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Summary

Summary

Nature generated a vast array of proteins with diverse funabegrsthe courseof evolution, yet it
explored only amallfraction of the theoretically possible sequence sgae@ovaproteindesignseeks

to explore tle entire space, expanding the repertoire of natural protéthsentirely new proteins from
scratchi potentially, with tailormade properties. Despite being inherently challenging, the field
achieved several milestones, with progress accelerating due to the increasing integrationref machi
learning. A notable milestone was the design of thedgstovol'IM barrel, sTIM11, which resembled

natureds most versatile protein fold.

The TIM-o r  &bbal)r e | f ol d c on sstramds $ormmd a centraj batrel, puerquradédl e | b
by eight U-helices on the outsid@his architecture is present in six of the seven enzyme commission
classes, making it a highly interesting desigrget Given the enzymatic versatility of natural TIM

barrelsthe design of sTIM1taised hope that tailonade enzymes were soon within reach. However,

progress toward functiondke novolIM barrels remained limitedA key reasorfor thisis ther highly

idealized topology with minimal loopdn contrast, atural TIM barrelshave additional structural

featuresi sud ase | o n g albopsdncludliy further secondary structural elemeritsthat form

binding pockets and position catalytic residtlerebyenabling the versatility of this foldo achieve
functionalizationof de novoTIM barrels deviations frontheir idealized architecture are essential. A

possible strategy involves two steps: first, the introduction of structural extensidorm suitable

pockets, and second, incorporation of functional residues to enable a specific activity.

To advance the functionalization, we designed and charactéwpesktsof de novoTIM barrels with
structural extensions generated to form pockets for downstream functionaliEatidhe first set, we
utilized aphysicsbased modular design approach viltle programRosetta and generated-called

UTI Ms extended wi-lbop-helix metifs. €irculat dicbroisim €CD)i sgectroscopy
reveal ed a st ehpliesal corgentinmanpazisors te a rertendedie novoTIM barrel.
AlphaFold2 prelictions of the U T | Nhsicated the formation of the designed motifith high
confidence.Additionally, due to the inserted motifs possible binding sites were predicted enabling
downstream functionalizatioBuilding on theobtainednsights, we designed the secondafete novo

TIM barrelsi so-called HalluTIMs.This setwasdiversified with two or threextensions generated by
constrained hallucinatoml he hal | uci nat ed e-hetical and exbilnies featuees e ma i |
similar to those of th& TI Ms . The r eevenledainn g np r-leclica eontsntm CM
spectroscopgompared to a neaxtendedle novol'IM barrel. Two solved crystal structures confirmed
the formation of the extension@/ithin these crystal structures potential binding sitese predicted
once againshowcasing the potential for downstream functionalizatitmwever,small angle Xray
scattering (SAXSneasurements revealed high flexibility of the extensions, complicating deamstr

functionalization and underscoring the challengestepwisdunctionalization.
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To overcomethese challenges,we introduced both structural extensions and enzymatic activity
simultaneously ira third set ofde novoTIM barrels As proof of principle,we selectedhe Kemp
elimination acommonrbenchmark reaction in enzyme designdnamedhis set ofle novdl IM barrels
KempTIMs The designworkflow combinedAl-based methods like RFdiffusion and ProteinMR fax
generating structural extensioasdthe physicsbasedsoftware Triad foenzyme desigm key aspect

of the extension design was thesitioning of one atalytic residue above the barrel. This placement
enabledheextensionso anchor the catalytic residue and form active sites simultane&xglgrimental
characterization revealed KempTIM#e firstde novol'IM barrel with an enzymatic function based on
a tailormade extensianSequence optimization of KempTIM4 resulted in improved variant
facilitating crystallization The crystalstructure revealed that the entire lid, including multiple elongated
loops, was resolvegindin close agreement to its predictidim understand why some designs exhibited
activity while others did notwe performedmolecular dynamicsMD) simulationsand identified a
narrower entrance to the active site for inactive desigres key differencéhe developed workfloss

and obtainedhsights in this thesigrovide the framework for a future family of enzymatig activede
novoTIM barrels and the exploration of the full potentiattus fold.




Zusammenfassung

Zusammenfassung

Die Naturhat im Verlauf der Evolution eine enorme Vielfalt an Proteingt unterschiedlichsten
Funktionen hervorgebracht, dabeiber nur einen geringen Teil des theoretisch mdglichen
Sequenzbereiches benu2asde novoProteindesign versucht den ganzen Bereichveavenden, um
das Repertoire naturlicher Proteshachvollig neue Proteine mihal3geschneiderten Eigenschaften zu
erweitern.Trotz derimmensen Komplexitadieses VorhabensurdenbereitszahlreicheMeilensteine
erreichtund dieHaufigkeit neuer Errungenschaften erhoht sichrath denintensiviertenEinsatz von
kunstlicher IntelligenzKIl). Ein bedeutender Durchbruch war das Design des edgtemovoTIM

barrek, sTIM11,welchesder vielseitigsten Proteinfaltung der Natur nachempfurndene

Das TIM oder( bstbarrelbesteht aus achuarallelenb-Strangenwelche ein zentrales Fadsafrel)
bilden, und v o n  a-Hdelices unieben sindDiese Topologiefindet sichin sechs der sieben
Enzymklassenwas das TIMbarrelzu einemsehr attraktiverZiel im Proteirdesign machtAufgrund
dieserenorme& enzymatische Vielseitigkeit bei naturlichen TIM barrels weckte das Design von
sTIM11 die Hoffnung, das maf3geschneiderte Enzyme bald realisiesbar konntenJedoch blieb elr
Fortschritt in Richtung funktionalelenovoTIM barrelsbislangbegrenztEin wesentlicheGrunddafur
liegt in der idealisierten Faltungon de novoTIM barrels die nur iibemi n i m aSkchéeifefveiigt

Im Vergleichzeigennatirliche TIM barred zusétzliche strukturelle Erweiterunganfi etwaldngere

b BchleifenodersogarSekundéstrukturelementé die Bindetaschen formen und katalytisch relevante
Reste platzieren und somit die funktionelle Vielfalt ermdglictm.funktionellede novoTlIM barrels
zuermoglichen, sind daher Abweichungen von ihrer idealisierten Topologie notwEimigndgliche
Strategie besteht aus zwei Schritten: zunéachst weBtleikturelemente eingefligt, die Bindetaschen
formen, und anschlief3end werden in diesen Taschen funktionelle Reste eingebratibtgewiinschte

Aktivitat auszufihren.

Um eine Funktionalisierung zu ermoglich@gnerierten und charakterisierten w&ivei Arten vonde
novoTIM barrels mit verschiedenen strukturellen Erweiterungen, die zur Ausbildung von Bindetaschen
fur eine nachfolgende Funktionalisierung beitradgém.die erste Art kam eine physikbasierte, modulare
Designstrategie mdem ProgrammRos et t a zum Ei nsat z, urhdrgestadlt wur de
die um ein oder zwei Heli$chleifeHelix-Motive erweitert wurden CircularDichroismus (CD)
Spektroskopie zeigte eine stufenweise Zunahme (#eslikalen Anteils im Vergleich zu einem
idealisiertende novoTIM barrel. Strukturvorhersageder U T | Wi AlphaFold2zeigtenmit hoher
Konfidenz die korrekte Ausbildung der eingebrachten Mativ&usatzlich wurden durch die
eingebrachten Motivpotenzielle Bindetaschen vorhergesagt, die eine nachfolgende Funktionalisierung
ermoglichen Aufbauend auf den gewonnenen Erkenntnissen, generierten wir die zweitenAte
novoTIM barrelsi sogenanntHalluTIMs. Diese Art wurde mit zwei oder drei Erweiterungen mittels
constrained hallucinatiowliversifiziert. Die halluzinierterErweiterungen waren vorwiegetthelikal

und wiesen groRe Ahnlichkeiti denUTIMs auf. In der experimentellebharakterisierungeigtendie

Vi



Zusammenfassung

Proteine erneut eine Zunahme débelikalen Anteils in einem Ci3pektrum aufZwei aufgeklare
Kristallstrukturen bestatigten die korrekte Ausbildung der halluzinierten Erweiter UBigesut wurden
innerhalb dieser KristallstrukturandglicheBindetaschen vorhergesagt, welctaes Potenzidiir eine
nachfolgende Funktionalisieruraufzeigen Jedochdeutetensmall angle Xray scattering(SAXS)
Messungerdarauf hin, dass die Erweiterungen eine hohe inharente Flexibilitat aufweiseain@as
nachfolgende Funktionalisierung erschwert und diéderausforderungeneiner schrittveisen

Funktionalisierung verdeutlicht.

Um dieseHerausforderungen zmeistern generierten wieinedritte Art vonde novoTIM barrelsmit
strukturellen Erweiterungen, die direkt maf3geschneidert fiir eine spezifische enzymatische Reaktion
waren.Als Modellreaktionwurde die Kemp Eliminierung ausgewatdine etablierte Enzymreaktion

im Proteirdesign weshalbdiese Artvon de novoTIM barrels KempTIMs genannt wurd®er
Designprozess involviert&Kl-basierte Methoden wie RFdiffusion und ProteinMPNN, um die
strukturellen Erweiterungen antwerfenund die physibasierte Software Triddr EnzymdesignEin
zentralerAspekt der Designstrategie fur die Erweiterungen war die Positionierung eines katalytisch
relevanten Restesberhalb des BarrelsvodurchErweiterungerresultierten,die diesen Rest prazise
positionierten und gleichzeitig eaktives Zentrum ausbildeteDie experimentelle Charakterisierung
identifizierte KempTIM4 als das erstde novo TIM barrel mit einer Aktivitat die auf einer
maf3geschneidertdBrweiterungbasiert Eine anschlieRende Sequenzoptimierung resultierte in einer
verbesserten Variantewglchedie Kristallisation ermdglichteDie aufgeklarte Kristallstruktur zeigte,
dass die gesamten ui&iterungen, inklusive mehrerer verlangerter Schleifenfgeldost und in
Ubereinstimmung mit den Vorhersagen sitbin zu verstehen, warumanche Designs Aktivitét
aufwiesen und andere nicfithrten wir Molekuladynamik Simulationen durchindidentifiziertenals
entscheidenden derschiedeinen wesentlich engeren Zugamgm aktiven Zentrum im Falle des
inaktiven DesignsUnsere entwickelte Designstrategie und die gewonnenen Einsichten in dieser
Arbeit bilden zukinftig die Grundlage fur weitere enzymatisch aktdes novoTIM barrels und die

ErschlieBung des vollen Potenzials dieser Faltung.

Vi



Introduction

Introduction

1 From sequence to structure to function

Proteins control and enable a myriad of diverse biological functiecisiding cell division, signaling,
immunity, and metabolisnTo perform these tasks, proteins adopt specific tHeensional structures
tailored to their functiond?rotein structures range from small monomers, such as myoglobin involved

in oxygen transport, to large complexes, such as chaperones assisting other proteins during their folding
(1i 3). To date, over 100,000 unique protein structures have been identified, each encoded by a distinct
amino acid sequendd). This sequencaletermineghe threedimensional structuref a protein and,

consequently, its functioina principle known athe sequenestructure relationshifb).

