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Chapter 1- General introduction

1.1. Introduction

Due to their high effectivity and limited side effects, biopharmaceuticals plagcasasingly
important role in the treatment of a variety of diseases, including diabetes, metabolic disorders, and
cancert Compared to small molecules, proteins offer complex functions and specificity but also
exhibit inherent physical and chemical irslities? Ho we v e r the proteinbds |
solely determined by the intrinsic property of the sequence but largely by the buffer composition.
Therefore, not only a thorough developability assessment of the protein is of utmost importance,
butal so an adequate formulation devel opmént to
Protein stability is a main quality attribute to determine the -tlkegproperties of a candidate
molecule or a formulation. However, calculating the stigbihdicating parameters of a
formulation or candidate molecule can be a tedious and resioeosive process since they are
usually determined by a variety of experimental screens. So far, no specific parameter is universal
to indicate stability underarious stress conditions such as elevated temperatures;thaaezend
agitation or to predict theohgterm shellife. Especiallyprotein aggregation is a lorgjanding

issue in biopharmaceutical technology which is difficult to prédiedditionally, the suitability

and predictive power of certain stabilitydicating parameters have been questioned in several
studies’’ In general, advanced knowledge of the protein structure, dynamics, degradation
pathways, and protei@xcipient interactions accedges the protein developability assessment and
formulation process. In the last years, a significant improvement in instrumentation fer high
throughput applications with minimal sample consumption could be observed. Additionally, recent
trends to move exgsimental screenis silico are useful to limit or eliminate required experimental

characterization, and to obtain new strategies and guidance to perform efficient experiments.

Hereafter, the four Atypesifi of Ipafocuseom protemt abi |
aggregation, as well as biophysical techniques for protein characterization are discussed.
Additionally, a short description of the common approaches for developability assessment and
formulation development of therapeutic proteingiigen. Computational tools to predict protein

stability and aggregation parameters are also introduced as well as the application of molecular

dynamics (MD) simulations in the field of therapeutic protein development.
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1.2. Protein stability and degradation pahways

Protein stability is determined by conformational, colloidal, interfacial, and chemical stébility.
The conformational stability of a protein is defined as the freggmdanged) for the transition

from the native (folded) state to the denadufenfolded) state. This energy change depends on the
three major stabilizing forces present in the protdagdrophobic interactions, hydrogen bonding,

and electrostatic interactiofi$ Hydrophobic interactions in the protein lead to the formation of
hydrophobic clusters which are especially important for the stability of larger prétélosvever,
burying charged residues in these nonpolar environments comes with large energetic penalties.
Furthermore, polar and charged residues can form hydrogeis bdich play an important role in
protein stability, but the contribution is highly conteldpendent. Nevertheless, hydrogen bonds

by side chains and peptide groups contribute equally for both, small and large proteins.
Additionally, charged residues can be involve
can be strong even at -a adig®®anltEeprdonatidnetitesr e c ¢
of ionizable residues, and thus their electrostateradtion potential, can be controlled either by
alterations of the protein conformation or by changes in the solution pH. The strength of these
electrostatic interactions can be adjusted by variations in salt concenttafitresnative state is

also enegetically favored by the hydration of protein surface residti&siboptimal conditions

tend to weaken these stabilizing forces and favor local flexibility, leading to protein degradation.
An important pathway of protein aggregation involves conformatiattarations, partial or
complete protein unfolding accompanied by the increased exposure of hydrophobic Yegions.
Indeed, the conformational stability of many proteins has been shown to correlate with their
aggregation kinetics:'® Techniques that arecommonly applied to assess the protein
conformational stability include differential scanning calorimetry @pdifferential scanning
fluorimetry (DSF), circular dichroism (CD) spectroscopy, ultraviolet (UV) spectroscopy, Fourier
transform infrared (FTIR)spectroscopy, fluorescence spectroscopy, and isothermal chemical
denaturation (ICD).

Colloidal stability is the tendency of protein molecules to associate in response to attractive, weak
forces that are caused by hydrophobic surface residues and édictioteractions. The weak net
interactions between protein molecules in solution are the sum ofaoigg electrostatic, shert

range attractive, and hasphere interactiorfs'’ The interactions between proteins can be assessed
with light scattering échniques. Static light scattering is used to determine the second virial
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coefficient (B2) and dynamic light scattering to determine the protein interaction paramst&t (k

A positive B is indicative of repulsion between molecules and thus less plipbdbr self-
association. A negativez;Bindicates more attractive forces between the protein molecules where
proteiri protein interactions are favored over protsiolvent interactions. This in turn results in
colloidal instability of the protein whichoeld potentially lead to aggregatihBy increasing
protein interactions via oppositely charged regions or by interactions with ions in solution, colloidal
stability can also contribute to aggregattériThe aggregation onset temperatureggTis a
paraneter that is often used to investigate the colloidal stability of protdimte.that the Tggis

often related to the protein melting temperaturg) @nd does not only reflect on the net protein
protein interactions. Additionally, techniques such asyéinal ultracentrifugation, small angle-X

ray scattering (SAXS), nuclear magnetic resonance (NMR), precipitation with polyethylene glycol,

and biclayer interferometry (BLI) can be applied to determine the colloidal stability.

The interfacial stability iselated to the behavior of proteins atlaquid, solid-liquid, or liquid-

liquid interfaces. Since many proteins are surface active, they have a high propensity to interact
with and adsorb to different types of interfaces. This could lead to proteiabdisttion and

protein loss. Due to stresses like freezing or shaking, new or larger interfaces are formed, often
resulting in severe degradation of the protéi?! The interfacial stability is determined by
subjecting the protein to stresses likekshg, stirring, pumping, or freezdaw. Subsequently, the

samples are tested for remaining monomer in solution, aggregation, and particle formation.

Modifications of covalent bonds, e.g., deamidation, oxidation, hydrolysis, and disulfide bond
exchange, etermine the chemical stability of a protein. Oxidation of histidine, tryptophan,
tyrosine, methionine, and cysteine groups, as well as deamidation of Asn and GlIn residues to Asp
and Glu, are the two most common chemical degradation patRtudgsal ions,oxygen and light
exposure, and high temperatures are some of the factors that accelerate oxidation. While oxidation
is rarely affected by solution properties, the rate of deamidation-deplndent and exhibits a
minimum between pH 3 and®Hydrolysis & the norenzymatic cleavage of solveaexposed
peptide bonds, which is also pH and temperature depefid@isulfide bond shuffling can result

in an altered conformation of the protein leading to a loss of funttibime chemical modifications

are usually assessed by liquid or revesgkdse chromatography coupled to mass spectrometry,
ion exchange chromatography, hydrophobic interaction chromatography, isoelectric focusing, and

reduced/ nowreduced gel electrophoresi
20



1.3. Protein Aggregation

Protein aggregation is a major challenge in the drug development process since it may reduce the
bi opharmaceutical 6s activity and potentially
Protein aggregation occurs through eliéint pathways, either via sa@lésociation of the native state
(native aggregation), via unfolding intermediates and unfolded statemétioe aggregation), or
through chemical degradatioffsSSeveral proteins can directly interact from the native steftam
aggregates. Depending on the environmental conditions, the association can be electrostatic only
or a combination of electrostatic and hydrophobic. -8s$ociation often results in reversible
oligomers/aggregates which can be precursors of isible aggregate€. It must be noted that

the association process is not limited to one specific site of the protein but can involve multiple
aggregatiosprone regions (APRZ}It has been shown that the saffsociation of the native state

is mainly rehted to colloidal stability. Therefore, the second virial coefficiest @ protein

interaction parametemnkare measures of the tendency of prof@iotein selfassociatiort®

Aggregation through unfolding intermediates or unfolded states is on tiiéhatitedetermined by

both conformational stability, and colloidal aspects. Even at normal conditions, the native state is
in equilibrium with a small population of unfolding intermediates which were found to be
precursors of the aggregation process. Thernimediates have more surfaegposed hydrophobic
patches and higher flexibility compared to the folded state making them especially aggregation
prone. In contrast, native or completely unfolded proteins show a lower aggregation propensity
since the hydrdmobic side chains are either buried in the protein core or randomly scattered.
Aggregates containing only a few monomers are soluble but as soon as they exceed certain size
and solubility limits, start to precipitaté.In reality, it is difficult to diffaentiate between self
association and aggregation through unfolding intermediates. This is especially challenging since
the unfolding intermediates are poorly populated and cannot be investigated separately

experimentally.

For the sake of completenessg tliggregation through chemical crosslinking and degradation is
also mentioned, even though it will not be further addressed in this thesis. The most observed
crosslinking is the intermolecular disulfide bond formation which can further promote physical
aggegation of proteing’ Additionally, many chemical degradations have been shown to increase

the aggregation propensity of proteins by changing their physical properties. For example,
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oxidation® dimerization®' deamidatior?? hydrolysis3® and glycatiof have been shown to affect
protein hydrophobicity, secondary and tertiary structure, and the thermodynamic barrier to protein
unfolding.

The (biological) consequence of protein aggregation furthermore depends on its reversibility,
meaning the ability ofte aggregates to dissociate, e.g., when changing the solution conditions to
nonraggregatiorinducing conditions. Earkgtage aggregation for example tends to be reversible

while latestage and thermally induced aggregation are mostly irrevef8ible.

1.4. Devdopability assessment

Only a small percentage of drug candidates entering development reach commercialization. Most
candidates fail due to issues related to their design and molecular characteristics, as well as the
applied manufacturing and delivery segies® Research efforts during the discovery phase
typically revolve around finding the best possible binder to the desired target. Due to the now
frequent use of directed evolution aimdsilico tools, even more candidates with high binding
affinities ae identified. This trend requires better screening for suitable-ldeidbiophysical
properties in early stages to ensure that risk of failure is detected as early as possible and as cheaply
as possible in the development life cy&lén this context, the concept of developability assessment
was introduced: Developability is a broad term covering the evaluation of the suitability of a drug
candidate to be successfully developed regarding its ability to meet adequate quality,
manufactuability, effectiveness, and safety requiremérBsophysical parameters that are more
readily accessible are often used to predict these properties indirectly. However, it is impossible to
measure all physicochemical and stability issues at an earlyopeveht stage when large amounts

of material are not available and there is no single property that can predict the success of a
candidate in later clinical stages. Therefore, a combination of various methods which require low
sample amounts is used to flagriants with unfavorable biophysical properti€$hese properties
include specificity, solubility, colloidal stability, conformational stability, resistance to
aggregation, interfacial stability, and chemical stabffitjately, several computationaiethods

have emerged that aim to predict these properties from the sequence-dimlem&ional structure

of the protein®® These are partly discussed later in this chapter.itsilico approach greatly
reduces the number of required lab experimentsiwgaves time and precious material. However,

it is still not possible to reliably predict all physicochemical properties from the sequence.
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Especially the propensity of nerative protein aggregation and poor conformational stability are
hard to predictAdditionally, the computational tools rarely take into account the influence of
different formulation components. However, the predictions from sequences, including the effect
of formulation conditions, are expected to improve drastically as new largeregptal datasets
emerge’’ Particularly, new approaches combining machine learning (ML) with-thighughput

experimental techniques are promising screening tools for developability asse$sment.

1.5. Formulation development

Formulation development is a dcil step in the development of a commercial protein product to
prevent damage to the protein during production, processing, antelongtorage. One primary

aim is to find optimized solution conditions that ensure that all four types of protein gtatslit
sufficiently high. It has been demonstrated over decades that there is no general approach to
stabilizing proteins and that each protein requires a customized formifatidmerefore, a wide

variety of excipients such as buffering agents, sugalts, amino acids, and surfactants is usually
screened to identify a stable formulatfShese are part of a library of generally regarded as safe
(GRAS) excipient$! Their efficiency has been evaluated in various experiments, and different

stabilizing mechanisms have been proposed.

The most important solution factor is pH. The pH influences protein stability by controlling the
surface charge, which can affect conformational and colloidal stability. In turn, it can significantly
enhance or reduce peih aggregation and the rate of chemical degradations, e.g. deamidation and
hydrolysis® Additionally, the addition of salts or modifications in the ionic strength can control the
protein stability by neutralization of the protein surface charge, alsmladiargescreening effect.

This leads to enhanced hydrophobic interactions between the morféEecgients that enhance
conformational stability shift the equilibrium from the noative to the native state of the protein,
thereby decreasing the contration of unfolded or partly unfolded aggregatjmmone species in
solution!® This can be achieved by either preferential binding to the native state or preferential
exclusion from the protein surfat&For proteins prone to oxidation, the formulatidten contains
antioxidants such as ascorbic acid or sacrificial additives such as metHiblain@nic surfactants

such as PS 20 and PS 80 are often used to reduce interfacial stress and to prevent adsorption, protein
denaturation, and aggregation at ifdaees® However, if the formulation is not properly designed,

excipients might even have a detrimental effécthus, understanding protein degradation
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pathways, especially aggregation, and pre&icipient interactions is fundamental to designing
optimized formulations. Unfortunately, our current knowledge about the interplay between protein
structure, formulation, and stability is limited.

1.6. Computational tools

In recent years, the availability of increasingly powerful computersaigutithms enabled the
development of computational methods that aim to predict and optimize important protein
properties. Various predictive tools are available to assess different aspects of developability,
including aggregation propensity, developapiliiotential, and solubility. Many of these tools,
especially those focusing on the prediction of aggregation propensity, have recently been
reviewed®®4548|n silico tools for protein aggregation can be classified into aggregptiome

region (APR) andaggregation propensity predictors, and aggregation kinetics predictors. The
approaches to predict APRs and aggregation propensity can be further divided into tools that
require only the amino acid sequence as input and tools that usdither&ional strcture of the

protein for the predictiof®

Sequenc#ased prediction tools include for example CamSol, AGGRESCAN, Zyggregator, Pafig,
PAGE, WALTZ, SALSA b-strand contiguity, TANGO, SecStr, NetCSSP, PASTA, and
AMYLPRED?2. The different algorithms are baseal different aggregation propensity scales for
amino acids. These are detémed from in vivo experimentd}helix andb-sheet propensity,
hydrophobicity, charge, the presence of gatekeeper residues, physicochemical properties, hydrogen
bond probabilitiesiesidue interactions, and solvation energies, to name a few. The sthasece
prediction tools include SAP, DI, AGGRESCAN3D 2.0, Prot8oi, and structurally corrected
CamsSol and are based on accessible surface area and surface patches. Moreftetaidtion

on the algorithms can be foundthe abovanentioned reviews.

The application of such predictive methods offers a-tiamel costeffective complement or even

an alternative to tedious experiments. Furthermiorajlico tools allow a potentially unlimited
throughput, and many sequences can be screened in parallel. However, computational tools are
only as good as the underlying data used to build them. Therefore, it must always be considered
that the predictive accuracymr be low? Furthermore, sequendmsed predictors usually neglect

the effect of the folded structure on the parameter they are predicting. Globular proteins commonly

possess large aggregatiprone regions, which drive the folding process and are bumie¢dei
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protein core in the native stdfeStructurebased predictors correct for these buried APRS;
however, experimental structures are usually not available at early development stages. Therefore,
structures can be modeled with different tools, e.g. MOMR, AlphaFold, or MOE. It must be

noted though, that structubmsed prediction tools can be sensitive to errors in the atomic
coordinates. The CamSol structurally corrected method was for example shown to only be sensitive
to residue solvent exposuretbat the prediction did not change substantially depending on which
model was selected as ingt.

1.7. Molecular dynamics (MD) simulations

MD simulations have become an indispensable complement to experiment, as they can in principle
provide molecular mecinstic insights into the (thermodynamic) properties of proteins and even
protein function over limited timescal&s!*® They can help interpret experiments, explain
unexpected results, and guide experiments. MD simulations mimic the protein's behag@r in r

life on a molecular level, like a molecular microscope for properties that cannot be observed
experimentally due to very short time and very small spatial scales. Proteins can adopt numerous
conformational states, described by atomic coordinates ardyelevels, which are organized in

the energy landscag®.Exploring this energy landscape enables the observation of structural
fluctuations over timé& However, MD simulations are dependent on a suitable energy function to
describe this energy landseapatoms are described as charged points connected by springs
corresponding to bonds. The forces that are exerted on individual atoms are defined by a molecular
mechanics force field which is develogedeproduce experimental d&ta he force field coratins
contributions of many terms that represent different types of interactions between the atoms of the
protein including bond energy, bond angles, dihedral angles, improper dihedral angles, Van der
Waals, electrostatic interactions, and hydrogen bonasedon the positions of the other atoms,

the force experienced by each atom is determined. This force is used to numerically solve the

classical equation of motion (Newtonds equat
update the atom coordina® Thi s results in a sequence of co
over time, containing atomic positions, velocities, and sipgiet energies cal | ed.Ifit r aj e

the simulation was run long enough, the average of the trajectory that reachetheocwe
describes a statistical ensemble of the simulated molecular system. Thus, statistical mechanics can

be applied to connect the distribution and motions of atoms to macroscopic observables for
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example molecular size and shape, flexibilities, intevastwith other molecules, and the relative

frequency of one state ormi@rmation compared to anoth@r3

In this thesis, the AMBER biomolecular simulation package with AMBER force fields was used
for all-atom MD simulation$? It must be noted that coleat bonds cannot break or form during

MD simulations, even though some bonds form and break more frequently in real life, e.g. disulfide
bridges. Furthermore, as the integration of movement is done numerically, time steps shorter than
the fastest movemenin the molecule must be used. This in turn limits the simulation time and
thus full sampling of the conformational states on biologically relevant timeséaiass is also
relevant for MD simulations to evaluate protein folding or aggregation procedgsiet exceed

the commonly possible simulation times. Due to their large computational cost, atomistic
simulations are not applied to evaluate these processes. Instead, the computational burden is
reduced at the cost of accuracy and structural resoloyiemploying coarsgrained (CG) models.

