of three

genetic sequences of murine, human and canine species. Except for the head and tail position of
the canine domain, majority of the remaining sequence is similar to the other two genetic
sequences. Additionally, the epitope MYPPPY is coresin all three sequences of the different
species and the arfiTLA4 Nbs bound to this position.
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Figure 3. Nanobodies docked to MYPPPY sequence of canine CTLAZhe image of the left

side shows the globally docked complex of #BiliLA4 cNb6 (black) with canine CTLA4 (light

gray) with the conserved epitope MYPPPY (dark gray) interacting with the cNb6 CDRs. The
image on the right portrays a more detailed view optieeious image, highlighting the different
binding interactions between the two molecules. The fine straight lines depict hydrogen bond
formation between Sdero/SefTyr/Tyr-Pro residues near the center of the image.

5.1.4. Discussion
In summary, we were able to identify the a@iLA4 cNb CDRs, model them and their stable
framework, and further predict their binding to the conserved MYPPPY epitope of the canine

CTLAA4 protein. This was consistent with the experimental evidence fouhd laboratory.
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5.2.Using in-silico designed Nanobodies to bind Interleukh
5.2.1. Background information

Anothercollaboration projecalsoinvolvednanobodies (NbsHowever, this time, Nbs had to
be designed to bind interleuk#ilL-2 and then experimentgereto be conducted. It waa the
reverse order of the previous projectdls a protein that belongs to the cytokine family and plays
a crucial role in regulating the immune sysi28j, [26], [27]. It hasanimportant role to play in T
cell regulation, differentiation, proliferation, assists in activating NK cells to attack and destroy
cancer cells, suppression of specific immune responses which prevents autoimmune distases
many mor25], [28], [29]. As a result of tis plethora of immune regulating activities, it is also
used in cancer treatment in several ways such as target therapies, chemotherapeutic agents, peptide
therapies, and many other technid@é§ [30], [31]. A Nb can potentially bind to an I to
increase its halfife and stability, which will cause an increase in its efficiency to regulate the T
cell activities, thus enhancing immusgstem activation. Hence, using Nbs to bine2lcan be
studied to check the effect of the complex on various immune system actwitiels,will open a
direction towards several biomedicakearch

As described in Chapter 2 of this dissertation, PETEI was a tool developed by the PROTEIN
PANT(z) Lab and was used to design the Nbs to bind.IChapter 2 has a detailed explanation
of the entire PETEWorkflow, which will not be repeated here again.

5.2.2. Methods

The PDB 4B50a 1.30 A XRD structure, with no disulfide bonds and no residue, gass
selected as the protein scaffold. The 3 CDRs were identified and used as the input for the protein
database creation. This was followed llgand selectionwhich was PDB 4ERJ, an 42 in

complex with its receptor. HertheIL-2 chain had tde extracted and used as the target antigen.
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After the database creation process, 3 distinct epitopes were selected in the {2qgetdin and
the design simulation run was executed. After the designs were generated for the 3 distinct
epitopes, the desigribat were screened from being discarded based on clchayge clashes,
steric hindranceandthe presence of more than 3 positive residues on the CDRs were further
energy minimized using CHARMPM2], [33] and Rosett@4] forcefields. This was further
followed by visual inspection using UCSF Chin{éd to look for good structural features and
the top designs were selected from each set for experimental testing.
5.2.3. Results

PDB 4B50 CDRs were used for the database creation step. The point of initial and final
attachment of each CDRsaw26-37 for H1, 5764 for H2, and 10414 for H3, where HB
represerdgthe heavy chain CDRs. This generated a database of 669, 731, and 748 usable H1, H2,
and H3 CDR loops respectively, creating a possibility of almost 366 million combinations of Nbs.
There were 3 distinct epitopes selected for the design run, each vadpésate set of residues
based on their contact with the-BLreceptor ralecule. The epitopes were named A, B, and C. The
PETEI designs were minimized using the fixed backbone CHARMM energy minimization
followed by the alatom Rosetta energy minimizaticandthe designs with more than 3 positive
CDR residues were discarded. Finally, for Epitope A, there were 55 ddsigipjtope B, there
were 121 designs, and for Epitope C, there were 51 designs. The designs were further analyzed
using the Rosetta Interface Analyzer (RIA) for their binding metrics calculation. This iz fur
subjected to visual inspection using UCSF Chimera and the best structures were screened for
experiments. The structures were carefully observed to find good binding features, such as polar
interactions, burial of the core hydrophobic residues, absgfnto® many labile residues in the

