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Summary 

Nature generated a vast array of proteins with diverse functions over the course of evolution, yet it 

explored only a small fraction of the theoretically possible sequence space. De novo protein design seeks 

to explore the entire space, expanding the repertoire of natural proteins with entirely new proteins from 

scratch – potentially, with tailor-made properties. Despite being inherently challenging, the field 

achieved several milestones, with progress accelerating due to the increasing integration of machine 

learning. A notable milestone was the design of the first de novo TIM barrel, sTIM11, which resembled 

nature’s most versatile protein fold.  

The TIM- or (βα)8-barrel fold consists of eight parallel β-strands forming a central barrel, surrounded 

by eight α-helices on the outside. This architecture is present in six of the seven enzyme commission 

classes, making it a highly interesting design target. Given the enzymatic versatility of natural TIM 

barrels, the design of sTIM11 raised hope that tailor-made enzymes were soon within reach. However, 

progress toward functional de novo TIM barrels remained limited. A key reason for this is their highly 

idealized topology with minimal loops. In contrast, natural TIM barrels have additional structural 

features – such as elongated βα-loops including further secondary structural elements – that form 

binding pockets and position catalytic residues thereby enabling the versatility of this fold. To achieve 

functionalization of de novo TIM barrels, deviations from their idealized architecture are essential. A 

possible strategy involves two steps: first, the introduction of structural extensions to form suitable 

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

To advance the functionalization, we designed and characterized two sets of de novo TIM barrels with 

structural extensions generated to form pockets for downstream functionalization. For the first set, we 

utilized a physics-based modular design approach with the program Rosetta and generated so-called 

αTIMs extended with one or two helix-loop-helix motifs. Circular dichroism (CD) spectroscopy 

revealed a stepwise increase in α-helical content in comparison to a non-extended de novo TIM barrel. 

AlphaFold2 predictions of the αTIMs indicated the formation of the designed motifs with high 

confidence. Additionally, due to the inserted motifs possible binding sites were predicted enabling 

downstream functionalization. Building on the obtained insights, we designed the second set of de novo 

TIM barrels – so-called HalluTIMs. This set was diversified with two or three extensions generated by 

constrained hallucination. The hallucinated extensions were mainly α-helical and exhibited features 

similar to those of the αTIMs. The resulting proteins revealed an increase in α-helical content in CD 

spectroscopy compared to a non-extended de novo TIM barrel. Two solved crystal structures confirmed 

the formation of the extensions. Within these crystal structures potential binding sites were predicted 

once again, showcasing the potential for downstream functionalization. However, small angle X-ray 

scattering (SAXS) measurements revealed high flexibility of the extensions, complicating downstream 

functionalization and underscoring the challenges of stepwise functionalization. 
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To overcome these challenges, we introduced both structural extensions and enzymatic activity 

simultaneously in a third set of de novo TIM barrels. As proof of principle, we selected the Kemp 

elimination, a common benchmark reaction in enzyme design, and named this set of de novo TIM barrels 

KempTIMs. The design workflow combined AI-based methods like RFdiffusion and ProteinMPNN, for 

generating structural extensions, and the physics-based software Triad for enzyme design. A key aspect 

of the extension design was the positioning of one catalytic residue above the barrel. This placement 

enabled the extensions to anchor the catalytic residue and form active sites simultaneously. Experimental 

characterization revealed KempTIM4, the first de novo TIM barrel with an enzymatic function based on 

a tailor-made extension. Sequence optimization of KempTIM4 resulted in an improved variant 

facilitating crystallization. The crystal structure revealed that the entire lid, including multiple elongated 

loops, was resolved and in close agreement to its prediction. To understand why some designs exhibited 

activity while others did not, we performed molecular dynamics (MD) simulations and identified a 

narrower entrance to the active site for inactive designs as a key difference. The developed workflows 

and obtained insights in this thesis provide the framework for a future family of enzymatically active de 

novo TIM barrels and the exploration of the full potential of this fold.
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Zusammenfassung 

Die Natur hat im Verlauf der Evolution eine enorme Vielfalt an Proteinen mit unterschiedlichsten 

Funktionen hervorgebracht, dabei aber nur einen geringen Teil des theoretisch möglichen 

Sequenzbereiches benutzt. Das de novo Proteindesign versucht den ganzen Bereich zu verwenden, um 

das Repertoire natürlicher Proteine durch völlig neue Proteine mit maßgeschneiderten Eigenschaften zu 

erweitern. Trotz der immensen Komplexität dieses Vorhabens wurden bereits zahlreiche Meilensteine 

erreicht und die Häufigkeit neuer Errungenschaften erhöht sich durch den intensivierten Einsatz von 

künstlicher Intelligenz (KI). Ein bedeutender Durchbruch war das Design des ersten de novo TIM 

barrels, sTIM11, welches der vielseitigsten Proteinfaltung der Natur nachempfunden wurde. 

Das TIM oder (βα)8-barrel besteht aus acht parallelen β-Strängen, welche ein zentrales Fass (barrel) 

bilden, und von acht α-Helices umgeben sind. Diese Topologie findet sich in sechs der sieben 

Enzymklassen, was das TIM barrel zu einem sehr attraktiven Ziel im Proteindesign macht. Aufgrund 

dieser enormen enzymatischen Vielseitigkeit bei natürlichen TIM barrels weckte das Design von 

sTIM11 die Hoffnung, dass maßgeschneiderte Enzyme bald realisierbar sein könnten. Jedoch blieb der 

Fortschritt in Richtung funktionaler de novo TIM barrels bislang begrenzt. Ein wesentlicher Grund dafür 

liegt in der idealisierten Faltung von de novo TIM barrels, die nur über minimale βα-Schleifen verfügt. 

Im Vergleich zeigen natürliche TIM barrels zusätzliche strukturelle Erweiterungen auf – etwa längere 

βα-Schleifen oder sogar Sekundärstrukturelemente – die Bindetaschen formen und katalytisch relevante 

Reste platzieren und somit die funktionelle Vielfalt ermöglichen. Um funktionelle de novo TIM barrels 

zu ermöglichen, sind daher Abweichungen von ihrer idealisierten Topologie notwendig. Eine mögliche 

Strategie besteht aus zwei Schritten: zunächst werden Strukturelemente eingefügt, die Bindetaschen 

formen, und anschließend werden in diesen Taschen funktionelle Reste eingebracht, um die gewünschte 

Aktivität auszuführen. 

Um eine Funktionalisierung zu ermöglichen, generierten und charakterisierten wir zwei Arten von de 

novo TIM barrels mit verschiedenen strukturellen Erweiterungen, die zur Ausbildung von Bindetaschen 

für eine nachfolgende Funktionalisierung beitragen. Für die erste Art kam eine physikbasierte, modulare 

Designstrategie mit dem Programm Rosetta zum Einsatz, und es wurden sogenannte αTIMs hergestellt, 

die um ein oder zwei Helix-Schleife-Helix-Motive erweitert wurden. Circular-Dichroismus (CD) 

Spektroskopie zeigte eine stufenweise Zunahme des α-helikalen Anteils im Vergleich zu einem 

idealisierten de novo TIM barrel. Strukturvorhersagen der αTIMs mit AlphaFold2 zeigten mit hoher 

Konfidenz die korrekte Ausbildung der eingebrachten Motive. Zusätzlich wurden durch die 

eingebrachten Motive potenzielle Bindetaschen vorhergesagt, die eine nachfolgende Funktionalisierung 

ermöglichen. Aufbauend auf den gewonnenen Erkenntnissen, generierten wir die zweite Art von de 

novo TIM barrels – so genannte HalluTIMs. Diese Art wurde mit zwei oder drei Erweiterungen mittels 

constrained hallucination diversifiziert. Die halluzinierten Erweiterungen waren vorwiegend α-helikal 

und wiesen große Ähnlichkeit zu den αTIMs auf. In der experimentellen Charakterisierung zeigten die 
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Proteine erneut eine Zunahme des α-helikalen Anteils in einem CD-Spektrum auf. Zwei aufgeklärte 

Kristallstrukturen bestätigten die korrekte Ausbildung der halluzinierten Erweiterungen. Erneut wurden 

innerhalb dieser Kristallstrukturen mögliche Bindetaschen vorhergesagt, welche das Potenzial für eine 

nachfolgende Funktionalisierung aufzeigen. Jedoch deuteten small angle X-ray scattering (SAXS) 

Messungen darauf hin, dass die Erweiterungen eine hohe inhärente Flexibilität aufweisen, was eine 

nachfolgende Funktionalisierung erschwert und die Herausforderungen einer schrittweisen 

Funktionalisierung verdeutlicht. 

Um diese Herausforderungen zu meistern, generierten wir eine dritte Art von de novo TIM barrels mit 

strukturellen Erweiterungen, die direkt maßgeschneidert für eine spezifische enzymatische Reaktion 

waren. Als Modellreaktion wurde die Kemp Eliminierung ausgewählt, eine etablierte Enzymreaktion 

im Proteindesign, weshalb diese Art von de novo TIM barrels KempTIMs genannt wurde. Der 

Designprozess involvierte KI-basierte Methoden wie RFdiffusion und ProteinMPNN, um die 

strukturellen Erweiterungen zu entwerfen, und die physik-basierte Software Triad für Enzymdesign. Ein 

zentraler Aspekt der Designstrategie für die Erweiterungen war die Positionierung eines katalytisch 

relevanten Restes oberhalb des Barrels, wodurch Erweiterungen resultierten, die diesen Rest präzise 

positionierten und gleichzeitig ein aktives Zentrum ausbildeten. Die experimentelle Charakterisierung 

identifizierte KempTIM4 als das erste de novo TIM barrel mit einer Aktivität, die auf einer 

maßgeschneiderten Erweiterung basiert. Eine anschließende Sequenzoptimierung resultierte in einer 

verbesserten Varianten, welche die Kristallisation ermöglichte. Die aufgeklärte Kristallstruktur zeigte, 

dass die gesamten Erweiterungen, inklusive mehrerer verlängerter Schleifen, aufgelöst und in 

Übereinstimmung mit den Vorhersagen sind. Um zu verstehen, warum manche Designs Aktivität 

aufwiesen und andere nicht, führten wir Molekulardynamik Simulationen durch und identifizierten als 

entscheidenden Unterschied einen wesentlich engeren Zugang zum aktiven Zentrum im Falle des 

inaktiven Designs. Unsere entwickelten Designstrategien und die gewonnenen Einsichten in dieser 

Arbeit bilden zukünftig die Grundlage für weitere enzymatisch aktive de novo TIM barrels und die 

Erschließung des vollen Potenzials dieser Faltung.
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Introduction 

1 From sequence to structure to function  

Proteins control and enable a myriad of diverse biological functions, including cell division, signaling, 

immunity, and metabolism. To perform these tasks, proteins adopt specific three-dimensional structures 

tailored to their functions. Protein structures range from small monomers, such as myoglobin involved 

in oxygen transport, to large complexes, such as chaperones assisting other proteins during their folding 

(1–3). To date, over 100,000 unique protein structures have been identified, each encoded by a distinct 

amino acid sequence (4). This sequence determines the three-dimensional structure of a protein and, 

consequently, its function – a principle known as the sequence-structure relationship (5). 

To understand how an amino acid sequence gives rise to structure, it is essential to consider the chemical 

nature of amino acids and the way they assemble into protein chains. Each amino acid consists of an 

amine group, a carboxyl group, and a chemically diverse side chain. They are linked by their amine and 

carboxyl groups forming peptide bonds and resulting in a long polypeptide chain. Each residue adopts 

specific angles between the N-Cα (phi angle) and Cα-CO (psi angle), with certain combinations highly 

preferred depending on the amino acid identity and the eventually formed secondary structure element 

(6). Furthermore, each rotatable side chain increases the conformational space exponentially with each 

additional residue in the protein. Assuming each residue has only three degrees of freedom, even a 

relatively short protein of 101 amino acids has an astronomical number of 3100 (≈ 5x1047) possible 

conformations highlighting the vast structural complexity encoded within amino acid sequences (7). Yet 

in reality, proteins fold reliably and rapidly into their well-defined three-dimensional structures. If we 

further assume that a protein samples new conformations at a rate of 1013 per second, exhaustively 

exploring all possible conformations would take approximately 1027 years. This thought experiment, 

known as Levinthal’s paradox, underscores the impossibility of a purely random search through all 

conformations, emphasizing the central question of how an amino acid sequence folds into its final 

structure – commonly referred to as the protein folding problem. 

Since proteins are known to fold within seconds or less, an alternative mechanism must guide the protein 

folding process. A 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 

energy – known as the native state (8). This hypothesis – referred to as Anfinsen’s hypothesis – states 

that the amino acid sequence directly encodes its native state, enabling spontaneously folding without 

external guidance along the energy landscape. This energy landscape resembles a funnel that guides the 

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

or long-range interactions, hydrophobic packing, and the stepwise assembly of structural elements, 

progressing from secondary structures to the final native state fulfilling its biological function 

(Figure 1) (9). 
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Figure 1: Schematic overview of the sequence-structure relationship and protein folding process. Amino acid sequences, 

for example myoglobin or the chaperone GroEL, fold along their folding pathway into their native states at the global minimum. 

This structure has features to fulfill the relevant biological function. In the case of myoglobin (PDB: 1MBN, cartoon 

representation, rainbow coloring from N- to C-terminus) the monomeric structure can bind heme to facilitate oxygen transport. 

The complex of the chaperone GroEL (PDB: 2EU1, cartoon representation, the biological assembly is displayed and colored 

over all chains in rainbow coloring) has a large internal cavity to assist other proteins during folding. 

Anfinsen’s hypothesis provides valuable insights into the sequence-structure relationship and the protein 

folding problem. However, with today’s knowledge minor refinements are necessary to enhance its 

generalizability and account for additional observations in nature. The energy landscape is more 

complex and rougher than a simple funnel leading to the global minimum; it contains multiple local 

minima where proteins may become kinetically trapped, explaining the observation of misfolding and 

aggregation (10). Furthermore, the assumption of a single native state is an oversimplification as some 

proteins adopt multiple stable conformations and transition between states in response to external factors 

such as small molecules or temperature (11, 12), suggesting the existence of multiple native states. 

Additionally, while proteins can fold spontaneously in vitro, folding in vivo is often assisted by 

chaperones, post-translational modifications, and other cellular factors that significantly influence the 

process (13). For some proteins, correct folding may not be possible without this external guidance. 

Although all these refinements are subtle, they once again underscore the complexity of the protein 

folding problem. 
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Understanding the complex relationship between sequence, structure, and function remains essential. If 

this relationship can be fully deciphered, it could be applied in a broad range of fields (5). The three-

dimensional structure of proteins could be predicted directly from the sequence without experimental 

effort, saving tremendous time and resources (4). Furthermore, the entire protein folding problem could 

be inverted: given a desired function, the corresponding structure and encoding sequence could be 

designed. Such capabilities would pave the way for addressing some of the major challenges of our 

lifetime (14, 15). 

2 Protein design - The inverse folding problem 

Today’s diversity in protein structures and functions is the result of billions of years of evolution (16). 