CG models consist of beads describing an approximated collective property of multiple atoms in
the protein. For these simulations, the GROMACS software was employed in combination with
the SIRAH force fiel?>°® The explicit water model contains four beads in a tetrahedral shape,
while the protein backbones are described with threesbibad represent the nitrogdmcarbon,

and oxygen part. The protein side chains are described as one to five beads, depering on t

physicochemical propertiés.

1.8. Aim and outline of the thesis

This thesis aimed to assess the potential of computational tools and MD simulations in the context
of developability assessment and formulation development. All computational results were
validated with experimental data using common biophysical characterization techniques relevant
to developability assessment and formulation development. The current strategy in the
development of therapeutic proteins consists of a thorough characterizatierpodtein structure,
stability, and degradation pathways via extensive experimental screens. Recently, computational
tools have gained increased importance in biotherapeutic technology. MD simulations can be used
to explain observations during experirtednformulation work to improve the future design of
experiments and obtain new ideas for formulations. The ultimate goal is to use reliable predictive

computational tools to dramatically reducgerimental excipient screens.
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In Chapter 2andChapter 3 available web servers were applfeddevelopability assessmeatd

the results were compared to experimentally determined stability de@aafribclonal antibodies

and 68 nanobodies. Additionally, structural models of the proteins were generatesedrfdru
structurebased predictions which were critically compared to the experimental results. Since these
web servers only consider aggregation from the native state and several studies revealed that the
most critical factor for londerm stability is no-native aggregation, MD simulations at elevated
temperatures were applied to generate the partially unfolded, reactive species responsible for this
degradation mechanism. These altered conformations were then examined for their aggregation

propensity.

In Chapter4, the pHdependent aggregation mechanism of granulocyte cedtimulating factor
(G-CSF) was elucidated by combining experimental characterization of the protein at three pH
values on a structural level and-atbm simulations, metadynamics silations, and coarse

grained MD simulations.

In Chapter 5, the different effects of the zwitterionic buffer HEPES orCG&F at various
concentrations and under different stress conditions were elucidated by biophysical

characterization and the evaluatidrHEPES binding to the protein in MD simulations.

In Chapter6, the stabilization of a novel recombinant bacteriophage lysin by HEPES and other
Goodo6s buffers was explained experimentally ai

conformational cAnges in MD simulations.

In Chapter7, the stability of the antMYC mini-protein Omomyc at different pH values and ionic
strengths was assessed employing molecular mechanics P&ekmmann surface area (MM
PBSA) calculations and structural charactian. Additionally, the influence of phosphate anions

on protein folding and reentrant condensation was explained on a molecular level.

Finally, Chapter 8 provides a summary of the presented results on the application of MD
simulations in developabilitgssessment and formulation development in the context of the current
state of the art and an outlook on the future benefit of using computational methods to reduce

experimental effort.
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2.1 Introduction

Nanobodies are derived from the variable binding domains of camedidybhain antibodies

(VHH) and exhibit unique properties, making them attractive research tools, diagnostics, and
therapeutics. Several nanobodies against various targets can be identified through animal
immunization and in vitro methods like phage display. Screening for enriched phages is typically
sufficient for the initial selection of binders, a more thorough characterizatimwever necessary

to identify nanobodies with critical features like high thermal stability, low aggregation propensity,
and high specificity:®> Nanobodies have been reported to generally have high solubility and high
resistance to thermal unfolding twvimelting temperatures ranging from 60 to “€D*° While

several nanobodies have shown reversible thermal unfglditigers are unable to refold to their
native conformations. Instead, the partially unfolded species tend to aggregate, which is known as
non-native aggregatioh.The absence of aggregation below the onset temperature of unfolding
furthermore highlights that protein unfolding represents thelirateng step in the aggregation
process of these nanobodieEo identify aggregatiomesistantmolecules, strategies often focus

on selecting candidates with high melting temperatures, which indicate a small population of
unfolded species. However, not all partially unfolded species are equally prone to aggfefation.
answer the question, if an@\Ww these partially unfolded species are involved in the aggregation
mechanisms, it is necessary to understand the key features of nanobodies that show reversible

thermal unfolding and of those that aggregate.

Compared to conventional mAbs, nanobodies laas@nvex paratope shape due to different CDR1
and CDR2 conformations, and CDR3 loops of unusual lefgthese features allow them to target
hidden epitopes in small cavities, e.g., active sites of enzymes, with high affinity and specificity.
In exchangdor the divergent CDR conformations, nanobodies sacrifice effective packing of the
upper core and therefore some of their thermodynamic statitibyvever, norcanonical disulfide
bridges formed between Cys residues of CDR1 and CDR3, have been repoaiiibute to high
thermodynamic stability and good solubiliy.Increased solubility is further achieved by
substitution of hydrophobic residues in the FR2 region (corresponding to+the Mterface in
mAbs) to more hydrophilic residues in nanobsdiéoreover, the long CDR3 loops shield
hydrophobic residues in FR2 and help to mask Trp118, which is keyufdfi \interaction® All

these specific features reveal tthdespite their small size ofl5 kDa, nanobodies are highly
complex molecules, withvery amino acid potentially having a direct or indirect impact on the
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stability, structural integrity, and antigéainding. This complex interplay of residues restricts the
extent to which engineering can be tolerdtekthe development of nanobodies witptional
stability profiles thus far involved shielding of aggregatmone regions, increasing charge
repulsion, and finduning structural dynamics to prevent the formation of aggregatione
conformations.However, the molecular determinants respdeditr favorable thermal properties,
reversible unfolding or aggregation are not yet fully understood. We aim to get insights into the
underlying mechanisms by thoroughsilico characterization. Kunz et al. kindly provided the
sequences and experimentiaita of a dataset of 68 nanobodies including melting temperatures
(Tm), onset temperatures of aggregatioryd] and aggregation kinetics for selected nanobodies.

In this study, 78 % of the investigated nanobodies showed aggregation during thermatght8idi

To potentially identify sequence features that could discriminate- virein poorbehaving
nanobodies, we first performed a multiple sequence alignment and compared the amino acid
compositions. In a second step, we selected publicly availablegaigm prediction tools, which

are easily applicable to our dataset for a comparative study, to predict aggregation propensities and
aggregatiorprone regions (APRs) of the proteins. We applied a seqtmsssl consensus
approach with outputs from AGGRES8®, NetCSSP, AmyloidMutants, Pafig, Amyloidogenic
Pattern, SecStr, Verage Packing Density, TANG®;strand contiguity, WALTZ, Hexapeptide
Conformational Energy, and the intrinsic solubility profiles calculated with CamSol.
Additionally, sequencéased solubility scores from Tango, AGGRESCAN, CamSol and the
ProteinSol webserveé? were conpared to the experimental data. the third step, we used
AlphaFold2 to predict the structures of all 68 nanobodies from their sequé&ces structure

based aggregation prediction we applied AGGRESCAN3D® 210d the structurally corrected
CamsSol score. Furthermore, the ratio of hydrophobic to total solvent accessible surface area

(SASA) and the number of hydrophobic clusters were coatpar

It is important to note that the differences captured with thresico techniques are features of

the native folded proteins. As discussed earlier, unfolding of the nanobodies is tliraitaig

step in the aggregation process. In the fourdp,stve therefore estimated the overall protein
stability with the Rosetta aitom energy functio® Nevertheless, not only the resistance to
unfolding but also the aggregation propensity of the partially unfolded species must be considered.
As a resultthe final step in our approach was to perform molecular dynamics (MD) simulations to

obtain partially unfolded species of the nanobodies and to assess their aggregation propensities.
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2.2. Materials and methods

2.2.1. Sequencebased analyses

The sequences and experirtad data were provided by Kunz et @&.multiple sequence alignment

was generated with Clustal Omé§ahe theoretical pls were calculated with the ProtParam tool

of EXPASYy (http://www.expasy.ch/tools/protparam.httlyhe hydropathy of each nanobodgsv
calculated based on the values proposed by Kyte and Dobliftlee web tool AMYLPRED#
(http://biophysics.biol.uoa.gr/AMYLPRED?2) was applied, including the following methods:
AGGRESCAN, AmyloidMutants, Amyloidogenic Pattern, Average Packing Dertig strand
contiguity, Hexapeptide Conformational Energy, NetCSSP, Pafig, SecStr, Tango, and Waltz. In
addition to the AMYLPRED?2 results, intrinsic solubility profiles calculated with CafSol
(https://wwwcohsoftware.ch.cam.ac.uk/index.php/camsolinteinai pH 7.0 were considered in a
consensus approach. Each amino acid residue was assigned a score of 1 if the algorithm predicted
that residue to be aggregatiprone and a score of O if not. The sum of these scores per residue
was calculated as the totadore. Since 11 prediction algorithms were used, the maximum score for

a given residue was 11. Any residue wprand a t o
in this study. Additionally, sequendmsed solubility scores from AGGRESCAN, TangantSol,

and the Protei$ol webserver (https://proteirsol.manchester.ac.uk) were determined.

2.2.2. Structure prediction using AlphaFold2

The structures of the 68 nanobodies are not available in the PDB. We therefore used the AlphaFold2
notebook on Google Coliaratory (ColabFoldf to predict their 3D structures. The notebook
requires FASTAsequences as input, generates a muiptguence alignment (MSA) and uses this

to predict the models. We used the default settings of three recycles, meaning that ¢tierpiedi

fed through the model three times, and relaxation of the predicted structures using amber force
fields. The notebook generates five models and ranks them based on two measures of confidence.
The local reliability (predicted localistance differece test, pLDDT) and the reliability of
pairwise interactions betweeiffdrent residues in the chaldWe selected the best ranked model,
relaxed the structure with the RoséttRastRelax mover and the scoring function ref2015 on
Google Collaboratory, ahused the output for further analyses. For comparison, the RMSDs for

each pair of nanoboels was calculated using PyMOL.
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2.2.3. Structure-based aggregation and stability predictions

We used AGGRESCAN3D 2tdand the streturally corrected CamSol scoaé pH 7 and with a

patch radius of 10 A. Furthermore, the ratio of hydrophobic to total solvent accessible surface area
(SASA) was calculated with the molecular visualization program VABydrophobic residues

are packed inside the protein core and fataosters, which drive protein folding and stability.
Additionally, hydrogen bond networks between multiple sidechains impact protein stability. The
hydrophobic clusters were determined with ProteinT&olhe number of hydrophobic clusters

was counted, ahthe total area calculated. Scoring of the structures with the Rosetta score function
ref2015 on Google Coll aboratory gave an esti |
scoring structure is more likely to be stable, the scores do not havetacdimeersion to physical

energy units like kcal/mol. The energies are instead represented in Rosetta Energy Units (REU).

2.2.4. MD simulations

All-atom simulations were performed with the Amber19 program in a periodic box with explicit
solvent?® The ff14SB face field for proteins was employed in combination with the TIP3P water
model. The protonation states of ionizable residues at pH 7.2 were adjusted using the H 4 server.
All bonds involving hydrogen atoms were constrained using the SHAKE algorithm. The
nonbonded electrostatic interactions were treated using the particle mesh Ewald algorithm with a
direct space cubff of 10 A. The models of the nanobodies were solvated in a truncated octahedral
water box with a layer of at least 20 A from the proteiriesier and neutralized with chloride or
sodium ions. The system was energy minimized with the steepest descent algorithm for the first
5000 cycles, followed by 5000 cycles, using the conjugate gradient method. Subsequently, the
system was heated to 450 Kan NVT ensemble. System equilibration was carried out for 1 ns in
NVT ensemble to stabilize the specified temperature using the Langevin thermostat, and
subsequently for 1 ns in NPT ensemble to adjust the density of the system using the Berendsen
barostatThe simulations were performed for 100 ns with a time step of 1 fs. The coordinates were
saved every 5 ps. Trajectories were visually inspected in VMD to verify that there are no
dimensional constraints due to the chosen box size and shape. All trageetere analyzed using

the CPPTRAJ module of Amber19. The last frame of each simulation was saved as a PDB file and
analyzed with A3D 2.0 and CamSol. The ramtan square fluctuations per residue were compared

with the predicted sequentased APRs.
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2.3. Resuls and discussion

2.3.1. Experimental dataset

The dataset in our study includes 68 nanobodies with a wide range of thermal stabilitiegswith T
ranging from~ 48 °C to ~ 86 °C (Figure ). The Tns have been measured with two techniques:
thermal shift assay with SYPROorange and intrinsic fluorescenbased nanoDSF. The
determined values from the two techniques sho
We therefore only consider the,Sypro in the following comparisons with tle silico data.
nanoDSF measements simultaneously determined the onset temperatures of unfolgingn@

onset temperatures of aggregationgl detected by the backscattering opticstioé device.
Additionally, theqdT'm shift has been determined, which is specified as the eliféerin T, between

low (13.1 puM) and high (32.72 uM) protein concentration. The aim of our study was to explain the
different thermal stabilities and aggregation propensities of the nanobodies on a molecular level
and potentially guide further engineeriefforts with our findings. We therefore used a sequence
and structurdbased approach and additionally included MD simulations to account for the impact

of partially unfolded species.

2.3.2. Sequencebased approaches to explain the #rmal stabilities of nanobodes

First, we performed a multiple sequence alignment of all 68 nanobodies and compared their
sequence homologies. Vilmind homologies ranging from53 % to~ 99 % for the full sequences

(FS (Figure ) and~ 62 % to~ 99 % for the frameworkegions(FR) only (Figure ). These
findings show that, besides the naturally high variability of the CDRs, the usually conserved
framework regions contain several variations in this dataset. Interestingly, high sequence homology
to an experimentally well behaving nanobody does not necessarilyirethdtsame high thermal
stability. An example for this is the nanobody pair NbPep39 and Nbbdjng a sequence
homology of~ 82 % (FS and~ 91 %(FR) but a difference in ik of ~ 30 °C. Strikingly, NbD7 has

a very low sequence similarity to all other nanobodies in the dataset. Overall, there is no trend in
sequence homology and stability revealing a diverse set of nanobodies in this study.

Next, we compared the frequencies of cysteamebcharged residues within the nanobodies to find
a correlation to their respective stabiliti€sgurel). As already described by Kunz et al., thes
a weak correlation between the number of cysteines, thus disulfide bridges, and the thermal

stabilities of the nanobodiégrurthermore, electrostatic interactions have been shown to play a
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key role in protein aggr elipeetan inaeasedinStichiame wab ar g i
reported to prevent aggregation of partially unfolded states and to promote refolding. For example,
after high temperature exposure of a supercharged scFV variant, it refolds and retains epitope
binding?® We therefore caldated the number of positively and negatively charged residues but

only find weak correlations with the thermal stabilities. It must be noted that the experimental data

is largely influenced by the pH and ionic strength. The relatively high ionic strehtjte PBS

buffer may have screened the electrostatic interactions. Additionally, the net charge, rather than the
number of charged residues seems to be a better determinant of aggregation propensity, according

to literature?® Thus, we conducted more tloaigh analyses of the nanobody sequences in the next

step.
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Figure 1. Fraction of cysteines, negatively charged and positively charged residugsthin each
nanobody sequence compared to the experimentally determiraedi Tlggvalues. The Pearson correlation
coefficients were calculated with Origin 2019.

We evaluated sequenderived metrics including the isoelectpoints (pl), hydropathiesna b-

sheet propensities. To predict aggregation propensities and APRs of proteins, several
computational methods have been developed. Depending on the input required for the prediction,
these methods can be classified as sequenatructurebased. Whileertain APR predictors are

based on common features, e. g. , amino acid hy
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in their underlying principles. Detailed explanations of each of these predictors can be found in the
review by Prabakaran et dlHere, we used the ProteinSol, Tango, AGGRESCAN and CamSol

webservers and compared the calculated data to the expericegat@digure?2).
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Figure 2: Correlation of sequencederived molecular feaures including pl, hydropathyb-sheet, and

aggregation propensities with the thermal stability datéhef68 nanobodies. The Pearson correlation

coefficients were calculated with Origin 2019.

It is known that proteins are least soluble at their pls, where they have a net charge of zero. Most

of

t he

nanobodi
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Surprisingly, the nanobodies with a pl close to the buffer pH of 7.5, still show relatively good

behavior. There is no obvious correlation between the pl and thermal stability in this dataset. Next,

the total hydropathy is calated based on the hydropathy indices of each amino acid representing

the hydrophobic or hydrophilic properties of the sidechains, as proposed by Kyte and Ddolittle.
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The larger the hydropathy score, the more hydrophobic the molecule. Interestinghsemeeca
moderate positive correlation of the hydropathy with the/8lues (R=0.41). This can potentially

be explained by the formation of hydrophobic clusters and a better packing of the hydrophobic
core, which in turn stabilizes the overall fold of ttemobody. On the other hand, more hydrophobic
proteins tend to have a higher aggregation propensity. However, we again see a weak positive
correlation of the hydropathy with theggvalues (R=0.21) indicating that a high hydropathy leads

to proteinstabil zat i on and thus prevents protein aggre
another leading determinant of protein stability and aggreg#tidhe propensity of the amino
acid resi dhuelsi d¢sriuctaralroopfarmations has been ugedalculate the overall
propensity of the sequence to form a b sheet
not correlate with the thermal stabilities.