CDRs, and the absence of peripheral voids around the protein core. #ghows the binding
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positions of the Nb with the different 42 epitopebinding positionsand Figure5 shows the
binding metric characteristics of the designs. The green straight fine lines in Fippresent
hydrogen bond formation, which suggests strong interactions. They were compared wih a non
redundant Akprotein database. The reassrthat therapeutiantibodies are arguably the most
popular binding proteins and their experimentally determined crystallized structures outnumber
the crystallized structures of otheropgins by a huge margirMoreover nanobodies are
engineered single domain Abs so they havéatmology with AbCDRs. Therefore, it made sense
both structurally and statistically to consider a database efethmdant Akprotein to compare
thein-silico designs. Figur® shows the binding energy/buried surface area of the database and
the Nbs binding to three distinct epitopes. It can be observedhthatajority of the designed
structures are around the database average values. Additionally, thedegigh® of each epitope

were selected for experimental validation.
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Epitope C

Figure4. Nanobodies binding to 3 distinct epitopes of I1k2. Nb PDB 4B50 (gray) in complex

with three distinct epitopes of {2 (PDB 2ERJ, orange). This image was observed in UCSF
Chimera. The fine green straight lines depict hydrogen bonds as a sign of strong optimal binding
interactions between the paratope antbep.
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Nb - IL-2 Binding metric plot
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Figure5. Rosetta minimized binding metrics plot of Nbi IL -2 complexesThe plot depicts

the Nb binding metrics compared to the wwiedundant Akprotein database. It can be clearly
observed that the designs containing all three epitopes have similar binding metric values, whose
average is slightly higher thaf.025 kCal/molA2 compared to the database average which is
around-0.028 kCal/mol. A

5.2.4. Discussion
PETEI was successfully able to design Nbs to target and bind three distinct epitop&s of IL
It made a database of almost 366 million possible combinations of Nbstianen@ocess to bind
the target antigen. This same database can be udezfuiure in case research with Niseing
conducted. The designed proteins were minimized using CHARMM and Rosetteeabdhding
metrics were calculated using RIA. Then they were further visually analyzed using UCSF Chimera
to find designs with good strucalrfeatures to screen them out. Finally, 10 best designs were

selected for each epitope i.e., a total of 30 designs for wet laboratory experiments.
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6. Future Works

6.1. Experimental testing for the DARPIn designs

In this project, a novel algorithm called MutD¢tk developed by the PROTEIN PANT(z)
Groupwasused to design DARPI®], [3] a n dColatoxiri4], [5] complexesAs discussed in
Chapter 339 out of 2145 CHARMM and Rosetta forcefield energy minimized MutDock designs
were analyzed and shortlisted for further reseassing the binding metrics threshold of
experimentally determined Aproteins Rosetta affinity maturation generated 3900 designs, out
of which the top 73 were shortlisted basedsonilar protocolsand visual inspection in UCSF
Chimerd6]. However, this time the threshold of binding metrics increased, which suggests the
improved binding affinity of the designg3 designs were further analyzed using ViVPand
NAMD[8] MD simulations out of which 51 designs were finally shortlisted for laboratory
experiments.

Before the binding assay experiments are conductedetiigence should be ordered from a
vendor.DARPIns should be expressed in bacterial cells like a compatible straircofi. Since
DARPIns do not have Fc sites, they do not require mammalian cells. Then the system is purged of
unwanted proteins, which can tamper with the experimental reSthkseprotein purification is
an important step in the experimental validg@dn[10], [11]. The steps fothese processese
proteinsystem specificand a plethora of protein purification handbooks are available to carefully
review the details of the expression system and use the necessary reagents to remove protein
impurities. Once the DARPIins are expressed and puriffezl; areready for binding assay

experiments such as competitive Enzyme Linked Imrrsoidoent Assaycommonly known as
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ELISA. These techniques can be used to measure the dissociation constasfttbekinder and

the lower its value, the better the binding, which means the better-s$ileo design qualityKq

has a direct relationship with dG of binding and the interaction can also be calculated for the same
and compared to the forcefield generated energy. The steps of experiments mentioned previously
arevery generalized because the experiments will be conducted by a research faculty collaborator
attheUniversity ofFlorida, Florida. Thereforave will be sharing the sequences of the 51 designed
complexes and they will express, purify, characterize the DARRIME conduct binding assay
experiments.