To understand hoanamino acid sequence gives rise to structitire essential to consider the chemical
nature of amino acids and the way they assemble into protein cRatts.amino acidonsists of an
amine group, a carboxyl group, and a chemically diverse side dtepare linked by their amine and
carboxyl groups forming peptide bawnd resulting in a long polypeptide chain. Each residue adopts
specific angles betweentheC U ( p h i a ¥C@ (psi angl@witkl cer@id combinations highly
preferred depending on the amino acid identity and the eventually formed secondary structure element
(6). Furthermoreeach rotatable side chain increases the conformational space exponentiadigohith
additionalresidue in the proteimssuming each residue has only three degrees of freedom, even a
relatively short protein of 101 amino acids has an astronomigaber of3!% (& 5x10*) possible
conformationsighlighting the vast stictural complexity encoded within amino acid seque(ite¥ et

in reality, proteins fold reliably and rapidly intbeir well-definedthreedimensionaktructureslf we
further assume that a protein samples new confornsatipa rate of 18 per secondexhaustively
exploringall possibleconformationswvould takeapproximatelyl(?’ years.This thought experiment,
known asL e vi nt h al undersqoraes tlempossbility of a purely random search through all
conformations, emphasizing the central question of how an aminsegignce foldfmto its final

structureéi commonly referred to as the protein folding problem.

Since proteins are known to fold within seconds or less, an alternative mechanism mubkegurioein

folding processA shift from a purely kinetic perspective to a thermodynamic one introduces the concept

of a guided folding pathway or energy landscape, where proteins adopt the structure with the lowest free
energyi known as the native sta{8). This hypothesisr ef err ed t o as iAstates nsend:
that the amino acid sequence directly encodes its native state, enabling spontaneously folding without
external guidance along the energy landscape. This energy landscape resembleshafguidés the

folding process toward the global minimum. Hereby, protein folding is driven by the formation ef short

or longrange interactions, hydrophobic packing, and the stepwise assembly of structural elements,
progressing from secondary structures the final native state fulfilling its biological function

(Figurel) (9).
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Myoglobin Chaperone GroEL

© ® @ @ © @
Towwew Qoeoww®

S

>

Protein folding
Energy

Native state

Monomer with Complex with

a heme binding site a large internal cavity
Oxygen transport Folding guidance

Figure 1: Schematic overview of thesequencestructure relationship and protein folding process Amino acidsequences,
for example myoglobin ahechaperon&roEL, fold alongtheirfolding pathway into their native statasthe global minimum.
This structurehas feature to fulfill the relevant biological functionln the caseof myoglobin (PDB: 1MBN, cartoon
representation, rainbow coloring from t C-terminus)the monomeric structui@anbind heme to facilitate oxygen transport.
The complex of the chapero@oEL (PDB: 2EU1, cartoon representatipthe biological assembly is displayed and colored
over all chaingn rainbow coloring) has a large internal cavity to assist othéeipsoduring folding.

Anfinsendbs hypothesis pr ovi-streciiraelaidnship &b the proleis i ght s
folding probl em. However, with todayds knowl edg
generalizability and account for additional observations in nature. The energy landscape is more
complex and rougher than a simplmnel leading to the global minimum; it contains multiple local

minima where proteins may become kinetically trapped, explaining the observation of misfolding and
aggregatior(10). Furthermore, the assumption of a single native state is an oversimplificatiomas

proteins adopt multiple stable conformations and transition between states in response to external factors
such assmall molecules or temperatufgl, 12), suggesting the existence of multiple native states.
Additionally, while proteins can fold spontaneously vitro, folding in vivo is often assisted by
chaperonesposttranslational modificationsand other cellular factors thsignificantly influene the

procesq13). For some proteins, correct folding may not be possible wittiesitexternal guidance

Although all these refinements are subtle, tbage agairunderscore the complexity of the protein

folding problem.
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Understanding the complex relationship between sequence, structure, and function remains kssential.
this relationship can be fully deciphered, it could be apptieal broad rangef fields (5). The three
dimensional structure of proteins could be predictieectly fromthe sequenceithout experimental

effort, saving tremendous time and resoufdgs-urthermore, thentireprotein foldingproblemcould

be inverted given a desired function, the corresponding structumeé encoding sequence could be
designed. Such capabilities woyldve the way fomddressing some of thmajor challenges of our
lifetime (14, 15).

2 Protein design- The inversefolding problem

T o d adywérsityin protein structureand functions isheresult of billions of years of evolutiofi6).
Throughout this time, proteins have continuously adapted to environmental changes, either by altering
their existing function or acquiring entirely new ones. A striking example of recent evolutionary
adaptation is the emergence of PETdsenzymes capad of degrading polyethylene terephthalate
(PET)T as a reactiomo the abundance of microplastic in the environn{éit 18). The firstefficient

PETase was discovered in the marine organdagonella sakaiensjsvhich utilizes products of PET
degradation as a carbon source. Since its discovery, numerous studies have aimed to improve catalytic
efficiency or find more potent PETases directly in nataraddresgnvironmental pollutiomausedy
microplastics(19i 23). However, in todayOos womdredhallermesékee conf
climate change, global pandemics or the rigireyalence of neurodegenerative diseases linked to longer
lifespans requiring immediate solutiorf&4i 26). While evolution could eventually sample new proteins

to address these issues, the processtidirectedandis inherently slow, unfolding over an uncertain
amount of time. Based on urgency, we cannot afford to rely purely on natural setextiits slow
pacelnstead, protein design offers a powerful alternative: the generation of novel proteins with tailored

properties andluinctions without relying on the slow process of natural evolu{@n 28).

To fully grasp the potential and difficulties of protein design, it is essential to examine the sequence
structure relationship. As discussed previously, the sequence dictates the structure, which in turn
determines function. To design proteins with spedifnctionsinvertingthe protein foldingproblemis
required, hence protein design is often called the inverse folding pr@Bigune2). Depending on the

design objective, deep insight into different aspects can be required. Enzyme design, for, instance
requires an understanding of the chemical mechanism underlying the desired erattioanecessary

active sitan the proteir(29). Similarly, designing an inhibitory binding protein against the SARS-2

receptor requires exquisite knowledge about possible binding sites to ensure sp@gjidRggardless

of the individual design objective, the fundamental challenge remains the same: identifying a three
dimensional structure capable of the desired function and determining the encoding sequence. Given the
vast combinatorial sequence spaefready for relatively small proteins of 100 amino acids the

possibilities are astronomically high 203 10%9); this task is far from trivia(15). Nonethelesshe
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field has achieved numerous milestones overphast decadesexemplified by the Nobel Prize
Chemistryawarded to David Bakdn recognition of hispioneeringcontributionsin computational

protein desigri31).

Protein Design

v

Substrate Product

—
HD @ @
—_ , O @ @
/ Designed enzyme

% . @ R ONCRG

Protein binding Designed binder

Enzyme reaction \y

; 2 Structure matching Sequence encoding
Desired function desired function the necessary structure

Figure 2: Schematicoverview for many protein designtasks For the design of aroteinwith a certainfunction such &
catalyzing arenzymatic reactiomr binding aspecific targeta protein structure needs to be found that is able to fulfill the
specific function. Additionally, an amino acid sequence encodliagiecessary protein structure needs to be faDarhic
figure in the middle panel was generated with ChatGPT.

2.1 Computational and de novoprotein design

Designing proteins with specific functions and properties is a significant challenge due to the vast
combinatorial sequence spaand required structural precisiolo overcome this, modern protein

design commonly employs computational modeling, including energy calculats@tgience
optimization, and structure prediction algorithrf82). Althought he ter m Acomput at i c
d e s i glassicaliyused to highlight tbseapproacks theuseof such toolss now so widespread that

is it frequently i mplAcecdorhkdyi nfgdryqt @ihn sd & shieggn & als

shorthand for computational protein design throughout.

To further manage the complexiof protein designmany strategies build on insights from natural

proteins Given that nature has already sampled a rich diversity of functional proteins, many design
efforts begin with existing scaffoldaarrowing the design space and enabling targeted improveiments

such as enhancing the catalytic efficiermysubstrate specificity of PETases. Howevet every

desired function or property is represented in natural proteins. In such cases, entirely new proteins must

be designed from first principlee novoprotein design addresses this need by attempting to create

novel proteindrom scratch, expanding the structural and functional repertoire beyond what evolution

has produce(l5). Beyond itspossiblepractical applicationsle novadesign also serves as a test of our
fundamental understanding of protein folding and functienn i dea captured by Ri
famous quoteWhat | cannot create, | do not understandiaking a successful designed protein a

proof of deeper understandi(@g, 33).
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2.2 Eras ofde novoprotein design

Given the challengdavolved in designing entire proteins from scratch, one might assumdethat/o

protein design is a relativelyecentsubset of protein desigiHowever, the first attemptdate back
approximately 5¢ears.In retrospectle novoprotein desigrcan be divided into three historical eras

(34) andan ongoing fourtlone (Figure3). Each era must be understood not only in the context of
prevailing knowledge about proteins but also in terms of available methodologies. The first era, starting
in the late 1970s, was dominated by manual protein design using physical models. In targ,first
modern gene synthesis was not yet available, and protein constructs were achievedftyaselid
peptide synthesis restricting the length to roughly580amino acids. Nevertheless, pioneering
achievements, suas abetabellin proteithatmimicsb-sandwich proteins, were achieved and provided

valuable insights paving the way for future milestones in protein dé35gB6).

1stera 2" era 3dera 4t era
Manual protein design Physicochem. principles Fragment based Al focus
1975 - 1984 1985 - 2000 2001 - 2020 2021 - Now

Betabellin ad-protein AlphaFold2
Quinn et al. Regan et al. Kuhlman et al. Jumper et al.

Figure 3: Timeline and milestones ofdle novoprotein design.For each erthe approximate timeframacharacteristiand

amilestone from the highlighted publications are displg$£85, 37, 38). Forthe displayed structure bétabellin & optimized

sequence from Quiret al was used for structure predictithor t he di s p | a ypoteinthe reported sequenceo f t he
from Reganet al was used for structure predictidB.e t a b e -prbteéinrand TOgZA(PDB: 1QYS)are shown as cartoon
represerdtions and colored in rainbow coloring f Cterminus.For AlphaFold2 a structural comparison betwdea

structure predictiortblue) of Myoglobin and is crystal structure (PDB: 1MBN, green) is displayed. AlphaFold2 is not to be
described ade novagorotein design but based @a high impact on the fieldt is displayed as the starting point of the fourth

era. For all generated structure predict@oiabFold v1.5.5 was uséd9).

The second era afe novoprotein design, spanning the i880s to the early 2000s, was driven by
computational approaches guided by fundamental physicochemical principles. Advances in
computational power witMolecularDynamics MD) simulations and structure determination based on

X-ray crystallography anbuclearMagnetic Resonand®MR) facilitated progress in the field. This

era focused on the generation of protein backbones by mathematical equations and sequence design by
sidechain repacking algorithms. Although constraingdtte existing methodologies, remarkable
breakthroughs were achieved, sucthad}-protein, the firstle novadesigned protein with globular
conformation in aqueous solutioar the successful repacking of small domains of natural proteins via

automated sequence des(@, 40i 42).
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The third era emergeith the early 200Q0sdriven by fragmenbased and bioinformaticalipformed
computational methods. The expanding Protein Data Bank (PE3Bprovided a growing repository

of structural data enabling the deconstruction of proteins into smaller fragments with defined sequences
and interaction patterngdditionally, advances in computing power, along with improvements in the
synthetic manufacture of deoxyribonucleic acid (DNA), opened up new possibilities for protein design
(15). During this era @ outstandingnilestone was achieved with the design of Top7, a protein with an

entire novel fold not observed in nature demonstrating the potendel mdvagoprotein desigr{38).