To evaluate the aggregation propensities of the sequences, we selected publialyleavail
aggregation prediction tools that are easily applicable to our dataset for a comparative study. Again,
we compared the calculated overall aggregation scores with the experimental data. A ProteinSol
solubility value >0.45 is predicted to have a higkelubility than the average solubie coli

protein, meaning the higher the score, the more soluble the protein. As expected, there is no
correlation with the F values but to our surprise a weak negative correlation withafy@dlues.
Considering thata high ProteinSol score indicates higher solubility, we expected a positive
correlation. However, the ProteinSol scores show a moderate correlation with the pl and a weak
correlation with the Db sheet pr openoecoirdlagon r ef |
with any of the other aggregation predictors. Since a higher Tango score indicates a higher
aggregation propensity, a positive correlation is expected. However, there is no correlation with
the experimental data. The AGGRESCAN score is taed based on the hydropathy of the
molecule which explains the strong correlatiBaQ.79) of these values. A positive AGGRESCAN

score per residue indicates aggregation propensity, whereas residues with no aggregation
propensity are assigned a negatiwers. Overall, soluble molecules have a highly negative
AGGRESCAN score whereas more aggregation prone proteins have higher AGGRESCAN scores.

In contrast to the expectations, a positive correlation with ¢h@¥0.40) values is detected. This
mightindicda e t hat the predicted APRs reside within
structure. At last, we calculated the intrinsic CamSol scores for each nanobody. Negative scores

reflect on low solubility and high scores on good solubility whicbusth result in a positive
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correlation with the Jggvalues. Again, no correlation can be observed with the experimental data.
Nevertheless, the predictors AGGRESCAN, Tango, and Camsol show good correlations among

each other.

Since the total aggregation scores could not explain the different aggregation behaviors in the
dataset, a more detailed analysis was conducted. We used a cofggmeash with 11 APR
predictors to determine the aggregatmone residues in easkequene (Figure3). This approach

might lead to more reliable predictions, since the individual predictors were trained against
different data sets. A residuis either predicted as aggregatmone (value of 1) or not
aggregatiorprone (value of 0) by the different algorithms. A cumulative representation of these
APR predictions per residue for NbD5 is showrrigure3a. If a residue reaches the threshold of

6 positive predictions, it is counted as aggregation prone. The total APR score is the sum of residues
predicted as aggregation prone within the sege. These scores were compared to the
experimental datdgure3b, c).Nanobodies with high APR scores should show lower aggregation
onset temperatas, resulting in a negative correlation. However, there is again no correlation with
the experimental data. Previous work has shown that a significant fraction of senased@PRs

is predict &dhug inthénatie folded stase, severbtie APRs are not solvent
exposed but could potentially contribute to fmtive aggregation upon unfolding. To better
understand the position of the APRs in the native protein, we analyzed the 68 namoinodie

structurebased level.
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Figure 3: Consensus APR prediction on a residue level with 11 publicly available aggregation
prediction tools. (a) Example of a cumulative representation of residues in NbD5 predicted as either
aggregatiorprone or not aggregatieprone ly the different algorithms with those reaching the threshold of

6 (horizontal line) colored in bluéb) Correlation of the total APR score per nanobody with tharid(c)
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2.3.3. Structure-basedprediction of aggregation propensity and protein stability

Since the structures of the nanobodies are not available in the PDB, we used AlphaFold2 to predict
the protein structures from their sequences. The bottleneck of structure prediction oamaAbs
nanobodies has thus far been the low accuracy & ©Dp modeling, especially CDR3 due to

its increased diversity in sequence and leRgkiphaFold2 has been successful in addressing this
challenge. In a comparison of four methods for nanobodgtstre prediction, AlphaFold showed
highest accuracy, especially for CDR3 loops with an average RMSD ¢f. 2rBcontrast to the

other evaluated methods, AlphaFold could even predict structured*fddese, five models were
generated per nanobody arahked based on two measures of confidence: the local reliability
(predicted locallistance difference test, pLDDT) and the reliability of pairwise interactions
between different residues in the chimhe highest ranking structure for each nanobody was
selected and subsequently energy minimized with Ro$t#ta.expected, the framework regions

for all nanobodies have been modeled with very high confidence whereas there are varying
confidence levels in the modeling of the CDRgy(ire4). For 15 of the 68 nanobodies, the CDRs
could be confidently modeled while for the remaining 53 nanobodies the CDRs show low
confidence. Clearly, shorter CDR loops cobédmodeled with more accuracy, e.g., in NbD4, than

the longer loops in e.g., NbPep4. However, NbPepl4 contains a long CDR3 loop which shows a
confidence between 70 and 90 %. In total, 59 of the 68 nanobodies show an overall pLDDT >90,
the remaining 9 namwdies are still predicted confident with the lowest pLDDT of 8%.@able

S1). Several of the nanobodies with long CDR3s showed the abewtioned shielding of the
former Wi-VL interface, e.g., NbPep4. This in turn should reduce their hydrophobic surface area

and thus aggregation propensity.

43



NbD4 NbPep14 NbPep4
; \ Model Confidence:

Il Very high (pLDDT > 90)

Confident (90 > pLDDT
> 70)

Low (70 > pLDDT > 50)

Very low (pLDDT < 50)

Figure 4. Examples of AlphaFold2 models of nanobodies NbD4, NbPepl14, and NbPepdphaFold
produces a petesidue score (pLDDT) between 0 and 100. The confidence of the pLDDT is indicated by
the color code. The framework regions have a very high model confidenaeasthiee CDRs have been
modeled confidently for 15 of the nanobodies in the dataset and with low confidence for the remaining 53

nanobodies.

To investigate whether structure homology can indicate the stability of a nanobody, we determined
the RMSDbetween each pair of nanobodies based on the full structure and the framework region
only (Figure 8, Figure %). As for the sequence homologies, a high structure similarity does not
necessarily result in the same stability behavior. A few-peiforming nanobodies share a similar
structure which i©owever also adopted by less wedhaving molecules in the dataset. Overall,
there is again no visible trend. Interestingly, NbD7 which had the lowest sequence homology within

the dataset, has a relatively high structure homology.

As explained above, bied APRs cannot contribute to aggregation of the native state. We
highlighted the predicted APRs in the example structure of NbPep39 to better reflect on the
positions within the 3D structur&igure5a). In this case, it becomes obvious that the APRs are all

| ocated in b strands which typically form the
exposure of each residue in the structure and performed an overlay with the predict¢BigiRs

5b). The APRs perfectly match with the least solvent exposed regions of the molecule. This proves
that the aggregation propensity calculated basedeoprimary sequence alone, does not reflect on

the aggregation of the native state. Consequently, the total APR solvent exposure per nanobody
was calculated as the sum of the solvent exposure of each APR. Again, a comparison with the

experimental Iggvalues does not show any correlatidigure5c).
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Several computational methods have been applied to predict the aggregation propensities and
stabilities of proteins on a structdpased leve{Figure6). We used AGGRESCAN3D 2.0 and the
structurally corrected CamSol webserver to predict the aggregation propensities. These webservers
have previously successfully been used in the selecti@ygregatiorresistant antibodies and

other proteins?! As already seen for the sequeit@esed analysis with AGGRESCAN and CamSol,

the two techniques are not able to explain the different thermal stabilities of the nanobodies. Again,
Camsol does not show yarcorrelation while AGGRESCAN 3D shows a moderate positive
correlation with the s and a weak positive correlation with thggvalues, which was expected

to be negative. Furthermore, the ratio of hydrophobic to total SASA was calculated to give an
estimate of the hydrophobicity of the surface. Surprisingly, we again observe a weak positive
correlation with the experimental data. In theory, more hydrophobic surfaces would lead to more
association of monomers, thus aggregation. Usually, hydrophobic resicugghtly packed into

the protein core and form clusters, which drive protein folding and stability. We therefore evaluated
the number of hydrophobic clusters within each structure but could not find an explanation for
increased stability. Since the petimental data showed that aggregation only occurs after
unfolding of the molecules, we were interested if the stability of the protein can be a predictor for
aggregatiorresistance. For an estimate of the protein stability, we scored the structures with
Rosetta energy function. It must be noted that a lower scoring structure is more likely to be stable,
but the scores do not have a direct conversion to physical energy*titsever, for a relative
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comparison of the molecules in this dataset, them@ted energy values can be applied. Here, we

find a weak negative correlation with thgsTbut no correlation with thexdgvalues. As expected,

the Rosetta score does not correlate with any of the aggregation prediction methods. In the end,
none of the pproaches thus far led to a satisfying explanation or prediction of the thermal stability

or aggregation behavior of the nanobodies in the dataset.
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webserers. The Pearson correlation coefficients were calculated with Origin 2019.
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2.3.4. Partially unfolded species in the aggregation process of nanobodies

Since the nanobodies do not show native butmadive aggregation in the experiments, the impact
of partially unfolded species must be evaluated. Therefore, we performed MD simulations at
elevated temperatures (450 K) to obtain partially unfolded spetisidico and analyzed their

aggregation potential with the previously applied approafffigare?).

A slight decrease in b sheet structure but no
100 ns simulation at 450 K. The final frame of each simulation was submitted to the CamSol and
AGGRESCAN 3D 2.0 webservers, and the solvent exposure obtisensus APRs was calculated

for the partially unfolded species. A comparison with the experimental data again showed no
correlation with the CamSol scores and a moderate positive correlation with the AGGRESCAN
3D 2.0 scores, which was expected to beatieg. As could be seen before, theilicotools show

a better correlation among each other. Interestingly, the solvent exposure of the consensus APRs
even decreased for some of the nanobodies, indicating that the structures were potentially not fully
energy minimized. Nevertheless, this approach could not explain the different stability behaviors
of the nanobodies. This could be because the simulations were not conducted long enough to
achieve significant unfolding of the structures. Since we coultintbany correlation between the
experimental data and tl silico tools while these show good correlation among each other, a
hypothesis is that the experimental conditions may influence ¢hend Tagg results making a

direct comparison impossible.rgi, the investigated nanobodies in the dataset were produced with
different tags (HAtag and Myetag) which add additional 9 or 10 amino acid residues to each
sequence. Depending on the length of the nanobody, these additional residues comprise between
6.7 and 8.8 % of the full sequence which can have a significant impact on the stability and
aggregation propensity. Especially since the tag sequences contain charged and polar residues
which can be involved in intrand intermolecular interactions. Theagd have not been accounted

for in the computational assessment. Furthermore, the experimental work has been performed in
PBS buffer, which has a high ionic strength and can screen potential electrostatic effects which are
included in than silico scores Additionally, phosphate anions can directly interact with residues

on the surface of proteins and thus alter theirasdbciation behavior.
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Figure 7: Aggregation propensities of partially unfolded species generated by MEimulations at 450

K do not correlate with the experimental data. The Pearson correlation coefficients were calculated with

Origin 2019.
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2.4. Conclusions

In this work we carried out a quantitative comparison between various computational methods of
assessing nanobody thermal stability and aggregation propensity, including selestitb
solubility predictors and MD simulations. Our dataset consisté&8 afanobodies that spanned a
broad range of &g and Ty values to allow the differentiation between well and poor behaving
moleculedn silico. We can conclude that none of the algorithms has been proven to have clearly
superior performance over anothemi# the computational tools show relatively good correlation
among each other, the correlation with theahd Tagg values was either weak or not existing.
Since the webservers do not account for-native protein aggregation, we performed MD
simulationsat elevated temperature to induce partial unfolding and monitored the aggregation
propensity of these altered conformations. Again, we were not able to accurately rank the molecules

according to the measureg @nd TaggVvalues.

It must be noted that theerformance of the structutmsed tools can greatly be impeded by the
quality of the input structure. Furthermore, the computational screens did not account for the
different tagsequences of the nanobodies and the potential effects of the formulatemiibtte
experimental results. Some of the applied webservers indeed account for the ionic strength in the
system but not for specific buffer interactions, which could have stabilizing or destabilizing effects
on the proteirf? 3 Phosphate could havedeed been added to the MD simulations, however, this
would increase the computational burden and would not be accounted for in further analyses steps.
Next to that it has been shown that thermal denaturation techniques in some cases result in
misleading stability rankings, showing poor correlatidrine Tn and Tagg Values with the long

term stability of proteins. Instead, the investigation of reversibility of dirfgl and colloidal
stability, e.g. via the interaction parameterdk the second virial coefficient2Aresulted in better
correlations with storage stability d&f£9%° It could therefore be that the experimentally
determined T and Tagg values in ths study do not accurately reflect the intrinsic stability of the

nanobody structures relevant for developability assessment.
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Table Sl: pLDDT scores of the nanobody AlphaFold2 models.

Name pLDDT score Name pLDDT score
NbD1 92.66 NbPep24 91.61
NbD2 92.7 NbPep25 94.51
NbD3 91.52 NbPep26 93.22
NbD4 95.84 NbPep27 91.66
NbD5 93.99 NbPep28 94.94
NbD6 89.94 NbPep29 90.35
NbD7 90.63 NbPep30 94.81
NbD8 92.79 NbPep31 93.38
NbD9 93.31 NbPep32 94.12
NbD10 93.4 NbPep33 92.13
NbD11 89.79 NbPep34 93.92
NbD12 95.52 NbPep35 94.75
NbPepl 89.01 NbPep36 93.01
NbPep2 87.79 NbPep37 90.74
NbPep3 93.38 NbPep38 90.28
NbPep4 87.8 NbPep39 95.25
NbPep5 93.52 NbPep47 94.29
NbPep6 90.82 NbPep50 92.05
NbPep7 90.92 NbPep51 92.86
NbPep8 92.39 NbPep52 94.43
NbPep9 91.4 NbPep53 90.46
NbPepl0 89.92 NbPep54 92.67
NbPepll 92.89 NbPep55 95.5
NbPepl2 91.34 NbPep56 93.08
NbPepl3 95.8 NbPep57 94.32
NbPepl4 93.33 NbPep60 95.41
NbPepl5 92.63 NbPep61 95.53
NbPepl6 90.98 NbPep62 95.55
NbPepl? 91.04 NbPep64 96.04
NbPepl8 89.32 NbPep65 93.66
NbPepl9 88.67 NbPep66 94.45
NbPep21 91.39 NbPep67 94.17
NbPep22 88.73 NbPep68 96.04
NbPep23 93.44 NbPep69 95.41
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3.1 Introduction

Antibodies have become the most successful class of therapeutic pt@teingal immunization

and in vitro techniqueske phage display can identify dozens of monoclonal antibodies that bind

to a pharmacological target. However, not all antibodies with desired abiigging properties

will possess features that make them suitable to become drugs. Thikdrpgppertiesof an
antibody are related to various characteristics like low aggregation propensity, high thermal
stability, high specificity, and low viscosity at high protein concentraidnilentifying the
candidates with drutike properties at a very early seag a part of a developability assessment
strategy that aims to mitigate the risk that an antibody fails to pass checkpoints en route to becoming
a marketed product. The informed early selection of the most promising candidates can save

resources and heboid project delays.

A sound developability assessment is based on extensive characterization with at least several
biophysical method$” 1! The issue with this approach is that the number of antibody candidates

is usually large while the sample amaurdre very scarce during the discovery and early
development phases. Thus, only analytical methods that require small protein amounts and can be
applied to dozens of samples per day are appropriate at this stage. It is important that these
techniques prode orthogonal information about the various biophysical characteristics of

therapeutic antibody candidates.

The developability assessment aims to select antibodies that do not form aggregates during
processing and storage. Particularly the aggregatioargéjly unfolded proteins (known as ron

native aggregatiotjis a severe issue that can endanger the successful development of an antibody.
The propensity for nonative aggregation of different antibodies is difficult to predict because the
partially urfolded species are usually present in exceptionally low concentrations at conditions
relevant for the storage of therapeutic proteins.

Some developability assessment programs aim to identify aggregasistant antibodies by
selecting molecules with high protein melting temperatures and high Gibbs free energy of
unfolding. Such strategies are based on the rationale that higher thedmahéormational protein
stabilities indicate a smaller population of partially unfolded species in solution at storage
temperature. However, not all unfolded proteins are equally prone tpatme aggregation. For
example, aggregatieresistant antibogdomains with low conformational and thermal stabilities
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were reported>! Interestingly, these antibody domains share one special féathey exhibit
reversible thermal unfolding. This earlier work indicates that the ability of a protein to refold
without aggregating can be at least as important as the conformational and thermal stabilities for

the selection of aggregatigasistant molecules.