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 PETases – enzymes capable of degrading polyethylene terephthalate 

(PET) – as a reaction to the abundance of microplastic in the environment (17, 18). The first efficient 

PETase was discovered in the marine organism Ideonella sakaiensis, which 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 nature to address environmental pollution caused by 

microplastics (19–23). However, in today’s world we are confronted with many more challenges like 

climate change, global pandemics or the rising prevalence of neurodegenerative diseases linked to longer 

lifespans, requiring immediate solutions (24–26). While evolution could eventually sample new proteins 

to address these issues, the process is not directed and is inherently slow, unfolding over an uncertain 

amount of time. Based on urgency, we cannot afford to rely purely on natural selection and its slow 

pace. Instead, protein design offers a powerful alternative: the generation of novel proteins with tailored 

properties and functions, without relying on the slow process of natural evolution (27, 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 specific functions inverting the protein folding problem is 

required, hence protein design is often called the inverse folding problem (Figure 2). 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 reaction and the necessary 

active site in the protein (29). Similarly, designing an inhibitory binding protein against the SARS-Cov-2 

receptor requires exquisite knowledge about possible binding sites to ensure specificity (30). Regardless 

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 space; already for relatively small proteins of 100 amino acids the 

possibilities are astronomically high (20100 ≈ 10130); this task is far from trivial (15). Nonetheless, the 
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field has achieved numerous milestones over the past decades, exemplified by the Nobel Prize in 

Chemistry awarded to David Baker in recognition of his pioneering contributions in computational 

protein design (31). 

 

Figure 2: Schematic overview for many protein design tasks. For the design of a protein with a certain function, such as 

catalyzing an enzymatic reaction or binding a specific target, a protein structure needs to be found that is able to fulfill the 

specific function. Additionally, an amino acid sequence encoding the necessary protein structure needs to be found. Comic 

figure in the middle panel was generated with ChatGPT. 

2.1 Computational and de novo protein design 

Designing proteins with specific functions and properties is a significant challenge due to the vast 

combinatorial sequence space and required structural precision. To overcome this, modern protein 

design commonly employs computational modeling, including energy calculations, sequence 

optimization, and structure prediction algorithms (32). Although the term “computational protein 

design” is classically used to highlight these approaches, the use of such tools is now so widespread that 

is it frequently implied by “protein design” alone. Accordingly, this thesis uses “protein design” as a 

shorthand for computational protein design throughout. 

To further manage the complexity of protein design, many 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 scaffolds, narrowing the design space and enabling targeted improvements – 

such as enhancing the catalytic efficiency or substrate specificity of PETases. However, not every 

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

be designed from first principles. De novo protein design addresses this need by attempting to create 

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

has produced (15). Beyond its possible practical applications, de novo design also serves as a test of our 

fundamental understanding of protein folding and function – an idea captured by Richard Feynman’s 

famous quote: "What I cannot create, I do not understand", making a successful designed protein a 

proof of deeper understanding (32, 33). 
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2.2 Eras of de novo protein design 

Given the challenges involved in designing entire proteins from scratch, one might assume that de novo 

protein design is a relatively recent subset of protein design. However, the first attempts date back 

approximately 50 years. In retrospect de novo protein design can be divided into three historical eras 

(34) and an ongoing fourth one (Figure 3). 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 this first era, 

modern gene synthesis was not yet available, and protein constructs were achieved by solid-phase 

peptide synthesis restricting the length to roughly 30-50 amino acids. Nevertheless, pioneering 

achievements, such as a betabellin protein that mimics β-sandwich proteins, were achieved and provided 

valuable insights paving the way for future milestones in protein design (35, 36). 

 

Figure 3: Timeline and milestones of de novo protein design. For each era the approximate timeframe, a characteristic and 

a milestone from the highlighted publications are displayed (4, 35, 37, 38). For the displayed structure of betabellin an optimized 

sequence from Quinn et al. was used for structure prediction. For the displayed structure of the α4-protein the reported sequence 

from Regan et al. was used for structure prediction. Betabellin, α4-protein and Top7 (PDB: 1QYS) are shown as cartoon 

representations and colored in rainbow coloring N- to C-terminus. For AlphaFold2 a structural comparison between the 

structure prediction (blue) of Myoglobin and its crystal structure (PDB: 1MBN, green) is displayed. AlphaFold2 is not to be 

described as de novo protein design but based on its high impact on the field, it is displayed as the starting point of the fourth 

era. For all generated structure prediction ColabFold v1.5.5 was used (39). 

The second era of de novo protein design, spanning the mid-1980s to the early 2000s, was driven by 

computational approaches guided by fundamental physicochemical principles. Advances in 

computational power with Molecular Dynamics (MD) simulations and structure determination based on 

X-ray crystallography and Nuclear Magnetic Resonance (NMR) 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 constrained by the existing methodologies, remarkable 

breakthroughs were achieved, such as the α4-protein, the first de novo designed protein with a globular 

conformation in aqueous solution, or the successful repacking of small domains of natural proteins via 

automated sequence design (37, 40–42).  
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The third era emerged in the early 2000s, driven by fragment-based and bioinformatically informed 

computational methods. The expanding Protein Data Bank (PDB) (43) provided a growing repository 

of structural data enabling the deconstruction of proteins into smaller fragments with defined sequences 

and interaction patterns. Additionally, 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 an outstanding milestone was achieved with the design of Top7, a protein with an 

entire novel fold not observed in nature demonstrating the potential of de novo protein design (38). 

The ongoing fourth era of de novo protein design is characterized by the integration of machine learning 

techniques (44). While AlphaFold2 – a groundbreaking algorithm for protein structure prediction – is 

not a tool for protein design, its development marked a turning point by showcasing the potential of 

machine learning in protein science (4). This breakthrough has driven the creation of machine learning 

algorithms tailored for protein design, outperforming the tools developed in previous eras and enhancing 

the complexity of achievable designs. A detailed discussion of AlphaFold2 and the role of machine 

learning in protein design is provided in section 3 of the introduction. 

2.3 The protein design software suite Rosetta 

During the third era of de novo protein design, numerous computer programs and algorithms have been 

developed to harness the full potential of protein design (45–49). Among them, Rosetta stands out as 

one of the most used software packages for modeling macromolecular structures. Rosetta was originally 

developed in the mid-1990s to tackle protein structure prediction, but has since expanded to include 

diverse modelling tasks, such as protein-protein or small molecule docking (50). Despite the increasing 

number of packages, they all rely on a fundamental component – Rosetta’s energy function (51). While 

the energy function has been continuously refined, its core principle remains unchanged. It scores the 

energy of a macromolecular system using a linear combination of weighted terms that balance physics-

based and statistically derived potentials. These terms incorporate various factors including van 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 problem, Rosetta ab 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 sequences (52). 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 energy are rejected, but they can be 

accepted with a certain probability based on the Metropolis criterion. The 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 gradually decreased to lower the acceptance rate of higher-

energy conformations. This approach allows for the generation of many predictions for a given sequence 

in a short time, effectively sampling a broad range of possible conformations. To evaluate the 

predictions, the energies are scored and compared. A prediction is typically considered promising if 

there are structures in a global energy minimum with a substantial energy gap to alternative 

conformations resulting in a so-called funnel shaped landscape. Comparable 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 space (54). While Rosetta ab 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.  

Although one of Rosetta’s original purposes was to solve the protein folding problem, it also provides a 

range of tools for other design tasks such as protein-protein docking, binder design or enzyme design 

(56–61). Among these tools within the Rosetta software suite, RosettaRemodel stands out as a versatile 

framework capable of including diverse challenges in the design objective, such as loop insertion or 

deletion, symmetrical design or even full de novo structure modeling (62). RosettaRemodel relies on 

several key features of Rosetta: (1) its energy function, (2) fragment-based structural building derived 

from the PDB, and (3) iterative sequence design for optimization. A key component of RosettaRemodel 

are so-called blueprint files, which define each residue and their corresponding secondary structure 

within a protein. For design purposes these blueprints can be modified by deleting or adding residues 

with specific constraints allowing full customizability to achieve the desired design objective. The 

potential of RosettaRemodel is evident in multiple successful design applications, including the circular 

permutation of an epitope scaffold for binding an anti-HIV (Human Immunodeficiency Virus) antibody, 

and the design of a chimeric protein combining an HIV glycoprotein with a human granulocyte-

macrophage colony-stimulating factor to enhance immune responses (63, 64).  
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3 AI revolution in protein science 

As discussed previously, advances in fields not directly related to protein design – such as synthetic 

gene manufacturing – had significantly influenced its development throughout its history. One of the 

most rapidly advancing fields today is artificial intelligence (AI), particularly deep learning neural 

networks, which have revolutionized both everyday applications and advanced scientific research (65). 

These networks, inspired by the interconnection of neurons in the human brain, can learn to identify 

patterns from large datasets and perform complex tasks such as image recognition and natural language 

processing (66). Typically, these networks are composed of three connected layers: (1) an input layer 

that receives the raw data, (2) hidden layers that process the received data, and (3) an output layer that 

generates the final output. The learning process involves the adjustment of parameters in the hidden 

layers to minimize a loss function, which quantifies the difference between the generated output and the 

actual target, thereby guiding the model toward improved accuracy (44). Another key factor influencing 

the performance of machine learning algorithms is the availability of large amounts of high-quality data. 

In this regard, protein science is particularly well-suited for AI usage, as it provides a wide variety of 

diverse and publicly accessible well-curated databases. Consequently, numerous machine learning 

approaches were developed, supporting applications such as structure prediction, sequence design or de 

novo protein design (Figure 4).  
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Figure 4: Overview of different machine learning approaches used in protein design. AlphaFold2 is used for structure 

prediction and takes a protein sequence as input and predicts the corresponding structure (4). ProteinMPNN is used for sequence 

design and takes a protein structure as input and predicts its amino acid sequence (67). Hallucination generates de novo proteins 

by optimizing random sequences of certain lengths and produces structures and sequences (68). RFdiffusion is used for 

backbone generation as it generates Cα-traces by denoising random noise (69). For AlphaFold2 and ProteinMPNN the 

displayed structure is myoglobin (PDB: 1MBN, cartoon representation, rainbow coloring N- to C-terminus). For Hallucination 

and RFdiffusion Hallucination ColabNotebook v.1 or RFdiffusion ColabNotebook v1.1.1. was used to generate the 

corresponding output (Hallucination: structure in cartoon representation, rainbow coloring N- to C-terminus; RFdiffusion: 

Noise and Cα-trace colored in blue). 

3.1 AlphaFold2 – Solving the protein folding problem? 

Determining the structure adopted by a specific sequence without time-consuming and labor-intensive 

experiments is a long-lasting dream in protein biochemistry as the sequence-structure-relationship holds 

valuable insights into protein function, evolutionary relationship and biological mechanisms (5). 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 metagenomic experiments identifying billions of sequences per 

experiment, outpacing the growth of deposited structures in the PDB (70). To bypass the slow process 

of experimental structure validation and help close the gap, robust and accurate structure prediction tools 

are a necessity. In this context, the scientific community has been organizing the Critical Assessment of 

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

developed tools via blind prediction (71).  
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In 2018, DeepMind, an AI-focused company owned by Google, participated in the CASP13 competition 

for the first time with its structure prediction tool AlphaFold (72). 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 concepts: (1) utilizing co-evolutionary 

analysis to map residue co-variation in protein sequence to physical contacts in protein structures and 

(2) employing deep neural networks to find patterns in sequences and co-evolutionary couplings to build 

up two-dimensional contact maps (73). However, these approaches are not unique to AlphaFold, as 

neural networks are commonly used in structure predictions tools, driven by the continual growth of the 

PDB. The real leap forward happened with the development of AlphaFold2 for CASP14 in 2020, where 

DeepMind entirely reworked its existing model, introducing a novel neural network architecture (74). 

This new architecture consists of two major blocks: (1) the Evoformer module, which generates a first 

array, that represents a processed multiple sequence alignment (MSA), and a second array, that 

represents residue pair interactions, utilizing attention-based components, (2) and the structure module, 

which utilizes these representations to construct a structure (4). This rework dramatically enhanced the 

performance of AlphaFold2, enabling accurate and reliable structure prediction at atomic resolution. 

Additionally, AlphaFold2 evaluates the reliability of its own prediction using an internal confidence 

metric known as the predicted local distance difference test (pLDDT), which correlates with the actual 

local distance difference test when compared to an experimentally solved structure.  

The success of AlphaFold2 had a huge impact on biological research (75). DeepMind made the code 

public and established the AlphaFold protein structure database in collaboration with the European 

Molecular Biology Laboratory’s European Bioinformatics Institute (EMBL-EBI) (76). By now, it 

contains over 200 million predicted structures, covering entire proteomes and much of the UniProt 

database. The AlphaFold protein structure database starts to close the gap between known sequences 

and structures and provides researchers with fast and easy access to structural data. Despite 

AlphaFold2’s achievements – John Jumper and Demis Hassabis were even recognized with the Nobel 

Prize in Chemistry for it (31) – 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 extent (77–79).  

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 dynamic (75). Nevertheless, there is no doubt that AlphaFold2 has deepened our 

understanding of the sequence-structure relationship, accelerated research across numerous fields and 

started the AI-driven era in protein design. 
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3.2 Inversion of protein structure prediction 

Various deep learning approaches, such as conformation sampling or sequence design, were already in 

use in protein design before the release of AlphaFold2 (80–82), but its release intensified the usage. 

Inspired by AlphaFold2’s success and its basic principles, the structure prediction tool RoseTTAFold 

was developed (83). Whereas AlphaFold2 employs a two-track architecture, in which the sequence and 

contact map processing are completed before the generation of the atomic coordinates, RoseTTAFold 

features a three-track architecture. This architecture enables the bidirectional information flow between 

all levels of data allowing a more integrated data processing. While AlphaFold2 outperforms 

RoseTTAFold in structure prediction tasks, RoseTTAFold had a great impact on protein design as its 

flexibility and adaptability provides an excellent framework for various protein design tasks. 

The potential of structure prediction networks for de novo protein design was first demonstrated with 

trRosetta (84), a predecessor of RoseTTAFold, by the inversion of the prediction to generate new protein 

sequences and structures (68). In this approach, called hallucination, the process begins by passing a 

random sequence into the neural network that predicts an initial contact map (Figure 5). As a random 

sequence is unlikely to fold into a defined structure, the initial contact map shows no pattern. To improve 

the sequence, the network applies an iterative Monte Carlo sampling strategy: one residue is mutated at 

a time, and the corresponding contact map is re-evaluated (85). Through repeated cycles, the algorithm 

aims to optimize the contact map via its loss-function, gradually sharpening the map’s features to 

resemble those of structured proteins. After sufficient optimization steps, the resulting contact maps 

showcases characteristics similar to those predicted for naturally occurring sequences. This method 

generated novel proteins with diverse sequences and characteristics of idealized proteins. To advance 

this approach toward functional protein design, Wang et al. developed constrained hallucination (86). 

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 and added multiple loss functions, regarding the preservation of 

the functional site, distinguishing it from the original approach. Additional problem-specific loss 

functions are possible, enabling a broader spectrum of possible design tasks. This approach enables the 

design of functional proteins by preserving key functional sites from known proteins and hallucinating 

stabilizing scaffolds around them, as demonstrated in the successful design of both metal- and protein-

binding proteins. A particularly notable feature of constrained hallucination is its ability to 

simultaneously design both sequence and structure, in contrast to most design approaches that focus 

either on sequence or backbone level. 
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Figure 5: Principle of hallucination. The structure of a random sequence 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 to well-defined 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 the ProteinTools server (87). 