The ongoing fourth era ale novgorotein design is characterized by the integration of machine learning
techniqueg(44). While AlphaFold2i a groundbreaking algorithfior proteinstructurepredictioni is

not a tool forproteindesign its development marked a turning point by showcasing the potential of
machine learning in protein scien@. This breakthrough has driven tbeeationof machine learning
algorithms tailored for protein desigoutperforming the tools developed in previous arasenhancing

the complexity of achievable desigms.detailed discussion of AlphaFold2 atite role of machine

learning in protein design is provided in sectiaf the introduction

2.3 The protein design software suite Rosetta

During the third era aofle novgprotein designnumerous computg@rogramsand algorithms have been

developed to harness the full potential of protein de@&n49). Among them, Rosetta stands out as

one of the most usexbftwarepackageor modeling macromolecular structurésetta wasriginally

developed in the mid990sto tackle protein structure predictiorbut has since expanded to include

diverse modelling tasks, such as profgiotein or small molecule dockir{§0). Despite the increasing

number of packages, they all rely on a fundamental comporieimts et t ads eBleWhjey f unct
the energy function has been continuously refined, its core principle remains unchasgeshe

energy of a macromolecular system using a linear combination of weighted terms that balance physics
based and statistically derived potentialseSé termsncorporate various factors includingin der

Waals energies, hydrogen bonds, electrostatics, disulfide bonds, residue solvation, backbone torsion

angles, sidechain rotamer energies, and an average unfolded state reference energy.

To address the protein folding probleRosettaab initio structure prediction was developed. This
method constructs the tertiary structure of the query sequence by assembling small residue fragments of
known structures with similar local sequen¢Bg). To navigate the energy landscape, escape local
minima and convert to the global minimum, a Monte Carlo simulated annealing procedure is employed
(53). The iterative prediction, driven by Monte Carlo sampling, begins with a fully extended
conformation. At each step, a randomly selected fragment window is sampled and scored using an
adapted energy function. Normally, conformations with increased energgjacted, but they can be
accepted with a certain probability basedthe Metropolis criterianThe probability of acceptance is

based on the Boltzmann factor including the energy difference of the sampled conformations, the
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Boltzmann constant and a temperature factor to regulate the exploration of higher energy states. During
the simulated annealing protocol, additional energy terms are added to enhance the accuracy in structure
sampling, while the temperature factor is gatjudecreased to lower the acceptance rate of higher
energy conformation3.his approach allow®r the generation of many predictions for a given sequence

in a shorttime, effectively sampling a broad range of possible conformati®nsevaluate the
predctions, the energies are scored and compared. A prediction is typically considered prdmising
there are structures in a global energy minimum with a substantial energy gap to alternative
conformations resulting in a s:alled funnekhaped landscap€omparable Monte Carlo samplings are
employed in other Rosetta applications, such as sequence optimization, as they provide an efficient and
computationally feasible method for exploring conformational sg&de While Rosettaab initio

structure prediction demonstrated encouraging results compared to techniques available at that time
(55), it is outperformed in accuracy, consistency and sequence length by nowadays established deep
learning methods.

Al t hough one of Rosettads original purposes was
range of tools footherdesign tasksuch as proteiprotein dockingbinder desigror enzyme design

(561 61). Amongthese tools within the Rosetta softwatite RosettaRemodel stands out as a versatile
framework capable of including diverse challenges in the design objective, such as loop insertion or
deletion, symmetricadlesignor even fullde novaostructuremodeling(62). RosettaRemodel relies on
several key features of Rosettd) its energy function(2) fragmembased structural building derived

from the PDBand(3) iterative sequence design for optimization. A key component of RosettaRemodel
are secalled blueprint files, which define each residue and their corresponding secondary structure
within a protein. For design purposes these blueprints can be modifabeldifng or adding residues

with specific constraints allowing full customizability to achieve the désikesign objective. The
potential of RosettaRemodel is evidenirialtiple successfullesignapplicationsincluding the circular
permutation of an epitope scaffold for binding an-&H¥ (Humanlmmunodeficiencyirus) antibody

and the design of a chimeric protein dwnming an HIV glycoprotein with a humagranulocyte

macrophage colongtimulating factoto enhance immune resposgé3, 64).
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3 Al revolution in protein science

As discussed previously, advances in fields not directly related to protein desigh as synthetic

gene manufacturing had significantly influenced its development throughout its his®©One of the

most rapidly advancing fields today is artificial intelligence (Al), particularly deep learning neural
networks, which have revolutionized both everyday applications and advanced scientific r@&arch
These networks, inspired by the interconnection of neurons in the human brdearcatoidentify
patterns from large datasets and perform complex tasks such as image recognition and natural language
processing66). Typically, these networkare composedf three connected layer&) aninput layer
thatreceives the raw daté) hidden layershatprocesdhe received datand(3) anoutputlayerthat
generates the final outputhe learning process involves the adjustment of parameters in the hidden
layersto minimize a loss function, which quantifies the difference between the generated output and the
actual targetthereby guiding the model toward improved accu(ddy. Anotherkey factor influencing

the performance of machine learning algorithms is the availability of éangeints of higkguality data.

In this regard, protein science is particularly walitedfor Al usage as it provides wide variety of
diverse and publicly accessible welirated database€onsequently, humerous machine learning
approaches were developed, supporsipglicationssuch astructure prediction, sequence desigder

novoproteindesign(Figure4).
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Figure 4: Overview of different machine learning approachesused in protein design AlphaFold2 isusedfor structure
prediction and takes a protein seques@puiand predicts the correspondistgucturg4). ProteinMPNN is used for sequence
design and takes a protein structasenputand predict#ts amino acid sequen¢&?). Hallucinationgeneratsde novroteins

by optimizing random sequences of certain lengths mmoducs structures and sequencgs). RFdiffusion is used for
backbone generation asgte n e r attaeesby @hbising random noisg9). For AlphaFol@ and ProteinMPNN the
displayedstructureis myoglobin (PDB: 1MBN cartoon representation, rainbow coloringt®l C-terminus) For Hallucination
and RFdiffusion Hallucination ColabNotebook.1 or RFdiffusion ColabNotebookl.1.1. was used to generate the
corresponding output (Hallucinatiostructure in cartoon representation, rainbow coloringdNC-terminus; RFdiffusion:
Noi s e -tsanectolo@din blue)

3.1AlphaFold2 1 Solving the protein folding problem?

Determining the structure adopted by a specific sequence withouttinseiming and labéntensive
experiments is a lonkasting dream in protein biochemistry as the sequstroeturerelationship holds
valuable insights into protein function, evolutiopaelationship and biological mechanisi@a$. The

need for reliable structure prediction tools is highlighted by the growing discrepancy between the
number of known protein sequences and experimentally validated structures. This discrepancy continues
to grow, impacted by high throughput metagenoexperiments identifying billions of sequences per
experiment, outpacing the growth of deposited structurdseiRDB (70). To bypass the slow process

of experimental structunealidationandhelpclosethe gap, robust and accurate structure prediction tools

are a necessityn this contextthe scientific community has been organizimgCritical Assessment of

protein Structure Predictio(CASP) competition since 1994 in which participants can validate their

developed tools via blind predicti¢il).
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In 2018 DeepMind, an Afocused company owned by Google, participated in the CASP13 competition
for the first timewith its structure prediction tool AlphaFo{@2). AlphaFold outperformed competitors

in the prediction of novel folds with a considerable enhancement in the overall performance compared
to previous assessments. Its success was mainly based on two key c@ljagpiang co-evolutionary
analysis to map residue-gariation in protein sequence to physical corgtatiprotein structures and

(2) employing deep neural networks to find patterns in sequences-avdlationary couplings to build

up twodimensional contact magg3). However, these approaches are not unique to AlphaFold, as
neural networksrecommonly used in structure predictions tools, driven by the continual growth of the
PDB.The real leap forward happened with the development of AlphaFold2 for CASRQ20rwhere
DeepMind entirely reworked its existing model, introducing a novel neural network architéeture
This new architecture consists of two major blo¢k$the Evoformer module, whichenerates first

array, that represents a processed multiple sequence alignment (MB8é&pn second arraythat
representsesidue pair interactionsatilizing attentionbased component&) and the structure module,
which utilizes tleserepresentatiogito construct a structud). This rework dramatically enhanced the
performance of AlphaFold2, enablirgcurate andeliable structure predictioat atomic resolution
Additionally, AlphaFold2 evaluates the reliability of its own prediction using an internal confidence
metric known as the predicted lochtance difference test (pLDDT), which correlates with the actual

local distance difference testhen compared to an experimentally solved structure.

The success of AlphaFold2 had a huge impact on biological reqg&icibeepMind made the code
public andestablished the AlphaFolgrotein structuredatabasen collaboration with theEuropean

Mol ecul ar Bi ol ogy Laboratoryés <EBIr(o6p Byanow iBi oi nf o
contains over 200 million predicted structures, covering entire proteomes and much of the UniProt
databaseThe AlphaFoldprotein structurelatabase starte close the gap between known sequences
and structuresand provides researchers with fast and easy access to structural data. Despite
Al phaFol d26 si Jahrt JunpenaeddeisnHassabis were eveecognized with the Nobel

Prize in Chemistryfor it (31) 7 it has certain limitations, such as the absence of ligands, DNA and
ribonucleic acid(RNA), the training on only single chain proteins or no consideration of dynamics.
However, updated or newer versions like AlphaFoldMultimer or AlphaFold3 overcame these limitations
to some exten77i 79).

One ongoing debate is whether AlphaFold2 has truly solved the protein folding problem or not, as it
predicts static structures and does not provide insights into protein folding or the underlying energy
landscape and dynami@5). Neverthelessthere is no doubt that AlphaFold2 has deepened our

understanding of the sequersteucture relationship, accelerated research across numerous fields and

started the Alriven era in protein design.

10



Introduction

3.2Inversion of protein structure prediction

Various deep learning approachssch as conformation samplings®quence desigwere already in

usein protein desigrbefore the release of AlphaFold20i 82), but its release intensified the usage.

I nspired by Al phislasid pdreiples, the strmatues predicton ol RoseTTAFold

was develope@®3). Whereas AlphaFold2 employs a tivack architecture, in which the sequence and
contact map processing are completed before the generation of the atomic coordinates, RoseTTAFold
features a thretrack architecture. This architecture enables the bidiregtioformation flow between

all levels of data allowing a more integrated data processing. While AlphaFold2 outperforms
RoseTTAFold in structure prediction tasks, RoseTTAFold hgokatimpacton protein design as its

flexibility and adaptability providean excellent framework for various protein design tasks.

The potential of structure prediction networks dier novoproteindesignwas first demonstrated with
trRosettg84), a predecessor of RoseTTAFold, by the inversion of the prediction to generate new protein
sequences and structur@s). In this approachcalled hallucinationthe procesbeginsby passing a
random sequence into the neural netwibit predicts arinitial contactmap (Figure5). As arandom
sequences unlikely to fold intoadefined structure, the initial contact map shows no pafterrmprove

the sequence, the network apphesiterative Monte Carlo sampling strategy: one residue is mutated at
a time, and the corresponding contact map-msvaluated85). Through repeated cyclethe algorithm

aims to optimizethe contact mapia its lossfunction gradually sharpening h e  rfeatprés®
resemble those of structured proteiAfter sufficient optimization steps, the resulting contact maps
showcasg characteristics similaro those predicted for naturally occurring sequentbs method
generated novel proteins with diverse sequences and characteristics of idealized pimtilvance

this approach toward functional protein desigfanget al. develogd constrained hallucinatid86).