Contrary to antibody domains, it is unlikely that a 4elhgth monoclonal antibody refolds
reversibly withait forming aggregates after exposure to high temperatures (e.g. ¥€)90
However, this does not mean that all antibodies show the same ability to refold after exposure to
different temperatures. In contrast, antibodies likely exhibit specific unfoléwersibility as a
unique biophysical characteristic. In this context, we recently reported an approach to study the
reversibility of thermal unfolding by modulated scanning fluorimetry (MSMISF employs
incremental heating and cooling cycles to identify temperatures that start causing irreversible
protein unfolding. For example, by using MSF we showed that therewamsibility onset
temperature of trastuzumab is not related to the structural perturbations in2timi@ain that

occur at lower tempatures compared to the antigeimding fragment (Fab) and the&domaint®

A piece of information that is not directly evident from other methods that assess thermal protein

unfolding®®

Different from heainduced denaturation, isothermal chemical demditan with urea or guanidine
hydrochloride (GuHCI) more often results in reversible protein unfolding, even when the protein
is completely unfolded® As the denaturant concentration is reduced, the protein refolding will
compete with the aggregation dfet partially unfolded specié$.This offers an excellent
opportunity to study the aggregation propensity of the partially unfolded antibodies isothermally
at storage temperatures. For example, dilution refolding experiments can provide insights into the
aggregation propensity of antibodies in different solution conditi®fsFurthermore, dialysis
refolding experiments with the ReFOLD assay demonstrated a link between the ability of an
antibody to remain monomeric after refolding from urea and the aaipagduring longterm

storage in different formulatiort§.22

Here we investigate whether unfolding reversibility studies can select the aggregatsbant
antibodies from a set with candidates for further development. We observed vastly different
unfolding reversibility of the thirteen antibodies in MSF and ReFOLD experiments. Aggregation

of the unfolded proteins was the main reason for poor unfolding reversibility. We therefore
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performed MD simulations to obtain partially unfolded variable domaam the antibodies. The
aggregation potential of the unfolded domains was evaluated with Cansmlo. We found that
antibodies with higher nereversibility onset temperaturegrand higher relative monomer yield
(RMY) after refolding from denaturamtare welbehaved molecules with low aggregation
propensity during storage. Furthermore, thesilico characterization showed that the variable
domains of the aggregatigommone antibodies unfold and expose buried aggregatione regions
(APRSs) at lowetemperatures compared to aggregatiesistant molecules.

3.2 Materials and methods

3.2.1 Proteins and chemicals

Eight of the antibodies (PPI01, PPIO2, PPIO3, PPI04, PPI10, PPI11, PPI13, PPI17) and one
bispecific antibody fusion protein (PPI08) were provided by PPl consortium. Detailed
information about the structure and purity of all PPI proteins except PPI11 is published el$ewhere
The remaining four mAbs (adalimumab, bevacizumab, rituximab and trastuzumab) were obtained
from marketed products. All antibad except PPI11 (IgG4) and PPI17 (IgG2) belong to the IgG1
class. All antibodies except PPI01, PPI04 and PPI11 (lambda) have a kappa light chain. Cation
exchange chromatography was used to separate the antibodies from the excipients in the marketed
formulaions. Finally, the buffer of the proteins was exchanged by extensive dialysis to 50 mM
histidine/histidine hydrochloride with pH 6.0 at 26. The protein concentration was 1 mg/mL
unless otherwise stated. All chemicals were of molecular biology or-omuntpendial grade and

were purchased from Sigma or Thermo Fisher Scientific (Germany).

3.2.2 Isothermal chemical denaturation (ICD)

The ICD experiments were performed as earlier descfibBdefly, a protein stock solution, the
histidine buffer and denaturant stock solution (10 M urea or 6 M GuHCI) in the same buffer were
combined in a 384multiwell plate with norbinding surface (Corning, USA). A Viaflo Assist
(Integra Biosciences, Germgnyas used for dispensing and mixing of the solutions. The final
protein concentration was 0.1 mg/mL. The denaturant concentration varied in 24 steps from 0 to 9
M or 0 to 5.4 M for the experiments with urea and GuHCI, respectively. After the samples were
mixed, the well plate was sealed with adhesive foil and incubated for 24 hours at room temperature.
Afterwards, the intrinsic protein fluorescence at 330 nm and 350 nm after excitation at 280 nm was

measured in each well with a FLUOstar Omega microplaigers(BMG Labtech, Germany). The
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ratio between the fluorescence intensitiess@gfflsao) was plotted against the protein concentration
to obtain the isothermal chemical denaturation curves. CDpal was used to fit the curves using a
threestate model to obin the first (G1l) and second (&2) apparent melting denaturant

concentratiorf?

3.2.3 Size exclusion chromatography with multiangle light scattering (SEGMALS)

A Dionex UltiMate 3000 UHPLC system with a WWis absorbance detector (Thermo Fisher
Scientific) al a DAWN HELEOS multangle static light scattering detector (Wyatt Technology)
were used. The column was a Superdex 200 Increase 10/300 GL. The running buffer contained 50
mM sodium phosphate pH 7.2 with 400 mM sodium chloride and 0.05% (w/w) sodiumHzéde
system flow was 1 mL/min. The volume of the injected sample was 50 uL. The elution of the
samples was monitored by the absorption at 280 nm. The Astra v7.1 software (Wyatt Technology)
was used to calculate the molecular mass. The integration ohithema&tograms was done with
Chromeleon V7 (Thermo Fisher Scientific). This SEBLS method was used to analyze the

samples from the ReFOLD assay and from the storage stability study.

3.2.4 ReFOLD assay

A previously reported ReFOLD assay was used forigbéhermal unfolding/refolding of the
antibodies. More experimental details can be found elsevt?Brizfly, the antibody samples were
extensively dialyzed for 24 hours against a denaturant (10 M urea or 8 M GuHCI) dissolved in 50
mM histidine buffer pH6.0. Next, the unfolded antibodies in denaturants were extensively dialyzed
against the denaturafree 50 mM histidine buffer pH 6.0 for 24 hours to reduce the denaturant
concentration. The entire procedure was performed at room temperatueaa@@dlplates and
Piercé& microdialysis devices (3.5 kDa MWCO) during agitation at 700 rpm on a Thermomixer
Comfort (Eppendorf AG, Germany). After all dialysis steps, the samples were collected, weighed
on a microbalance, adjusted to the same weight with 5Chisttline pH 6.0, centrifuged for 10
minutes at 10,000 rcf and analyzed by SEMELS. The monomer peak area after refolding was
divided by the monomer peak area of the antibodies before unfolding to obtain a relative monomer
yield (RMY). The RMY shows therdction of the monomer which did not aggregate during the

unfolding and refolding from denaturants.
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3.2.5 Storage stability study

The formulated antibodies in 50 mM histidine buffer pH 6.0 were filled (1 mL) intenl.5
polypropylene microcentrifuge tubes withsarew cap and an-@ng (Corning). The protein
concentration was 1 mg/mL. The samples were stored at three different temperatures (4, 25 and 40
°C). The storage time was 12 months &C4and 3 months at 25 and 4Q. The samples were
analyzed bySEGMALS at the beginning of the stability study and at the storage end at each
temperature. The relative amount of aggregates was calculated with Chromeleon V7 (Thermo
Fisher Scientific) from the area of the aggregate peak related to all protein pe#is in

chromatogram.

3.2.6 Intrinsic differential scanning fluorimetry (nanoDSF)

The nanoDSF measurements were performed with a Prometheus NT.48 device (NanoTemper
Technologies) and a ramp of °C/min. The PR. ThermControl V2.1 software was used to
determine the uplding onset temperaturesq) and the first melting temperature.{llj from the

change in the fluorescence intensity ratic{#Flsso).

3.2.7 Modulated scanning fluorimetry (MSF)

MSF was performed on a Prometheus NT.48 with the PR.TimeControl software @WapeT
Technologies) as previously descridé@he samples were heated t6CLhigher temperature and

held for 1 min in each consecutive incremental heating cycle, followed by a cooling phase and hold
for 5 min at 25°C. The heating and cooling ramps °@/min) are fixed in the PR.TimeControl
software. The MSF analyser software was used to process the rawTtataonset temperature of
nonreversible unfolding (f) was determined from the 10% threshold in the increase of the
fluorescence intensity signat 350 nm.

3.2.8 Dynamic light scattering (DLS)

Prior to analysis, the samples were centrifuged for 10 minutes at 10,000 rcf. Afterwards, 50 pL/well
were filled in a 384multiwell plate (High Content Imaging, Corning). The wells were capped with
10 pL silicon al and centrifuged shortly. The measurements were performed with a DynaPro DLS
plate reader Il (Wyatt Technology). A heating ramp was applied to the samples where the
temperature was increased stepwise B¢ from 25 to 85°C. The DLS plate reader collected 5

acquisitions of 3 seconds for each well at every temperature step. The number of wells in each run
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was kept constant (14 wells) to ensure consistency of the data from the replicates. One full run with
these settings toakbout 18 hours and the heating ramp between the steps wasom (fixed
by the Dynamics V7.8 software). The aggregation onset temperatggewds determined from

the increase in the hydrodynamic radius) (i&sing the onset fit in the Dynamics V&@ftware.

3.2.9 Statistical analysis

Calculation of mean values and standard deviations were performed with Origin 2019 (OriginLab
Corporation, USA).

3.2.10 Computational characterization

The sequences of ten of the antibodies are available in Protein Data Bargubtished work.

No sequences were available for PPI04, PPI11 and PPIO8, which precluded us from doing
computational characterization with these three proteins. The primary sequences of the variable
(Vn and ) domains were uploaded to the ABodyBuildaritioom the SAbPred toolbox to obtain
homology models of each B¥Using the homology models, @tom simulations were performed

with the Amber19 program in a periodic box with explicit solV&nthe ff14SB force field for
proteins was employed in commaition with the TIP3P water model. The protonation states of
ionizable residues at pH 6.0 were adjusted using thedérver?” All bonds involving hydrogen

atoms were constrained using the SHAKE algorithm.-Nomnded electrostatic interactions were
treated using the particle mesh ewald algorithm with a direct spao#f ait8 A. The nativestate
structures of the antibody vabie@ domains were solvated in a truncated octahedral water box with

a layer of at least 20 A from the protein surface and neutralized with chloride ions. The system was
energy minimized with the steepest descent algorithm for the first 5000 cycles, foblg\sed0

cycles using the conjugate gradient method. We applied incremental heating with steps of 20 K
from 300 K to 400 K and steps of 10 K from 400 K to 540 K by using the final coordinates and
velocities of the previous temperature simulation as inputhfe next temperature step. System
equilibration was carried out for 1 ns in NVT ensemble to stabilize the specified temperature using
the Langevin thermostat, and subsequently for 1 ns in NPT ensemble to adjust the density of the
system using the Bereseh barostat. Initial box sizes at 300 K are between 708325 and 867295
A3 but increase due to the density adjustment in each NPT run to values between 1160140 and
1433494 A3 at 540 K. The simulations at each temperature were performed for 20 ns with a time

step of 1 fs. The coordinates were saved every 5 ps. Trajectories were visually inspectedin VMD
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to verify that there are no dimensional constraints due to the chosen box size and shape. All
trajectories were analysed using the CPPTRAJ module of Ambéni®e frames of each
temperature simulation were exported as PDB files and the beta sheet fraction was calculated using
the DSSP methd8 by Kabsch and Sander and averaged for each temperature simulation. The
structurally corrected solubility scores bktFv regions were determined by submitting the three
frames of each temperature simulation to the CamSol webs&rsetting the pH to 6.0 and the
patch radius to 10 A The obtained solubility scores were averaged for each temperature,
respectively. Th resulting beta sheet fractions and the solubility scores from CamSol were plotted
against the simulation temperatures and fitted to a Boltzmann function. Five CamSol solubility
thresholds were defined and the temperatures at which the solubility of thgiéns reach these
thresholds determined from the Boltzmann fit. The obtained temperatures were then plotted for

each antibody Fv region.

3.3 Results

3.3.1 Isothermal chemical denaturation and the ReFOLD assay to compare antibodies

At first, we asked whether thhirteen antibodies have different resistance to unfolding caused by
two commonly used chemical denaturants. We therefore obtained isothermal chemical
denaturation (ICD) curves of all proteins in GuHCI and uFegufe $). We then fitted the curves

to a threestate model to obtain the melting denaturant concentratigiisd@d G.2) (Figure %)

(Table ). In this context, & is an apparent value showing the resistance to denaiachrded
unfolding. An earlier study has shown that an apparertd@related with the aggregation rate of
antibody formulations at 50C;3! thus, it was worth exploring the correlation of, @ other
variables in the context of developability assessment.

Higher concentrations of urea induced protein unfolding compared to GuFidiiré %).
However, the same plateau of the intrinsic protein fluorescence ratio of the unfolded state was
reached in both denaturants. The only exceptions to this observation were PP102, PP110 and PPI13,

which unblded completely in 5 M GuHCI but only partially in up to 9 M urea.

Subsequently, we used a microdialylseésed (ReFOLD) assay to study if the antibodies can refold
to their monomeric state after isothermal unfolding with GUHCI or t#&hae proteins exbited
very different RMYs and aggregate distributions after refoldiigure8a,bandFigure §). These
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observations revealed that we have a panel with antibodies that show considerable differences
regarding their ability to refold as momers after unfolding with denaturants. Some proteins like
trastuzumab, PPIO3, PPI13, PPI10, exhibited high RMYs in both denaturants, while others like
PPI01, bevacizumab, PPI11, PPI04 had low RMYs after refolding from both GuHCI and urea
(Figure 8c). There were also pronounced differences in the size distribution of the aggregates
detected after refolding of different antibodi€gylure §). For example, trastuzumab formed 15.6

+ 0.2% dimers and 15.8 + 0.7% aggregates with larger sizes, while bevacizumab formed 78.4 £
0.7% aggrgates larger than dimerBigure8a,b).

In general, refolding from 8 M GuHCI resulted in lower RMYs compared to refolding from 10 M
urea Figure 8c). The high ionic strength when using GuHCI screens repulsive electrostatic
interactions, which explains the lower RMY values measured caupar ure&? The only
exception from this trend is PPI01. Low ionic strength causes oligomerization of PP101 around pH
6.033 Therefore, the high ionic strength of the GuUHCI solutions favoured the monomeric state and
is most probably the reason for thgher RMY of PPI01 after refolding from GuHCI compared to

urea.

Notably, the RMY did not correlate with the,C and G:2 when we used GuHCFigure 8d).
Therefore, the resistance to GuH@Huced unfolding (&1 and G2) provides different
information than the refoldability (RMY) of these antibodies. There was a weak correlation
between the RMY and £2 from experiments with urea (R? = 0.56), which intBsathat such
refoldability experiments could also carry some information about the resistance to unfolding

induced by urea.
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Figure 8: Analysis of the antibodies with the ReFOLD assay and ICD. SE®IALS chromatograms

of (@) trastuzumab andb} bevacizumab before unfolding and after refolding from 10 M urea. (
Comparison between the relative monomer yield of 13 antibodies after refolding from GuHCI and urea.
Mean values of triplicates with standard deviatiodsQorrelations between the RMY after refolding from
denaturants and the respectivgl@nd G2 from the fits to the ICD daia Figure $.

3.3.2 Antibody unfolding, refolding and aggregation after heating

In addition to the characterization shown above, we wanted to compare the antibodies with
orthogonal techniques that do not employ chemical denaturants. Besides using chemical
denaturants, the other common approach to unfold proteins is to increase wanu@Eeature.

Furthermore, alternating heating and cooling cycles provide information on whether the protein

unfolding is reversible.

We therefore used MSF to find which temperatures cause unfolding of the antibodies and whether

the observed unfolding igversiblet® The different domains of an antibody can unfold at different
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temperatures and can potentially exhibit different unfolding reversibility. Indeed, MSF showed that
the antibodies in our dataset behave very differently during heating and cdaingxample,
PPI01 started unfolding at around B5and this early unfolding is not reversible as evident from
the changes in the naeversibility curve Figure9a). In contrast, PP113 showed an early unfolding
transition at around 6TC but the baseline of the narversibility curve did not change around that
temperature Higure 9b). The nonrreversibility onset of PPI13 occurred when the protein was
exposed to temperatures around®8dhat induced a second unfolding transitiéig(re9b).

Furthermore, we derived the noeversibility onset temperatureJfrom MSF Figure 8) and
used T to rank the thirteen antibodieBigure9c). Circular dichroism measurements confirmed
that the exposure of the proteins to temperatures belpdo&s not lead to substantial structural
changes, while exposure to temperatures abaveeverely impacts the tertiary protein structure
(Figure 9). Looking for a mechanistic explanation of the fremersibility onsetemperature, we

compared the ff values to other biophysical variables.

First, we used nanoDSF to measure the unfolding onset temperati)ref @ach antibodyTable

S2). The Tonis a parameter indicating the temperature where the protein starts to unfold. This has
previously been demonstrated in various studies, for example, by a comparison of the unfolding
curves of antibodies measured with nanoRS# calorimetry? The Tys of the antibodies did not
correlate strongly with theirofs (Figurel0a).

Second, we determined the first melting temperatusd  ©f the proteins with nanoDSHdble
S2). The Tws of our antibodies did not correlate with theh1l$ Figurel0b). Six of the antibodies
also showed a second unfolding transition that can be used to deterir@ifice the unfolding
at higher temperature could also be relevant for stability, we téstexbrrelation betweemdand
the highest melting temperature of each antibddple 2); in other words, we used the only T
for proteins with one unfolding and the,Z for proteins with two unfolding transitions. In this

case, the correlation between and T2 was better (R= 0.75).

Third, we used dynamic light scattering (DLS) to measure the aggregation onset tempeigjure (
DLS was used to measure thggiince it is more sensitive towards small aggregates that can be
missed by the backscattering approach of the Prometheus NTH8 Taggdid not correlate with

the Ton (Figure10c), showing that the start of the unfolding does not always cause aggregation of

these antibodies, which is in good agreement with previous finflings.
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Fourth, we compared theygf with the T,r and observed a strong correlation between these two
variables Figure10d). Therefore, we concluded that aggregation is the main réastime non
reversibility onset in MSF experiments with the antibodies in this work.

a o Unfolding © Non-reversibility b 0 o Unfolding © Non-reversibility

- PPI13
0'8- .--'""--.....-........-.----.- - |
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Figure 9: Analysis of the antibodies with MSE Unfolding and norreversibility curves ofd) PPIO1 and
(b) PPI13 (the start of thenfolding is indicated by gray arrows; Values are indicated by red arrows). (
Tnr values of the antibodies in this work. Mean values of triplicates with standard deviations. The color code

of the antibodies is the same ag-igure8c.
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3.3.3 Aggregation during storage of the antibodies

We were interested in whether the high RMY from the RdB@ssay and highsTfrom MSF are

features of antibodies that aggregate less during storage. We therefore analyzed the antibodies with
SEC to determine the relative areaagfiregatesliable ). Subsequently, we performed storage
stability studies for 3 months at 25 and°@) and for 12 months at€ and analyzed the samples

again with SEC Table ). The largesdifferences were observed after storage at@0We
therefore calculated the change in the relative area of aggregates after stora@e(kigloell).