This project was undertaken to design a therapeutic binder to treat venomous snaledites.

a plethora of experiments conducted for this researchethits established that the 51 designs
shortlisted were the most likely to work in wet laboratory experiments. If they turn outato be
experimental success then that will suggest that rational protein design using computatignal tools
good structural featureand an appropriate pipeline of complex scientific protocols to shortlist the
most promising designsanhelp develop therapeutic binders ifiagter andcosteffective way.

The results also prove the benefits of exploiting structural features to select protein efiiches
decisionsif made correctly can result in googiality designsthat will have a higher chance of
binding experimentally.

After the advent of machine learning in the field of protein engineering, scientists have taken
great interest int; however, the foundation ahis new technology was established by rational
protein design and therefore, it has the same importance today as before the advent of machine
learning. These concepts altogeth®ing humanity a step closer to designing-agemand
therapeutics, that will in the coming future pave the way for a fasteretfestive and reliable

technology to revolutionize the foeof medical scienc&heseshortlistedARPIn designsaire the
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proof that after being compared with the binding metrics of experimentally validated structures
from the PDB, they have consistently exhibitednparable to betteesults Furthermore, th1Ds
resultshelped reinforce this judgment since they were analyzed time. During thisanalysis,
structureswith decent binding metrics proved to have detrimental structural featlinesefore,

such decisions are extremely significdot shortlisting the most promising structures for
experiments. Such protein dgs algorithms when coupled wisitientific rationale, experimental
data, and sophisticated data analysis and es®igction process, can give rise to the development
of a powerful technique to establish a fast and-efisctive way to come up with eslemand

protein binders.
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6.2.In-si |l i co protein design using the 61l deal

As mentioned irfChapter 4, PDB 3HAS was-gesigned from scratch usiRpsettaDesigi 2]
to improve its physicochemical properties. This was followed by the CamSol combination
method13], which significantly improved the solubility with structurally stabilizing mutations.
Furthermore, HOTMuSif14] and PoPMuSIi{15] were used to improve protein thermostability.
The sequences were alseidenunized usinghe [EDB[16] De-immunizatiorl7] tool to prevent
unnecessarin vivoimmune reactions. Lastly, one solvent exposedpwar surface accessible
residue was mutated to Cys to serve asgledrug conjugatiofi8] site forcontrolled dosage.
This was a very brief account of the experiments conducted to arrive at-desigeedl6
scaffolds.Unlike the previous chapters, which utilized a ramélering system to shortlist designs
for experiments, or a linear progression of protocols to help selebegtelesigns, this project
used a more complex iterative techniquanidve atl6 completely ralesigned protein sequences
to mimic therapeutic AbsThis list of scientific protocols serves as the commonality in all th
chapters and helps connect the chapters. In between Gh&ptand 4, this process got

progressively more complex whasan Chapter 2, the design phase and evaluation phase were

completely separate, whereas in Chapter 3, the design and evaluation phase although separate were

repeated in a series of subsequent methods. Finally, in Chapter 4, the twowstaseo longer
related and the characteristic propied of individual designs were assessed and compared with
the others to shortlishem Therefore several parameters had to be considered before designing