Unlike hallucination, which generates proteins without constraints, this method is trained to incorporate
a predefined functional site with minimal distortion into the hallucinated protein. The final methodology
replaced trRosetta with RoseTTAFold andled multiple loss functia) regarding the preservation of

the functional site, distinguishing it from the original approach. Additional proebjsenific loss
functions are possible, enabling a broader spectrum of possible desigi téskgqproach enaddthe

design of functional proteins by preserving key functional sites from known proteins and hallucinating
stabilizing scaffoldsround themas demonstrated in the successful design of both naeidlprotein
binding proteins. A particularlynotable feature of constrained hallucination is its ability to
simultaneously design both sequence and strydturmontrast to most design approaches that focus

either on sequence or backbone level.

11
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Figure 5: Principle of hallucination. The structure of a randosequence is initially predicted, resulting in a contact map with

weak features. The network iteratively optimizes the sequence using Monte Carlo sampling to enhance contact map definition.
After sufficient iterations the final contact map exhibits stronger features, corresponding-tiefinetl protein structures.
Hallucination ColabNotebook v.1 was used to generate the hallucinated protein (structure in cartoon representation, rainbow
coloring N to C-terminus). Contact maps were calculated using theiols serve(87).

3.3Neural networks specialized in backbone or sequence design

For the specified task of either backbone or sequence design, multiple deep learning methods have been
developed(88i 92). Two of the most used and waktablished tools are RFdiffusion for backbone
design and ProteinMPNN for sequence design. These are commonly combined with AlphaFold2, which
completes a possible computational degigeline (Figures) and outperforms the joint design by
constrained hallucinatior{67, 69). RFdiffusion is based on a generative diffusion model with
RoseTTAFold finetuned for denoising tasks to generate highly diverse protein back{@#edhe
underlying denoising diffusion probabilistic model, commonly used in image generation, offers some
advantages for protein design tasksjtgenerates diverse structural output while allowing guidance at
each denoising step througbnditioning tavard specific design objectiveBhe generation o protein
structure happens iterativelgtarting from a random residue frame, RFdiffusion predictzartially
denoised versiorThis prediction is then used to update the previoarme which serves as ¢hinput

for the next iterationThrough multiple cycles of denoising, the model progressively refines the
structure producing a plausible protein structure from the initial random néisethe design of
functional proteins, the same strategy used for constrained hallucination can be appitezhal sites

are specified in the beginnipngreserved throughout the entire diffusion process supported by the
generatedcaffold. In addition to this strategy, RFdiffusion ciake advantagef its underlyng network
architectureto generate proteins conditioned on various other design objectives, such as specific
symmetres, topologies,or binder design. Across these taskdiffusion has demonstratddgh
experimental success rat@sd structural accuracyt is important to note, however, that RFdiffusion
generateo n | y -travesof tieldesigned proteins, with sequence design subsequently performed by
ProteinMPMNN (67).

12
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ProteinMPNN, based on a messggessing neural network (MPNN) trained on the PDB, addresses the
inverse protein folding problem by taking an input backbone and assigning an optimized sequence to it
or to be more precisgredicting its sequenc@&herefore a backbone encoder modaemputegyraph

nodes and edge featurdsased ot he di st anc e s, Oediviiml€ hr eNl, a tCOI e CCU
C Urame orientations and rotatigrsnd backbone dihedral angldhe subsequent decod®odule

assigns an amino iacidentity at one position andpdates thelata representatidn an autoregressive
mannerusing the context of previously generated amino acidsaludlates a probability distribution

from which a new amino acid typepsedicted44). In silico analysis demonstrated that ProteinMPNN
achieves a higher native sequence recovery rate dbanence design witRosetta Additionally,
structure predictiomindicated that the assigned sequences more strongly encode the intended structure
than the native sequenc@hese findings are supported bgxperimental studies validag
Protei nMPNNOs &ciogpdarioss designeasgets including monomers, cyclic oligomers
and proteirprotein interfaces(67, 93i95). The design workflow combining RFdiffusion and
ProteinMPNN is completed by structure prediction using AlphaFold®s step is necessary for
validating whether the designed sequence is likely to fold into the target stroichoeAdditionally,
AlphaFold2 enables effective filtering of candidate sequences for experimental charactevaseidn

on structural similarity to the design model and its confidence score.

denoising steps denoising steps

Random noise Co-trace

RFdiffusion ProteinMPNN AlphaFold2

Backbone generation Sequence design Structure prediction

Figure 6: Designworkflow with RFdiffusion, ProteinMPNN and AlphaFold2. The backbone generatiai RFdiffusion
starts with random noise, whiihdenoisedn multiple stepgo forma  @dte of a proteirThe design workflow continues
with sequence design with ProteinMPNMhich assigns a possible sequence th e-tracedThe designed sequence is used
for structure prediction via AlphaFold2 to verify if the designed sequence folds back to the intended stExeampe
structure generated viRFdiffusion ColabNotebook v1.1.1.

Despite RFdiffusionbés and Protei nMPNNO&s remar kat
physicsbased methods, the original versions were limited to protein identities. However, updated
versionsi RFdiffusionAA and LigandMPNN were modified toncorporate small molecules, DNA

and RNA into the design proce@6, 97). These new versions achieve remarkable results in the design

of DNA or small molecule binders, but the success rates are lower than for the original versions and

their design tasks. Notably, the advance is still ongoing, and the mentioned methods Inegdye a

surpassed, highlighting the extraordinary pace of innovation in the field of protein design.

13
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3.4 Possibilities and future challenges for Al

The pace of new milestones in protein design increased significantigcent yearsiue to the
integrationof Al. However, several challenges remain. One key concern, if neural networks continue to
dominate the fieldistheblack box probleni our inability to fully comprehend how these models make
decisions.While this lack of transparency did not hinder the success of neural networks in protein
design, as demonstrated by the methods discussed and their achievements, it contradicts one
fundamental objective of protein design: to deepen our basic understangirgeins. One possible
solution is the use of explainable Al (XAl), which focuses on two aspatagpretability, understanding

t he mo d e |-Making grecess,sanda@xplainability, understanding how the model learns during
training(98). As this improved transparency is crucial not only in protein design but alaéeity critical

Al applications, such asutonomous driving amedicaldiagnogs the field is likely to expand rapidly

(99). As we have observed during other eras of protein design, advanadfadentfields often
influence the progress of protein designjritght bethat XAl will play a role in advancing our

fundamental understanding of proteins.

Beyond the black bogroblemof neural networks, there are still challenges inherent to protein design
that must be tackled. One major challenge is the integration of flexibility and conformational dynamics
into the design process. Successfully incorporating these features wouighbe ddvantageous,
particularly for the design of functional proteins such as antibodies or enz2B)etn parallel, new
methods for evaluating these aspects duttiegdesigrprocess are needed, as most current approaches
rely on static structural models for scoriglvancements in this area could pave the way for designing
responsive protein switches, enabling precise intracellular assembly or even the regulation of gene
expression to influendie phenotypg?27, 28). Despite remaining challenggwptein design continues

to advance rapidly, with increasingly complproteins(29, 100' 103) being designed for specific
applications using refinamethodologie$104i 106). As a result, protein design is already proving to be

a powerful strategy and holds even greater promistor addressing oday 6s scienti fic

challenges.
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41The TIM-barrelfoldi Nat ur e6s mos't versatil e

Althoughde novoprotein design is often associated wiitle generation of novel folds, such as Top7,
the reconstruction of existing protein folds from first principles providegakable test of our
fundamental understanding of protei@ne outstandinghallengeisn a t u r e \Gersatilefads the
TIM-barrel fold(107, 108). It was identified in1976 as studies otriosephosphate isomerase (TIM)
solved a crystal structurgiving the newly observetbpologyits name(109). More descriptively, the
fold is referred to a¢h /)stbarrel as its structure consists @fjhtp a r a Isttared$ forfng a central
b-barre| surrounded bgight Uhelices, building a closebarretlike architecture (Figur@) (110). The
ubiquitous TIMbarrelfold has become a model system in protein science including protein evolution
and folding(16) and by nowmany key features of this fold have been unrav@le8). Detailed analysis

of the centrab-barrel revealed a shear numbeeigfhtfor all TIM barrels,describing the residue shift
which is requiredto return to the same starting point when following a hydrdgmmed path
perpendicular to the strands around the bétl). Another defining aspect of TIM barrelstie spatial
separation of stability and functio8tability is provided by théower regionof the barrel referred to
asstability facei which consistsof the hydrophobic barrel core-tNe r mi nal -stramds and f
t he ¢ on Aleps(ll2ndd). L dontrast, the upper region is referred to as catalytic &acthe
Cterminal endstoé&ntseas ew éldopsifoanrbcavitiés and gnehoreatalyficU
residuesnaking the TIMbarrel fold one of the most versatile enzyme scaffolds in nature.

Catalytic face

Stability face

N Cc
Figure 7: Overview of the TIM-barrel fold. The fold is shown as a threfmensional structure (PDB: 3UWU) and as a-two
di mensional tefmeled@y ag ®@h ehetiwes mbred and Igopseirewhite in the structure and as a line in

the schemeEightrepeatingd Ginits (highlighted with a grey box in the topologigrm a barrelike structurewith termini at
the stability face, and additional secondary structure elements within the cataly(itifacel3).
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TIM barrels are present in six out of seven Enzyme CommiggiGnhclasseswith translocases being

the only exceptiorf110. Given their enzymatic versatility, it /ot surprising that almost 10% of all

known enzymes adopt this fold. Despite this enormous number, common patterns can be observed as
85%o0f these enzymes participate in metabolic reac(ipd8. Additionally, a preference faregatively

charged moietie their substratessuch as @hosphate groyps commongventually mediated by a
positive potenti-mél i neu cwidt Hogps & anachtd\giafad@ld. Ab U
outstanding exampl e of t h etrioephbsphHate isomerasd esseatialz y mat i
key enzyme in glycolysi€l14). It catalyzeshe isomerization of dihydroxyacetone phosphate (DHAP)

to glyceraldehyde -phosphate (GAPgnsuring the catabolism of DHAP and a net yield of adenosine
triphosphate (ATP) from anaerobic glucose metabo{iktB). This isomerization is catalyzed diffusion

limited, reaching catalytic efficiency close to its maximum possible value®d1£G&* making TIM a

model for enzyme studies since its disco@te). Now 199crystal structures from 42 different species

are available reflecting the lorgganding interest in this enzyme and f@ld?7).

4.2 The race for the first de novoTIM barrel

Given itsbiologicalabundance anoutstanding enzymatjootential, the TIMbarrel fold is an attractive

target for protein design, particularly for enzyme design. Already in the early 1990s, initial attempts
started to desigartificial TIM barrels relying orpurely statistical analysis of a small set of nataras

These attempts resulted in proteins with a high content of secondary structure, but which most likely
adopt a molterglobulelike state(118 121). With increasing availability of structural data on natural

TIM barrels and advancements in computational methatksy, design attempts explored backbone
generation based on parametric features derived from the natural ddia2séP3). These designed
proteins again exhibited strong secondary structure content and even showed indications of the intended
tertiary structure but suffered from low solubility and conformational stab#ityollow up study
optimized one design by directed evolution, but structural characterization revealed, rather than the
intended TIMbarrel topology, a resemblance to a Rossmiéenfold (124). Another attempt by
Nagarajan and colleagues in the year 2015 introduced the concept of a symmetrical TIM barrel to
simplify the design procesfl25. They utilized Rosetta foboth design andab initio structure
prediction.Despite providing more insights into essential design principles for the desired fold, the
resulting proteins displayed again mohgobule like behavior. Although none of these studies
succeeded in designing a TIM barrel, the findings provided valuaitghts for future design strategies

and the challenges encountered emphasized the complexity of the fold.