 

3.3 Neural networks specialized in backbone or sequence design 

For the specified task of either backbone or sequence design, multiple deep learning methods have been 

developed (88–92). Two of the most used and well-established tools are RFdiffusion for backbone 

design and ProteinMPNN for sequence design. These are commonly combined with AlphaFold2, which 

completes a possible computational design pipeline (Figure 6) and outperforms the joint design by 

constrained hallucination (67, 69). RFdiffusion is based on a generative diffusion model with 

RoseTTAFold fine-tuned for denoising tasks to generate highly diverse protein backbones (69). The 

underlying denoising diffusion probabilistic model, commonly used in image generation, offers some 

advantages for protein design tasks, as it generates diverse structural output while allowing guidance at 

each denoising step through conditioning toward specific design objectives. The generation of a protein 

structure happens iteratively: starting from a random residue frame, RFdiffusion predicts a partially 

denoised version. This prediction is then used to update the previous frame, which serves as the input 

for the next iteration. Through multiple cycles of denoising, the model progressively refines the 

structure, producing a plausible protein structure from the initial random noise. For the design of 

functional proteins, the same strategy used for constrained hallucination can be applied: functional sites 

are specified in the beginning, preserved throughout the entire diffusion process and supported by the 

generated scaffold. In addition to this strategy, RFdiffusion can take advantage of its underlying network 

architecture to generate proteins conditioned on various other design objectives, such as specific 

symmetries, topologies, or binder design. Across these tasks, RFdiffusion has demonstrated high 

experimental success rates and structural accuracy. It is important to note, however, that RFdiffusion 

generates only the Cα-trace of the designed proteins, with sequence design subsequently performed by 

ProteinMPNN (67).  
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ProteinMPNN, based on a message-passing 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 precise predicting its sequence. Therefore, a backbone encoder module computes graph 

nodes and edge features based on the distances between N, Cα, C, O, and virtual Cβ; relative Cα–Cα–

Cα frame orientations and rotations; and backbone dihedral angles. The subsequent decoder module 

assigns an amino acid identity at one position and updates the data representation in an autoregressive 

manner using the context of previously generated amino acids and calculates a probability distribution 

from which a new amino acid type is predicted (44). In silico analysis demonstrated that ProteinMPNN 

achieves a higher native sequence recovery rate than sequence design with Rosetta. Additionally, 

structure predictions indicated that the assigned sequences more strongly encode the intended structure 

than the native sequence. These findings are supported by experimental studies validating 

ProteinMPNN’s high success rate across various design targets including monomers, cyclic oligomers 

and protein-protein interfaces (67, 93–95). The design workflow combining RFdiffusion and 

ProteinMPNN is completed by structure prediction using AlphaFold2. This step is necessary for 

validating whether the designed sequence is likely to fold into the target structure or not. Additionally, 

AlphaFold2 enables effective filtering of candidate sequences for experimental characterization based 

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

 

 

Figure 6: Design workflow with RFdiffusion, ProteinMPNN and AlphaFold2. The backbone generation of RFdiffusion 

starts with random noise, which is denoised in multiple steps to form a Cα-trace of a protein. The design workflow continues 

with sequence design with ProteinMPNN, which assigns a possible sequence to the Cα-trace. The designed sequence is used 

for structure prediction via AlphaFold2 to verify if the designed sequence folds back to the intended structure. Example 

structure generated via RFdiffusion ColabNotebook v1.1.1. 

 

Despite RFdiffusion’s and ProteinMPNN’s remarkable success rate and outperformance of traditional 

physics-based methods, the original versions were limited to protein identities. However, updated 

versions – RFdiffusionAA and LigandMPNN – were modified to incorporate small molecules, DNA 

and RNA into the design process (96, 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 may be already 

surpassed, highlighting the extraordinary pace of innovation in the field of protein design.  
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3.4 Possibilities and future challenges for AI 

The pace of new milestones in protein design increased significantly in recent years due to the 

integration of AI. However, several challenges remain. One key concern, if neural networks continue to 

dominate the field, is the black box problem – 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 understanding of proteins. One possible 

solution is the use of explainable AI (XAI), which focuses on two aspects: interpretability, understanding 

the model’s decision-making process, and explainability, understanding how the model learns during 

training (98). As this improved transparency is crucial not only in protein design but also in safety critical 

AI applications, such as autonomous driving or medical diagnoses, the field is likely to expand rapidly 

(99). As we have observed during other eras of protein design, advances in adjacent fields often 

influence the progress of protein design; it might be that XAI will play a role in advancing our 

fundamental understanding of proteins. 

Beyond the black box problem of 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 would be highly advantageous, 

particularly for the design of functional proteins such as antibodies or enzymes (28). In parallel, new 

methods for evaluating these aspects during the design process are needed, as most current approaches 

rely on static structural models for scoring. Advancements in this area could pave the way for designing 

responsive protein switches, enabling precise intracellular assembly or even the regulation of gene 

expression to influence the phenotype (27, 28). Despite remaining challenges, protein design continues 

to advance rapidly, with increasingly complex proteins (29, 100–103) being designed for specific 

applications using refined methodologies (104–106). As a result, protein design is already proving to be 

a powerful strategy – and holds even greater promise – for addressing today’s scientific and biomedical 

challenges.  
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4.1 The TIM-barrel fold – Nature’s most versatile fold 

Although de novo protein design is often associated with the generation of novel folds, such as Top7, 

the reconstruction of existing protein folds from first principles provides a valuable test of our 

fundamental understanding of proteins. One outstanding challenge is nature’s most versatile fold, the 

TIM-barrel fold (107, 108). It was identified in 1976, as studies on triosephosphate isomerase (TIM) 

solved a crystal structure, giving the newly observed topology its name (109). More descriptively, the 

fold is referred to as (β/α)8-barrel, as its structure consists of eight parallel β-strands forming a central 

β-barrel, surrounded by eight α-helices, building a closed, barrel-like architecture (Figure 7) (110). The 

ubiquitous TIM-barrel fold has become a model system in protein science including protein evolution 

and folding (16) and by now many key features of this fold have been unraveled (108). Detailed analysis 

of the central β-barrel revealed a shear number of eight for all TIM barrels, describing the residue shift 

which is required to return to the same starting point when following a hydrogen-bonded path 

perpendicular to the strands around the barrel (111). Another defining aspect of TIM barrels is the spatial 

separation of stability and function. Stability is provided by the lower region of the barrel – referred to 

as stability face – which consists of the hydrophobic barrel core, N-terminal ends of the β-strands and 

the connecting αβ-loops (112, 113). In contrast, the upper region is referred to as catalytic face, as the 

C-terminal ends of the central β-strands as well as elongated βα-loops form cavities and anchor catalytic 

residues making the TIM-barrel fold one of the most versatile enzyme scaffolds in nature. 

 

 

Figure 7: Overview of the TIM-barrel fold. The fold is shown as a three-dimensional structure (PDB: 3UWU) and as a two-

dimensional topology scheme. β-sheets are shown in green, α-helices in red and loops in white in the structure and as a line in 

the scheme. Eight repeating βα-units (highlighted with a grey box in the topology) form a barrel-like structure with termini at 

the stability face, and additional secondary structure elements within the catalytic face (112, 113). 
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TIM barrels are present in six out of seven Enzyme Commission (EC) classes, with translocases being 

the only exception (110). Given their enzymatic versatility, it is not surprising that almost 10% of all 

known enzymes adopt this fold. Despite this enormous number, common patterns can be observed as 

85% of these enzymes participate in metabolic reactions (108). Additionally, a preference for negatively 

charged moieties in their substrates, such as a phosphate group, is common, eventually mediated by a 

positive potential induced by smaller α-helices within elongated βα-loops at the catalytic face (112). An 

outstanding example of the TIM barrel’s enzymatic potential is triosephosphate isomerase, an essential 

key enzyme in glycolysis (114). It catalyzes the isomerization of dihydroxyacetone phosphate (DHAP) 

to glyceraldehyde 3-phosphate (GAP) ensuring the catabolism of DHAP and a net yield of adenosine 

triphosphate (ATP) from anaerobic glucose metabolism (115). This isomerization is catalyzed diffusion 

limited, reaching catalytic efficiency close to its maximum possible value of 109 M-1 s-1 making TIM a 

model for enzyme studies since its discovery (116). Now 199 crystal structures from 42 different species 

are available reflecting the long-standing interest in this enzyme and fold (117). 

4.2 The race for the first de novo TIM barrel 

Given its biological abundance and outstanding enzymatic potential, the TIM-barrel fold is an attractive 

target for protein design, particularly for enzyme design. Already in the early 1990s, initial attempts 

started to design artificial TIM barrels relying on purely statistical analysis of a small set of natural ones. 

These attempts resulted in proteins with a high content of secondary structure, but which most likely 

adopt a molten-globule-like state (118–121). With increasing availability of structural data on natural 

TIM barrels and advancements in computational methods, later design attempts explored backbone 

generation based on parametric features derived from the natural data set (122, 123). 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 stability. A follow up study 

optimized one design by directed evolution, but structural characterization revealed, rather than the 

intended TIM-barrel topology, a resemblance to a Rossmann-like fold (124). Another attempt by 

Nagarajan and colleagues in the year 2015 introduced the concept of a symmetrical TIM barrel to 

simplify the design process (125). They utilized Rosetta for both design and ab initio structure 

prediction. Despite providing more insights into essential design principles for the desired fold, the 

resulting proteins displayed again molten-globule like behavior. Although none of these studies 

succeeded in designing a TIM barrel, the findings provided valuable insights 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), Huang et al. revisited the challenge of a de novo TIM barrel in 2016 (111). To make the 

design of a de novo TIM barrel achievable, they simplified their approach by targeting an idealized fold 

with the highest possible symmetry. Based on the alternating pleat of paired β-strands at the center, the 
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highest feasible symmetry was four-fold. This symmetry in combination with the α/β rule for idealized 

proteins – which indicates the orientation of the first residue within a β-strand following an α-helix – 

and the shear number of eight observed in natural TIM barrels significantly influences the design of the 

inner β-strands (Figure 8) (126). By considering all these principles, they determined that only four 

identical βαβα units, with no strand register-shift within a unit and a shift of two residues between units, 

can satisfy all prerequisites. As a direct consequence, these properties influence the necessary 

characteristics of the α-helices of each βαβα-unit. Specifically, the α-helix between two β-strands with 

a register shift of zero must be longer and more tilted than the α-helix between two β-strands with a 

register shift of two. Taking all these principles and requirements into account, the design process started 

with the generation of backbones with a fixed length of the β-strands and varying lengths for each α-

helix and loop in the repeat unit using RosettaRemodel. In the next step these subunits were propagated 

into four successive tandem repeats to form a full TIM barrel. Subsequently, the structure with the most 

extensively hydrogen bonded cylindrical sheet was chosen for iterative sequence design, ongoing until 

the sequences converged to a final amino acid composition. As 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 and the solved structure revealed the successful design of the first de novo TIM 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 of the TIM-barrel fold. An 

important outcome of the design strategy next 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 first de novo TIM barrel without any evolutionary bias was achieved and given the high 

potential of its fold, it raised the expectations that tailor-made enzymes were within the reach of de novo 

protein design. 

 

 

Figure 8: Design principles of the first de novo TIM barrel. sTIM11 (PDB: 5BVL) is displayed as cartoon with β-sheets in 

green, α-helices in red and loops in white. According to the α/β rule, applied to the stability face of sTIM11, the first residue 

of the β-strand (light green) points away from the previous α-helix (red). sTIM11 is four-fold symmetric, indicated by the 

dashed line. The inner β-sheet is designed to have no strand register shift within a unit and a shift of two residues between units 

(dashed β-strand indicates the position of the first β-strand). Not all design principles are shown within the figure. Schemes 

adapted from Huang et al. and Koga et al. (111, 126). 
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4.3 The expanding family of de novo TIM barrels 

After the successful design of sTIM11 from scratch, further optimization and expansion of the de novo 

TIM-barrel family progressed rapidly. One early optimization addressed two cysteines introduced 

during the design process to form a stabilizing disulfide bond, however, the bond failed to form as 

intended. To avoid the potential presence of reactive thiols, both cysteines were reverted to their 

symmetry-related counterparts, resulting in the variant sTIM11noCys (Figure 9) (16). Starting from this 

variant, the TIM-barrel family was further expanded by an optimization approach focused on 

hydrophobic repacking (16). Stabilizing mutations were introduced in the internal, bottom and top core 

of the barrel and combinatorially tested. The resulting set of de novo TIM barrels, referred to as 

DeNovoTIMs (Figure 9), showed an increased thermostability, with certain designs remaining folded at 

100 °C. In a separate approach inspired by natural TIM barrels, a salt bridge cluster was introduced at 

the bottom of several previous designed de novo TIM barrels (127). These variants were denoted with 

the suffix ‘SB’ to indicate the presence of the introduced salt bridge cluster (Figure 9). While the 

insertion of these salt bridge clusters did not affect thermostability, it impacted conformational stability 

and improved the crystallization properties, thereby contributing further to the optimization and 

expansion of the de novo TIM-barrel family.  

 

Figure 9: Overview of selected optimized and modified de novo TIM barrels. All structures are displayed as cartoon 

representations in white and each optimization or modification in comparison to sTIM11 is colored in blue. The same coloring 

scheme is applied to the topology schemes. The first modification of sTIM11 (PDB: 5BVL) was the removal of two cysteines 

resulting in sTIM11noCys. sTIM11noCys was used to introduce a minor helix at the catalytic face, resulting in sTIM11_helix3 

(PDB: 7A8S). In addition, sTIM11noCys was used as a starting point to optimize the hydrophobic repacking of the barrel 

resulting in multiple designs referred to as DeNovoTIMs (Exemplary structure: DeNovoTIM13; PDB:6YQX). Multiple 

DeNovoTIMs and sTIM11 were used to introduce a salt bridge cluster at the bottom of the barrel denoted with the suffix SB 

in their names (Exemplary structure: sTIM11-SB; PDB:7OSU).  



Introduction 
 

 
19 

As a model system in protein design, the TIM-barrel fold served often as a challenging design target to 

validate newly developed design pipelines, resulting in additional family members with diversified 

sequences (92, 128, 129). The diversity on the structural level was enhanced by the generation of a de 

novo TIM barrel with an ovoid shape deviating from the established circular architecture of previous 

ones (130). Despite the growing number of de novo TIM barrels, most retained the highly idealized fold 

of the original sTIM11 with minimal loops. One notable exception is the extended de novo TIM barrel 

sTIM11_helix3 (Figure 9). This de novo TIM barrel is based on sTIM11noCys but has an additional 

minor helix at the catalytic face. Similar small helices are frequently observed in natural TIM barrels, 

where they are often involved in phosphate binding. The rationale behind this design was that 

introducing a secondary structure element at the catalytic face could increase the available surface area 

and potentially form a pocket, thereby facilitating downstream functionalization with ligand binding or 

enzymatic activity (131). Another outstanding example of diversification and even downstream 

functionalization was achieved by Caldwell et al. (132). Utilizing the established four-fold symmetry of 

de novo TIM barrels, they divided the barrel into two parts and fused it with a de novo designed 

ferredoxin. Through homodimerization a TIM barrel with a big cavity on the catalytic face was 

generated. By introducing additional mutations within this pocket, they enabled highly specific 

lanthanide binding. A follow-up study demonstrated the potential of this lanthanide-binding protein as 

a photoenzyme (133). The bound lanthanide enables radical C-C bond cleavage of 1,2-diols upon 

visible-light irradiation, making this the first – and to date, only – enzymatic active de novo TIM barrel. 