and shortlisting them in this chapter.
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Since there are 16 different humanized scaffold sequetiee®ETEI algorithm will make
protein designs. The database generation step will generate bindin¢plbegsvapped with wild
type loops of the helical bundles in residue position8&46280, 101104, 128130, 161164,
and 192200. This will be followed by selecting PDB 7UH®] as the antigen, a prefusion state
of rabies glycoprotein in complex with an Ab. Epitope selection will be based on the presence of
pre-stabilized residues and 4 different epitopes will be selected. Epitopsidiiesare 150,151,
155,166,167,170,172 epitope_2 residues aB8, 197,202,203 epitope_3 residues a4d, 46,
179,180,218,229 epitope_4 residues aP88,239,240,241,242,and245 UniProf20] shows
that the glycoprotein sequence (final sequence 402) is far away from the membrane protein
(starting sequence 460) of rabies. Therefore, the epitopes on either end of the molecule will not
provide steric hindrance during the design ri@isce the end loops are short, even MutDock can
be explored to generate the designs. However, the paratope residues will remain the same in this
case.

Once the designs are generated, thidybe energyminimized using CHARMM and Rosetta
forcefields and their binding metrics will be calculated usivedgRosetta Interface AnalyzeBased
on the energy minimized needundant database of 231 -Alptein complexes, the BE/BSA
threshold is0.028 + 0.006 kcal/mol.A This will also serve aareference to shortlist the analyzed
structures from the thousands generated. The shortlisted designs wilbjeeted to Rosetta
affinity maturation to improve bindingffanity. This will again follow theenergy minimization
and data analysis protocol, followed by visual inspection in UCSF Chimera for good complex
formation features such ashb#nds, salt bridges, and complete burial of the interfacial residues
Based on the quality and number of designs generated, th&tomdll be tested experimentally.

The proteins will be expressed i coli bacterial cells and purified using the standardized
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protocols. Different experiments will be conductedanalyze the protein solubility, stability and
binding, once it has been expressed and purified

Additionally, if these designs are successfully expregsedfied, and characterized then their
next step is binding to the target antigen. Therefore, it will be safe to say that an antibody mimetic
has beemesignedrom scratch usingomputational techniquesdust as explained in the previous
chapter, this will also pave the wdgr designing ordemand binders using stabilizing point
mutations as compared to working through an algorithm. Either way, it benefits hurmanity

providing the technology faxfaster, cheapeandmorereliable protein design method.
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Appendix 1

Chapter 3: Additional Information
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Figurel. The figure shows the MDs characteristics of 4 distinct plots, 2 with B.E/BSA vs. time on
the left and 2 with BSA vs. time on the right. A detailed explanation has been provided in Chapter

2 tounderstand these plots.
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Figure2. A detailed explanation has been provided in Chapter 2 to understand these plots.
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Figure3. A detailed explanation has been provided in Chapter 2 to understand these plots.
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B.E. (Kcal/mol.A?)

B.E. (Kcal/mol.A2)

0.0

-0.5
-1.0
-1.5

-2.0
2.5
-3.0
-3.5

4.0
——554 21 ——554 27

Time (ns)

554 00 ——32. 45 ——364 5 ——364 79

Time (ns)

554 32

554_35 ——554_36 ——554_37

Time (ns)

1800
1600
1400
1200
1000

BSA (A9

554 00 ——32 45 ——364 5 ——364 79

Time (ns)

——554 21 ——554_27 554 32 554 35 ——554_36 ——554_37

Figure4. At first glance, 554 32 can be seen to have a wide range of fluctuations and it also ends
at a state of poor B.E/BSA conformation. The sudden fluctuations in its BSA plot on the right also
suggests that there is a decrease in its stability as a cor8plakis also ranked towards the end.
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Figure5. From the plot, it can be easily determined that 554 38 has a wide range of fluctuations
and the characteristics of a bad curve. And judging by its BSA plot, which does not show such
fluctuations, the B.E. itself was the major factor for such behavior @her words, the complex
formation was not strong enough throughout the MDs run. So, after matching it was found that
this complex also belonged to the bottom SD rankings.
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Tabll eTabl e showing t hceongpD exoers B. E/ BSA