With further advancements in protein design and a deeper understanding of the principles of idealized
proteins(126), Huanget al revisited the challenge ofde novolIM barrel in 2016(111). To make the
design of ale novaol'IM barrel achievablethey simplified their approach by targetingidealized fold

with the highespossiblesymmetry Based on the alternating pleat of paibestrandsatthe centerthe
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highest feasible symmetwyasfour-fold. This symmetry in combination witie Ub rule for idealized

proteinsi which indicates the orientation of the first residue withirstrand following a U-helix i

and the shear number @ifjhtobserved in natural TIM barrels significantly influences the design of the

inner b-strands (Figur®) (126). By considering all these principles, they determined that only four

i dent i c a]withnd$trahd regisieshi within a unit and a shift of two residues between units

can satisfy all prerequisiteAs a direct consequencéhese propertiesnfluence the necessary
characteristice f  thblieesotleachb U Bufit. Specifically, thddh e | i x b e tswemds witht wo b
a register shift of zer o mthsetl i lxe bledsiwgaswittdawd rmor
register shift of twoTaking all thes@rinciples and requiremeritdo accountthe design process started

with the generationdd ac k bones wit h a-strandsxaaddryilge rggh hef-f bheehb
helix and loop in the repeat unising RosettaRemodel. In the next dtegse subunits were propagated

into four successive tandem repeatitm a full TIM barrel Subsequentlythe stucture with the most
extensively hydrogen bonded cylindrical shewes chosen for iterative sequence design, ongoing until

the sequences converged to a final amino acid compasit®an additional design step, a circular
permutation was performed for some designs to introduce an extra loop at the stability face, and two
cysteines were introduced to form a stabilizing disulfide bond. Such a design, namely sTIM11, was
crystallized ad the solved structure revealed the successful design of thedimgivoTIM barrel. By
comparison with the computational model a high level of accuracy, even on the side chain level, was
observed, showcasing the successful design strategy and deep understanding chbtueel figld. An

important outcome of the design stiatanext to the high accuracy was an entirely novel sequence for
sTIM11 as homology searches indicated only a distinct relationship to natural TIM barrels. With these
results the firsde novoTIM barrel without any evolutionary bias was achieved and gilaenhigh

potential of its fold, it raised the expectations that tail@de enzymes were within the reachlehovo

protein design.

alf rule . . Alternating register shift pattern

Figure 8: Design principles of the firstde novoTIM barrel. s TI M11 ( PDB: 5BVL) i s -stdetsipl ayed a
g r e ehelices Io red and loops in white. Accordingtothé b r ul e, applied to the stability
of tshter alnd (|l i ght green) phelix freds sTEMMais/ foufold symmetrit, endicptedeby theo us U
dashed | i n-gheeti§Fdesigned to hawe no $trandstegshift within a unit and a shift of two residues between units
(daswmdad amd i ndi cat es -stiard). Malksdesign primciplesfare shbven within the figureh Schemes

adapted from Huanet al.and Kogeet al. (111, 126).
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4.3The expanding family ofde novoTIM barrels

After the successful design of sSTIM11 from scrafanther optimization and expansion of tkde novo
TIM-barrel family progressed rapidlfone early optimizatioraddressed two cysteines introduced
during thedesign procest form a stabilizing disulfide bond, however, the bond failed to form as
intended.To avoid thepotential presence of reactive thiols, both cysteines were reverted to their
symmetryrelated counterparts, resulting in the variant sTIM11nd€Eygure9) (16). Starting from this
variant the TIM-barrel family wasfurther expandedby an optimization approach focused on
hydrophobic repackinffL6). Stabilizing mutations were introducédthe internal, bottom and top core

of the barreland combinatoriallytested The resulting set ofle novoTIM barrels, referred to as
DeNovoTIMs(Figure9), showed an increased thermostabijlityth certain designs remaining folded at
100°C. In a separate approach inspired by natural TIM barrels, a salt bridge cluster was intedduced
the bottom of several previous desigmiednovoTIM barrels(127). These variants were denoted with
the suffix 06SB6 t otheiinrabdicedastltebridgetuster (Figure. &hile the o f
insertion of these salt bridge clusters did affect thermostability, it impacted conformational stability
and improved thecrystallization properties, thereby contributing further to tmtimization and

expansion of thee novolIM -barrel family.

sTIM11 sTIM11noCys sTIM11_helix3
First de novo TIM barrel * Removal of two cysteines > Introduction of a minor helix

}

DeNovoTIMs
Optimizing of hydrophobic packing

DeNovoTIM-SB
Introduction of a salt bridge cluster

Figure 9: Overview of selectedoptimized and modified de novoTIM barrels. All structures are displayed as cartoon
representationis white and each optimization or modification in comparison to sTIM11 is colored inTilaesamesoloring
scheme is applied to the topology scheriiég firstmodification ofsTIM11 (PDB: 5BVL)was the removal of two cysteines
resultingin sTIM11noCyssTIM11noCys was used to introduzeninor helix at the catalytic face, resulting in sTIM11_helix3
(PDB: 7A8S) In addition, sTIM11noCysvas used as a starting pointdptimize the hydrophobic repacking of the barrel
resuling in multiple designs referretb as DeNovoTIMs (Exemplary structurBeNovoTIM13 PDB:6YQX). Multiple
DeNovoTIMsand sTIM11wereusedto introduce a salt bridge clustatrthe bottom of the barrdenoted with the suffix SB
in their namegExemplary structure: sTIM:$B; PDB:OSU).
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As a model system in protein design, the Tbilirelfold served often as a challenging design target to
validate newly developed design pipelines, resulting in additional family members with diversified
sequencefo2, 128 129. The diversity on the structural level was enhanced by the generatiateof a
novoTIM barrel with an ovoid shape deviating from the established circular architecture of previous
ones(130. Despite thgrowingnumber ofde novoTl'IM barrels, most retained the highly idealized fold

of the original sTIM11with minimal loops.One notable exception ike extendede novoTIM barrel
sTIM11 helix3(Figure9). This de novoTIM barrelis based on sTIM11noCys but has an additional
minor helixat the catalytic faceSimilar small helices arérequently observedh naturalTIM barrels

where they areoften involved in phosphatdinding. The rationaé behind this desigmvas that
introducing a secondary structure element at the catalytic face could increase the available surface area
andpotentially forma pocket therebyfacilitating downstream functionalization with ligand binding or
enzymatic activity(131). Another outstanding example of diversification and edemnstream
functionalization was achieved by Caldwetlal. (132). Utilizing the established fotfold symmetry of

de novoTIM barrels, they divided the barrel into two parts and fused it witte anovodesigned
ferredoxin. Through homodimerization a TIM barrel withbig cavity on the catalytic face was
generated. By introducing additional mutations within this pocket, they endiidtly specific
lanthanide bindingA follow-up studydemonstratethe potential of this lanthanid@nding proteinas

a photoenzymg133). The bound lanthanide enablexlical GC bond cleavage of 1-@ols upon
visible-light irradiation making thisthe firsti and todate onlyi enzymatic activele novolIM barrel.
Despitethis remarkableexample progress toward functionale novoTIM barrels with tailormade

reactions is slower and more challenging than expected.

5 Aim of this thesisi Tackling the limitations of denovoTIM barrels

After decades of unsuccessful attempts, the design of sTiMté firstde novoTIM barreli was a
milestone fode novopr ot ei n design achieving the generatior
any evolutionary backgroun@1l). Soon after, variants &fTIM11 with enhanced thermodynamic
stability, improved crystallization properties, diversified sequence or oval shape were designed, further
expanding thele novoTIM-barrel family (16, 69, 127, 130. However, while the design of sTIM11

initially raised hopes to achieve taiorade enzymes and despite one outstanding example of introduced
lanthanide bindingaind photoactivity(132), the functionalization ofle novoTIM barrels have yet to

meet expectations. The challenges and reasons for the slow progress become apparent by a comparison
betweerde novaand natural TIM barrel@-igure10).While natural TIM barrels employ extended loops,
secondary structure elements, or even additional domains at the catalytic face to form pockets and anchor
catalytic residuegje novaoTIM barrels lack these features due to their highly idealized structure with

minimal loops. Moreover, the possiblewsttural diversity of the catalytic face is further decreased by a
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circular permutation common to madg novoTIM barrels reducinghe number of designabie toops
on the catalytidace in contrast to their natural counterparts. Therefore, structural modifications to
deviate from the idealized architecturedefnovol' IM barrels are crucial to support functionalities such

as small molecule binding or enzymatic activity.

o

N C

N C
Figure 10: Comparison ofde novaTIM barrels with natural ones. sTIM11 (eft structurePDB: 5BVL) and triosephosphate
isomeraser{ght structurePDB: 3 UWU) are shown as car tscheeretrse mrres esrhtoamni o nn

helices in red and loops in white in the structure and as a line in the topology scheme. The surface of the core ligintet(high
with a grey box in the topologys displayed in grey for both structures. The idealized structure of sTIM11 results in limited
surface area and no pockets as it features only short loops in addition to the barrel architecture. In natural Tikdigores, a
structural elements arelongated loops at the catalytic face enable the formation of functional pockets. sTIM11 is circular
permutated in comparison to the natural TIM barrel.

This thesis aims to overcome the limitationsl@iovor IM barrels and advance their functionalization.
Hereby, the focus is on the structural diversification of exisiegiovoTIM barrels by introducing
secondary structure elements to generate pockets for possible binding or enzymatic activitydéarious
novo TIM barrels were generated which anchor structural extensions and provide pockets for the
incorporation of functional residues in a downstream step. Obtained insights frondé¢heseoT IM

barrek were applied to generate a new seti@iovoTIM barrels with tailormade extensions for a
specific enzymatic activity directly, achievimgultiple activede novoTIM barrek and providing the
framework for future functionalizedie novoTlIM barrels.
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Extending ade novoTIM barrel with rational designed motifs i UT | Ms

A potential strategy for functionalizingle novoTIM barrels involves a two-step approach: first,
introducing structural extensionin the scaffold proteinto form a suitable pocketand second,
incorporating functional residues into this pocket to enable a specific activity. Previous work by Wiese
et al. attempted to generate such a pocket by introducing a small helix at the catalytit¥§ce
However,the crystal structuref the modified barretevealed that the introduced helix deviated from
the intended motif, and itenited size was insufficient to generate a pock@tderingprogress toward
functional de novoTIM barrels. Nonethelessthese initial attempts provided valuable insight&e
hypothesized that achieving pocket formation requaegerstructural extensions that are as precisely

controlled as possible to avoid unintended deviations.