Despite this remarkable example, progress toward functional de novo TIM barrels with tailor-made 

reactions is slower and more challenging than expected.  

 

5 Aim of this thesis – Tackling the limitations of de novo TIM barrels 

After decades of unsuccessful attempts, the design of sTIM11 – the first de novo TIM barrel – was a 

milestone for de novo protein design achieving the generation of nature’s most prevalent fold without 

any evolutionary background (111). Soon after, variants of sTIM11 with enhanced thermodynamic 

stability, improved crystallization properties, diversified sequence or oval shape were designed, further 

expanding the de novo TIM-barrel family (16, 69, 127, 130). However, while the design of sTIM11 

initially raised hopes to achieve tailor-made enzymes and despite one outstanding example of introduced 

lanthanide binding and photoactivity (132), the functionalization of de novo TIM barrels have yet to 

meet expectations. The challenges and reasons for the slow progress become apparent by a comparison 

between de novo and natural TIM barrels (Figure 10). While natural TIM barrels employ extended loops, 

secondary structure elements, or even additional domains at the catalytic face to form pockets and anchor 

catalytic residues, de novo TIM barrels lack these features due to their highly idealized structure with 

minimal loops. Moreover, the possible structural diversity of the catalytic face is further decreased by a 
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circular permutation common to many de novo TIM barrels reducing the number of designable βα-loops 

on the catalytic face in contrast to their natural counterparts. Therefore, structural modifications to 

deviate from the idealized architecture of de novo TIM barrels are crucial to support functionalities such 

as small molecule binding or enzymatic activity. 

 

Figure 10: Comparison of de novo TIM barrels with natural ones. sTIM11 (left structure, PDB: 5BVL) and triosephosphate 

isomerase (right structure, PDB: 3UWU) are shown as cartoon representation and topology. β-sheets are shown in green, α-

helices in red and loops in white in the structure and as a line in the topology scheme. The surface of the core barrel (highlighted 

with a grey box in the topology) is 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 TIM barrels, additional 

structural elements and elongated 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 limitations of de novo TIM barrels and advance their functionalization. 

Hereby, the focus is on the structural diversification of existing de novo TIM barrels by introducing 

secondary structure elements to generate pockets for possible binding or enzymatic activity. Various de 

novo TIM barrels were generated which anchor structural extensions and provide pockets for the 

incorporation of functional residues in a downstream step. Obtained insights from these de novo TIM 

barrels were applied to generate a new set of de novo TIM barrels with tailor-made extensions for a 

specific enzymatic activity directly, achieving multiple active de novo TIM barrels and providing the 

framework for future functionalized de novo TIM barrels. 
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Synopsis 

Extending a de novo TIM barrel with rational designed motifs – αTIMs 

A potential strategy for functionalizing de novo TIM barrels involves a two-step approach: first, 

introducing structural extensions in the scaffold protein to form a suitable pocket, and 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 catalytic face (131). 

However, the crystal structure of the modified barrel revealed that the introduced helix deviated from 

the intended motif, and its limited size was insufficient to generate a pocket, hindering progress toward 

functional de novo TIM barrels. Nonetheless, these initial attempts provided valuable insights. We 

hypothesized that achieving pocket formation requires larger structural extensions that are as precisely 

controlled as possible to avoid unintended deviations.  

In our first publication, we applied these principles by introducing larger coiled coils, which offer 

rational designability and tunable size based on their heptad repeat sequence (134). To generate suitable 

coiled coils for insertion, we selected coiled-coil sequences from literature and used Rosetta ab initio 

structure prediction for modeling (Figure 11). Since the project started during the third era of de novo 

protein design – before AlphaFold2 and comparable AI-based tools – all computational methods relied 

on physics-based approaches. Since the obtained full-length coiled-coil motif was disproportionately 

large compared to the TIM barrel, we truncated the sequence slightly. The predicted structure of the 

shortened motif did not resemble a coiled coil but adopted a helix-loop-helix motif, however based on 

the high-quality, as indicated by a funnel shaped landscape, we proceeded with the fragment 

incorporation. Using RosettaRemodel, we tested different βα-loops of sTIM11 for the insertion and 

identified the β4α5-loop as the most suitable one. As the inserted motif revealed high conformational 

flexibility with respect to the TIM barrel, we constructed a continuous motif with the TIM barrel’s outer 

α-helix rigidifying the extension. To restore the originally intended coiled-coil topology we performed 

sequence optimization of the motif based on the characteristic typical heptad sequence pattern. However, 

this optimization did not restore the intended topology, though it further stabilized the motif. Based on 

this workflow we selected two designs – αTIM1 and αTIM2 – which differ in the amino acid sequence 

in their extension. In addition, we rationally designed a third variant, αTIM3, by introducing a helix-

capping motif into the extension of αTIM1 to further stabilize it. Our computational workflow utilized 

sTIM11 as the starting scaffold, however further optimized variants were developed in the meanwhile. 

For experimental characterization, we introduced our designed extensions into sTIM11noCys. Initially, 

we tested αTIM1, αTIM2 and αTIM3, but only αTIM2 could be produced in sufficient yields and 

showed indication of a successful formation of the intended motif. Based on these early experimental 

insights, we identified αTIM2 as the most promising design and subsequently introduced its extension 

a second time. Utilizing the four-fold symmetry of the TIM barrel and given the positions of the termini, 
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we incorporated the motif in the β2α3- and β6α7-loop without further optimization generating αTIM2-2. 

We then proceeded with the experimental characterization of αTIM2, featuring one extension, and 

αTIM2-2, featuring two extensions.  

 

Figure 11: Design overview of the αTIMs. The starting scaffold for the design workflow was sTIM11 (PDB: 5BVL), 

displayed as cartoon representation and topology in white. The design pipeline started with the ab initio modelling of a small 

helix-loop-helix motif resulting in a good prediction based on the funnel shaped landscape (figure above the arrow). This motif 

was inserted in sTIM11 resulting in models with a high conformational flexibility of the inserted fragment (figure below the 

arrow). To reduce this flexibility a continuous helix with the outer helix of the barrel was constructed and the motif was further 

optimized. After initial experimental characterization the designed motif was duplicated in other regions of the barrel without 

further modifications resulting in αTIM2-2, displayed as cartoon representation and topology with all extensions in comparison 

to sTIM11 highlighted in red. Figure adapted from Kordes et al. (134). 

For those two proteins, size exclusion chromatography with multi-angle light scattering (SEC-MALS) 

measurements showed a stepwise increase in the hydrodynamic radius, while CD spectroscopy revealed 

an increase in α-helical content with each extension compared to sTIM11noCys, supporting a correct 

incorporation of the helix-loop-helix motifs. Although the melting temperature remained comparable to 

the original scaffold, each additional introduced motif reduced the ΔG25 °C indicating a modest 

destabilization associated with the extensions (Figure 12A). Apart from CD measurements, we did not 

obtain structural data, such as X-ray crystallography, NMR or SAXS, to validate the formation of the 

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 extensions (Figure 12B). Additionally, the neural network PUResNET, designed 

for ligand-binding site prediction, identified potential binding sites formed by the inserted motif above 

the barrel, underscoring the potential for downstream functionalization with ligand binding or substrate 

recognition sites (Figure 12C). However, several factors may complicate downstream functionalization. 

The pockets are relatively solvent exposed and not tailor-made for a defined function and no exact 

atomic coordinates are available due to the absence of an experimentally solved structure. Nevertheless, 

even if the generated proteins are not directly suitable for functionalization, they 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 and de novo TIM barrels can successfully accommodate multiple structural 

extensions. 

 

Figure 12: Overview of the characterization of the αTIMs. A. The designed proteins αTIM2 (blue) and αTIM2-2 (yellow) 

showed a progressive destabilization with each extension, compared to the base scaffold sTIM11noCys (grey), as observed in 

melting curves monitored by CD. B. An AlphaFold2 prediction (barrel in white and extensions colored according to the pLDDT 

score) indicated the correct formation of the inserted fragment but showed minor deviations in the angles of the extensions in 

comparison to the Rosetta model (yellow). C. A pocket (displayed as surface in red) was predicted by PUResNET within the 

Rosetta model enabling downstream functionalization. Figures taken from Kordes et al. (134). 

Structural extensions in the era of deep learning – HalluTIMs 

The design of the αTIMs was conducted during the third era of de novo protein design, but by its ending, 

the field entered the fourth era with newly available and powerful tools like AlphaFold2, constrained 

hallucination and ProteinMPNN. Inspired by the structural diversity observed in hallucinated proteins, 

we applied constrained hallucination to generate a new set of de novo TIM barrels referred to as 

HalluTIMs and described in my second publication (135). This set was diversified with two or three 

extensions at the catalytic face to further enhance the surface area and likelihood of pocket formation 

(Figure 13). Based on our knowledge from the αTIMs regarding well-behaving insertion points and 

required extension size, we selected suitable fragment lengths and insertion points within the chosen 

base scaffold sTIM11-SB. We initially chose constrained hallucination due to its ability to generate 

diverse secondary structure elements. However, the method predominantly sampled α-helical extensions 

similar to those in the αTIMs, likely a result of our insertion points within helices. Nevertheless, given 

the successful pocket formation observed in the αTIMs, we proceeded with the sampled motifs and 

refined them in a second round of constrained hallucination. As this 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 approach resulted in designs 

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

Three of the selected designs featured extensions in the β2α3- and β6α7-loops, while the remaining three 

anchored an additional extension in the β4α5-loop. These designs were named HalluTIMX-X, where the 

first ‘X’ indicates the number of extensions and the second distinguishes individual proteins within each 

category. 
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Figure 13: Design overview of the HalluTIMs. The starting scaffold of the design workflow was sTIM11-SB (PDB: 7OSU), 

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 using constrained hallucination (scheme above the arrow, insertion 

regions in blue, resulting extension in yellow). Multiple rounds of constrained hallucination were performed to refine certain 

areas of the extensions and subsequently, the entire extensions 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 HalluTIM3-1 shown as carton representation (PDB: 8R8O) and topology with all extensions in comparison to sTIM11-SB 

highlighted in red. Figure adapted from Beck et al. (135). 

 

The experimental characterization of the HalluTIMs revealed high levels of soluble expression and 

purification yields across all designs representing a significant improvement over the αTIMs, of which 

only one initial design resulted in sufficient yields for its characterization. SEC-MALS measurements 

showed for all designs, except one, a monomeric elution behavior and increase in hydrodynamic radius 

compared to sTIM11-SB. While CD spectroscopy revealed an increase in α-helicity in comparison to 

the base scaffold, no stepwise increase with each additional extension was observed. In contrast, to our 

experience from the αTIMs, the incorporation of the structural extensions did not lead to a 

destabilization but to an increase in the melting point and ΔG25 °C for some designs (Figure 14A). With 

the crystallization and structure determination of HalluTIM2-2 and HalluTIM3-1, we confirmed the 

successful formation of the structural extensions, whereby one extension in HalluTIM2-2 was not 

entirely resolved. Our design HalluTIM2-2 was in close agreement with the crystal structure, whereas 

HalluTIM3-1 exhibited deviations in the angles of the extensions (Figure 14B). As these discrepancies 

occurred in regions with a high number of crystal contacts, we conducted SEC-SAXS measurements to 

investigate their structure in solution. This analysis revealed that the crystal structure, despite its crystal 

contacts, more closely reflects the solution state than the AlphaFold2 prediction (Figure 14C). However, 

no structure or prediction of HalluTIM2-2 and HalluTIM3-1 fully agrees with the experimental data 

indicating considerable flexibility in the introduced extensions. Despite the indicated flexibility, we 

sought to assess the potential for downstream functionalization using PUResNET to predict potential 

binding sites within the crystalized HalluTIMs. Hereby, we identified in both HalluTIMs a potential 



Synopsis 
 

 
25 

pocket with variable size. HalluTIM2-2 exhibited a smaller pocket, while HalluTIM3-1 formed a larger 

one due to the additional extension. These findings highlight the capacity of the HalluTIMs to serve as 

a scaffold for accommodating ligands of varying sizes. 

 

Figure 14: Overview of the characterization of the HalluTIMs. A. The designed proteins HalluTIM2-2 (red) and 

HalluTIM3-1 (blue) showcased an increased thermostability in comparison to the original scaffold sTIM11-SB (black) within 

melting curves followed by CD. B. A comparison between the crystal structure (barrel in white and extensions in blue) and 

AlphaFold2 (barrel in white and extensions in green) of HalluTIM3-1 revealed deviations in the angles of the extensions. 

C. SEC-SAXS measurements of HalluTIM3-1 indicated that the crystal structure (blue line) is in closer agreement with the 

experimental data (black dots) than the AlphaFold2 prediction (green line), whereby both fits are not in perfect agreement with 

the data suggesting a higher flexibility of the extensions. Figures taken from Beck et al. (135). 

The successful design of the HalluTIMs represents an improvement over the αTIMs in terms of 

experimental success rate and potential for downstream 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 destabilization 

indicates a higher robustness of the HalluTIMs eventually necessary for downstream functionalization. 

Despite representing a valuable steppingstone toward the functionalization of de novo TIM 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 – KempTIMs 

The introduction of a binding function and especially enzymatic activity requires high accuracy. 

Realizing diverse functions within a preformed pocket of a scaffold protein is highly unlikely (136). 

Consequently, unlocking the full potential of de novo TIM barrels requires moving beyond the 

conventional two-step strategy of pocket formation followed by downstream functionalization. To 

address this, we developed a strategy that integrates the design of both a tailor-made pocket and its 

corresponding function in a single step. This led to the design of a new set of de novo TIM barrels, 

described in detail in our third manuscript (137). As proof of principle, we selected the Kemp 

elimination, a benchmark reaction in computational enzyme design involving carbon-based proton 

transfer. Accordingly, we named this set KempTIMs. To generate it, we developed a new workflow 

called CANVAS (Customizing Amino-acid Networks for Virtual Active-site Scaffolding) which 



Synopsis 
 

 
26 

combines neural networks for backbone and sequence design with the protein design software Triad for 

enzyme design (Figure 15) (47). As an additional step to facilitate functionalization, we applied a 

circular permutation to a de novo TIM barrel to increase the number of designable βα-loops on the 

catalytic face. For this purpose, we used DeNovoTIM6-SB and selected two different permutation 

points, generating two new variants – NT6-CP1 and NT6-CP2 – that closely resemble the termini 

positions of natural TIM barrels. In addition to these circularly permuted designs, we included a de novo 

TIM barrel with low sequence identity to sTIM11 and its derivatives, aiming to further diversify our 

starting points.  