wky1l tb5. {5 6. @ wlyi tb5. {5 o0. o
M ocny nd®mdcdnH oT ppnylndonny
H MMMYP|nPHHTDP oy ppny|ndoncH
0 MMMUY| 1 DPHOON oo ppnylndoncrt
n MMMUy|1®PHO QPH nn oHUYy ndoncy
p MMMy TPHNHO nm oHyn ndonc g
c ocny n®HNHD nH MMMUY|ndPonyH
T MMMyl n®dHMOCN no ppnylnd®opmT
y MMMyl nPdPHNTO nn ppnylndopon
¢ MMMUY| N PHpPMC np ppny|lndopnn
M N MMMyl N PHP PH nec MAHpPplNndopcCcy
M M MMMy ndPHCYY nT MMMyl ndocnN
M H ocnyndHT NP ny ppny| ndPocyH
M O MMMyl nPHTOC n o OHYclndPocyo
M n MMMYP| ndPHT AN pn MMM n®doTTM™
M p MMMl NPHTTC p M MMMUYP| nDPOTY M
M C MMMy 1TPHT o p H opnyYy ndoynn
MT MMMUY|NnPHY M P po ppnylndoynn
MYy MMMl NPHY TY pn ppnylndoypm
M MMMy| T®HY Y H pp MMMU ndnmno
H N MMMy NnPHY Y P pc MAHPINDPNHPY
HM MMMU|lndPHGAC pT ppnyln®nHdodod
HH ppnyln®Hpmn py ppnylndnonn
HO ppnylndHhyp p ¢ MMMyl ndPnopn
H N MMMUP|nPH DN cn MMMyl ndnnnac
Hp OHYY nPH PP cCMm ppny ndnnnd
HC ppny ndonco CH ppnylndnpmy
HT ppnylndomnd co ppnylndncnd
HY OHYp nPdPomoo cn oHYN n®n gy H
H ¢ ppnylndomnT cp ppny ndpanHd
on MMMUY nPOMT p cc ppnylndpmTty
oM MMMyl n®d®oMTC cT MMMyl ndPp Mmdo
OH MMMyl 1TPOHMM cy OHWYoO nNndPp My
0o ppny|nd®oHpPT cod HMO | Nn®PpHHO
on ppnyn®oHTM TN Hy MUl n®pHCY
op ppnylndooy T M OHUYH nd®poy d
ocC MMMUP|ndoodp TH Hnpylndpnny

TO HMO Y| ndPTCTP

154



Table2. Table showing the SD f@SA of the complexes

wky1l t5. {5 wl ¥y t5. L {5
M MMMUY|pH®DPO I oT OHYYy g cdn do
H MMMU|Ipp Dy oy ocnyy Mmnndi
o] ppnylpT ®H( o MMMypPpl MAMOD
n MMMUY| py ®T nn oHYycg MAam®
p ppnyl  cnodo nm MMMUP| MO M®PI
c ppnylcndcy nH pprnyn MaH®
T MMMUY|C M®PO ¢ no ppnyoMnH®I
y MMMUYcMDp J nn MMMWUN MAH®]
d MMMUP|CM®PT | np OHYNPMANHDI
M N MMMUP|cM®PdN nec MMMUyp MAN ®
M M MMMUY|CHDPH nT ppnyn mMmnc di
M H MMMUYP|CT ®Po ¢ ny OHYNHMANY DI
M O MMMUY|Cy PO J n o ppnyomMmn ®1
M n MMMUWUT N DM pn MMMWH MMH ®1
Mp ppnyl T dH p M ppnyp MmmMmn P
M C MMMUY|T MDY p H ppnydmmn Py
MT ppny TM™MDNY p o MAHPWY| MMp D
MYy MMMUP|TH®N | pn ppnyy Mmmc Pi
M MMMUP|T oD pp ppnyc/ MMT Py
H N ocnyTp Do pc MMMWH MMT ®
H M OHYP Yy nodT pT ohnyYTt| MMy DH
H H MMMUY|Yy ndy ( py ppnyYyp MHMDN
H O MMMUylYy MDPM ( p & ppnyYH MHM®T
H N MMMUYYyH®DNC cn MMMUYd MH QP
Hp MMMUWY|Y H®DPT ( CM ocnypmon dy
HC ppnylyHDPC CH MMMWUC| MO M®PJ
HT ppnylyodod co pprnyn mop P
HY ppnylypdmn cn Hy Mmyp/Mmnp @
H ¢ ppnylyp®H cp MMMUA MNP
on MMMUPly T ®n | cc MAHPWY|  Mpnd
oM MMMUY|Y T DT ( CT HMO Jy|Mpn @y
O H OHUYYlyy ®T cy ppnymmMcT PN
00 MMMUPlyy Py ( c o MMMUPC MCYy P
on ppnuyly dgdm( TN ppnyYH MYy H ®(
op ppnylypdPoy TM™ HMO UM MY Py
ocC HOnpyly oy TH OHYOT Mdp P1
TO OHWYHYHYT ®O)
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Table3. Table showing the Sc of tlkemplexes