In our first publication, we applied these principles by intraniyidarger coiled coils, which offer
rational designability and tunable size based on their heppadisequencél34). To generate suitable

coiled coils for insertion, we selected coiledil sequences from literature and used Rosditmitio
structure prediction for modelingrigure1l). Since the project started during the third era@ihovo

protein design before AlphaFold2 and comparable-Bdsed tool§ all computational methods relied

on physicsbased approaches. Since the obtainedldalyth coiledcoil motif was disproportionately

large compared to the TIM barrel, we truncated the sequence slighélypredcted dructure of the
shortened motif did not resemble a coiled coil but adopted aloelxhelix motif, however based on

the highquality, as indicated bya funnel shaped landscapwe proceeded with the fragment
incorporation. Using RosettaRemodel, we tested diffeébetbops of sTIM11 for the insertionand
identified the bsUk-loop as the most suitable one. As the inserted motif revealed high conformational
flexibility with respect to the TIM barrel, we <c
Urhelix rigidifying the extension. To restore the originally intended ceitgititopology we performed
sequence optimization of the motif basedimndharacteristic typical heptad sequence pattewever,

this optimization did not restore the intended topoldlggughit further stabilized the motif. Based on

this workflow we selected two desigh€JTIM1 andUTIM2 i which differ inthe amino acid sequence

in theirextensionln additonwe r ati onally designed a thifd vari
capping motif intathe extension o T1 M1 t o f uit. ©un computatiorealbvorkflowzuslized
sTIM11 as the startingcaffold however tirther optimized variants were developedhe meanwhile
Forexperimentatharacterizatiorwe introducedour designed extensions into sTIM11noQpdially,

we testedUTIM1, UTIM2 and UTIM3, but only UTIM2 could be produced irsufficient yields and
showed indication of a successful formation of the intended motif. Based on these early experimental
insights, we identifiedJTIM2 as the most promising design and subsequently introduced its extension

a second time. Utilizing the fodold symmetry of the TIM barrel and given the positions of the termini,
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we incorporated the motif in tHels- andbsUr-loop without further optimization generatitfIM2-2.
We then proceeded with the experimental characterizatidoTidfi2, featuring one extension, and

UTIM2-2, featuring two extensions.

sTIM11
PDB: 5BVL

aTIM2-2
Rosetta model

0123 4567 8
RMSD

1. Ab initio modelling
2. Insertion into the barrel

v

N 5 U8 278 S

2 2 & 2
ACHEAEEEE ol o
5 7, 5 7, 5 2, ; 7. 3. Madification & optimization

4. Motif duplication

Figure 11: Design overviewof the U T | Mmhe starting scaffold for the design workflow wsEIM11 (PDB: 5BVL),
displayed as cartoon representation and topology in white. The design pipeline started atitmitie modelling ofa small
helix-loop-helix motif resulting in a good prediction based on the funnel shaped lan¢Bgapeabove the arrowYhis motif

was inserted in sTIM1iesulting in models with a high conformational flexibility of the inserted fragrtfenire below the
arrow). To reduce this flexibility a continuous helix with the outer helix of the barrel was consandtdte motif was furthie
optimized. After initial experimental characterizatitie designed motif was duplicated in other regions of the barrel without
further modifications resulting id T | {2 2isplayedhs cartoon representation a@ngology with all extensions in comparison

to sTIM11 highlighted in redigureadapted from Kordest al.(134).

For those two proteinsjze exclusion chromatograpkwth multi-angle light scattering (SERALS)
measurements showed a stepwise increase in the hydrodynamic radius, while CD spectroscopy revealed
an i nc r-rel@a eonténtwithleach extensioompared to sTIM11noCysupporting a correct
incorporation of the helt#oop-helix motifs. Although the melting temperature remained comparable to
the original scaffold, each additional introduced motif reduced gites-c indicating a modest
destabilization ssociated with thextensiongFigure12A). Apart fromCD measurements, we did not
obtain structural data, such dsray crystallography, NMR or SAXS, to validate the formatiornhef
helix-loop-helix motif. However, with the release of AlphaFold2 in the meanwhile, our Rosetta designs
were supported by the AlphaFold2 predictions, showing high confidence and only minor deviations
within the angles of the extensiafsgure12B). Additionally, the neural network PUResNET, designed

for ligandbinding site prediction, identified potential binding sites formed byirtserted motif above

the barrel, underscoring the potential for downstream functionalization with ligand binding or substrate
recognitionsites(Figure12C). However, several factors may complicate downstream functionalization.
The pockets are relatively solvent exposed and not taibmte for a defined function and no exact
atomic coordinates are available due to the absence of an experimentally solvarestiastertheless,

even if the generated proteins are not directly suitable for functionalizétiey provided valuable

insights for future functionalization attempts. We learned that the size and identity of the extensions
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were sufficient to contribute to pocket formation, the selected insertion points and loops resulted in well
behaving proteins andle novoTIM barrels can successfully accommodate multiple structural

extensions.
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Figure 12: Overview of the characterizationo f t h e AOfeldésimed proteind T1 M2 ( bl u e (yebow)d UTI M2
showed a progressivdestabilizatiorwith each extension, compared to the base scaffold sTIM11noCys (grey), as observed in
melting curves monitored byD. B. An AlphaFold2 prediction (barrel in white and extensions colored according to the pLDDT

score) indicated the correct formation of the inserted fragmershiomiedminor deviations in the angles of the extensions in
comparison to the Rosetta model (yello®).A pocket (displayed as surface in red) was predicted by BNIRE within the

Rosetta model enabling downstream functionalizafiagures taken from Kordest al (134).

Structural extensions in the era of deep learning HalluTIMs

The design of th&TIMs was conducted during the third eradefnovaprotein design, but by its ending,

the field entered the fourth era with newly available and powerful tools like AlphaFold2, constrained
hallucination and ProteinMPNNhspired by the structural diversity observed in hallucinated proteins,

we applied constrained hallucination to generatenew set ode novoTIM barrelsreferred to as

HalluTIMs and described in my secopdblication(135). This set was diversified with two or three
extensionsat the catalytic facéo further enhance the surfageeaandlikelihood of pocket formation

(Figure13). Based orour knowledge from th&TIMs regarding weloehaving insertion points and

required extension size, veelected suitabléagment lengths and insertion pointithin the chosen

base scaffolsTIM11-SB. We initially chose constrained hallucination due to its ability to generate

di verse secondary structure el ementhdicaledensioasy er |, t
similar to t,hkelgaresultrof otrlngertidh pdinkd svithin helices. Nethieless, given

the successful pocket formation observed in the
refined them in a second round of constrained hallucinafisrthis refinement did not improve the

pLDDT score of the best designs, we proceeded with sequence optimization of the extensions via
ProteinMPNN followed by structural validation with AlphaFold2. This approaesulted in designs

with high pLDDT scores. From these, six candidates were selected for experiohemgadterization.

Three & the selected designs featured extensions ibAbie andbsUr-loops, while the remaining three

anchored an additional extension in la€k-loop. These designs were named HalluTINKXwhere the

f i r sindicateXtibe number of extensions and the second distinguishes individual proteins within each

category.
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HalluTIM3-1
PDB: 8R80

sTIM11-SB
PDB: 70SU
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Figure 13: Design overview othe HalluTIMs. The starting scaffold of the design workflow was sTIVER (PDB: 70SU),

displayed as cartoon representation and topology in white. To extend the barrel, two or three insertion regions in the outer
helices were chosen and extensions were hallucinated csirggrained hallucination (scheme above the arrow, insertion
regions in blue, resulting extension in yellow). Multiple rounds of constrained hallucination were performed to refime certai
areas of the extensioasd subsequently, theatireextensions were used for sequence optimization (scheme below the arrow,
refined extension regions in yellow, sequence optimized regions in green). This workflow resulted in multiple HalluTIMs, such
as HalluTIM31 shown as carton representation (PDB: 8R&@) topology with all extensions in comparison to sTINER
highlighted in redFigureadapted from Beckt al (135).

The experimental characterization the HalluTIMs revealed higHevels of soluble expression and
purification yieldsacrossall designgepresenting significantimprovement over thelTIMs, of which

only one initialdesignresulted in sufficient yields for its characterizati®&EGMALS measurements
showed for all designs, except one, a monomeric elution behavior and increase in hydrodynamic radius
compared tsTIM11-SB. While CD spectroscopy revealed an increasé-ilicity in comparison to

the base scaffolcho stepwise increase with each additional extension was observed. In contrast, to our
experience from theJTIMs, the incorporation of the structural extensions did not lead to a
destabilization but to an increase in the melting pointcpiia-c for some design@-igure14A). With

the crystallization and structure determination of HalluTi#2and HalluTIM31, we confirmed the
successful formation of the structural extensions, whereby one extension in HaldTW4& not
entirely resolved. Our design HalluTIM2was in close agreement with the crystal structure, whereas
HalluTIM3-1 exhibited deviations in the angles of théensiongFigure14B). As these discrepancies
occurred in regions with a high number of crystal contastsconducted SESAXS measurements to
investigate their structure in solution. This analysis revealedhtbatrystal structurelespite its crystal
contactsmore closely reflects the solution stdtan the AlphaFold2 predictigqfigure14C). However,

no structureor prediction of HalluTIM22 and HalluTIM31 fully agree with the experimeratl data
indicating considerable flexibility in the introduced extensiddespite the indicated flexibility, we
soughtto assesshe potential for downstream functionalization using PUResNET to prediiential

binding sites within the crystalized HalluTIMBereby, ve identifiedin both HalluTIMs apotential
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pocketwith variablesize HalluTIM2-2 exhibited a smaller pocket, while HalluTIM3formed a larger
one due tahe additional extension. These findings highlight the capacity of the Hallufblgkrve as

a scaffold for accommodating ligands of varying sizes.
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Figure 14: Overview of the characterization of the HalluTIMs . A. The designed proteins HalluTIM2 (red) and
HalluTIM3-1 (blue) showcased amcreasedhermostability in comparison to the original scaffold sTIMBR (black) within

melting curvedollowed by CD.B. A comparison between the crystal structure (barrel in white and extensibhg)jrand
AlphaFold2 (barrel in white and extensions in green) of HalluFiM&vealeddeviations in the angles of the extensions.

C. SEGSAXS measurements of HalluTIMBindicated thathe crystal structure (blue lin& in closer agreement with the
experimental dateb(ack dots) than the AlphaFold2 prediction (green line), whereby both fits are not in perfect agreement with
the data sggesting a higher flexibility of thextensionsFigures taken from Beadt al (135).

The successful design of the HalluTIMspresents an improvement over tHEIMs in terms of
experimentalsuccess rate anpotential fordownstream functionalization. An even higher surface
increase is achieved due to the insertion of more extensions and atomic coordinates are available due to
multiple solved crystal structures. Additionally, the observed stabilization instead of destialiliz
indicates a higher robustness of the HalluTIMs eventually necessary for downstream functionalization.
Despite representing a valuable steppingstonertbti@ functionalization afle novoTIM barrels, the
downstream functionalization of HalluTIMs is likely highly challenging based on the considerable

flexibility of the extensions.

Introduction of an enzymatic activity in a minimal TIM barrel i KempTIMs

The introduction of a binding function and especially enzymatic activity requires high accuracy.
Realizingdiverse functions within a preformed pocket of a scaffold protein is highly uni{&8g).
Consequentlyunlocking the full potential ofde novoTIM barrels requires moving beyond the
conventional twestep strategy of pocket formation followed by downstream functzatain To
address this, we developed a stratdmt integrates the design of both a tartmmde pocket and its
corresponding function a single stepThis led tothe design of a new set afe novoTIM barrels,
describedin detail in our third manuscript(137). As proof of principle, we selected the Kemp
elimination, a benchmark reaction in computational enzyme defigolving carbonbased proton
transfer Accordingly, we named this set KempTIMEo generatét, we developed a new workflow
called CANVAS (Customizing Aminacid Networks for Virtual Activesite Scaffolding) which
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combines neural networks for backbone and sequence design with the protein design software Triad for
enzymedesign (Figurd5) (47). As an additional step tofacilitate functionalization, we applied

circular permutation to de novoTIM barrel to increase theumbero f desi tpopatnite b U
catalytic face.For this purpose we usedDeNovoTIM6-SB and selectedwto different permutation

points, generatingtwo new variantd NT6-CP1 and NTECP21 that closelyresemblethe termini
positions ofhaturalTIM barrels.In additionto thesecircularly permuted designse included ale novo

TIM barrel with low sequence identity to sTIM1ha its derivatives aiming to further diversify our

startingpoints.