 

Figure 15: Design overview of the KempTIMs. Starting from a minimal de novo TIM barrel, such as the AlphaFold2 (AF2) 

prediction of NT6-CP1 (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 TIM barrel (TIM-barrel 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 optimized to support the transition state (TIM-barrel 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 performed resulting in KempTIM4-2, shown as cartoon representation (PDB: 9QKX) and 

topology with all extensions in comparison to the minimal TIM barrel highlighted in red. Figure adapted from Beck et al. (137). 

Based on the finding of rather flexible helical extensions in the HalluTIMs, we realized that the 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 catalytic groups arranged to stabilize a transition state, above the barrel 

not connected to the structure. By connecting the residue to the structure using RFdiffusion and 

ProteinMPNN, we generated extensions anchoring the catalytic residue and forming a pocket for the 

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 the αTIMs 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 identified one active 
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design during experimental characterization (Figure 16A), showcasing comparable activity to 

previously designed Kemp eliminases (138). This protein, named KempTIM4, is the first de novo TIM 

barrel with an enzymatic function based on a tailor-made extension. Despite being active, KempTIM4 

displayed several unfavorable properties, including low expression levels and purification yields, a 

higher random coil content in CD measurements than expected, major destabilization compared to an 

idealized TIM barrel and a tendency to aggregate at higher concentrations. To address these issues, a 

sequence optimization of the whole protein, excluding the active site, was performed using 

ProteinMPNN, resulting in a stabilized variant named KempTIM4-2. This optimized variant showed 

improved expression, solubility, structural integrity, and thermal stability. However, it also showed 

altered enzymatic kinetics, characterized by the absence of saturation (Figure 16A) and reduced 

dependency on the second catalytic residue, as observed by only a slight decrease in activity in the 

alanine mutant. Unlike the HalluTIMs, which did not require a sequence optimization of 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 necessity. Given the improved properties of the optimized variant, 

incorporating a sequence optimization of the entire barrel early in the design strategy may be 

advantageous for the generation of future functional de novo TIM barrels.  

 

Figure 16: Overview of the characterization of the KempTIMs. A. Enzyme kinetics of KempTIM4 (datapoints as filled 

symbols and fit as solid line) and KempTIM4-2 (datapoints as open symbols and fit as dashed line); KempTIM4 exhibits 

substrate saturation within the solubility limit while KempTIM4-2 does not reach saturation. B. A comparison between the 

pocket of the crystal structure (blue) and the designed pocket (minimal TIM barrel and lid colored white and magenta, 

respectively) revealed correct positioning of the catalytic residue in the barrel (D153), but displacement of the second catalytic 

residue anchored on the lid (N46) and suboptimal preorganization of the active site. C. MD simulations indicated a smaller 

bottleneck radius as the key difference between active (KempTIM4 and KempTIM4-2) and the non-active design (KempTIM9). 

Figures taken from Beck et al. (137). 

With the improved properties of KempTIM4-2 we were able to solve its 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 and hence the position of the anchored catalytic residue as well as a poor preorganization 

within the pocket (Figure 16B). 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 condition. But the 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 structure. Since we observed a high number of crystal contacts within the extended 

regions, we performed SEC-SAXS to investigate their behavior in solution. This measurement indicated 

that the lid likely adopts a conformation in solution comparable to its crystal structure, as 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 its optimized variant were the only active designs. To investigate this, we conducted 

MD simulations comparing the active designs to the inactive variant KempTIM9. This particular design 

was selected because it displayed high expression levels, a well-folded structure in CD spectroscopy 

and a high melting temperature, which ruled out misfolding as the cause of inactivity. Structurally, 

KempTIM9 featured a single, larger extension consisting of a helix and an elongated loop, in contrast 

to KempTIM4, which contained multiple insertions. The MD simulations revealed that only the original 

design KempTIM4 maintained an active state conformation of both catalytic residues with the transition 

state analogue. In contrast, the inactive design and KempTIM4-2 showed weaker contacts of the second 

catalytic residue, anchored on the lid, explaining the reduced dependence on this residue in the case of 

KempTIM4-2. The key difference between the active and inactive variants was a significantly narrower 

entrance to the active site in case of the inactive one that likely restricts substrate binding and led to 

inactivity (Figure 16C). While other potential factors for inactivity cannot be entirely excluded, ensuring 

greater active-site accessibility, a feature of highly active Kemp eliminases, during lid generation should 

be considered for future design pipelines 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 enzymatically active de novo TIM barrels and gained valuable insights for future 

design strategies. 

Overall findings and journey ahead 

As is common in protein design, results must be interpreted in the context of existing knowledge and 

available methodologies. The αTIMs were generated during the third era of protein design, relying 

primarily on Rosetta and targeting a challenging design objective back then. Consequently, the 

experimental success rate was low, and no experimentally solved structures were obtained. However, 

newer AI-based techniques such as AlphaFold2 and PUResNET indicated that the designed extensions 

and pockets were successfully formed. With the ongoing AI revolution in protein design and the 

integration of methods such as constrained hallucination into the design pipeline, it is now possible to 

generate de novo TIM barrels with motifs similar to the αTIMs – without rationally guided design – 

achieving significantly higher experimental success rates and marking a major leap forward in design 

capabilities. The resulting HalluTIMs showed improved behavior over the αTIMs and demonstrated 

potential for downstream functionalization, supported by both solved crystal structures and predicted 

binding pockets. However, the ongoing advances in protein design make it possible to overcome the 



Synopsis 
 

 
29 

process of pocket formation and downstream functionalization and enable one-step functionalization, as 

demonstrated by the KempTIMs. While the design of the KempTIMs represents a significant step 

forward, their design would not have been possible without the foundational work and insights gained 

from the αTIMs and HalluTIMs showcasing a principle of protein design as each design deepened the 

understanding for the functionalization (Figure 17). 

 

 

Figure 17: Overview of the designed sets of de novo TIM barrels. Each protein is shown as cartoon representation and 

topology. Structural extensions are colored red and the unmodified parts of the TIM barrel white. Important details of each set 

are summarized as bullet points. The increased diversity and complexity within the structural extensions are observable with 

each further design generation. 

 

This thesis aimed to overcome the limitations of de novo TIM barrels and advance their functionalization 

– and successfully met these objectives. The αTIMs and HalluTIMs reduced the limitations of de novo 

TIM barrels as they formed pockets available for downstream functionalization, while also providing 

crucial insights that enabled the design of enzymatically active de novo TIM barrels, the KempTIMs. 

However, this marks not the end but rather the beginning of the journey for functional de novo TIM 

barrels, given the enormous potential of the TIM-barrel fold. As natural TIM barrels catalyze nearly 

every known type of reaction, there is immense potential to introduce a variety of functions into de novo 

TIM barrels. This is the start for a future family of enzymatically active de novo TIM barrels and the 

exploration of the full potential of nature’s most versatile fold, free from evolutionary bias. 
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Figure S1. Biochemical characterization of additional HalluTIMs. For each construct the structure prediction with ColabFold 

and the characterization with SEC-MALS, Far UV-CD and thermal unfolding is shown. Within the structure predictions the base 

scaffold is shown in white and the extensions in green. Elution profile of the SEC-MALS measurements showing the normalized 

relative differential refractive index as solid black line and the calculated molar mass as data points in black. Far UV-CD spectra 

and thermal unfolding are displayed in black. For numerical results of the experimental characterization see Table S3. 
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Figure S2. Far UV-CD measurements to determine the reversibility of thermal unfolding. For each construct an initial far 

UV-CD spectrum is displayed in black, a far UV-CD spectrum at 95 °C in red and a far UV-CD spectrum after cooling down in 

blue. All HalluTIMs maintain the reversible unfolding behavior of sTIM11-SB. 
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Figure S3. Crystal packing with large void volumes of HalluTIM3-1. Structures are displayed as cartoon representation with 

the base scaffold colored in white and the extensions in blue. Symmetry mates around 100 Å are shown. Crystal contacts are mainly 

formed within the extensions resulting in a crystal packing with large void volumes. 
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Figure S4. Dimensionless Kratky plot. Datapoints and error bars for sTIM11-SB colored in grey, for HalluTIM2-2 in red and for 

HalluTIM3-1 in blue. Measurements indicate globular proteins and slightly higher flexibility of HalluTIM2-2 and HalluTIM3-1 in 

comparison to sTIM11-SB. 

 

 

 

 

 
Figure S5. PUResNET pocket prediction. Structures are displayed as cartoon representation. The base scaffold is shown in white. 

Extensions of HalluTIM2-2 and HalluTIM3-1 are shown in red and blue, respectively. Predicted pockets are displayed as surface 

representation and colored in black. A) Pocket prediction for sTIM11-SB. B) Pocket prediction for HalluTIM2-2. C) Pocket 

prediction for HalluTIM3-1. 
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Figure S6. Hallucination of a fourth extension. The predicted structure is displayed as cartoon representation in rainbow coloring. 

The extension of the termini with constrained hallucination resulted only in non-interacting elongations. 
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Table S1. Protein sequences (extensions highlighted in bold). 

Name Sequence 

HalluTIM2-1 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVVDKADEYRKKAEE

VAKKTGNFKPLVDKYLAEAEKARDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWK

KGADILIVDATDKNEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDADER

VERRKEELKKLGLTDPEVIEKAREEARREAWKQVEQLRREGATEIAYRSDDWRDLKE

AWKKGADILIVDATLEHHHHHH 

HalluTIM2-2 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVSSKADDYRARAAA

AAKELGNVKPIVDALLAEAKKARDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWK

KGADILIVDATDKNEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDVNA

RIEKRRKKLAAEGRTDPAVIEAEAAKAREEGWKQVEQLRREGATEIAYRSDDWRDLK

EAWKKGADILIVDATLEHHHHHH 

HalluTIM2-3 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDASRASAALQAAK

NAKDPKEKEKLLKENQEKAQKIRDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWK

KGADILIVDATDKNEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDADDT

ADAIRKRAEAEGNKPEYEKKIDEVREKAWKQVEQLRREGATEIAYRSDDWRDLKEAW

KKGADILIVDATLEHHHHHH 

HalluTIM3-1 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDASRLREAADAAR

AAGEATGDEELIAKAEAYRDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWKKGADI

LIVDGLRRGRIARELERLAKEEGDPALLAAAEAAREAAWKQVEQLRREGATRIAYRSD

DWRDLKEAWKKGADILIVDNRARLRRAEEEVAETGDPDNEELIRETRERAREEGWKQ

VEQLRREGATEIAYRSDDWRDLKEAWKKGADILIVDATLEHHHHHH 

HalluTIM3-2 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVDARRKRRAADAAE

ARGKATGDPEAIAVGQAYRDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWKKGADI

LIVDGVTRRGRARRLRRAAEAEGDPELLAEARALREEAWKQVEQLRREGATRIAYRS

DDWRDLKEAWKKGADILIVDARTLLRRAREEVAAEGRPDDPELIEKTIAEAREEAWK

QVEQLRREGATEIAYRSDDWRDLKEAWKKGADILIVDATLEHHHHHH 

HalluTIM3-3 MDKDEAWKQVEQLRREGATRIAYRSDDWRDLKEAWKKGADILIVVSKAIEWRAEEAK

ALAAGDKEAAAKAAAAAKQARDEAWKQVEQLRREGATEIAYRSDDWRDLKEAWKKG

ADILIVESGEDRTRRRAIELGLFDPNNPEVQKAREEAKQEAWKQVEQLRREGATRIAY

RSDDWRDLKEAWKKGADILIVDAKSLEEKAEKLLKEAKKRNDPELEKKAEELKKEA

WKQVEQLRREGATEIAYRSDDWRDLKEAWKKGADILIVDATLEHHHHHH 
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Table S2. Parameters for the final designs. Length in number of residues of each extension in the design (from N- 

to C-terminus). RMSD over all Cα-atoms for the proteinMPNN input structure and the AlphaFold prediction. pLDDT 

for each design. 

Design Extension (# res) RMSD (Å) pLDDT 

HalluTIM2-1 39/35 1.93 95.2 

HalluTIM2-2 39/35 1.76 95.7 

HalluTIM2-3 39/33 1.74 94.4 

HalluTIM3-1 35/35/36 1.93 94.6 

HalluTIM3-2 35/35/36 1.93 94.9 

HalluTIM3-3 37/35/35 2.25 95.0 

 

 

Table S3. Biochemical and thermodynamic properties. Data points for theoretical and experimentally determined 

molecular weight (MW) using SEC-MALS as well as apparent melting temperature (TM) and ΔG at 25 °C using CD 

spectroscopy. 

construct Theoretical MW 

[kDa] 

Experimental MW [kDa] TM [°C] (n=2) ΔG25 °C [kcal mol-1] 

sTIM11-SB 22.93 22.90 ± 0.05 65.5 ± 0.7 -7.3 ± 0.8 

HalluTIM2-1 29.77 30.10 ± 0.03 65.7 ± 0.5 -10.4 ± 0.2 

HalluTIM2-2 29.08 28.90 ± 0.03 71.7 ± 1.1 -12.3 ± 0.1 

HalluTIM2-3 29.23 31.30 ± 0.09 / 29.50 ± 0.18 58.3 ± 1.0 -5.1 ± 0.1 

HalluTIM3-1 31.96 33.00 ± 0.03 66.5 ± 0.7 -10.5 ± 0.4 

HalluTIM3-2 32.00 34.60 ± 0.21 68.4 ± 0.3 -7.2 ± 0.8 

HalluTIM3-3 32.16 32.00 ± 0.06 65.1 ± 0.7 -8.9 ± 0.6 
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Table S4. Structural comparisons. Structural alignment over all Cα-atoms each extension from the crystal structures 

with the ones in the corresponding ColabFold predictions. Numbering of the helices from N- to C- terminus. 

 Structural alignment Number of Cα-atoms 

HalluTIM2-2 Extension 1: 0.44 Å 39 of 39 Cα-atoms 

 Extension 2: 0.80 Å 22 of 22 Cα-atoms 

HalluTIM3-1 Extension 1: 2.34 Å 35 of 35 Cα-atoms 

 Extension 2: 0.65 Å 35 of 35 Cα-atoms 

 Extension 3: 0.96 Å 36 of 36 Cα-atoms 

 

Table S5. Comparison of pocket volumes in extended de novo TIM barrels. Pocket volumes are calculated with 

ChimeraX (Meng et al., 2023), the ones for αTIM2 and αTIM2-2 derive from Kordes et al. (2023). 

Construct Pocket volume (Å3) 

sTIM11-SB 316 

HalluTIM2-2 2000 

HalluTIM3-1 1006 

αTIM2 750 

αTIM2-2 2127 

 

Reference: Meng, E. C., Goddard, T. D., Pettersen, E. F., Couch, G. S., Pearson, Z. J., Morris, J. H., & Ferrin, T. E. 

(2023). UCSF ChimeraX: Tools for structure building and analysis. Protein Science, 32(11), e4792. doi: 

10.1002/PRO.4792 
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Table S6. Data collection and refinement statistics of HalluTIM2-2 and HalluTIM3-1. Statistics for the highest-

resolution shell are shown in parentheses. 