The SEC analysis of the fresh samples and the samples after storage at different temperatures
revealed two important pieces of information. First, we obtained the relative area of aggtregjate

were present already at the beginning of the stability study. The exact origin of these aggregates is
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outside the scope of this work, but they are likely formed during earlier processing steps like protein
expression, purification, freezing, and faufexchange. Antibodies with driige properties will

ideally have low aggregate content after processing. Second, we could observe whether the relative
area of the aggregates increased after storage. Such an increase indicates that an antibody is prone

to aggregation.

The SEC data revealed that there wsegeral antibodies with more than 1% relative area of
aggregates already at the start of the stability stlidylé 2). These antibodies were PPI11 (8.5%
aggregates), PPI110 (3.2% aggregates), PPI17 (3% aggregates), PP104 (2.4% aggregates), PPI13
(1.9% aggregates), bevacizumab (1.2% aggregates), rituximab (1.1% aggregates) and adalimumab

(1% aggregates).

After storage for 3 months at 4C, the following antibodies exhibited an increase in the relative
area of aggriePPlad RPS, bevacitiab5PRI01, rituximab, and Pyl

11). After storage for 3 months at 26 or storage for 12 months at’@, only PPI11 showed an
increase in the aggregate area of more than OTad€ ).

An interesting observation is that the relative area of aggregates decreased by more than 0.5% after
storage of PPI10 at all three temperatures and for PPI13 after storage at 4°@ndiaks, the
aggregates that were present in the bulk solutions of PPI10 and PPI13 were reversible and
dissociated slowly upon dialysis, dilution, and storage of the antibodies in the histidine buffer used
in this work. Aggregate dissociation upon buffer exwdpe and dilution was previously reported

but is outside the scope of our wdfk.
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Figure 11. Aggregate increase after storage of the protein€Change in the relative area of aggregates
detected by SEC after storage fom8nths at 40C. Mean values of triplicates with standard deviations.
The color code of the antibodies is the same &$giare8c andFigure9c.

3.3.4 Comparison between ReFOLD, MSF and aggregation during storage

We can divide the antibodies in our work into three groups basddeanperformance in the

biophysical assays and the storage stability study.

The first group comprises four antibodies (trastuzumab, PP103, PPI10 and PPI13) that showed both
high RMYs after refolding from denaturantsdure8c) and Ty values above 75C (Figure9c).

None ofthesefoum nt i bodi es exhi bited an increase (00.5
storage Figure11l).

The second group includes PPI02, PPI17 andradatab. These three proteins had suboptimal
performance in some of the assays. For example, PPI02 had the higliE&gure9c) but a low

RMY after refolding from GuHCI Figure8c). PP117 and adalimumab had RMY's angdtiat were

average compared to the other antibodiégure8c andFigure9c). We did not observe an increase
(00.5%) in the relative area of aggr mguad es af
11).

The third group contains the remaining antibodies (PP101, PP104, PPIO8, PPI11, bevacizumab and
rituximab) that had the lowest RMY's after refolding from denaturdhtgife8c) and the lowest

Tns measured with MSH{gure9c). The antibodies with low RMYand T.s showed an increase
(O00.5%) in the rel at i v eFigaald.aMoreoker, 2RJ1d alsodoamece s a f
aggregates during storage4 and 25C (Table ).
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3.3.5 Preliminary in silico characterization of the antibodies

We were interested in whether the different unfolding reversibility and aggregation of the
antibodies can be explained by stural differences that can be studiadilico.

We had access to sequences for 10 of the 13 proteins, some of them available in the DrugBank

(https://go.drugbank.comér published literaturPrevious work showed that the PPI antibodies
differed in their isoelectric points, predicted scale solubility, hydrophobic patch score and
aggregation scor@ee Table 1 and supplementdata in Reff). However, these characteristics did
not explain the ggregation propensity of the antibodfeSVe therefore adopted a different

unanimous approach to study the commercial and PPI antibodies in this work.

We used the TANG& and AggreScaii web servers to look for APRs in the primary structures

that could preide mechanistic insights into the differexgregation of the antibodies. Thg &hd

VL domains contain multiple APRs that differ between the proté&imgfe S0). Contrary, the
constant domains show the same APRs, which is because most of the proteins are of the IgG1
subclass and have a kappa light chain. One exception is PPIO1 that has a lambda light chain and
has APRs in its Cdomain that differ from the APRs in the @omains of the kappa light chains

in this work EFigure 9.0). Noteworthy, the frameworks of kappa and lamlght chains are also

different in respect to Vresidues contributing to their fold stabiliy.

To assess the position of the APRs in the talieeensional protein structure, we created homology
models of the Fv regions. We focused on the Fvs because these are the parts of the proteins where
the sequences differ most. A significant part of the detexthAPRs in the Fv regions comprises
residues in the beta strands that are not solvent exposed in the native folded state but could
contribute to nomative aggregation upon unfolding. To reflect better on the position of
aggregatiorprone regions in theative protein, we also analyzed the homology models with the
structurebased CamSol method that accounts for the residue proximity and solvent exposure. The
CamSol scores revealed differences in the solubility of thrediens Figure S.1). However, these
differences capture features of the native folded proteins. In the context of unfaidingor

native aggregation, the risk that buried APRs aposad should also be considered. Therefore,

silico experiments to cause unfolding and assess the aggregation potential of partially unfolded

species were the next step in our work.
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3.3.6 Temperature-ramped molecular dynamics (MD) simulations

Since our eperimental characterization focused mostly on the aggregation that is driven from
partially unfolded species, we were interested in obtaining partially unfolded sjresileso and

studying their aggregation potential with available webservers like CamSol.

We first tried to cause unfolding of the Fvs by including chemical denaturants in the simulation
box, but this approach proved very resotroasuming and was therefore abaned. The other
traditional approach to unfold proteiimssilico is to increase the temperature in the simulatigh.

To investigate the effect of different temperatures on the unfolding of the Fvs, we performed MD
simulations with incremental heatinteps. At each step, the simulation continued for 20 ns to
allow for the unfolding to take place. Three snapshots of Fv structures at each step/temperature

were analyzed with the CamSol webserver.

The folded Fv regions show some differences in exposed APBR30 K Figurel2a and h. As

the simulation temperature is increased, we observed psyesific unfolding of beta strands.
Noteworthy, the unfoliehg did not always lead to the exposure of APRs. For example, at 460 K the
first beta strands to unfold in the trastuzumab Fv are neartherhus in \4 and the Nterminus

in the \, together with a short beta strand near GBR Unfolding of these strals does not cause
exposure of APRs in trastuzumab Hvigure 12a). In contrast, at 460 K the unfolding of
bevacizumab Fv is characterized by a loss of structure in-teentNnal beta strands in the;\and

in a short beta strand close to the GER The unfolding of the latter causes a disruption of a
network of intramolecular interactions and exposes a considerable number of AdRRe {2b).

At tempeatures of 500 K, both Fvs have lost almost all their secondary structure with only a few
beta strands intact in thes\domain of trastuzumab and in the 8omain of bevacizumab. At this

state of unfolding, several APRs are solvent exposed in both Fwnsefgigurel2a and b.

To visualize better the interplay between unfolding and exposure of APRs, we plotted the beta
sheet fraction and theolubility score from CamSol for the partially unfolded species obtained at
different temperatures={gure12c and ¢. The Fv region of trastuzumab tdseta sheet structure

at high temperatures and the drop in solubility occurred only after a notable unféidunge{2c).

In contrast, the Fv of bacizumab exhibited lower solubility already with the unfolding of the first

beta strands that occurred at lower temperatures compared to trastuzurRgguired d).
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To compare the differences in the solubility changes of the Fv regions, we defined five CamSol
solubility thresholds Kigure 12¢). We then plotted the temperature of the MD simulation that
resulted in partially unfolded species with a solubility score below these threshigidse (L 2f).

From this data we saw that some Fv regions, like from PPI13, PPI02, adalimumab and trastuzumab,
exhibited a solubility loss over a narrow temperature range and at higher tengsetaam

bevacizumab and rituximab.

The Fv region of PPI01 behaved similarly to the Fv regions of stable antibodies in the dataset
(Figure 12f). PPIO1 is the only antibody in the dataset that has a differedb@ain. Both the
TANGO and AggreScan analysis indicated that thed@main of PPIO1 has different APRs
compared to the Gdomains of the other antibodidsgure 2.0). We therefore performed the MD
simulations combined with CamSol to compare the unfoldingsahbility drop of € domains

from PPIO1 or the other antibodies. Theddmain of PPIO1 lost beta sheet structure and showed

a drop in solubility at lower temperatures than thel@main of trastuzumatF-igure 3.2a).

Noteworthy, the cubff for electrostatic and van der Waals interactions in the MD simulations is
important*? A longer cutoff might improve the quality of the simulation, but increaties
computational costs. To test whether the chosenft({8 A) leads to artefacts in our simulations,
we conducted simulations on trastuzumab Fv and bevacizumab Fv witko#f ofitl0 A and
observed that the proteins unfolded at slightly higher tertyreraut with the same trenBigure
S12b and §.
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Figure 12 In silico characterization of antibody Fv regions.(a, b) MD simulations at different
temperatures were used to obtain partially unfolded species. The beta sheets are colored in blue. The
coloring of the Fv strands is based on CamSol scores of the resighagge: values fror0.8 to-1, red:

values belowl. Thus, red indicates APRS, () Plots of the loss in beta sheet fraction (black squares) and

the solubility from CamSol (red circles) of the partially unfolded species reveal differences between the
artibody Fv regions.d) Different thresholds were set to report the temperature at which the solubility of
the partially unfolded Fvs from CamSol decreas@slife temperatures at which the CamSol solubility of

the Fv regions fall below a certain threshdltie color code ikke in Figure8c, Figure9c andFigurel1l.
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3.4 Discussion

Here we investigated whether unfoldirayersibility studies can identify the aggregatresistant
antibodies in a group with thirteen molecules. Two earlier findings inspired our work. First, the
thermal unfolding reversibility of antibody domains is a feature of aggregegsistant
molecuks®144345 Second, antibodies aggregate less during storage in formulations favouring

refolding to monomers after isothermal unfolding with chemical denatuidits.

Using the ReFOLD assay, we observed that some antibodies have a higher tenddnly tm re
monomers after unfolding with urea and GuHEig(re 8c). The high RMYs indicate that the
unfolded states of these antibodies are less pmaggregation than antibodies with low RMYs.
The RMY from the ReFOLD assay did not correlate strongly with the @dbtained with ICD
(Figure8d). This poor correlation underlines the difference between the resistance to denaturant

induced unfolding and aggregation via the unfolded state caused by denaturants.

In comparison to several other approaches to study protein aggregaé@prurgblding with
denaturants®1°324&he ReFOLD assay is relatively simple to perform. It requires only the protein
sample, the sample buffer and one denaturant stock solution. All steps are performed on standard
laboratory equipment with commercially availablecrodialysis devices. An HPLGEC system

is sufficient for basic sample analysis. Compared to thermal denaturation techniques, the ReFOLD
protocol induces more moderate protein aggregation at ambient temperatures, revealing differences
overlooked by otheethniqueg’ In contrast to denaturamduced unfolding, substantial antibody
unfolding caused by heat usually leads to complete monomé¥ loss.

Our MSF experiments showed that the -mewersibility effects of the thermal unfolding of our
antibodies areproteinspecific Figure 9a and h. Compared to calorimetric techniques, MSF
provides the advantage of high throughput to apply incremieéding and cooling cycles. MSF

can therefore be used as a technique during the developability assessment of antibodies.

The Ty from MSF did not correlate with thesdor Tml from nanoDSF; however nflcorrelated
better with the unfolding transition deted at higher temperatures:{d). It has been shown that

the unfolding of the Fab can vary a lot in nanoDSF experiniéatsj sometimes overlaps with

the G42 domain or the 3 domain. The vastly different unfolding temperatures of Fabs present a
complicaton for stability predictions based on melting temperatures. An assumption that

antibodies that unfold at lower temperatures are prone to aggregation will not hold in cases where
78



the Ton and Tnl are not related to irreversible unfolding. Therefore, therdehation of Fy is
rational since this variable is related to the domains that exhibit irreversible structural changes. The
Tnr could be subsequently assigned to a specific part of the antibody in MSF experiments on

individual domains.

We found that th&n, from MSF correlates well with thesgdgdetermined with DLS. Therefore, we
concluded that nenative aggregation was the main reason for therawversibility onset in MSF
experiments with the antibodies in this work. At this point, it might appear that the information
from MSF and DLS is redwant. However, MSF and temperatwnaenped DLS should be
considered orthogonal techniques due to the completely different heating profiles (incremental
cycles versus linear ramp) and different physical observable (fluorescence intensity and light

scatteringluctuations).

Considering the urgency of understanding protein aggregation in a larger édtitexgversibility

of both aggregation and protein unfolding should be studied. On the one hand, MSF is
fluorescencébased and can detect irreversible gtread changes that might or might not be related

to aggregatiot? on the other hand, DLS can detect aggregation that does not necessarily include
irreversible structural chang&sThese different perspectives on the behaviour of a protein during
heatingand cooling could dissect distinct processes that were previously overlooked. In the context
of the current study, we observed that the and Tagg provided similar information because
aggregation is the main reason for the irreversible thermal unfoiditftgese antibodies, which

was not known before. In future, we aim to provide more specific examples that demonstrate when

the combination of MSF and DLS provides a better mechanistic understanding of protein stability.

Different rules and guides fone selection of antibodies with drlige properties were proposed
recently. These approaches focus on key antibody features like folding stability, aggregation
propensity, solubility, viscosity, charge in the CRDs and specifiéity Here we propose &t
refoldability studies can also be included in the developability assessment programs for therapeutic
antibodies. In such a case, one would ideally use a combination of at least two methods to study
refoldability T one that causes unfolding by an inceeastemperature (MSF) and one isothermal
method in which the unfolding is caused by chemical denaturants like urea and GuHCI (the
ReFOLD assay). Depending on the performance of the antibodies in these two orthogonal methods

to study refoldability, one camssign molecules to fogroups Figure13a). Group A is the ideal

79



case comprising aggregatioesistant proteins that have high RMYs and higis. Examples of
antibodies in Group A are trastuzumab, PP103, PPI10, and PPI13. Group B includes proteins with
high Tnr but low RMYs, while Group C encompasses proteins with lewbtlit high RMYs.
Antibodies belonging to Group B or C can still be aggregatsistant (e.g. PP102), but they will

most likely require characterization with more techniques to understand their stability. Finally,
Group D includes aggregatigmmone proteins with low RMYs and lown$. Examples for
antibodies in Group D are PPIO1, PR| PPIO8, and PPI11. The molecules in Group D will be
problematic during development and storage. It is important to say that th#scbhetween the
groups are for illustrating the idea and probably do not present values that will be true for each
antibody. However, by applying the presented concept to a large antibody library (e.g. 100s to
1000s of candidates) one could provide-@fiitvalues for i and RMY with more widespread

validity in future.

The antibodies in this work were relatively stable arust of them aggregated only during storage

at 40°C. The differences in the aggregation behaviour at different temperatures is a common issue
with antibodies that obstructs the use of accelerated stability data to predict the storage stability at
2-8 °C.535%6 One of the antibodies (PPL) also aggregated during storage &4nd 25°C. It is
encouraging to see that bd®®FOLD §igure8c) and MSF Figure 9c) indicated that PPI11 is

prone to aggregate. In future, we wékt our approach on more antibodies that aggregate during

storage at refrigerated temperatures.

In respect to storage stability prediction, one hypothesis says that the amounts of aggregates at the
beginning of a stability study indicate which molecules aggregatioqprone. While there might

be cases where this is true, our storage stability data shows that there is no correlation between the
amount of aggregates before storage and the percentage of aggregates formed after 3 months at 40
°C (Figure 93a). Thus, storage stability prediction should be based on more comprehensive

hypotheses beyond the initial amount of aggregates.

A limitation of the current study is that we used only SEC to monitor aggregate formation during
storage. In principle, it is possible that larger aggregates (subvisible and visible particles) that are
filtered by the SEC column are also formed during storage $yastilidies; however, we did not
observe visible particles in the samples or a reduction in the area of the soluble antibody that was
found in the SEC chromatograntdqure 3.3b).
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Interestingly, one can see connections between our unfolding reversibility studies and previous
work on stability and developability assessment of antibodies. For example, bevacizumab and
rituximab exhibited poor unfolding rekability in our work and a suboptimal performance in
biophysical assays for developability assessment in earlier stuidsed, bevacizumab is an
antibody that required reformulation during clinical studies due to poor physical stability in
histidine buffer’” Like bevacizumab, rituximab is also known to aggregate under weak thermal
stress® Both bevacizumab and rituximatere developed before the concepts for developability
assessment of antibodies emerged, which can explain why they were selected for further
development despite a poor performance in some biophysical assays. In contrast to bevacizumab
and rituximab, trasizumab and adalimumab showed higher unfolding reversibility and no issues
in developability assessment studies with various technigneaddition, antibodies with good
unfolding reversibility like PP102, PP103 and PPI113 were identified ashedlived ralecules by
various biophysical assays, while antibodies with poor unfolding reversibility like PP101, PPI04

and PPI08 raise stability concerns during extensive characteri2ation.