wkyqltbs. {5 wkyl|tbs. {5
M MMMyl ®nn/J oT MMMUY|n®nc
H MMMl dnn oy ppny ndnc\
o] MMMY|1®Pan o ppnyndncy
n MMMUY|A®nni nn MMMUY|A®PncCk
p MMMl ndnni n m MMMUYn dnc ¢
c MMMl dnn | nH ppnylndnc
T MMMUY| A PN N ( no ppnyln®dncd
y MMMl ndnn nn ppny ndnci
¢ MMMP|andnni np MMMUP|adnc |
M N OoHUYp n®dnni nec Hnpylndncy
M M MMMy n®nni nT HMO Y|n®dncy
M H MMMyl adani ny ppnylndnci
M O oHYy ndnni n o ppnylndncy
M N MMMy n®nni pn ocnyndnci
M P MMMyl ndnan p ™M ppny ndncy
M C MMMUY|A®nny p H ppnylndncc
MT OHUYY ndnny p o ppnylnednTt
MYy MMMUP|ndnn pn OHYO NDNT]J
M MMMUY| A ®nnN( pp ppny|lndnr
H N MMMUY|A®nn( pc ppnylnd®nTt
H M oHUYN ndnp]J pT ppny ndnT
H H MMMUY| ndnp py ppnylnd®nTt
HO MMMUP|ndnp p & ppnyl ndnrt
Hn MMMUP|adnpt cn OHYNANDdAT
Hp MMMUY| ndnp CMm ppnylnd®nT(
HC ocnylnonpd CH HMO WY ndny J
HT ocnylndnpd co opnyYy ndny
HY MMMUY| A d®np( cn ppnylndnyj
H O] MMMUY n dnp g cp ppny ndny
on ppny ndnpi cc Hy My|ndny i
oM MMMUY|Adnp| cT ppnylndnyy
OH MMMUW|ndnpd cy OHWYH Ndny\y
00 OHYClNndnpn1 co ppnyl ndn g
on ppnylndnpi TN ppnyl ndndy
op MMMY|1dPnpy T M ppnyl nodnd
ocC MMMl dPnap TH MAHP|{NPMAH
TO MAHPL NOMM
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Table4. Table showing the RMSD rankings for eadmplex

wlkyjts. ¢ {5 wlkyjts. ¢ {5
M ocnyl ndoo oT ppnyl ndcH
H MMMY| ndon oy MMMy| ndcg
o] ocny nodoi oo MMMYl n®dco
n MMMyl ndorT nn oHUYN ndcaqa
p MMM| ndoT nm MMMY| ndcn
C ocnyl ndorT nH ppnyl ndcp
T MMMUY| 1dn no ppnyl ndcp
y MMMY| nodnH nn ppny| ndcc
(09] MMMYy| nodnH np MMMUY ndcT
M N MMMy ndnH nc ppny| ndcrT
M M OHUYY ndn nT MMMUY 1 dPT
M H MMMYy| ndnag ny ppnyl noTn
M O MMMyl ndnp n g OHUWYYl nNnoTn
M N OHYP nodnp pn ppnyl nodrtg
M p MMMY| nodnp p M ppnyl noéTtp
M C MMMyl ndnc pH MMMyl NPT C
M T MMMy ndnd p o oHUYn noTT
MYy MMMyl ndnd pn HYy M| N OTY,
M MMMyl nodnd pp MMMyl ndyo
H N MMMY| ndpn pc MMMUY| 51Dy |
HM ppnyl nodpn pT MMMUY| ndPycC
HH MMMyl ndp M py MMMyl ndyT
HO MMMUy| n1PpH p g ppny| ndyT
H N MMMY| ndp cnh MAHP| NOyYy
H D ppnyl nPpp CM ppny nodg
HC ppny| ndpp CH OHWYH nddd
HT HMO Y| ndpp co HNnpyYyl MDAy
HY ppnyl ndpp cn ppnyl mdan
H ppnyl ndpT cp ppnyl mdnp
on MMMyl ndpd cc OHYcl mdnc
oM ppnyl nodpd cT HMO Y| MPmMp
OH MAHP| ndcn cy ppnyl ™M>DM(
oo MMMYy| ndcn cod ppnyl MOMT
on ppny ndc TN ppny m>do)
op MMMUy| n1dPc M TM odpnyYy madoYy
oc OHYol nodcH TH ppnyl mMmdnT
TO ppny ndPHH
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s and tables information
re originally made by the author usi
crosoft Excel Dby the author.
ation File for Epitope 1I1