NO,

NT6-CP1 G KempTIM4-2
AF2 prediction ° PDB: 9QKX
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Figure 15: Design overview of the KempTIMs Starting from a minimatle novoTIM barrel, such as the AlphaFold2 (AF2)
prediction of NT6CP1 (cartoon and topology representation in white), we placed one catalytic residue of the theozyme inside
the barrel and the second one above the barrel without any connection to the TIMThlgrieburel scheme above the arrow,
theozyme in blue). Subsequently, we extended the minimal TIM barrel to connect the second residue and build up an active
site, which was optimizetb support the transition state (Tibarrel scheme below the arrow, theozyme in blue, extension in
magenta, residues optimized during pocket design in orange). After initial experimental characterization a sequence
optimization of the whole barrel was fmmed resulting in KempTIM£2, shown as cavbn representation (PDB: 9QKX) and
topology with all extensions in comparison to the minimal TIM barrel highlighted ifrigare adapted from Beak al (137).

Based on thénding of rather flexibléhelical extensionm the HalluTIMs we realized thahe backbone

design needs to be guided by the desired reaction to generate a suitable pocket. This guidance was
achieved by the placement of one catalytic residue of the theozyme, a computational model of an
idealized enzyme active site with catalyticgpe arranged to stabilize a transition state, above the barrel

not connected to the structure. By connecting the residue tstithetureusing RFdiffusion and
ProteinMPNN, we generated extensions anchoring the catalytic residue and forming a pocket for th
enzymatic reaction simultaneously. Several of these lids were composed of multiple extensions,
consisting of a major helical extension and elongated loops, displaying greater structural variance than
the relatively idealized extensions of tbEIMs and HalluTIMs and more closely resembling the
structural extensions of natural TIM barrels. After designing the pocket with Triad to achieve the optimal

environment for the reaction and performing extensive computational filtering, we identifiectiore a
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design during experimental characterizatifigure1l6A), showcasing comparable activity to
previously designed Kemp eliminagd88). This protein, named KempTIM4, is the fidg novolIM

barrel with an enzymatic functidmased on a tailemade extensiarDespite being active, KempTIM4
displayed several unfavorabl@roperties, including low expression levels and purification yjedds
higher random coil content in CD measurements than expentgd; destabilization compared to an
idealized TIM barrel and tendency to aggregaae higher concentration$o addresshese issuesa
sequence optimization of the whole protein, excluding the active site, was performed using
ProteifMPNN, resulting in a stabilized varianamed KempTIM42. This optimizedvariant showed
improved expression, solubility, structural integrity, and thermal stability. Howeavetlso showed
altered enzymatikinetics, characterized by the absence of saturafieigure16A) and reduced
dependency on the second catalytic residismbservedoy only a slight decreasi activity in the
alanine mutantUnlike the HalluTIMs,which did not requirea sequence optimizatioof the entire
protein the increased complexity of the extensions and a destabilization of the core due to the pocket
design may have led to this necessiBiven the improved properties of the optimized variant
incorporating a sequence optimizatioh the entire barrel early in the design strategy may be
advantageoufor the generation dtture functionalde novorlIM barrels.
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Figure 16: Overview of the characterization of the KempTIMs.A. Enzyme kinetics of KempTIM4 (datapoints as filled
symbols and fit as solid line) arikempTIM4-2 (datapoints as open symbols and fit as dashed line); KempTIM4 exhibits
substrate saturation within the solubility limit while KempTIM4loes not reach saturatid®. A comparison between the
pocket of the crystal structure (bluahd the designed pocket (minimal TIM barrel and lid colored white and magenta,
respectively) revealed correct positioning of the catalytic residue in the barrel (ba68jsplacementf the second catalytic
residueanchoredbn the lid (N46) and suboptimalpreorganization of the active sit€. MD simulations indicated a smaller
bottleneck radius as the key difference between active (KempTIM4 and KemgZljiddl the noractive design (KempTIM9).

Figures taken from Beo#t al (137).

With the improved properties of KempTIM2lwe were able to solvts crystal structure. The entire lid

was resolved in the structure and in close agreement with the AlphaFold2 prediction underscoring that
our design pipeline generated stable extensions. Modest activity can likely be explained by a slight shift
of the lid aad hence the position of the anchored catalytic residue as well as a poor preorganization
within the pocket(Figurel6B). This poor preorganization is likely to contribute to the low affinity
toward the substrate and the reason why no density of the transition state analogue was observed in the
active site despite the presence in the crystallization condidrihe active site and substrate affinity

can be tackled by downstream optimization via directed evolution or computational methods utilizing
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the solved crystal structur8ince weobserved a high number of crystal contacts within the extended
regions, we performed SEEAXS toinvestigate their behavior in solution.i¥imeasuremernidicated
that the lid likelyadops a conformation in solutiooomparable to its crystal structyas models lacking

the lid or featuring a displaced version showed poorer fits to the experimental data.

Having demonstrated that our design pipeline generated stable extensions, we tried to understand why
KempTIM4 and itsoptimized variantwvere the only active designs. To investigate this, we conducted
MD simulationscomparing the active designsth@inactivevariantKempTIM9. This particulardesign

was selectedbecausat displayedhigh expression levels, well-folded structuren CD spectroscopy
and a high melting temperature, which rdl®ut misfolding as the cause of inactivitgtructurally,
KempTIM9 featured a single, largextension consisting of lzelix and an elongated loop, in contrast

to KempTIM4, which contained multiple insertioffieMD simulations revealed that only the original
design KempTIM4 maintaineah active state conformation of both catalytic residues with the transition
state analogue. In contrast, the inactive design and KempZIsidwed weaker contacts of the second
catalytic residue, anchored on the lid, explainthe reduced dependence on this residue in the case of
KempTIM4-2. The key difference between the active and inactive variants sigigificantly narrower
entrance to the active siin case of the inactive otleat likely restricts substrate binding and led to
inactivity (Figure16C). While other potential factors for inactivity cannot be entirely excluded, ensuring
greater activesite accessibility, a feature of highly actkkemp eliminases, during lid generation should

be considered for future denigipelines to enhance the success rate and catalytic efficiency of the active
variants. Although higher catalytic efficiency within the first round of designs is desirable, we
successfully designed enzymaiiy activede novol IM barrelsand gained valuable insights for future

design strategies.

Overall findings and journey ahead

As is common in protein desigresults must be interpreted in the context of existing knowledge and
available methodologie. he UTI Ms were generated during the t
primarily on Rosettaand targeting a challenging design objective back ti@amsequently, the
experimental success rate was low, and no experimentally ssilvetiures were obtained. However,

newer Atbasedechniquessuch as AlphaFold2 and PUResNI&d@icatedthat the designed extensions

and pocketswere successfully formedWith the ongoing Al revolution in protein design and the
integration of methodsuch asonstrained hallucin&in into the design pipeline, it is now possible to
generatade novoTIM barrelswith motifs similar to theUTIMs i without rationaly guided desigri
achievingsignificantly higher experimental success ratedmarkinga major leap forward idesign

capabilities. The resulting HalluTIMs howed i mproved behavior over tF
potential for downstrearfunctionalization,supported by both solved crystal structures and predicted

binding pocketsHowever, the ongoing advances in protein desitake it possible to overcome the

28



Synopsis

procesf pocketformationand downstream functionalization and enable gteg functionalization, as
demonstrated by the KempTIM®Vhile the design of the KempTIMs represeatsignificant step
forward their design would not have been possible without the foundational work and insights gained
from the UTI Mshowcasihg aHancipleuo prodim design as each design deepened the
understanding for thieinctionalization(Figure 17).

aTIM2-2 HalluTIM3-1 KempTIM4-2
AF2 prediction PDB: 8R80 PDB: 9QKX

» Simultaneous design of

» Rational design of extensions * Al-based design of extensions extensions and function
 Low experimental success rate mmpp ¢ High experimental success rate = « First de novo TIM barrel
» Formation of potential pockets * Formation of potential pockets with an enzymatic function

based on a tailor-made lid

Figure 17: Overview of the designedsets ofde novoTIM barrels . Each protein is shown as cartoon representation and
topology. Structural extensions are colored red and the unmodified parts of the TIM barrdmygotéant details of each set

are summarized as bullet pointéie increased diversity and complexity within the structural extensions are observable with
each further design generation.

This thess aimed to overcome the limitationsdagf novorl' IM barrels and advance their functionalization

i and successfully met these objectvBehh e UTI Ms and Hal |l uTl Meenaveduced
TIM barrels as theyormed pockets available for downstream functionalizatiehile also providing

crucial insightghat enabled the desigri enzymatially activede novoTIM barrek, the KempTIMs.

However, this marks not the ehdt rather the beginning of the journey for functiodal novoTIM
barrels,given theenormous potential of the THdarrel fold.As natural TIM barrels catalyze nearly

every known type of reactipthere is immense potential to introduce a variety of functionsistwmvo

TIM barrels.This is the start foa future family of enzymatially activede novoTIM barrels and the

exploration of the full p ,dréedrontevolationarg hiasn at ur e 6 s mo
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Abstract

Computational protein design promises the ability to build tailomade proteins de novo. While a range of de novo proteins have been constructed
so far, the majority of these designs have idealized topologies that lack larger cavities which are necessary for the incorporation of small molecule
binding sites or enzymatic functions. One attractive target for enzyme design is the TIM-barrel fold, due to its ubiquity in nature and capability
to host versatile functions. With the successful de novo design of a 4-fold symmetric TIM barrel, sTIM11, an idealized, minimalistic scaffold
was created. In this work, we attempted to extend this de novo TIM barrel by incorporating a helixloop-helix motif into its fe-loops by applying
a physics-based modular design approach using Rosetta. Further diversification was performed by exploiting the symmetry of the scaffold to
integrate two helix-loop-helix motifs into the scaffold. Analysis with AlphaFold2 and biochemical characterization demonstrate the formation of
additional e-helical secondary structure elements supporting the successful extension as intended.

Graphical Abstract

Keywords: (S«)8-barrel, computational protein design, helix-loop-helix, TIM-barrel

Introduction

De novo protein design aims to expand the protein universe
by creating new sequences with predefined properties. Much
progress has been made over the years in the design of
specific topologies from scratch, including all-e (Regan and
Degrado, 1988; Doyle et al., 2015), all-g (Dou et al., 2018;
Marcos et al., 2018) and «f proteins (Huang er al., 2016)
by recapitulating natural folds or even creating completely
new topologies (Kuhlman et al., 2003; Pan et al., 2020; Yang
et al., 2021; Minami et al., 2023). One particular protein
fold has challenged the field for many years: the (Ba)s- or
TIM-barrel fold. Ubiquitous among enzymes it is one of the
most common protein topologies in nature and catalyzes a
multitude of reactions (Sterner and Hacker, 2005), The TIM-
barrel fold is adopted by about 10% of all known enzymes
and is present in six out of seven Enzyme Commission (EC)
classes. It is organized in eight alternating Bo-subunits that
form a central eight stranded, parallel S-barrel surrounded
by eight a-helices (Banner et al., 1975; Maes et al., 1999;
Wierenga, 2001). A key feature of this fold is the spatial

separation of stability and catalytic function. Protein stability
is built up by the hydrophobic core of the barrel and the o8-
loops at the N-terminal end of the S-strands (‘stability face’)
(Urfer and Kirschner, 1992; Vijayabaskar and Vishveshwara,
2012), while the catalytically active residues are located at
the C-terminal end of the g-strands (‘catalytic face’) (Nagano
et al., 2002). Substrate binding usually occurs via a cavity
formed at the central surface of the 8-sheet, supported by the
Ba-loops on the top of the barrel (Thoma et al., 2000).