We characterized the antibodies in one buffer during this study. Ot @main more accurate
predictions when each candidate is characterized in at least several different formfilatioes.

has the analytical capability and protein material, the assessmentanidTRMY can be done in
different formulation conditionghus combining developability assessment andfgnmaulation
development; this would most probably provide more accurate candidate selection, but at the

expense of more tedious characterization at very early stages of product development.

b
B aggregation-resistant

needs more attention
Group B ‘ ] ]
B aggregation-prone — —

T, from MSF

Group C

RMY from ReFOLD

604

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
RMY - refolding from urea

00 01 02 03 04 05
RMY - refolding from GuHCI

Figure 13 Proposed groups for classification of therapeutic antibodies based on their performance
in the ReFOLD assay and MSF(a) Four groups of proteins can be defined from and RMY. (b)

Application of the proposed classification to the 13 antibodies in this work. The color code idHigeran

8c, Figure9c, andFigurell.



In future, our goal will be to predict the refoldability and aggregation propensity of therapeutic
protein candidates silico before expression. Previously, different structural traits were suggested
as main drivers for the thermal unfolding reversipitit the aggregation through partially unfolded
species induced by denaturants. Two notable traits are the balance between positive/negative
residues (overall negative charge is a feature of some antibody domains that exhibit reversible
thermal unfolding)and to the arginine/lysine ratio (replacing arginine with lysine reduces the
aggregation through nemative contacts of a singthain antibody variable domaitf)*® The

colloidal stability of the unfolded species is a third trait that seems to be reldteslability of a

protein to refolck®

In the context of developability assessment of therapeutic proteins, it will be important io have
silico approaches for the selection of molecules resistant tsmative aggregation. Noteworthy,
most servers @sl for developability assessment of antibodies are focusing on the native folded
protein structure, on the primary structure, or only on the complemerdatigymining regions
(CDRs). Inspired by earlier studi#&&*-%%ur approach to induce partiallpfolded species by MD
simulations and assess the solubility of these species with webservers is a good starting point for
futurein silico studies that aim to predict the refoldability and aggregation propensity of partially
unfolded proteins. Doing MD sinfation on the Fvs saves computational resources and allows the
screening of many antibodies; however, it is possible that potential destabilizing effects from the
constant domains are overlooked. For example, if some of the antibody constant dom&i like
unfold before the variable domains, this could potentially have a negative effect on the stability of
the Fv. To account for this, the goal in future is to performilico unfolding studies on the full

length antibodies.

In summary, our work showhdt unfolding reversibility studies with the ReFOLD assay and MSF
can be used to select antibodies that resist aggregatiorf@tfdfin a group with candidates for
further development. To facilitate the selection process, we proposed to classify thei@siito

four groups based on RMYs and: Values. In addition, temperaturemped MD simulations
showed that the variable domains of aggregagpimme antibodies unfold and expose APRs at
lower temperatures compared to aggregatesistant counterpart$he proposed approaches and
concepts herein can be readily included in the developability assessment programs in

pharmaceutical companies.
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Table : Overview of the variables determined in this work.The values are mean of triplicates with standard deviations, excepefay values

where the error is the fit error in CDpal. The values are rounded to the larger number. The protein concentration isnlathgéshys except ICD

where the final protein concentration in the samples was 0.1 mg/mL.

Protein

PPIO1

PPI02

PPI03

PPI04

PPI08

PPI10

PPI11

PPI13

PPI17

trastuzumab

adalimumab

bevacizumab

rituximab

ICD

urea

Crl (M)

46+0.1

56+0.1

6.9+05

44+0.1

45%0.5

59+0.1

44+0.1

48+0.1

6.6+1.3

59+0.8

6.3+0.6

5.0+£0.7

59+13

G2 (M)

6.8+0.2

>9.0

8.0+0.2

6.5+0.1

6.6+0.1

>9.0

52+0.8

>9.0

6.6+0.2

75%0.1

6.5+0.1

6.2+0.1

6.3+0.2

GuHCI

Crl (M)

15+0.1

15+01

18+0.1

1.3+0.3

1.7+0.2

1.7+01

09+0.2

14+0.3

1.7+04

14+01

15+0.8

19+0.1

18+0.1

G2 (M)

2.7+0.2

3.6+0.1

27+0.1

1.7+0.2

21+03

35+0.1

15+01

3.1+£0.1

21+0.2

25+0.1

2.3#0.2

23+0.9

29+03

ReFOLD

RMY

urea

0.12+0.01

0.62 £0.01

0.55+0.01

0.28 £0.01

0.43£0.03

0.61+0.01

0.25+0.01

0.52+0.01

0.38+0.01

0.54 +0.01

0.47+0.01

0.15+0.01

0.42+0.01

RMY
GuHCI

0.18 £0.01

0.13+0.01

0.44 +0.01

0.15+0.01

0.14+0.01

0.37+£0.01

0.16 £0.01

0.35+0.01

0.11+0.01

0.43+0.01

0.22+0.01

0.02 +0.01

0.04 +0.01

MSF

T (°C)

60.3+0.1

80.7+0.1

76.7+0.1

63.8+0.1

68.0+0.2

78.7+0.1

62.1+0.1

80.540.1

72.7+0.1

788 0.1

720+0.1

705+0.1

721 0.1

Ton(°C)

556.2+0.2
62.6 0.2
645+04
57407
70.9+0.6
62.8 0.7
50.7+0.3
57.8+0.8
63.9+0.7
65.0+0.3
58.7+0.6
61.4+0.7

625+0.1

84

nanoDSF

Tl (°0)

614+0.1

67.9+0.1

68.8+0.1

64.7+0.1

755+0.1

68.4+0.1

56.5+0.1

62.3+0.1

69.4+0.1

68.9+0.2

70.1+0.1

69.8+0.1

67.6+0.1

T2 (°0)

776+0.1

823+0.1

68.4+0.1

83401

783+0.1

80.4+0.3

82.0+0.1

DLS

Tagg(°C)

52.7+0.7

73.0+35

68.7+2.1

56.5+0.9

56.0+0.8

735+14

56.6 +0.8

73.8+0.7

60.9+1.1

73.2+13

66.5+1.0

63.940.9

655+2.1

% aggregates by SEC before and after storage

TO

09+0.1

0.2+0.1

24+0.1

0.2+0.1

3.2+0.1

85+0.2

19+0.1

3.0+0.1

04+0.1

1.0+0.1

1.2+0.1

1.1+£0.1

3m

@ 40C

12+01

1.0+0.1

05+0.1

10.7+0.2

3.2+0.2

23+0.1

9.0+04

18+0.1

3.0+0.1

0.7x0.1

1.3+01

39+0.1

1.7+01

3m

@ 25C

04+0.1

0.7x0.1

0.1+0.1

23%0.1

0.2+0.1

19+0.1

9.8+0.2

1.3+0.1

2510.3

0.3+0.1

0.8+0.1

1.3+01

1.0+£0.1

12m

@ 4°C

03+0.1

0.8+0.1

0.1+0.1

2401

03+0.1

19+0.1

10.2%0.1

1401

28+0.1

03+0.1

0.8+0.1

1.3+01

1.0+£0.1

3m @ 40C
minus TO

0.1+0.1

03+0.1

8.3+0.2

3.0+0.2

0.9 #0.1x

-0.1£0.1x

0.0+0.1

0.3+0.1

0.3%0.1

2701

0.6+0.1
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Figure S7: Exemplary data from the analysis of the proteins with the ReFOLD assay and SERALS.

Chromatograms of the proteins before unfolding (red lines) or after refolding from 10 M urea (green dots).
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Figure $9: Impact on tertiary antibody structure after exposure to temperatures below and above the
non-reversibility onset temperature T, from MSF. NearUV CD spectra of the proteins at room
temperature (black squares) or after heating for 15 minutes@above the 1 (red circles) or to 5C
below the T (blue triangles). The proteins were cooled back down ttCsefore the measurement. The
spectra show that heating to temperatures above dheatlises severe structural changes. A Jasi®DJ
spectropolarimeter was used for the measurements. The protein concentration was 1 mg/mL.
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Figure S10: TANGO and AGGRESCAN analysis on the primary structures of the antibodies.
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4.1 Introduction

Proteins are widely applied as medicines due to their high specificity compared to small
chemicals®? However, protein drugs exhibit additional challenges when it comes to the
development of formulations that can preserve their stabfliBrotein aggregation is a commonly
encountered problem in the development of biopharmaceuticals that can affftictdoy of the
product and cause undesired immune reactions in paticBtth protein colloidal and
conformational stability have been related to protein aggregafitre colloidal stability of a
protein is related to weak net interactions between tbeip molecules in solution, which can
either be attractive or repulsive. The conformational stability is defined by the equilibrium between
folded and unfolded states of a protein, and a slight deviation from these optimal conditions may
shift the equilbrium towards unfolded protein species, which are often prone to form aggregates
Various factors including the proteinds amino
buffers, protein concentration, ionic strength, and storage conditiaesamaimpact on protein
aggregation. Therefore, the prevention of protein aggregation is a major challenge in the
formulation development process in the biopharmaceutical industry. Due to the lack of a complete
molecular understanding and predictabilitypoftein aggregation, formulation development is still

done in a trial and error approath

In this study, we investigated the aggregation mechanism of the therapeutic model protein
granulocytecolony stimulating factor (&€ SF). Native GCSF is a 19.6[Ra glycoprotein with 174

amino acid residu¢’$ which mediates the proliferation of granulocytes through receptor binding.
Filgrastim, the nosglycosylated, recombinant form of-GSF with an additional Nerminal
methionine group is a licensed drug to treautropenid?! Filgrastim, hereafter referred to as G

CSF, is a hydrophobic cytokine with a molecular weight of 18.7 kDa as a result of the removal of
the glycosylatiort? The structure of @SF is characterized by a fekelix-bundle fold with two

longl oops connecting helices UA and Ugfhelixss wel |

located within the loopAB and is perpendicular to the fourprdi r a 4hdliced(Figie14).
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N-terminus

Figure 14 The structure of G-CSF obtained from Protein Data Bank (PDB) (PDB code: 1CDY9).
MODELLER was used to generate the first five disordeesilues* The secondary structure of GSF is
shown with different color schemes:tBrminus (MetiPr o 1 1) , -Ty&0),(oGiAB (Ly841GIn71),
UB ( Lleauww®3) , ELEulZ5) leopdDOGlyl2&er 14 3) , -Ridi75. Al al44

The stability of GCSF ishighly pH-dependent with maximum stability at pH 4.0 and low stability

and fast aggregation at physiological.pH’ With an isoelectric point of around 6:4G-CSF is

highly positively charged at acidic pH, resulting in electrostatic repulsion betiieeprotein
molecules. Furthermore, the addition of salt at pH 3.5 causes aggr&ymtiboating a strong

impact of electrostatic interactions on the aggregation-6fSE. Nevertheless, the pdependent

behavior of GCSF is still discussed in the litevat e . Nar hi et al .-helicélport ec
content of GCSF at pH 4.0 compared to neutral pH using cincdichroism (CD) measuremenits.

Another study used hydrogen deuterium exchange (HDX) mass spectrometry to compare the local
changes of relative uptake difference between pH 4.0 and 7.0 and could notebsetzve anrge i n
helical contentNarhi et al. observed quenching of Trp residua{gH 4.0 in fluorescence intensity
measurement$. Similarly, aNuclear Magnetic Resonance (NMR) study performed by Aubin et

al. showed that Trp configuration is gl¢pendent®
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To provide a detailed molecular understanding of thedppendent aggregatianechanisms of
G-CSF, we performed a mukicale modeling approach using full atomic and cegrased (CG)
moleallar dynamics (MD) simulationsThe aggregation mechanism was explored by CG
simulations of GCSF uing the SIRAH force field (FEY?! devebped to simulate proteins in
explicit solvent conditions. WT4 models describe the CG water molecules, where one WT4 model
consists of four beads that are connected in a tetrahedral form. The protein backbone in the SIRAH
FF is defined by 3 beads represegtinitrogen, alpha carbon, and oxygen atoms and thereby
allowing for movement of the secondary structure since no constraint is applied to fix the protein
backbone. Each side chain was modeled specifically based on a combination of physicochemical
characteistics. The SIRAH FF is a relatively new force field that was recently used to study the
process of seeding peptide aggregatfd®IRAH was chosen as an alternative to MARTINI since

it has been shown that the MARTINI FF overestimates PPl for membratgngfd The
conformational stability of @CSF at varying pH values was studied by carrying out full atomic
MD simulations in the pH range of 4.0 to 7.5. We could observe that the conformational state of
G-CSF is very similar at varying pH values in unkeidsystems. To ensure that the system is not
trapped in a local minimum, we carried out metadynamics simulations. We companeditco

results with experimental data obtained from fluorescence intensity, CD spectroscopy, nanoDSF,

and DLS measuremeras well as modeling based on sraigle Xxray scattering (SAXS).

4.2 Methods

4.2.1 Conventional Molecular Dynamics Simulations

The structure of GCSFis available from Xray (1CD$3 1RHG and 2D93&%) and NMR
(LGNC®) studies, of which 1CD9 has been widabked as the ®SF model structure in various

MD simulation studied®?® The initial structure of GCSF for the conventional molecular
dynamics simulation (cMD) study was prepared using PDB entry 1CD9 (solved at piThg)
missing five residues were @l using Modeller software 9.24 The PDB2PQR server was used

to protonate the titratable residuas pH 4.0, 5.0, and 73.The full atomic conventional MD

(cMD) simulations were carriedibusing the AMBER software 28and GCSF was parametride

using the force field FF14sB.The protein was inserted into a cubic periodic boundary box, where
the minimum distance between the protein and the edge of the box was set to 15 A. The TIP4P

Ewald water modelas used to solvate the syst&iThe system wasautralized by adding either
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sodium or chloride ions. The initial structures were minimized using 10000 cycles. The first 5000
cycles were computed using the steepest descend algorithm. The remaining 5000 cycles were
carried out using the conjugate gradietgorithm. The cubff distance of the nebonding
interaction was set to 12 A. The electrostatic lomgge interactions were evaluated using the
particlemeshEwald (PME) method® The SHAKE algorithm was applied to fix the bonds
involving hydroger?*® The system was heated to 300irKthe NVT ensemble (constant N =
Number of atoms, V = Volume, T = Temperature) for 0.3188)g the Langevin thermos#with

a collision frequency of 5 ps The system was then subjected to a short equilibratiororuh 2

ns in the NPT (N= Number of atoms, P= Pressure, T=temperature) ensemble, while the pressure
was kept at 1 bar using Monte Carlo baro%tahe final production run was carried out using the

NPT ensemble for 400 ns and the last 200 ns were usaddtyses.

4.2.2 Metadynamics

To ensure that &€SF conformation is not trapped in the local minima during the simulations, we
have carried out metadynamics simulations using AMBER softwaiea2@® PLUMED 2°8, The

initial structures for the metadynamics sintidas were obtained from the final frame of the cMD
simulations. All metadynamics simulations were carried out in the NVT ensemble for 400 ns using
the Langevin thermostatith a collision frequency of 5 ps®® The welltempered metadynamics
schemewas used to ensure a smooth convergence of the free energy laridSdapeollective
variables (CVs) were chosen based on the experimental obseryéfibtisand included the
center of the mass distance (CObgtween Trp and His residues to monitor the interactions
between, Trp5$His157 (d1) and His8Tr p1 19 ( d 2h)e,l iamd )(Calrent (U

102



Table 1: List of the metadynamics simulation conditionsThe following CVs were investigated in the
studhel ilcal content (U), tHis&57 @D Mnddhe GQMadistanee bbteeernw e e n
His80-Trp119 (d2). The initial height and width of the Gaussian hills are also provided. Biasfactor id define

to perform the simulations in a we&émpered manner.

Simulation | InputpH | CVs Height Width Biasfactor | Deposition
Label [kJ/mol] Rate [hill/ps]
1 pH 4.0 u, di1 0.5, 15 1

2 pH 5.0 0.05 nm,

3 pH 7.5 0.05nm

4.2.3 CG Simulations

The CG simulations were carried osing the Gromacs software 20%8vith the SIRAH 2 force
field.?%?143The CG model of @&SF at pH 4.0, 5.0, and 7.5 was obtained by cegusiaing the

full atomic GCSF models thawvere obtained from theDB2PQR® web server using the SIRAH
toolbox* For each simulation, 8-GSF monomers were added to the system. The init@B6
monomer was translated and duplicated along thg-xand zaxes where the center of the mass
distance between replicatessaset to 7.5 nm. An alternative approach could have been to sample
the initial structures from a populati@ensity of structures determined from single monomer
metadynamics simulations. However, without any input from experimental results, this will give
rise to a large number of combinations, and we decided therefore to use the final frame of cMD

simulations.