ra_unknown?2
./ structures/ 6fpa_minimized2.pdb

./ structures/ cobratoxin_min.pdb

i mit: 3

h Iimit: 1.8
imit: 70.0

5

mi t : 2

| ut i orne sfuolltdse/rDARP _COBRA_UNKNOWN?2

ceptor resi

dues: B34, B35, B36, B37, B38, B4 2,

00, B101, B102

ceptor resi
gand residu
gand residu

tation resi

setta affin

[ home/ rzb0O0O71/ I nput _Structures/ Best/ known _6.

dues: B104, B109, B112, B113, B133,
es: D1, D2, D3, D4, D9, D10, D11,
es: D57, D5 8, D59, D6 0, D61, D6 2,
dues: B35, B36, B38, B46, B69, B71,

ity maturation DESIGN file for 1 c¢omj

/ home/ shared/ rjp0029 | ab/ Rosetta/ main/ da
pdb

resfile [/ home/rzb0071/ affmat . resfil e

packing:resfi

-nstruct 100

| e
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-mi ni mi ze_sidechains
-score: weights ref2015. wt's
-linmem_ig 10

-mul ti _cool annealer 10
-ex1

-e X 2

-e X 3

-e X 4

-no_his_his_pairekE

out :path: pdb /home/rzb0071/ Results/ DarpinAff Mat/ k

Rosetta affinity maturation RESFILE

NATAA # this default command apapdleifeasultto calnmmarnedssi d L

start

6 B ALLAAXC # all ow all amino acids except <cys
9-10 B ALLAAXC

3339 B ALLAAXxC

4243 B ALLAAXxcC

46 B ALLAAXxc

6672 B ALLAAXxcC

7576 B ALLAAXC

7980 B ALLAAXxc

99105 B ALLAAXcC

10809 B ALLAAXxcC
11-mM13 B ALLAAXC
13238 B ALLAAXC
14-m42 B ALLAAXC
145846 B ALLAAXxcC
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Antigen sequence

IRCFITPDITSKDCPNGHVCYTKTWCDAFCSIRGKRVDLGCAATCPTVKTGVDIQCCSTDNCN
PFPTRKRP.

Fi nal 51 DARPin sequences:
364 79

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSRGATPLDLAASSGHLEI
SDKYGLTPLDYAAAKGHLEI VEVLLKAGADVNAKDMTGLTPLVFAAMAGH
VNATDKLGLTPFDWAI LTGNEDI AEVLQKAAKLN

111 _29

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

1113

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGATPLDLAAASGHLEI
SSKMGDTPLDLAAGAGHLEI VEVLLKAGADVNAKDKDGLTPLAWAAMYGHEH
DVNASDKKGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _34:

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGATPLHLAAASGHLEI
SSKMGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARDGE
VNASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _57

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSSQGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDAEGLTPLAYAARHGHEH
NASDKRGLTPFDYAI LNGNEDI AEVLQKAAKLN

364 _84

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSAGRTPLALAASSGHLEI
SDKYGLTPLDYAAAKGHLEI VEVLLKAGADVNAKDMSGLTPLVFAAMAGH
VNATDKKGLTPFDWAI LTGNEDI AEVLQKAAKLN