  HalluTIM2-2 HalluTIM3-1 

Wavelength 0.8731 0.9762 

Resolution range 
47.63  - 2.55 (2.641  - 

2.55) 
38.23  - 2.15 (2.227  - 2.15) 

Space group P 21 2 21 P 64 2 2 

Unit cell 92.71 71.2 88.64 90 90 90 122.36 122.36 165.62 90 90 120 

Total reflections 80245 (8237) 1586693 (164305) 

Unique reflections 19247 (1921) 40404 (3948) 

Multiplicity 4.2 (4.3) 39.3 (41.6) 

Completeness (%) 97.11 (96.36) 99.54 (95.95) 

Mean I/sigma(I) 8.98 (0.70) 17.65 (0.46) 

Wilson B-factor 91.96 67.89 

R-merge 0.07381 (1.654) 0.1358 (5.774) 

R-meas 0.08514 (1.89) 0.1376 (5.845) 

R-pim 0.04118 (0.8896) 0.02208 (0.8997) 

CC1/2 0.997 (0.302) 0.999 (0.342) 

CC* 0.999 (0.681) 1 (0.714) 

Reflections used in refinement 19246 (1879) 40401 (3790) 

Reflections used for R-free 958 (92) 2008 (186) 

R-work 0.2465 (0.3853) 0.2453 (0.4822) 

R-free 0.3060 (0.4170) 0.2598 (0.4945) 

CC(work) 0.960 (0.474) 0.939 (0.587) 

CC(free) 0.866 (0.050) 0.936 (0.504) 

Number of non-hydrogen atoms 3800 2289 

  macromolecules 3777 2192 

  ligands 15 47 

  solvent 8 50 

Protein residues 461 262 

RMS(bonds) 0.003 0.002 

RMS(angles) 0.5 0.44 

Ramachandran favored (%) 97.57 97.69 

Ramachandran allowed (%) 1.77 1.92 

Ramachandran outliers (%) 0.66 0.38 

Rotamer outliers (%) 5.45 1.9 

Clashscore 7.27 6.76 

Average B-factor 110.94 91.96 

  macromolecules 110.96 91.72 

  ligands 112.21 106.54 

  solvent 102.33 89.13 

Number of TLS groups 2 3 
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Abstract 

The TIM barrel is the most prevalent fold in natural enzymes, supporting efficient catalysis of diverse 

chemical reactions. While de novo TIM barrels have been successfully designed, their minimalistic 

architectures lack structural elements essential for substrate binding and catalysis. Here, we present 

CANVAS, a computational workflow that introduces a structural lid into a minimal de novo TIM barrel to 

anchor catalytic residues and form an active-site pocket for enzymatic function. Starting from two de novo 

TIM barrels, we designed nine variants with distinct lids to form active sites for the Kemp elimination. 

Experimental testing identified one active variant with catalytic efficiency comparable to previously 

reported Kemp eliminases, and mutational analyses validated the essential role of the designed catalytic 

residues. Sequence optimization of this variant improved solubility and stability, enabling X-ray structure 

determination, which confirmed the designed lid structure. This study reports the first enzymatically active 

de novo TIM barrel and establishes a platform for designing enzymes from minimal protein scaffolds. 

Introduction 

The TIM barrel is one of the most versatile enzyme folds. It is present in six of the seven enzyme classes 

and supports catalysis at diffusion-limited rates1-3. While idealized de novo TIM barrels have been 

successfully designed4-7, none have been converted into functional enzymes due to their minimalistic 

architecture, which lacks key structural elements required for catalysis, such as cavities, pockets, and 

extended loops. Efforts to address these deficiencies have led to the introduction of secondary structural 

elements to create rudimentary pockets8-10. However, these pockets are too solvent exposed and undefined 

to support the microenvironments required for catalysis. Therefore, novel strategies are needed to craft 

custom active sites and endow de novo TIM barrels with enzymatic function.  
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A computational approach for active-site scaffolding 

Here, we introduce CANVAS (Customizing Amino-acid Networks for Virtual Active-site Scaffolding), a 

computational workflow for transforming minimal proteins such as de novo TIM barrels into functional 

enzymes (Figure 1a, Supplementary Figure 1). The process begins with a minimal TIM barrel template and 

a theozyme, which is a computational model of an idealized enzyme active site with catalytic groups 

arranged to stabilize a reaction’s transition state11. Using the protein design software Triad12, a catalytic 

amino acid from the theozyme is placed onto the TIM barrel template, and the transition state is built from 

its side chain to maintain the catalytic geometry13. A second catalytic residue is then built from the transition 

state, ensuring proper geometry for catalytic interaction. The alpha carbon of this second residue is thus 

positioned in the empty space above the TIM barrel catalytic face. This allows it to serve as an anchor for 

constructing a custom lid to form the active-site pocket, which is created using the generative AI tool 

RFdiffusion14 followed by sequence design with ProteinMPNN15 and evaluation with AlphaFold216. The 

active site is further optimized with Triad to build a pocket complementary to the transition state17. Designs 

are then filtered using key enzyme design criteria18, including solvent-accessible surface area of the 

transition state, active-site preorganization, energy, and catalytic contact geometry. 

 

Figure 1. De novo enzyme design using CANVAS. (a) CANVAS follows three general steps: (1) placement of the theozyme 

(blue) onto the minimal TIM-barrel scaffold using a single catalytic residue as an anchor; (2) construction of a custom lid (magenta) 

to form the active-site pocket and anchor the second catalytic residue; and (3) active-site repacking to further stabilize the transition 

state. (b) Kemp elimination reaction. (c) Structure of three distinct lids (magenta) tailored to the Kemp elimination, designed using 

CANVAS. Transition state and designed catalytic residues are shown as sticks.  

Applying CANVAS to minimal TIM-barrel proteins 

We applied CANVAS to the Kemp elimination (Figure 1b), a model organic transformation commonly 

used as a benchmark for de novo enzyme design17-19. The reaction’s theozyme features an Asp as catalytic 

base and an Asn or Gln as H-bond donor to stabilize negative charge buildup on the oxygen at the transition 

state. We used the crystal structures of two de novo TIM barrels (PDB IDs: 7MCD20 and 7OSV5) as 

templates. Since 7OSV has its N- and C-termini on the catalytic face of the TIM barrel, we applied an in 

silico circular permutation based on the inpainting method21 to generate two modified structures termed 

a

b c

Minimal TIM barrel KempTIM
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NT6-CP1 and NT6-CP2 that contain termini on the stability face (Supplementary Figure 2). Starting from 

these structures, we used CANVAS to generate a distinct lid for each template tailored to the Kemp 

elimination (Figure 1c). The lid diffused onto 7MCD consists of a single 26-residue fragment introduced 

in βα loop 7 (Supplementary Figure 3). By contrast, the designed lids in NT6-CP1 and NT6-CP2 comprise 

a major fragment of 33 or 39 residues introduced into βα loops 2 or 6, respectively, to scaffold the catalytic 

H-bond donor, as well as three or four elongated loops to enhance interactions with the primary fragment. 

The resulting designs, termed KempTIMs, include variants 1–3 obtained from NT6-CP2, variants 4–5 from 

NT6-CP1 and variants 6–9 from 7MCD, each with a unique active-site configuration (Supplementary 

Figure 4) and sequence (Supplementary Table 1), which yielded high AlphaFold2 pLDDT scores 

(Supplementary Figure 5).  

 

Kinetic assays reveal an active Kemp eliminase 

Of the nine designs, seven expressed in soluble form in E. coli but only five could be purified to 

homogeneity (Supplementary Table 2). Notably, the NT6-CP1 template could not be expressed, in contrast 

to NT6-CP2 and 7MCD. Enzymatic assays revealed a single active design, KempTIM4, which followed 

Michaelis-Menten kinetics with substrate saturation (Figure 2a), yielding kcat, KM, and kcat/KM values of 

0.0066 ± 0.0006 s–1, 0.6 ± 0.1 mM, and 11 ± 3 M–1 s–1, respectively. This catalytic efficiency is comparable 

to those of other de novo Kemp eliminases17,19,22, such as KE07 (kcat = 0.018 s–1, KM = 1.4 mM, and kcat/KM 

= 12.2 M–1 s–1)19. KempTIM4 expressed predominantly as a monomeric protein (Figure 3a,b, 

Supplementary Table 3) and displayed a mixed αβ secondary structure characteristic of TIM barrels (Figure 

3c). Compared to the minimal TIM barrel NT6-CP2, KempTIM4 exhibited increased random coil content, 

indicated by a stronger circular dichroism (CD) signal at 208 nm. This structural feature aligns with the 

design of its lid, which includes long loops (Figure 3a, Supplementary Figure 3). KempTIM4 showed a 

strongly reduced melting temperature relative to NT6-CP2 (Figure 3d), reflecting the destabilizing effects 

of incorporating a lid and active site onto the minimal TIM barrel scaffold. Mutation of the designed 

catalytic base and H-bond donor to Ala abolished or substantially reduced activity (Figure 2b) despite size-

exclusion chromatograms and CD spectra comparable to KempTIM4 (Supplementary Figure 6, 

Supplementary Table 3). These results confirm that the loss of activity in these knockout variants is due to 

mutation, not structural disruption. Moreover, the absence of enzymatic activity in NT6-CP2 demonstrates 

that catalysis in KempTIM4 is driven by the designed lid and active site. 
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Figure 2. Kinetic characterization of KempTIMs. (a) Michaelis–Menten plots of normalized initial rates as a function of 5-

nitrobenzisoxazole (5-NBZ) concentrations. Data represent the average of 18 or nine replicate measurements from five or four 

independent protein batches for KempTIM4 and KempTIM4-2, respectively (mean ± SEM). (b) Reaction progress curves ([5NBZ] 

= 2 mM) demonstrate the contributions of designed catalytic residues D153 and N46 to catalysis. (c) Michaelis-Menten (left) and 

Lineweaver-Burk (right) plots reveal that the transition-state analogue 6NBT acts as a competitive inhibitor of KempTIM4-2. Data 

represent the average of four replicate measurements from a single protein batch (mean ± SEM). 

 

Redesign yields a more stable enzyme 

Although active, KempTIM4 was prone to aggregation at high concentrations. This led us to redesign its 

sequence for enhanced expression and solubility using ProteinMPNN, which has been shown to produce 

stable and soluble proteins23. In this procedure, identities of active-site residues designed with Triad were 

preserved to maintain catalytic function, while the rest of the protein was redesigned. The redesigned 

protein, KempTIM4-2, demonstrated approximately 10-fold higher expression yields compared to 

KempTIM4 (Supplementary Table 2) and existed exclusively as a monomer with no tendency to form 

dimers (Figure 3b, Supplementary Table 3). CD spectroscopy showed increased α-helicity compared to 

KempTIM4 and higher stability, comparable to NT6-CP2 (Figure 3c,d). Despite these improvements, 

KempTIM4-2 exhibited lower activity than KempTIM4 (kcat/KM = 7.0 ± 0.1 M–1 s–1) and could not be 



Manuscript 3 
 

 
72 

saturated within the substrate’s solubility limit (Figure 2a), even though active-site residues remained 

unchanged. As with KempTIM4, mutation of the catalytic base in KempTIM4-2 abolished activity (Figure 

2b) without disrupting structure (Supplementary Figure 6, Supplementary Table 3). However, mutation of 

the H-bond donor caused only a small reduction in catalytic activity compared to KempTIM4, suggesting 

that this designed Asn residue adopts a suboptimal orientation hindering its catalytic function. Nevertheless, 

inhibition assays using the 6-nitrobenzotriazole (6NBT) transition-state analogue demonstrated competitive 

binding in the active site (Figure 2c), confirming the integrity of the designed active site pocket.  

 

Figure 3. Structural characterization. (a) Computational models of minimal TIM-barrel NT6-CP2 and active KempTIMs with 

the designed lid shown in magenta and the theozyme as sticks. (b) SEC-MALS indicates that the proteins are predominantly 

monomeric, with molecular weights close to their expected values. (c) CD spectra reveal a mixed αβ signal characteristic of TIM 

barrels. MRE: mean residue ellipticity. (d) Melting curves demonstrate that KempTIM4 is substantially destabilized compared to 

NT6-CP2. Redesign to yield KempTIM4-2 restores stability. 
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The crystal structure confirms the designed lid and provides active site details 

Crystals of KempTIM4-2 were obtained in the presence of 6NBT, and the structure was solved at 2.3 Å 

resolution (Supplementary Table 4). The structure confirmed the correct folding of the designed lid, with 

the primary helix-turn-helix fragment and four elongated loops closely matching the design model 

(Figure 4a). However, the lid was slightly displaced relative to the TIM barrel core, resulting in a 1.8-Å 

shift of the catalytic H-bond donor N46 Cα atom (Figure 4b), which likely reduces its contribution to 

catalysis (Figure 2b). While crystal contacts may contribute to this displacement, size-exclusion 

chromatography coupled with small-angle X-ray scattering (SEC-SAXS) confirmed that the designed lid 

adopts a similar conformation in solution (Supplementary Figure 7). 

 

Figure 4. Crystal structure of KempTIM4-2. (a) The crystal structure (blue) aligns well with the design model (minimal TIM 

barrel and lid colored white and magenta, respectively). The backbone RMSD is 0.86 Å for the full structure and 1.34 Å for the 

lid. (b) Active-site residues in the crystal structure (blue) and design model (white and magenta) show greater divergence, possibly 

due to the absence of a bound transition-state analogue in the crystal structure. While the catalytic base D153 adopts a similar 

rotamer in both structures (side chain RMSD = 0.76 Å), the catalytic H-bond donor N46 adopts a rotameric configuration 

incompatible with transition-state (TS) stabilization (side chain RMSD = 3.09 Å). 

Despite crystallization with 6NBT, no electron density corresponding to the transition-state analogue was 

observed in the active site; instead, the density was best interpreted as a bound glycerol molecule from the 

cryoprotectant. This suggests weak binding of the transition-state analogue under crystallization conditions 

(Methods). Analysis of the active site revealed that the catalytic base D153 adopts a similar rotameric 

configuration in both the crystal structure and design model, whereas N46 adopts a rotameric state 

incompatible with transition-state stabilization (Figure 4b). This aligns with the observation that mutation 

of N46 to Ala in KempTIM4-2 causes only a small reduction in activity, while mutation of D153 abolishes 

activity (Figure 2b). Additionally, the active site is poorly preorganized, with several amino acid side chains 

deviating from the conformations designed to stabilize the transition state. These structural discrepancies 

likely contribute to the modest catalytic efficiency of KempTIM4-2 and provide starting points for future 

optimization. 

 

a b

N46

D153

TS
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Structural Dynamics and Active-Site Accessibility Underpin Catalytic Activity  

To explore why only KempTIM4 and KempTIM4-2 were catalytically active, microsecond-timescale 

molecular dynamics simulations were performed on these designs and the inactive KempTIM9, both in the 

presence and absence of the transition-state analogue. KempTIM9 was selected as a comparison due to its 

good expression (Supplementary Table 2), well-folded structure and high melting temperature (67°C, 

Supplementary Figure 8), which rule out misfolding as the cause of inactivity. The simulations revealed 

that the helical component of the lids, which anchor the catalytic Asn, were rigid (Figure 5a). This rigidity 

stabilizes the transition-state analogue within the binding pocket, maintaining catalytic interactions with 

the catalytic base for much of the simulation, with active variants outperforming the inactive design 

KempTIM9 (Figure 5b). However, only KempTIM4 consistently maintained catalytic interactions with the 

H-bond donor. Both KempTIM4-2 and KempTIM9 showed weaker contacts with this Asn residue, with 

KempTIM4-2 failing to form this interaction throughout the simulation. This result aligns with the lid 

displacement and unproductive rotameric state of N46 observed in the crystal structure, as well as the small 

impact on activity when N46 was mutated to Ala in KempTIM4-2 (Figure 2d).  