The distance between solute and box was set to 0.75sumiltimg in a concentration 680 mg/mL

Note that a too small simulation box wathuse an immediate aggregation of the proteins while too
large box sizes will increase the simulation time. The optimal prptatein and protebox
distances were chosen empirically to reduce the computational burden for sampling the
aggregation. Theystem was solvated by adding SIRAH based Wiidlecules'* After the
solvation, the system was neutralized by adding either sodium or chloride ions. In addition to the
pH study, the effect of salt was monitored by adding 150 mM of NaCl (in CG mode) to the systems
at different pH conditions. The initial minimizati was conducted using the steepest descent
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algorithm, followed by the conjugate gradient algorithm. The maximum number of each
minimization scheme was set to 50,000. The heating was performed for 2 ns where the system was
coupled to the Berendsen thernaasind barostdP After heating, the system was equilibrated for

500 ns using a time step of 10 fs. To accurately sample the NPT ensemble, the system was coupled

to the stochastic velocity rescaling thermd$taind the ParrinelleRahman barostéf. The

pr oduction run was performed for 3 ¢€s. For ea
out which corresponds to 15 e&€s per condition.

4.2.4 Materials

The bulk GCSF solution contained 4.0 g/L protein and was provided from Wacker Chemie,
Germany. The proie concentration was measured spectrophotometrically using a NanoDrop 2000
(Thermo Fisher Scientific, Wilmington, USA) and an extinction coefficient at 280 nm of 0.86
(mg/mL)Y'cmt. All chemicals were of molecular biology or multicompendial grade and were
purchased either from Sigma or Thermo Fisher Scientific (Germany). All solutions were prepared
with ultrapure water from a Sartorius arifirpro system (Sartorius Corporate Administration
GmbH, Goéttingen, Germany). All buffers used had a concentration afM@nd the pH after
preparation was fi.1 of the target value.

4.2.5 Sample Dialysis and Preparation

The buffer was exchanged by extensive dialysis to the respective buffer at the given pH (10 mM
sodium acetate at pH 4.0 and pH 5.0, 10 mM potassium phosphde7ab) for 24 hours at-2

°C using a Spectra/Pbrdialysis membrane (cutoff-8 kDa, Spectrum Laboratories, Rancho
Dominguez, CA, USA) or a Slida-Lyzer=E MINI Dialysis Device (cutoff 3.5 kDa, Thermo
Fisher Scientific, Germany). The samples were ctdEd microcentrifige tubes and centrifuged

at 10000 x g for 10 minutes and subsequently filtered with 0.02 um AfRategmbrane filters
(Whatman, FP 30/0.2 GS8, GE Healthcare, Buckinghamshire, UK). Stock solutions of sodium
chloride were prepared in thespective buffer and spiked into the dialysed protein stock to prepare
samples containing 100 mM of sodium chloride. For measurements that required higher protein
concentrations, the protein solutions were upconcentrated using Vivaspin 20 5 MWCO PES
centifugal concentrators (Sartorius Lab Instruments, Goettingen, Germany). The concentration

was measured again, and the solutions were sterile filtered with 0.02 um Anwtoybrane filters.
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4.2.6 Intrinsic Fluorescence Spectroscopy

Fluorescence emission measuegns of the samples with a protein concentration of 0.5 g/L were
performed using a Jasco 8B00 Fluorescence Spectrophotometer. Emission spectra were
recorded from 300 to 450 nm with an excitation wavelength of 280 nm, steps of 0.01 nm, and a
scan speedfol00 nm mint. A 3 nm slit width was used both in excitation and emission

monochromators. Buffer spectra were subtracted from the sample spectra.

4.2.7 Circular Dichroism (CD) Spectroscopy

Near and farUV ci rcul ar di chroic specta dasconklD e col
spectropolarimeter (JASCO Deutschland GmbH, Pfungstadt, Germany). All samples contained 1
g/ L of protein. Quartz cuvettes (Hell ma GmbH,
wavelength path were used foetmeasurements, respectivelijweraccumulations of each sample

were taken at a speed of 20 nm/min. The spectrum of the respective buffer was subtracted for each
sample and smoothing of the spectra was performed using the Sawittky algorithm with 9
smoothing points. The mean residellipticity (MRE) of the protein at each wavelength was

calculated as described elsewh®re

4.2.8 Differential Scanning Fluorimetry (nanoDSF)

nanoDSF was used to study the thermal unfolding and aggregatio&8FG&s a function of pH

and ionic strength. Samples with 1 g/L of protein were filled in standard nanBD§Fade
capillari es, and the capill ard/ens nwédmre mCea| ¢ w.
was applied with the Prometheus NT.48 (NanoTemper Technologies, Munich, Gegystey)

t hat measures the intrinsic protein fluoresce
280 nm. Simultaneously, the device detects ag:
the backreflection intensity of a light beam that pas through the capillary. The apparent protein

melting temperatures ) were determined with the PR. ThermControl software V2.1
(NanoTemper Technologies, Munich, Germany) from the maximum of the first derivatives of the
thermal unfolding curves. The sanseftware was used to determine the aggregation onset

t e mper ad from éhe ifcrease in the signal from the aggregation detection optiendr

Taggare mean of triplicates with standard deviations calculated with Origin.
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4.2.9 Dynamic Light Scattering (DLS)

Samples with protein concentrations from 1 to
pipetted in triplicates into a 1536 well plate (Aurora Microplates, Whitefish, USA). The plate was
centrifuged at 2000 rpm for 2 min using a Heraeus Megafld centrifuge equipped with ant M

20 well plate rotor (Thermo Fisher Scientific, Wilmington, USA). Two microliter of silicon oil was
added to seal each well. The plate was centrifuged again and placed in a DynaPro DLS plate reader
[l (Wyatt TechnologySanta Barbara, USA). All measurements were performed ‘@ @4th 10
acquisitions per well and an acquisition time of 5 s. The data was analyzed with the Dynamics
V7.10 software (Wyatt Technology, Santa Barbara, USA). The diffusion interaction pardmkter (

was determined according to the method that is described in the litéfature

4.2.10 Small Angle X-ray Scattering (SAXS)

For SAXS measurements, samples with initial protein concentrations of 2, 5, and 7 mg/mL were
prepared and shipped to the ESRF (The pemo Synchrotron Radiation Facility, Grenoble,
France) on dry ice. Before measurements, the samples were thawed at room temperature and
centrifuged at 10000 rpm for 10 min. Data collection was performed at the ID02 beamline. Data
collection is summarizedni the supplementary informationThe DOI for the data is
10.15151/ESRES-404440738.

The data processing and analysis were performed using ATSAS 2.8.2 software paBldge

modeling, the lowq region was removed to avoid fitting on aggregation/repujsihe highq

region was removed to avoid fitting on noisy data. The monomer structur€8FGvas fitted to

the SAXS curves using CRYSGEWe have carried out rigid body modeling of theCSF dimer

on a mixture using SASREFMX The dimer structures #i high occurrence were manually

extracted from the CG simulations. The extracted CG dimers were backmapped using the SIRAH
toolbox*3i.e. resulting in full atomic structures. The backmapped stristueee converted to the
OLIGOMER compatible input filesising FFMAKER®* The output from the CG simulations was
fitted to the SAXS data usi ngval@liie@uddoBetoly he di

was selected to estimate the monomer/dimer fractions in the mixture.
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4.3 Results and Discussion

4.3.1 pH-dependent structural differences of G-CSF

We have investigated the effect of the pH on the secondary and tertiary structu@Set @sing

a combination of modeling and biophysical techniques. The characteridtly f@D spectra with

two minima at 209 and 222 ngonfirm the presence of alpimlical protein structure at all
conditions and showed no difference between pH 4.0 and 5.0 and only a slight decrease of helical
content when increasing the pH to TFgure 153). In agreement with our findings, the GSF
structure solved at pH 3.5 (PDB code: 1GNC) has a similar helix content te@&FGtructure

solved at pH 7.5 (PDB code: 1CD9). A similar trexmlild be observed from HDKeasurement
performed by Wood et al., who could not find any clear evidence for a change of helical contents
between pH 4.25 and 7*4In contrast, Narhi et al. used CD spectroscopy and showed that the
helical content is noticédy higher at low pH (pH 4.5: helical content 75 % vs. pH 7.5: helical

contents 66 %)®

The neatUV CD spectra of @SF at pH 5.0 and 7.5 are very similar in the wavelength region
from 250 to 295 nmKigure 15b). Surprisingly, GCSF at pH 7.5 shows a negative CD signal at
wavelengths from 300 to 340 nm which is very unusual for a protein in inorganic buffer but has
been previously observed for filgrast® It is presumably caused by aggregates in the sample. The
nearUV CD spectrum at pH 4.0 slightly deviates from the other spectra determined at pH 5.0 and
7.5 in the wavelength region 250 to 295 nm, but the characteristic features of the spectra remain
thesame. Therefore,-GSF has a welllefined tertiary structure with only little difference wetn

the three tested pH values.

The tryptophan fluorescence of@GSF is significantly quenched when the pH is decreased from
pH 7.5 to pH 4.0 indicating that therpl' residues are in different conformational states at the
different pH valuegFigure 15c) This observation is in accordance with the fingd of Narh et
al® G-CSF contains two Trp residues: Trp59 and Trp119 which are located close to His157 and
His80, respectivelyHigure 15d). The change in pHauses a conformational change of Trp that
promotes interactions between Trp and positively charged His leading to the quenching of Trp.
Furthermore, the pidependent change of the Trp residues is observed in the available PDB
structures. The NMR structuiid G-CSF at pH 3.5 (PDB code: 1GNC) revealed that the Trp
residues can interact with the neighboring His residu@sn the other hand, the-bay structure
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obtained at pH 7.5 (PDB code: 1CD9), shows that Trp59 points away from His157. In contrast to
1CD9,Trp59 is pointing upwards in 1GNEifurel6), indicating that the conformation of the Trp
residues is dependent on pH. Based on these findings, we hypothesized that the Trp configuration

is an important factor influencing the conformational stability €€ &F.
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Figure 15: Effect of pH on the G-CSF secondary structurestudied with(a) far-UV circular dichroism;

and on the &CSF tertiary structure studied with) nearUV circular dichroism(c) fluorescence intensity
measurements which indicate that the Trp residues@86 are quenched at pH 4(8) The location of

Trp and His residues in-GSF (PDB code: 1CD9). The protein is shown in a transparent cartoon structure.

The investigated Trp and His residues are shown as sticks and colored in orange and blue, respectively.

108



His157

Figure 16: The conformational change of Trp59The sidechain structure ofGSF at pH 4.0 (PDB code:
1GNC) is colored blue. The sidechain structure at pH 7.0 (PDB code: 1CD?9) is colored red. Note, Trp59
forms an upwardonfiguration at pH 4.0. The protein is shown using in transparent cartoon structure.

To further investigate the effect of Trp configurations on th€$F structural integrity, we
performed cMD simulations with the crystal structure 1CD9 as startingugteudthe simulations

were carried out for 400 ns. During the simulations, no significant conformational changes of the
Trp residues could be observed. Presumably, 400 ns cMD simulations were not sufficient to induce
noticeable structural changes. Thereforee continued with weltempered metadynamics
simulations where bias potentials are added as a function of the center of mass (COM) distances
between Trp and His side chains. To check the overall conformational stability, thénelichh

content was clsen as the third CV. The 2D and 3D free energy surfaces (FES) of the CVs are

shown inFigurel7. The time evolution of the FES is providedhe supplementary information
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Figure 17: Estimate of the FES of GCSF at different pH values.Each energy surface is obtained as a

f unct i o relicalfcontert and the distance between His and Trp residues. The local minima are
highlighted with dashed white circles. Top panel: The COM distance between Trp59 and His157 is on the
x-axis. Bottom panel: The COM distance between His80 and Trp119 is oraiti& X

Interestingly, the Trp59(loopABHi s 157 ( UDHi sp8a@mMrUmid)n ® ( UC) pair sho
behavior. Since Trp59 is located in the loopAB, it has much higher flexibility and can move away
from His157 easier than Trp1l19( UC)Hisl57 cambeHi s 80 |
sampled at a COM distanl@ger than 1.5 nm. In addition, all three pH conditions could reproduce

the upward state of Trp59, where an energetic minimum could be estimated at aiE}HmP

distance of around 0.4 nm. However, the Trp59 residues at pH 4.0 and pH 5.0 have an energy
barrier between the up and down position corresponding to a breakage of thé -¢atewactions

between Trp59 and protonated His157, while Trp59 can freely move between the two
corfigurations at pH 7.5.

Contrarily, it is difficult to separate His8Drp119 more than 1 nm and only one local minimum
could be found from the COM distance. At pH 7.5, the COM distance of Hig80L9 remained
around 0.7 nm. At lower pH, the COM distance of Hig8p119 remained around 0.5 nm. In
addition, relatively larger fluaation could be observed at pH 7.5, indicating that HIE§119
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are located close to each other but they are not able to form a strong’ eatieraction, sine

there is no cation at pH 7.5.

The histidine residues located closely to the Trp residu€s@sF will be protonated at low pH.

The FES has shown that the interaction between Trp and its neighboring His residue is much more
favorable at pH 4.0. This interaction between Trp and His residues may stab@i3€ @t pH 4.0
comparedtopH 7.5byclgmi ng | oopAB to helix UD and helix
the structure locally less flexible. Aubin et al. investigated the interactions between Trp and His
residues at pH 4.3, 5.0, and 6.4 using NMBased on chemical shift analysis, the arghmuld

show that changes in THfis interactions affect the conformational stability ofGSF!° In
addition, Ghasriani et al. have determined the relaxation parametersC&FQising NMR
spectroscopy and assessed the protein flexibility from the cwldutader parametef$ The

authors found that the main difference between pH 4.0 and 6.0 was due to the change in the loop
and helical flexibility. The authors observed that the flexibility of loopCD was increased at pH 4.0,
whereas a very slight increasiflexibility was seen for loopAB at pH 4.0. Thecation interaction
between Trp59 and His157 can prevent an increase of loopAB mobility. In contrast, a decrease of
flexibility could be observed for the helical packing at pH 4.0, and the authors sdjtest the
His80-Trp119 interaction can be the factor that is involved in reducing the flexibility. On the other
hand, Wood et al. have reported an increase of the loopCD deuterium uptake afjBIng 4f

the challenging parts of the experimental chemazation of GCSF above pH 6.2 is that an
extensive aggregation can occur in the sarfipl@ompared to experiments, the metadynamics
simulations (performed on a single-@GSF molecule) provide an option to study protein
conformation in highly aggregatiggrone physicochemical conditions without the interference of
proteinprotein interactions. The current FES study has been focused on the CVs that can be
directly observed in the fluorescence intensity and CD measurenraise(15), since the FES

are based on a few local CVs the magnitude of flexibility may be dependent on the choice of CVs.

The observation made from HBXand NMR?® experiments is in good agreement with our
met adynami cs si mul at-helical sontenivi$ mor sgynificantly affecteeé bya | |
adjusting the pH. The MD study indicates that the interactions between Trp and His residues may
affect the local struaral conformation and loop mobility. The interactions between locpAB
(Trp50H i s 1 5 7 )-U @ n(dHTiP$BY)Gire lost at pH 7.5, suggesting thaE &F will be more

flexible at pH 7.5.
111



4.3.2 Effect of pH and Sodium Chloride on the Thermal Unfolding and Aggregtion of
G-CSF

The structural changes of-GSF due to different pH values affect the thermal unfolding and
aggregation of the protein. We furthermore aimed to evaluate the influence of sodium chloride on
the stability of GCSF to elucidate the importancé electrostatic interactions. Therefore, we
performed nanoDSF measurements and determigednd Tagg (Table 2). At pH 4.0, GCSF
unfoldssignificantly later (T ~65°C) than at pH 5.0 (% ~ 52°C) and pH 7.5 (% ~ 55°C) and

does not form detectable aggregates in contrast to higher pH. Addition of 100 mM sodium chloride
at pH 4.0 causes a significant shift in the unfolding transition-68E to a lower temperatureT

~ 53°C). The same trend was found for the onset of aggregatigg.(This shift cannot be seen

at pH 5.0 and is less pronounced at pH 7.5. This shows that sodium chloride has a more detrimental
effect on the thermal stahii of G-CSF at low pH. At pH 5.0, close to the isoelectric point of the
protein, sodium chloride has only a small effect on the aggregation behavior. The lower thermal

stability at pH 7.5 compared to pH 4.0 is decreased even moreagiglition of sodium daride.

Table 2: T and Tagg of G-CSF were determined with the PR. ThermControl software from the thermal
unfolding curves and the increase in the signal from the backreflection of the nanoDSF measurgments. T

and Tggare mean of triplicates with standard deviatighg\- no detection of agggates

Tm [C°] (£ error) Tagg [C°] (£ error)
pH 4.0 64.95 + 0.02 NA
pH 4.0 + 100 mM NacCl 53.34 £ 0.05 53.51+0.05
pH 5.0 52.27 £ 0.07 50.61 +£0.18
pH 5.0 + 100 mM NacCl 52.25 + 0.06 50.75+0.22
pH 7.5 54.87 £ 0.06 55.1 +0.00
pH 7.5 + 100 mMNacCl 51.08 £ 0.03 47.46 = 0.09
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The colloidal stability of @CSF in all tested conditions was assessed by means of the interaction
parameter & which describes the interaction of proteins in solutiigyre 18, Table3).>% kp is
commonly used as a surrogate parameter for the osmotic second virial coeffigjemhich is

directly related to PPIs, whereasprovides a less direct relationship. In general, positiweakues

indicate net repulsive PPIs and negative values correspond to net attractive interactions. However,
the reversal does not occur exactly at zero. The excluded volume contributios sorlaller than

for B22 and therefore values obkcan be negative wherpBvalues are still positive.
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Figure 18 Diffusion coefficients at increasing protein concentrations assessed with DBSpH 4.0, 5.0,
and 7.5 with and without the addition of 200 mM NaCl.