111 _94

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSSQGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDAEGLTPLAYAARHGE
NASDKRGLTPFDYAI LNGNEDI AEVLQKAAKLN

111 _97
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DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGKTPLVYAAKHGHEH
VNASDKDGKTPFDHAI ENGNEDI AEVLQKAAKLN

111 _85

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGATPLDLAAASGHLEI
SSKMGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGKTPLVYAAKHGHEH
VNASDKDGKTPFDHAI ENGNEDI AEVLQKAAKLN

111_78

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNALDADGLSPLAYAARHGHE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 1

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

364 _5

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSAGRTPLDLAASSGHLEI
SDKYGLTPLDYAAAKGHLEI VEVLLKAGADVNAKDDTGLTPLVFAAMAGH
VNATDKKGMTPFDYAI ANGNEDI AEVLQKAAKLN

111 _63

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARDGHE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _41

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGHE
NASDKHGKTPFDYAIl ENGNEDI AEVLQKAAKLN

111 _93

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARDGFE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _46

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGATPLDLAAASGHLEI
SSKMGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
VNASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

111 _809
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DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGEH
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _49

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARDGHE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

111_28

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111_91

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

111 _44

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

554 49

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSEGATPLVLAARSGHLEI
SDKKGRTPLDDAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGH
DVNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 _94

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 _52

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

32 87

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDYDGATPLVLAARSGHLEI
SDAMGRTPLVDAAEAGHLEI VEVLLKAGADVNATDAYGMTPLDYAAKLGH
VNASDKQGKTPFDYAI ENGNEDI AEVLQKAAKLN

554 _ 84
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DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSEGATPLVLAARSGHLEI
SDKKGRTPLDDAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGH
DVNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 _ 69

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

32 50

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDYDGRTPLHLAAMSGHL EI
ASDAMGLTPLDFAAEAGHLEI VEVLLKAGADVNATDAYGRTPLYFAAANG
VNASDKQGKTPFDAAI DNGNEDI AEVLQKAAKLN

554 42

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSEGRTPLALAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 7

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGATPLHLAAASGHLEI
SSKMGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGHE
VNASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _17

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGHE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

111 _26

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGKTPLVYAAKHGH
VNASDKDGKTPFDHAI ENGNEDI AEVLQKAAKLN

554 37

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 65

DLGEKLLKAARAGQDDEVRI LMANGADVNAESSTGDTPLAYAAQSGHLEI
SNKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 18
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DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGHF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 _58

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGEH
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

554 36

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSEGATPLALAARSGHLEI
SDKKGRTPLVDAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEH
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 _100

DLGEKLLKAARAGQDDEVRI LMANGADVNAESSTGDTPLAYAAQSGHLEI
SNKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 83

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 _50

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGHE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

554 48

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLALAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 57

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSEGRTPLALAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 35

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSKGRTPLDLAASSGHLEI
SDKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

1025 _ 36
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DLGEKLLKAARAGQDDEVRI LMANGADVNAEDYLGKTPLAYAAESGHLEI
SDKFGQTPLVLAAAAGHLEI VEVLLKAGADVNATDADGLTPLDYAARHGHF
NATDKKGLTPFDLAI LNGNEDI AEVLQKAAKLN

111 _509

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGEH
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

554 44

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGDTPLALAAKSGHLE
SNKKGRTPLDDAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGH
DVNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 _2

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN

111 _42

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKKGLTPFDYAI LNGNEDI AEVLQKAAKLN

554 _90

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGDTPLALAAKSGHLE
SNKKGQTPLVAAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGFH
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

554 27

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSNGDTPLALAAQSGHLE
SNKKGLTPLDYAAEAGHLEI VEVLLKAGADVNAQDADGMTPLDYAAMRGEF
VNATDKHGYTPFDYAI MNGNEDI AEVLQKAAKLN

111 _67

DLGEKLLKAARAGQDDEVRI LMANGADVNAEDSLGATPLDLAAASGHLEI
SSKEGLTPLDLAAGAGHLEI VEVLLKAGADVNAKDADGLTPLAYAARHGE
NASDKHGKTPFDYAI ENGNEDI AEVLQKAAKLN
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