 

Figure 5. Molecular dynamics in the presence and absence of transition-state analogue 6NBT. (a) Root-mean-square 

fluctuations (RMSF) of the protein backbone, represented as putty plots, reveal that the lid α-helix anchoring the catalytic H-bond 

donor (boxed) is rigid, whereas loops exhibit greater flexibility. 6NBT and catalytic residues are depicted as sticks. (b) Distributions 

of catalytic contact distances between 6NBT and catalytic base or H-bond donor are shown alongside the active-site entrance 

bottleneck radius, presented as violin plots, with the median value indicated by a black line. 
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A key difference between the active designs and the inactive KempTIM9 was the significantly narrower 

entrance to the active site in KempTIM9 (Figure 5b). Previous studies have demonstrated that widening the 

active-site entrance enhances Kemp eliminase activity by lowering the energy barriers associated with 

substrate entry and product release24. Thus, we postulate that the inactivity of KempTIM9 is due to an 

insufficiently open active site, which likely impedes substrate binding. By contrast, the lids of KempTIM4 

and KempTIM4-2, which incorporate five fragments rather than the single fragment found in KempTIM9 

(Supplementary Figure 3), may facilitate substrate entry. The additional inserted loops in these designs 

likely contribute to active-site accessibility by providing greater flexibility to the lid in the unbound state 

(Figure 5a), allowing the active site to open more readily. While other factors, such as incorrect positioning 

of catalytic residues and lid misorientation, cannot be excluded, these findings suggest that reducing barriers 

to substrate entry during lid generation could improve catalytic performance in future designs. 

Opportunities for CANVAS design 

Natural TIM barrels use lids to bind substrates and form an active site conducive to catalysis25. By contrast, 

minimal de novo TIM barrels lack such lids and are inherently functionless. Using our CANVAS approach, 

we successfully designed a custom lid to form an active site for a target reaction, resulting in the first 

enzyme constructed from a de novo TIM barrel. While KempTIM4 exhibits modest activity, it matches the 

performance of many first-round designs generated by traditional methods17,19, despite the added 

complexity of engineering a tailored lid comprising multiple loops to create an active site cavity. Further 

activity improvements could be achieved by using the crystal structure reported here as a template for 

ensemble-based design24, a method that leverages crystallographic ensembles to design highly preorganized 

active sites, leading to catalytic efficiency enhancements of several orders of magnitude18. Unlike 

traditional enzyme design methods that rely on pre-existing scaffolds, CANVAS offers the flexibility to 

customize lids for specific reaction requirements. It can also be readily adapted to scaffold more than two 

catalytic residues, a task that becomes increasingly challenging with pre-existing scaffolds as the number 

of catalytic groups grows. With CANVAS, we anticipate that any minimal TIM barrel, including AI-

generated virtual ones, could serve as a blank canvas for the creation of a large diversity of de novo 

enzymes, unlocking the full potential of this versatile fold for catalysis of a wide range of reactions. 
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Methods 

Reagents and solutions. All experiments were conducted using analytical-grade chemicals, with solutions 

prepared using double-distilled water.  

Circular permutation of DeNovoTIM6-SB with inpainting. Circular permutation of DeNovoTIM6-SB 

(PDB ID: 7OSV) was performed using the inpainting method described by Wang et al.21 The first residue 

of either the first or third β-strand was selected as the new N-terminus, with the corresponding βα-loop 

deleted (Supplementary Figure 2). A new connection for the corresponding βα-loop was modeled by 

inpainting 5 to 10 residues. Unresolved residues in the crystal structure were remodeled, keeping intact the 

positions and identities of the remaining residues. For each new connection, 100 designs were modeled, 

followed by relaxation and scoring using the Rosetta protein design software26. Structures of each design 

were predicted using AlphaFold216 with model 4 weights. Designs with a pLDDT value above 90 and a 

Rosetta score below 3 Rosetta energy units per residue were kept. One design from each connection was 

selected for experimental characterization (Supplementary Table 1). The proteins were named NT6-CP1 

(N-terminus on the first β-strand) and NT6-CP2 (N-terminus on the third β-strand). 

Computational Enzyme Design. All calculations were performed with the Triad protein design software 

(Protabit, Pasadena, CA, USA). Rotamer optimization was performed using a Monte Carlo with simulated 

annealing search algorithm. Input structures were prepared for Triad calculations via the addH.py 

application within Triad. The Kemp elimination transition state (TS) structure was built using parameters 

from Privett et al.17. To provide sidechain conformations, a backbone-independent conformer library (bda-

bbind_1.0)13 was used for theozyme placement, and a backbone-independent rotamer library 

(bbind02.May.e2)27 with expansions of ±1 standard deviation around χ1 and χ2 was used for active-site 

repacking. Energies were calculated using a modified version of the Phoenix energy function12 consisting 

of a Lennard-Jones 12–6 van der Waals term from the Dreiding II force field28 with atomic radii scaled by 

0.9, a direction-dependent hydrogen bond term with a well depth of 8.0 kcal mol–1 and an equilibrium 

donor–acceptor distance of 2.8 Å,29 and an electrostatic energy term modeled using Coulomb’s law with a 

distance-dependent dielectric of 10. An energy benefit of −100 kcal mol–1 was applied when TS-side-chain 

interactions satisfied catalytic contact geometries (Supplementary Table 5), as described by Lassila et al.13 

Theozyme placement. AlphaFold2 predictions of NT6-CP1 and NT6-CP2, along with the 7MCD crystal 

structure, were used as backbone templates for theozyme placement. Amino-acid residues with a Cα–Cβ 

vector oriented towards the β-barrel interior and located at the C-terminus of each β-strand were selected 

as positions for introduction of the catalytic base (Asp). Neighboring residues were mutated to alanine to 

avoid steric clashes with the TS (Supplementary Table 6). TS poses were built using the contact geometries 

listed in Supplementary Table 7, and those where the isoxazolic oxygen pointed toward the catalytic face 

of the TIM barrel and remained coplanar with the catalytic base were selected (Supplementary Figure 1). 

In parallel, the catalytic H-bond donor (Asn or Gln) was placed on a Gly-Asn/Gln-Gly tripeptide scaffold, 

and TS poses were built using H-bond donor side-chain contacts specified in Supplementary Table 7. The 
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resulting TS was superimposed with the TS from the catalytic base calculation to create the full theozyme, 

positioning the catalytic base within the minimal TIM barrel and the H-bond donor in the empty space 

above the catalytic face. The Gly residues from the tripeptide were then deleted, preserving only the 

Asn/Gln residue, whose alpha carbon atom served as an anchor for the designed lid. 

Lid design. For all theozyme placements, peptide connections between the catalytic H-bond donor residue 

and the minimal TIM barrel structures were designed using RFdiffusion14. For each position of the H-bond 

donor alpha carbon, various βα-loops were selected as insertion points for a primary peptide fragment, and 

multiple fragment lengths were sampled to connect to the catalytic residue while preserving the TIM-barrel 

topology. Additional βα-loops were sometimes elongated to improve interactions with the primary fragment 

(Supplementary Figure 3). For each inserted primary fragment, 100–200 structures were sampled. Primary 

fragments lacking secondary structure, causing steric clashes with the TS, or displacing the H-bond donor 

from its theozyme position, were discarded (Supplementary Figure 1). The filtered fragments were 

sequence-optimized using ProteinMPNN15 using a temperature factor of 0.1, ensuring the minimal TIM 

barrel template sequence remained unchanged. Cysteine and methionine residues were excluded during 

sequence design. Structures of designed sequences were predicted using AlphaFold216 or 

ColabFold v1.3.030 with all five model weights, and those displaying an average pLDDT value >90 and 

backbone RMSD < 3 Å relative to the RFdiffusion model were selected for active-site repacking.  

Active-site repacking. AlphaFold2 models generated above were used for a theozyme placement step, as 

described previously, to verify that contacts between catalytic residues and the TS could be formed on these 

scaffolds. Active-site repacking calculations were then performed on the structures with this new theozyme 

placement. In these calculations, the TS was translated by ±0.4 Å along each Cartesian coordinate in 0.2-Å 

steps and rotated about all three axes (origin at the TS geometric center) in 5° increments over a 10° range 

(clockwise and counterclockwise). This resulted in a total combinatorial search space of 15,625 possible 

poses. Residues near the catalytic amino acids and TS were designated as design positions. During 

repacking, these positions were allowed to sample rotamers of various amino acids, favoring hydrophobic 

and aromatic residues, while the identities of the catalytic residues remained fixed (Supplementary Table 8). 

Computational library design. After repacking, the CLEARSS computational library design algorithm31 

was used to generate a combinatorial library comprising the most favorable amino acids predicted by Triad 

at each designed active-site position. In this method, libraries of a specific size configuration are generated 

from a pre-scored list of sequences using the highest probability set of amino acids at each position based 

on the sum of their Boltzmann weights. Using the list of energy-ranked sequences from active-site 

repacking as input, libraries of 192 sequences were generated. Rotamer configurations for each sequence 

in the library were optimized using the cleanSequences.py application within Triad to find the lowest-

energy conformation of each sequence on its respective backbone, generating “cleaned” structures. To 

compare energies, the energy difference between each “cleaned” structure and a corresponding all-Gly 
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structure in the absence of the TS was calculated. These energies are reported in Supplementary Table 9. 

Structures were cleaned with and without the TS to evaluate preorganization, as described previously18.  

Design filtering. Energies of the TS-bound and unbound “cleaned” structures were calculated using Triad. 

Dihedral angles of catalytic residues relative to the TS, as well as the solvent-accessible surface area 

(SASA) of the TS, were analyzed using PyMOL (v2.3.0, Schrödinger, LLC). Bottleneck radii of active-site 

entrances were evaluated using CAVER v3.032, and the number of residues mutated to glycine or 

methionine was counted. Designs were filtered based on the following criteria (Supplementary Table 9): 

energy difference between bound and unbound structures below 0 kcal mol–1, catalytic residue dihedral 

angles outside 50° to 130° and –50° to –130°, SASA of TS between 80 and 200 Å², < 6 Met and < 4 Gly, 

bottleneck radius of active-site entrance > 0.9 Å, and < 7 non-preorganized residues. Designs passing all 

criteria were used for structure prediction with AlphaFold2 or ColabFold (v1.3.0), where designs with a 

backbone RMSD < 3 Å relative to the structure cleaned by Triad, overall pLDDT > 90, and lid pLDDT > 

85 were chosen for experimental characterization (Supplementary Table 1). 

KempTIM4 redesign. Sequence optimization of KempTIM4 was performed using ProteinMPNN with 

LigandMPNN weights33. Amino-acid identities of all residues designed during active-site repacking of 

KempTIM4 were retained (Supplementary Table 8). Four sequences were generated, omitting cysteine. 

The generated sequences were used for structure prediction with ColabFold v1.3.030 using all five model 

weights. Predictions were filtered based on their all-atom RMSD to the input KempTIM4 AlphaFold2 

model. Theozyme placement and active-site repacking for each sequence were performed as described 

earlier using the backbones of AlphaFold2 models that passed filtering. Following energy calculations with 

Triad, a single design, KempTIM4-2, was selected for experimental characterization (Supplementary 

Table 1). 

Cloning and generation of constructs. Genes for all proteins were ordered as codon-optimized fragments 

flanked by restriction sites for NdeI and XhoI from Twist Bioscience (South San Francisco, CA, USA). 

After digestion with NdeI and XhoI, the gene fragment was ligated into pET21b(+) for KempTIM1–5, or 

pET29b(+) for KempTIM6–9. Catalytic knockout mutations were introduced by a modified QuikChange 

PCR protocol utilizing KAPA Polymerase followed by DpnI digestion. E. coli Top10 or BL21 (DE3) cells 

were transformed with ligated vector or reaction mixture and plated on Lysogeny Broth (LB) agar plates 

containing 100 µg mL–1 ampicillin or 50 µg mL–1 kanamycin as selection markers. Single colonies were 

used to inoculate 5 mL LB supplemented with 100 µg mL–1 ampicillin or 50 µg mL–1 kanamycin. After 

overnight growth (37 °C, 250 rpm), cells were harvested by centrifugation and DNA was isolated using 

NucleoSpin Plasmid EasyPure-Kit (Machery & Nagel) according to the manufacturer’s protocol. Vector 

assembly and introduction of mutations were validated by sequencing (Eurofins Genomics) using standard 

T7 primers. 
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Protein expression and purification. E.coli BL21 (DE3) cells (Novagen) were transformed with plasmid, 

plated on agar plates containing antibiotic, and incubated overnight at 37 °C. Single colonies were picked 

to inoculate precultures and incubated at 30–37 °C overnight. On the next day, 1 L LB supplemented with 

antibiotic was inoculated with 10 mL of the preculture and incubated at 37 °C until OD600 reached a value 

between 0.6 and 0.8. Overexpression was induced by adding isopropyl-β-thiogalactoside (IPTG) to a final 

concentration of 0.1 mM for KempTIM1–5 or 1 mM for KempTIM6–9 followed by overnight incubation 

at 16–20 °C with shaking. Cells were harvested by centrifugation and pellets were either frozen at –20 °C 

or used directly for purification.  

Two different purification schemes were employed. In the first scheme, cell pellets were resuspended in 

35 mL buffer A (50 mM sodium phosphate pH 7.0, 100 mM NaCl, 10 mM imidazole). Resuspended cells 

were lysed by sonication (Branson Ultrasonic Sonifier 250, output 4, duty cycle 40%, 3 × 3 min) and 

centrifuged. The supernatant was loaded onto a HisTrapHP column (5 mL, Cytiva Life Science) 

equilibrated with buffer A and coupled to an ÄKTApure system (Cytiva Life Science). After washing with 

10 column volumes (CV) of buffer A, the protein was eluted with a linear gradient over 20 CV to 60 % 

buffer B (50 mM sodium phosphate pH 7.0, 100 mM NaCl, 500 mM imidazole). For KempTIM4-2L, which 

contains an additional GSG tripeptide linker between its His-tag and first TIM barrel residue 

(Supplementary Table 1), an additional TEV-cleavage over night was performed during a dialysis against 

buffer C (50 mM of sodium phosphate pH 7.0, 100 mM NaCl). The dialyzed protein was loaded onto a 

HisTrapHP column (5 mL, Cytiva Life Science) equilibrated with buffer C and coupled to an ÄKTApure 

system (Cytiva Life Science) and the flowthrough was collected. Fractions containing the protein were 

pooled, concentrated with a centrifugal concentrator, and loaded onto a HiLoad 26/600 Superdex 75 

preparative grade column (Cytiva Life Sciences) preequilibrated in buffer C and eluted with 1 CV buffer C.  