Due to its recurring use and diversification in nature,
the TIM-barrel fold is a highly interesting design scaffold.
For more than two decades researchers endeavored to
identify the main structural determinants of this fold to
create a TIM barrel from scratch (reviewed in (Romero-
Romero ef al., 2021b)). Finally, Huang et al. (Huang et al.,
2016) succeeded in constructing an idealized TIM barrel,
called sTIM11, using the physics-based Rosetta software
suite. Since then, optimized versions of sTIM11 have been
designed resulting in an expanded de novo TIM-barrel family
(Romero-Romero et al., 2021a; Kordes et al., 2022). Recently
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the repertoire has been further extended to include an ovoid
shaped TIM barrel using Rosetta design (Chu et al., 2022)
and the application of a learned potential neural network to
furnish the sTIM11 structure with new sequences (Anand
et al., 2022). Similarly state of the art Al-based methods
like AlphaFold2 (Jumper et al., 2021) and proteinMPNN
(Dauparas et al., 2022) have been applied by Goverde et al.
(Goverde et al., 2023) using sTIM11 as a starting point to
create de novo TIM barrels with a low sequence similarity
to the existing variants. Despite the growing number of de
novo TIM barrels, all still miss the crucial feature of cavities,
pockets or extended loops on the ‘catalytic face’ suitable for
ligand binding or catalytic activity compared to natural TIM
barrels.

For the construction of a functionalized de novo TIM barrel
extended surfaces or pockets are an essential prerequisite. Dif-
ferent approaches could be followed to achieve this, ranging
from elongation of unstructured loops, via the introduction
of small structured elements, up to the insertion of complete
domains. Wiese et al. (Wiese et al., 2021) diversified sTIM11
by the incorporation of a small helix into one of the fa-loops.
In another work, a designed ferredoxin fold was fused to a
split TIM barrel variant to create a homodimer with a cavity
that could be functionalized by introducing a metal-binding
site (Caldwell et al., 2020). These two approaches showcase
the ability of de novo TIM barrels to serve as a starting point
for the introduction of further extensions and functions.

In this work we aimed to extend the family of de novo TIM
barrels by adding larger secondary structure elements to the
‘catalytic face’. We decided to follow up on the small helix
insertion of Wiese et al. and introduce an elongated helical
motif. To obtain a suitable secondary structure fragment, we
started with the ab initio modeling of de novo antiparallel
coiled coils, that resulted in a stable helix-loop-helix motif.
This fragment was incorporated and optimized to construct
a continuous helix with the barrel using RosettaRemodel
(Huang et al., 2011).

Taking advantage of the symmetry of sTIM11, two copies
of the motif were inserted analogously, creating a TIM barrel
with even larger surface area and pocket like feature (Fig. 1).
Experimental characterization of these «TIMs showed an
increase in a-helical content as well as hydrodynamic radius.
The data emphasizes the formation of extended helical struc-
tures and AlphaFold2 analysis furthermore supports that this
purely physics-based approach led to successful designs of
extended de novo TIM barrels.

Materials and Methods
Design protocol

All modelling and design steps were performed with the
Rosetta molecular modelling suite using the scoring function
ref2015 (Leaver-Fay et al, 2011; Alford et al., 2017). The
command line options can be found in the supplementary
information. An overview of the design protocol is given in
Figure 2.

Antiparallel coiled coil - Rosetta ab initio

A fragment for insertion was created by structure prediction
using Rosetta Ab Initio (Simons et al., 1997; Raman et al.,
2009). An antiparallel de novo coiled-coil from Myszka and
Chaiken (Myszka and Chaiken, 1994) was used as a starting
point. The sequence was adapted to fit our requirements:
N- and C-termini were changed from Cys to Val, the sequence

was tailored to two heptad repeats for each helix and the
loop length was reduced to three residues (Gly-Gly-Pro).
Fragment files for ab initio prediction were created using
the Robetta server (http://old.robetta.org/fragmentsubmit.jsp)
(Raman et al., 2009; Song et al., 2013). The predicted models
were tested for convergence by calculating the RMSD (root
mean square deviation) for all decoys against the lowest
scoring model. The best scored model was used for subsequent
design steps.

Insertion and optimizations — RosettaRemodel

Insertion of the generated fragment into sTIM11 (PDB ID:
SBVL (Huang et al., 2016)) was performed with RosettaRe-
model (Huang et al., 2011). Flags for RosettaRemodel can be
found in the supplementary information. After each remodel
calculation, the models were relaxed and scored (Nivén et al.,
2013). For each subsequent optimization of the inserted
fragment or the transition region the secondary structure
and amino acid identity in the blueprints were adjusted and
restricted. Models for experimental characterization were
chosen based on Rosetta score and geometrical features of
the inserted fragment, in particular proper connection and
a continuous «-helix extending from the motif all the way
through the barrel.

Biochemical materials

All reagents were purchased from Sigma-Aldrich or Carl Roth
in analytical grade unless otherwise stated. All solutions were
prepared with deionized water. Oligonucleotides were ordered
from Eurofins Genomics. Enzymes for cloning purposes were
obtained from New England Biolabs GmbH. Cloned con-
structs were verified by sequencing at myGATC or Eurofins
Genomics. All other constructs were ordered readily cloned
in a pET21b(+) vector from BioCat.

Cloning methods

aTlM1to 3

The initial constructs with a single inserted secondary struc-
ture element were cloned using oligonucleotides with over-
hangs annealing to the flanking regions at the insertion site
of the TIM barrel. We used the construct sTIM11noCys as
starting point for the extensions as before (Wiese et al., 2021)
since the two cysteines in sTIM11 did not form the originally
intended disulfide bridge (Huang et al., 2016). In initial poly-
merase chain reactions (PCR) fragments of the 5" half of the
aTIM genes were generated by using a T7 promotor primer
and the reverse primer of the secondary structure element,
while the 3" half was constructed by using the forward primer
for the secondary structure element with the T7 terminator
primer. The PCR reactions were loaded on a 1% agarose gel
and fragments with correct sizes were cut and purified using
the NucleoSpin Gel and PCR Clean-Up Kit from Macherey-
Nagel. In a subsequent PCR reaction the fragments were
joined at their matching overhangs and further amplified
using the T7 primers. PCR fragments were again purified as
described. Fragments were then digested for 1 h at 37°C using
Ndel and Xhol restriction enzymes. Accordingly, pET21b(+)
was linearized using the same enzymes. After another purifica-
tion step, insert and vector were ligated using T4 DNA ligase
and an incubation at 4°C overnight. Chemically competent
E. coli Top10 (Novagen) cells were transformed with the
ligation reaction and incubated at 37°C overnight on agar
plates. Colonies were picked and cultivated at 37°C, shaking
at 180 rpm in LB media with ampicillin (100 pg ml=!) for
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sTIM11noCys

aTlM2 aTIM2-

N

Fig. 1. Base scaffold and models of the extended TIM barrels. Structures are shown as cartoon representation with their N- and C-termini highlighted
as dots. (a) Crystal structure of sTIM11noCys (PDB ID: 6YQY (Romero-Romero et al., 2021a)). The fourfold symmetry is indicated by dashed lines and
a-helices are denoted according to their order. (b) The Rosetta model of «TIM2 with the base scaffold displayed as outline and the introduced
helixloop-helix motif highlighted in solid. (¢) The Rosetta model of «TIM2-2 with the base scaffold displayed as outline and the two introduced

fragments as solid cartoon.

plasmid preparation using the NucleoSpin Plasmid EasyPure
Kit from Macherey-Nagel. The cloned genes were verified by
sequencing.

Overexpression and protein purification

E. coli BL21(DE3) cells (Novagen) were transformed with
the plasmids, plated on agar plates containing 100 g ml~!
ampicillin and incubated over night at 37°C. Single colonies
were picked to inoculate LB precultures supplemented
with ampicillin (100 ug ml~!) and incubated at 37°C at
180 rpm overnight. 1 | of Terrific Broth (TB) were inoculated
with 10 ml of the preculture and grown at 37°C until an
ODgop of 0.8-1.0. Then overexpression was induced by
addition of isopropyl-D-1-thiogalactopyranoside (IPTG) to
a final concentration of 1 mM. The expression cultures for
sTIM11noCys and «TIM1, 3 and 2-2 were incubated for
4 h at 30°C. «TIM2 was incubated at 20°C overnight. Cells
were harvested by centrifugation (Beckman Coulter Avanti
J-26 XPI, JLA-8.1000, 15 min, 4000 g, 15°C) and pellets
resuspended in 20 ml buffer A (50 mM NaP pH 8.0, 150 mM
NaCl, 20 mM imidazole). Cells were lysed by sonication
(Branson Ultrasonic Sonifier 250, output 4, duty cycle 40%,
3 x 3 min with 5 min pauses) and then centrifuged (Beckman
Coulter Avanti J-26 XPI, JA-25.50, 1 h, 40000 g, 15°C).

All purification steps were performed at room temper-
ature. The supernatant was loaded onto a preequilibrated
HisTrapHP column (5 ml, Cytiva Life Sciences) coupled to
an AKTApure system (Cytiva Life Sciences). Target protein
was eluted with a 30% step wash against buffer B (50 mM
NaP pH 8.0, 150 mM NaCl, 500 mM imidazole). The peak
fractions were pooled and further purified on a HiLoad
26/600 Superdex 75 preparative grade column (Cytiva Life
Sciences) preequilibrated with buffer C (50 mM NaP pH 8.0,
150 mM NaCl).

Size exclusion chromatography-multi angle light
scattering (SEC-MALS)

SEC-MALS measurements were performed using a Superdex
75 Increase 10/300 GL column (Cytiva Life Sciences)

connected to an Agilent 1260 Infinity II HPLC system,
coupled to a miniDAWN multi-angle light scattering (MALS)
detector and an Optilab differential refractive index detector
(dRI) (Wyatt Technology). All experiments were performed
in buffer C with 0.02% NaN3 at room temperature and a
flow rate of 0.8 ml min~! using a protein concentration
of 1 mg ml~! and an injection volume of 100 ul. Data
collection and analysis were performed with the ASTRA
8.0.2.5 software (Wyatt Technology). A BSA standard
sample at 2 mg ml~! (Pierce) was used for MALS detector
normalization, correction of peak alignment and band
broadening. The signal from the dRI detector was used as
concentration source for molar mass determination.

Far-UV circular dichroism

Circular Dichroism (CD) spectra were collected with a Jasco
J-710 after dialyzing samples into 10 mM NaP pH 8.0 and
adjusting sample concentration to 0.2 mg ml~—!. Far-UV spec-
tra were recorded in the range of 190-260 nm at room
temperature in a 1 mm cuvette, with a 1 nm bandwidth,
1 s response time and scanning speed of 100 nm min~'. 10
accumulations were measured per sample to obtain the final
spectrum. Normalization was done by subtraction of a buffer
spectrum and conversion to mean residue molar ellipticity
(®MRE) using:

e x MW

® =—
MRE= 10xdxcxn

where © is the measured ellipticity in mdeg, MW the molec-
ular weight in Da, d the path length in c¢m, ¢ the protein
concentration in mg ml~! and n the number of residues in
the protein.

Thermal unfolding followed by circular dichroism

Thermal unfolding curves of the samples were measured in the
temperature range of 20-95°C at 222 nm with 1 nm band-
width, 1 s response time and a heating rate of 1.0°C min~!.
Measured unfolding curves were analyzed with the Denatured
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