There is considerable variation in thényercept, i.e. the diffusion coefficient at infinite dilution,

for the measured conditions which could be due to the formation of irrevespéxtees which do

not dissociate upon dilution or due to protein conformational changes. Since we could not observe
large conformational changes but a different tendency to form aggregates in the other methods, we
assume that the samples contained irreplersiggregates. To confirm this hypothesis, we used the
StokesEinstein relation to calculate the infinite dilution values for the hydrodynamic radius r(H)
from the infinite dilution diffusion coefficients @pfor each conditionTable3). The r(H) values

range from 2.1 up to 4.0 nm, whereas the reported value is 20wimth confirms the presence

of larger species in our samples. This in turn idgsethe correct determination of the diffusion
interaction parametenk Additionally, the partial specific volume of the protein is expected to be

a function of pH and could significantly contribute to differencesonHowever, the partial
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specific volune should only change upon unfolding which could neither be observed in CD
measurements nor MD simulations. Therefore, we do not expect the partial specific volume to have
a drastic effect on thepkvalues. To support this hypothesis, we submitted thdrkasies of the
conventional alatom MD simulations at the respective pH values to the HullRad webserver, which
calculates the partial specific volume of a protein from a PDB structure. A partial specific volume

of 0.75 mL/g was calculated for all three pilues.

Table 3: kp and r(H) o derived from DLS measurementsperformed at different pH and ionic strength

values. Due to strong aggregatiop,dould not be determined at pH 5.0 with salt.

Buffer ko [mL/mg] r(H) o [nm]
10 mM NaAc pH 4.0 3.3-10? 2.3
10 mM NaAc pH 4.0 + 100 mM NacCl -1.2.10° 2.1
10 mM NaAc pH 5.0 4.18-10° 2.2
10 mM NaAc pH 5.0 + 100 mM NacCl NA NA
10 mM KPhos pH 7.5 -3.49-10? 2.5
10 mM Kphos pH 7.5 + 100 mM NaCl -6.36-107 4.0

G-CSF shows a positiveokand is assumed to show repulsion at pH 4.0 which is in agreement with
the proposed highly positive electrostatic surface apldFigurel9). The aldition of salt screens

the surface charges of the protein and results in a negatiVadése observations are in correlation

with the strongly decreased thermal stability at low pH upon addition of salt.ohddmost zero

could be observed at pH 5.0hieh indicate no strong attractive nor repulsive forces between the
protein monomers. This behavior is expected at a pH close to the isoelectric point where the protein
has (almost) no net charge. Due to the very high level of the aggregatiom, ¢belébe not
measured when salt was added to the pH 5.0 formulation. This result is in accordanbe with t
observations from Chi et #.The authors used static light scattering experiments to obtain the
osmotic second virial coefficient ¢B value. A positie and negative B value could be

determined at pH 3.5 and pH 6.1, respectivékggregation of GCSF occurred when 150 mM
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of NaCl was added to the formulation, atite B> value could not be determined due to
precipitation*® The negative k value at pH7.5 suggests that the-GSF monomers attract each
other.

This is in accordance with the surface potential €€&F which is highly pHlependentKigure

19) as GCSF contains a relatively large number of charged residues. The net char@S6T &3
pH 4.0 is estimated to +13 e using PDB2P¥®Rhe electrostatic surface of the helical bundle is
highly positively charged. Therefore, it is expected tha@ &F will be repulsive at pH 4.0. At pH
5.0, the net charge of-GSF is decreased to +1 e, and it becoesat pH 7.5. Hence, electrostatic

interactions play a substantial role in the aggregationess of GCSF.

a) Orientation

180°
Rotation

Figure 19: Electrostatic surface properties of GCSF at different pH values (a) Orientation of the
electrostatic surface. The flexible-tdrminus, loopAB, and loopCD are colored in red. Top: The region
containing loopAB and loopCD is on the front view. Bottom: The helical bundle without any long loop
structures is on the front vie\ib-d) The electrostatic potential surface at different pH was calculated using
the APBS electrostatics plughisn PyMOL®*® and PDB2PQR.

In order to simulate the aggregation behavior e€&F at the different pH values, we performed
CG simulations witkeight monomers in a pH series. The snapshots of the first 500 ns simulation
before the aggregation are showmnirthe supporting informatioi.he aggregation behavior ot G
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CSF at different conditions was estimated by tracking the number of pprtégn interactions
(PPI) during the simulationgigure20) . The number of PPl during ttF
was defined as the number of observed intermolecular residue pairs with pair distance less than 4

A
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Figure 20: The relative number of proteinprotein interactions (PPIs) obtained from the CG

simulatons. The number of PPl's during the 3 ¢€€s of the |
observed intermolecular residue pairs with pair distance less thafheAumber of PPIs is normalized to

the number of interactions observed in the pH 4.0 simulati@h$he total relative number of PPIs during

the simulations. Each bar represents the mean and the standard error of the mean of the five trajectories
performed at each pkh) Time series of the relative number of PPIs. Each bar represents the mean and the

standard error of the mean of the five trajectories that are observed in the current MD frame.

Since the total number of the PPIs is highly dependent on the simulation time and the size of the
simulation box, the number of interactions is normalized bytimeber of interactions obtained at

pH 4.0. Addition of NaCl or increasing the pH value to 5.0 resulted wicddZncrease of the
sampled PPl compared to pH 4.0. A-fofd increase of the PPI could be observed at pH 7.5
(Figure20a). The 2fold increase is following the trend that was observed for thaaka Table

3), and the SIRAH FF model could reproduce the increase of PPIs at the aggregating conditions.
Figure 20b showsthe time evolution of the relative number of PPIs during the simulations. It is

interesting to note that the total number of PPIs increases with simulation time, indicating that the
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overall tendency is an aggregation (irreversible oligomer formation) rather than an association
(reversible oligomer formation). An increase in the relative number of PPIs can also be observed
at pH 4.0. However, this is not completely surprising since te stnulations have been
performed at relatively high protein comtetion (approximately 30 mg/mLto reduce the
computational time for sampling PPI. Interestingly, the slope of the time evolution of the PPI is
different at each pH. At pH 7.% much fagdr increase of the relative number of PPIs is observed
when compared to pH 5.0. Since the number of monomers is limited to 8, the relative number of
PPIs at 3 s is very similar for pH 5.0 and 7.5, indicating that the difference in the observed relative
number of PPIs will also be dependent on the simulation time. Accuracy and performance will
always be a tradeff when sampling PPIs between diffusing protein monomers. In an ideal case,
very long CG sampling with a relatively large box with many proteinanwrs will give more
accurate sampling at the expense of computational time, but it is expected that the results will show

a similar tendency observed here.

In the CG simulations, no significant increase of aggregation propensity could be sampled between
pH 4.0 + NaCl, pH 5.0, and pH 5.0 + NaCl. The highest aggregation behavior could be observed
at pH 7.5. Note that the degree of increase in the PPI may be dependent on the size of the simulation
box and the number of the-GSF monomers. It is implied thtte relative number of PPI might
change if the simulation condition is changed. However, the ovezalll tis expected to be the
same.The results from the CG simulations suggest three different aggregation states: 1) weak
aggregation at pH 4.0, 2) modexatggregation at pH 4.0 + NaCl, pH 5.0, and pH 5.0 + NaCl, and

3) strong aggregation at pH 7.5 and pH 7.5 + NaCl.

To characterize the region of the aggregapoone residues, interacting residue pairs in the CG
simulations were depicted in heatmaps. phels of the heatmap are assigned by the number of
frames with the paidistance less than 4 A that was registered from all five trajectories. The color
bar is scaled to the strongest interactions that could be observed in the pH 4.0 simulations. Residue
pairs were only included in the heatmap if the interactions occurred for more than 25 % of the
strongest interaction observed in the pH 4.0 simulations. An example of the heatmap is shown in
Figure21. To visualize the residues that are involved in the PPI, the residues WQ8€ &ructure

were colored in a similar color scheme as in the heatnirégsré22).
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LoopCD 141
LoopCD 140
LoopCD 132
LoopCD 131
LoopCD 130
LoopCD 129
LoopCD 128
LoopCD 127

aC 126
aC 125

aC 124

Residue Number

aB 71

LoopAB 70
LoopAB 69
LoopAB 68
N-Terminus 9
N-Terminus 8
N-Terminus 7

N-Terminus 6

No Interactions

Residue Number

Figure 21: Protein-protein interaction (PPI) heatmap at pH 4.0.The x and yaxes describe the residue
number and their secondary structural localization of the interacting residue pair. The interacting residue
pair between different monomers from all five simulations are collected into one data set. The color scale
indicates the occurrence of the interactions between specific residue pairs. The color bar is scaled to the

strongest interaction that occurred in the pH 4.0 simulations; h&eriinus 6 N-Terminus 7 interaction.
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Aggregation
Prone

Non-Aggregation
Prone

Figure 222 The aggregationprone residues determined from the CG simulations and prediction
algorithms based on the PDB structure(a-f) Interacting residues determined from the CG simulations.
Aggregationprone residues that were involved in the PPI in the CG sirontatire colored red. Residues

not prone to participate in aggregation (blue) interacted 25 % or less compared to the strongest interaction
at pH 4.0(g-h) Aggregationprone residues are predicted from the initial PDB structure (PDB code: 1CD9)
using aggrscan3d (A3D) and spatial aggregation propensity (SAP). Red residues represent aggregation
prone residues. Blue residues representaggregation prone residues based on A8bre or SAP lower

than 25 % of the strongest A3D / SAP score from the 1CD9.
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At pH 4.0, the Nterminal part of GCSF is the main region participatingaggregationKigure21
andFigure22a). Since GCSF is highly charged at pH 4.0, it is expected that H@ZSE&Emonomers

will repel each other. However, since thaddminal part of GCSF does not contain any charged
residues, is very flexible and exposed to the solvent, it can still interact with otB&FG
monomers. Therefore, it appears thatt®l N-terminusinteractions may be one of the dominant
PPl at pH 4.0 Kigure 21 and Figure 224). Shibuya et al. studied the colloidal stability of the
backbone circularized GSF, i.e. the Nand Gtermini of GCSF are connected. Their study
revealed that backbone circularization 60SF at pH 4.0 leads tanaore aggregationesistant G

CSF when a protein denaturant is ad#fad/hen NacCl is added to the simulations at pH 4.0, both
loopAB and loopCD are participating in tR&1 (Figure22d), which indicates that the electrostatic
repulsion between the-GSF monomers is the main limiting factdrthe intermolecular long loop
interactions. The aggregatigmone residues at pH 5.0 and pH 5.0 + NaCl are foligvai similar
pattern as seen for pH 4.0NaCl (Figure22b, d, and e). The relative number of interactions is
very similar in these condition&igure20). Therefore, this suggests that the aggregation behavior
at these conditions mainly originated from the loss of the repulsion betweer(8€ @& okcules,

i.e. that colloidal stability plays a larger rdlean conformational stabilityAt pH 7.5, the short
helix in loopAB and the bottom part of the helix bundle located close to trendN Gtermini
become more prone to aggregation. AdditioNla€l at pH 7.5 has a minimal effect on aggregation
which indicates the screening of electrostatic interactions does not have a noticeable effect on G

CSF aggregation at this pH which is in accoawith our experimental data.

We also determined the aggean3d (A3D) score and the spatial aggregation propensity {SAP)
using PBD structure 1CDigure 229) to compare the results obtained from relativizgt
prediction algorithms with results from computational demanding CG simulations. Interestingly,
the A3D/SAP calculations were able to predict thgeehNninus and large area of the loopAB region

as aggregatioprone regionsKigure 22g-h). Thoseaggregatiorprone residues follow a similar
pattern as seen from the CG simulations. However, CG simulations have the advantage that
aggregatiorprone regionsan be determined in a p#épendent manner revealing addiab

aggregatiorprone regions.

Observing the overall pattern of the aggregapomne residues from the CG simulations, it
becomes clear that the aggregation mechanism-GSE is norspecific, e.g. more than one

aggregation site exists in-GSF. Previously, Meric et al. used multiple aggregation prediction
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al gorithms and suggested that L emoBs&residu#c at e d
However, the authors fourttat the point mutatioheu83>Ala did not improve the aggregation
propensity of GCSF®? which is in line with our results that indicate a repecific aggregation

mechanism.

To extract the important PPI of the@SF oligomers, we further analyzed the heatnkagufe

21). For each condition, two to fodimers that contain several different strong interaction clusters
were manually extracted from the CG siatidns. The extracted-GSF dimers are used to provide

an aggregation ensemble of@SF oligomers. The first chain of the@SF dimers was aligned to

a reference PDB structure (1CD9). After the alignments, only the second chain is shown together
with the eference structure, mapping the different pref@itein interfaces in &€SF aggregates
(Figure23).

Figure 23: G-CSF aggregation ensembld=or each condition, multiple dimer structures containing several
different strong interaction clusters were manually extracted from the CG simulations. Two to four dimers
were extracted from each atition. In total 18 dimers were extracted from the CG simulations. The first
chain of the extracted dimer was aligned to the reference structure (1CD9). The second chains of the
ensemble are shown in transparent and cyan colored structures. The retenehoe $s colored according

to the scheme used for aggregaipyone residues of pH 7.5 + NaCl (d&gure22).
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Diverse types of dimers can be observed from the aggregation ensemble. Both aggregation
ensemble and the simulated aggregafioone residues suggest that the exposed long loop regions
are highly prone to aggregation. Interestingly, the exposed helicakises are not prone to
aggregate, suggesting that a combination of electrostatic repulsion and compactness of the helical
bundle prevents aggregation of helices. At pH 4.0, the long loop regions show a positively charged
electrostatic surfac@-igure19top). Since loopAB and loopCD become aggregaoone when

sodium chloride is added or the pH is increased to 5.0, one may argue that electrpsiatmre

of the long loop region is one of the most important factors to avoid the aggregati@@SH.®ur
metadynamics simulations suggest an increase of flexibility at pH 7.5 due to the loss of the Trp
His interactions. Since the probability to obtanfalding of an alphdelix at standard conditions

is low without adding protein denaturants or heating the system, it suggests that the increase of
loop flexibility initiates the aggregation of-GSF-.

Since the CG model has a limited atomic resolutionefaarconsideration is required when
interpreting CG simulation results. In an attempt to validate and inspect the aggregation mechanism
of G-CSF, we compared the CG simulation results to SAXS measuremeiS SF Gat different

pH and NaCl concentratior{Eigure 24). SAXS can be applied to investigate the irgarticle
interactions of therapeutic protefd However, it is extremely challenging to model the protein
protein interactions in the irreversible aggregating condition using SAXS“ata other hand,

SAXS data still provides valuable information when it is combined with the CG simulations since
the combination of SAXS and CG simulations enables the direct comparison between
computational and experimentally determined aggregation behavior.
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Figure 24: SAXS scattering curves of GCSFat(a) pH 4.0 (b) pH 5.0,(c) pH 7.5,(d) pH 4.0 + 100 mM
NacCl, (e) pH 5.0 + 100 mM NacCl, an¢f) pH 7.5 + 100 mM NaCl. The protein concentration range: 2
mg/mL. The data set for pH 5.0 2 mg/mL was not included due to technical prajgieamrsngduring the
measurements.

The SAXS dta indicate that the only naggregating condition of GSF is at pH 4.0, where
repulsion between &SF molecules is observeBigure 24a). Since tle data measured at the

highest concentration is less noisy, it was used for the modeling process.

123



Figure 25: SAXS scattering profile plotted at the lowq region. The arrow illustrates the aggregation of
G-CSF with increasing pH. The protein concentrations of the samples are 7 mg/mL.

The aggregation of ®SF was initially investigated by inspecting the igwegion of the SAXS
data. According to the data showrFigure25, increasing pH and the addition of NaCl lead to an

increase in aggregation, which is in agreement with the aggregation profile deduced from the CG

simulations Figure20).

In order to investigate the fraction of higher order species of the SAXS data, the dimer fraction of
the considered samples was calculated. The obteioéztular weight of @CSF in the aggregating
conditions was between the molecular weight of monomer and dimer. Therefore, we decided that
the modeling would be focused on the dimer only. The following modeling approaches were
applied: i) fitting a dimer stcture that was obtained from rigbdy modeling using
SASREFMX3 with two highresolution monomer structures (1CD9) as an inpigufe26a) and

i) fitting of the monomer (ICD9) and the dimer structures that were extracted from the CG
simulations Figure23) using OLIGOMER* (Figure26b). Both models assume that the scattering
data are from the mixture, meaning that both monamedrdimer structures will be fitted to the
SAXS data simuhneously. Furthermore, CRYSEfwas used to fit the staralone monomer

f r o fvalde GfEh@ mondner v a |

fitting was compared to the outcomes of the dimer fitting. The obtaiineer fraction is shown in

structure

Figure26.
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Figure 26: Analysis of the dimer fractions of GCSF at different pH conditions. (a) Dimer fitting using
SASREFMX3, and(b) Dimer fitting using OLIGOMER. T hoé CR¥SOL>? is generated from the
fitting of the GCSF monomer structure. The modeling was performed with SAXS data obtained for protein

concentration 7 mg/mL.

Overall, monomer + dimer has a better fit on the experimental data than the monomer only fit,
meaning that both are gsent at all studied conditior{Eigure 27). The rigidbody modeling
approach had higher freedom to create the dimer structure to obtain an optimal fitting. Therefore,
the result obtained from SASREFMX usually gave a betteFigufe 27b). However, one must

note that the dimer structure that is generated from the rigid body modedipgrot have a
physically realistic proteuprotein interface. The structures obtained from the bguly modeling

can be found in theupporting information
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