In the second scheme, cell pellets were resuspended in 8 mL buffer D (5 mM imidazole in 100 mM 

potassium phosphate buffer at pH 8.0) supplemented with 1 mg mL–1 lyophilized lysozyme (MP 

Biomedicals) and 1 U mL–1 benzonase nuclease (Merck Millipore). Cells were homogenized using an 

Avestin EmulsiFlex-B15 cell disruptor. Proteins were purified from the lysate by immobilized metal 

affinity chromatography using Ni-NTA agarose (Qiagen) pre-equilibrated with buffer D in individual 

Econo-Pac gravity-flow columns (Bio-Rad). Contaminants were washed away using buffer E (10 mM 

imidazole in 100 mM potassium phosphate buffer pH 8.0) and then 20 mM imidazole in the same buffer. 

Proteins were eluted with 5 mL of buffer F (250 mM imidazole in 100 mM potassium phosphate buffer 

pH 8.0). Proteins were further subjected to gel filtration in buffer G (25 mM HEPES pH 7.25 and 100 mM 

sodium chloride) using an ENrich SEC 650 size-exclusion chromatography column (Bio-Rad). Purification 

was checked by sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) and fractions 

containing the protein of interest were pooled. Protein concentration was determined 

spectrophotometrically using the absorption at 280 nm and applying Beer-Lambert’s law using calculated 

extinction coefficients obtained from the ExPAsy ProtParam tool (https://web.expasy.org/protparam/). 
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Far-UV circular dichroism (CD) spectroscopy. CD spectra were collected with a Jasco J-710 or J-815 

spectrometer. Spectra were recorded using a 1-mm quartz cuvette at 20 °C with scanning speed 10–

100 nm min–1, bandwidth 1 nm, response time 1 s. Experiments were performed in 20 mM sodium 

phosphate buffer pH 7.0 or 50 mM sodium phosphate buffer pH 8.0 supplemented with 100 mM sodium 

chloride, using a protein concentration of approximately 0.2 mg mL–1. For each protein, 3 to 10 spectra 

were accumulated and averaged. For data normalization, a buffer spectrum was subtracted and the signal 

was converted to mean residue molar ellipticity using [θMRE] = θ/(n × d × c), where n is the number of 

residues in the protein, θ the collected ellipticity in mdeg, d the path length in mm, and c the protein 

concentration in M. Thermal denaturation assays were performed by heating the samples from 20 to 95 °C 

at a rate of 1 °C per minute and ellipticity at 222 nm was measured every 1 °C. Melting temperature (Tm) 

was determined following the protocol by Greenfield34. 

Size-exclusion chromatography-multi angle light scattering. SEC-MALS measurements were performed 

as described in Beck et al.8 Each protein was measured at 2 mg mL–1 except KempTIM4 N46A 

(1 mg mL-1). For all measurements, buffer C and an injection volume of 50 µL were used. 

Steady-state kinetics. All assays were performed in buffer C or G at 27 °C in a Spark (Tecan) or Synergy 

H1 (Biotek) plate reader. Enzyme concentrations varied from 5 to 80 µM. Reactions (200 μL final volume) 

were initiated by addition of varying concentrations (0.03–2 mM) of 5-nitrobenzisoxazole (abcr or 

AAblocks) dissolved in methanol (final methanol concentration 10 %). Product formation was monitored 

at 380 nm (ε = 15,800 M–1 cm–1)17 in individual wells of a 96-well plate (Nunc or Greiner Bio-One). Path 

lengths for each well were calculated ratiometrically using the difference in absorbance at 900 and 975 nm. 

Control measurements without protein were conducted for each substrate concentration and subtracted from 

the enzyme measurements. Linear phases of the kinetic traces were used to measure initial reaction rates. 

If the enzyme showed saturation within the substrate concentration used, the data were fitted to the 

Michealis-Menten model using (v0 = (vmax × [S]) / (KM + [S]) where v0 is the initial velocity rate, vmax is the 

maximal velocity rate, [S] is the substrate concentration, KM is the Michaelis constant. The catalytic 

constant kcat was calculated with kcat = vmax / [E] where [E] is the enzyme concentration. If saturation was 

not achieved within the substrate’s solubility limit, a linear equation (v0 = kcat/KM × [S]) was used.  

Crystallization and structure determination. KempTIM4-2L (Supplementary Table 1) was purified using 

the first purification scheme, with the final size-exclusion chromatography step performed in 20 mM 

HEPES buffer pH 8.0 supplemented with 20 mM NaCl. Crystallization screens were set up using the sitting-

drop vapor diffusion method with a Phoenix pipetting robot (Art Robbins Instruments) and commercially 

available sparse-matrix screens (NeXtal) in 96-well sitting-drop plates (3-drop Intelli-Plates, Art Robbins 

Instruments). Protein and reservoir solutions were mixed in ratios of 1:1, 2:1, and 1:2. The protein 

concentration was 12 mg mL–1, supplemented with 5 mM 6NBT (5% DMSO). Crystals were grown at 

293 K, and diffracting crystals were obtained after 40 days in 4 M sodium formate. Cryoprotection was 

achieved by adding glycerol to a final concentration of 25%, and crystals were mounted using cryo-loops 
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on SPINE standard bases and flash-cooled in liquid nitrogen. Diffraction data were collected at 100 K at 

beamline BL 14.1 with a Pilatus3 S 6M detector at the BESSY II synchrotron (Helmholtz-Zentrum Berlin). 

Data processing was performed using X-ray Detector Software APP3 (XDSAPP3)35 with XDS36, and data 

quality was assessed using phenix.xtriage37. Phases were solved by molecular replacement using the 

AlphaFold2 prediction as search model with Phaser38. The resulting model was manually rebuilt using 

Coot39 and refined with phenix.refine37 in an iterative process. Refinement statistics and crystallographic 

data are shown in Supplementary Table 4. Coordinates and structure factors were validated and deposited 

in the PDB under accession code 9QKX. 

Size-Exclusion Chromatography Small-angle X-ray Scattering (SEC-SAXS). SEC-SAXS measurements 

were conducted at the BioSAXS beamline BM29 of the ESRF in Grenoble, France. A Superdex 75 Increase 

10/300 GL column (Cytiva Life Sciences) was used with a flow rate of 0.8 mL min–1 in buffer C. 

KempTIM4-2L (Supplementary Table 1) was measured at a concentration of 5 mg mL–1, with an injection 

volume of 100 µL. Data processing and analysis were performed using ATSAS 3.2.140,41. For analysis, 

AlphaFold2 models of KempTIM4-2 and NT6-CP2, as well as an AlphaFlow42 model of KempTIM4-2 

with a displaced lid obtained using the base molecular dynamics weights were used. For each of these 

models a theoretical scattering curve were generated and fitted to the experimental data using CRYSOL43. 

Molecular dynamics (MD) simulations. The Amber 2020 software (http://ambermd.org/) with the ff19SB 

protein force field44, gaff2 ligand force field45, and OPC water force field46 was used for all simulations. A 

cutoff of 10 Å was applied to electrostatics modeled using the particle mesh Ewald method47. All MD 

trajectories were run with a time step of 2 fs. Models of each design generated using Triad as described 

above were prepared for MD. MD trajectories were run for each enzyme in the presence and absence of 

bound transition-state analogue 6-nitrobenzotriazole (6NBT). Parameters for 6NBT were generated using 

the Antechamber package48. Hydrogen atoms were added using Reduce49, and the prepared structures were 

solvated with OPC water in a truncated octahedral box with periodic boundary conditions where the 

distance between the protein surface and the box edges was set to 10 Å. The addions2 algorithm in Amber 

was used to place counterions to neutralize the system. The system was first minimized through the method 

of steepest descent using a force constant of 500 kcal mol–1 Å–2. The system was then heated to a 

temperature of 300 K over 240 ps while restraints were gradually removed, followed by equilibration under 

an NPT ensemble at 300 K and 1 bar for 10 ns and subsequent equilibration under an NVT ensemble at 

300 K for another 10 ns. Constant temperature and pressure were achieved using the Langevin thermostat50 

and Berendsen barostat51, respectively. Following equilibration, triplicate 1-μs production simulations were 

run. For analyzing bottleneck radii, 1000 snapshots separated by 1 ns each were extracted from the 

production trajectory. A minimum cutoff of 0.9 Å was used to identify active-site entrance bottlenecks in 

the unbound MD trajectories using CAVER 3.032. To analyze catalytic interactions and RMSF, 5 × 104 

snapshots separated by 20 ps each were extracted from the production trajectory. Catalytic interactions and 

RMSF values were extracted using CPPTRAJ and PYTRAJ, respectively52.  
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Table S1. Amino-acid sequences 

Enzyme 
# 

residues 

MW a  

(kDa) 
Sequence b 

NT6-CP1 188 22.1 

RIAYRSDDWRDLQEALKKGADILIVDATDKDEAWKQVEILRRLGAKEIAYRSDDWRDLQEALKKGAD

ILIVDATDPEEAWKQVEILRRLGAKRIAYRSDDWRDLQEALKKGADILIVDATDKDEAWKQVEILRR

LGAKEIAYRSDDWRDLQEALKKGADILIVDASDAERALKQVEILRRLEHHHHHH 

NT6-CP2 188 22.1 

EIAYRSDDWRDLQEALKKGADILIVDATDPEEAWKQVEILRRLGAKRIAYRSDDWRDLQEALKKGAD

ILIVDATDKDEAWKQVEILRRLGAKEIAYRSDDWRDLQEALKKGADILIVDADDPEEAEKQVEILRR

LGAKRIAYRSDDWRDLQEALKKGADILIVDATDKDEAWKQVEILRRLEHHHHHH 

7MCD 191 21.4 

DILIVNPDDFEKGVEEVKELKRHGAKIIAYISKSAEELKKAEKAGADILIVNPDDFEKGVEEVKELK

RHGAKIIAYISKSAEELKKAEKAGADILIVNPDDFEKGVEEVKELKRHGAKIIAYISKSAEELKKAE

KAGADILIVNPDDFEKGVEEVKELKRHGAKIIAYISKSAEELKKAEKAGLEHHHHHH 

KempTIM1 225 26.3 

EIAYASDDWRDLQEALKKGADILDVVNVNPEEAWKQVEILRRLGAKRILYASLRWRDLQEALKKGAD

ILAVPLVDKDEAWKQVEILRRLGAKEIAYGSDDWRDLQEALKKGADILGVASNTPRVRRLVLRNLET

LYSREEAERIVEEKIKLNDPEEAEKQVEILRRLGAKRIMYASDDWRDLQEALKKGADILLVAADDES

EESKDEAWKQVEILRRLEHHHHHH 

KempTIM2 225 26.3 

EIAYASDDWRDLQEALKKGADILDVVNVNPEEAWKQVEILRRLGAKRIAYASLRWRDLQEALKKGAD

ILAVPLVDKDEAWKQVEILRRLGAKEIAYGSDDWRDLQEALKKGADILGVASNTPRVRRLVLRNLET

LYSREEAERIVEEKIKLNDPEEAEKQVEILRRLGAKRIMYASDDWRDLQEALKKGADILLVVADDES

EESKDEAWKQVEILRRLEHHHHHH 

KempTIM3 227 25.6 

RIAYASLASRWRDLQEALKKGADILMVALARDAASVRALAEGAAGNGDPRSVAELLALLRPTDKDEA

WKQVEILRRLGAKEIAYMSDDWRDLQEALKKGADILMVLASSALSPEEAWKQVEILRRLGAKRIAYG

SGDWRDLQEALKKGADILDVLGAKGKDEAWKQVEILRRLGAKEIAYASFDWRDLQEALKKGADILMV

FAVLDAERALKQVEILRRLEHHHHHH 

KempTIM4 227 25.6 

RIAYMSLASRWRDLQEALKKGADILMVALARDAASVRALAEGAAGNGDPRSVAELLALLRPTDKDEA

WKQVEILRRLGAKEIAYMSDDWRDLQEALKKGADILMVLASSALSPEEAWKQVEILRRLGAKRIAYG

SGDWRDLQEALKKGADILDVLGAKGKDEAWKQVEILRRLGAKEIAYASFDWRDLQEALKKGADILVV

FAVLDAERALKQVEILRRLEHHHHHH 

KempTIM5 227 25.6 

RIAYASLASRWRDLQEALKKGADILMVALARDAASVRALAEAAAGNGDPRSVAELLALLRPTDKDEA

WKQVEILRRLGAKEIAYMSDDWRDLQEALKKGADILMVLASSALSPEEAWKQVEILRRLGAKRIAYG

SGDWRDLQEALKKGADILDVLGAKGKDEAWKQVEILRRLGAKEIAYASFDWRDLQEALKKGADILMV

FAVLDAERALKQVEILRRLEHHHHHH 

KempTIM6 211 23.5 

DILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELK

RHGAKIIAYMSKSAEELKKAEKAGADILMVYPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAE

KAGADILDVANAEQEKIASKFLGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAYGSKSAEELKKAE

KAGWHHHHHH 

KempTIM7 211 23.5 

DILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELK

RHGAKIIAYMSKSAEELKKAEKAGADILMVFPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAE

KAGADILDVANAEQEKIASKFMGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAYGSKSAEELKKAE

KAGWHHHHHH 

KempTIM8 211 23.5 

DILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILMVAPDDFEKGVEEVKELK

RHGAKIIAYMSKSAEELKKAEKAGADILAVFPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAE

KAGADILDVANAEQEKIASKLMGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAYGSKSAEELKKAE

KAGWHHHHHH 

KempTIM9 211 23.5 

DILGVAPDDFEKGVEEVKELKRHGAKIIGYMSKSAEELKKAEKAGADILLVAPDDFEKGVEEVKELK

RHGAKIIAYMSKSAEELKKAEKAGADILMVYPDDFEKGVEEVKELKRHGAKIIAYLSKSAEELKKAE

KAGADILDVANAEQEKIASKLLGRKTKVKIEENDFEKGVEEVKELKRHGAKIIAYGSKSAEELKKAE

KAGWHHHHHH 

KempTIM4-2 233 25.0 

HHHHHHENLYFQSRIAYMALASDLDSLVEALKLGADILMVALMADAAAVRAMAEGLHANGDPRSVAE

LEALLRPTDLDDALAAVRELKALGAKEIAFMSHDVDHLIRAMEAGADILMVLESSATSVEAALAQVR

RLKAAGAKRISFGSGDVAHLKAAMEAGADILDVLERHGLDVALAQIRELKAAGAKEIAFASLDPDHL

LRAREEGADILVVFGATDPARALATVRYLRAW 

KempTIM4-2L 236 25.1 

HHHHHHENLYFQSGSGRIAYMALASDLDSLVEALKLGADILMVALMADAAAVRAMAEGLHANGDPRS

VAELEALLRPTDLDDALAAVRELKALGAKEIAFMSHDVDHLIRAMEAGADILMVLESSATSVEAALA

QVRRLKAAGAKRISFGSGDVAHLKAAMEAGADILDVLERHGLDVALAQIRELKAAGAKEIAFASLDP

DHLLRAREEGADILVVFGATDPARALATVRYLRAW 

a Molecular weight 
b Catalytic residues and residues generated by RFdiffusion are underlined and bolded, respectively. 
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Table S2. Purification yields 

Enzyme Yield (mg L–1) a 

NT6-CP1 – 

NT6-CP2 70 ± 10 

7MCD 31 ± 3 

KempTIM1 – 

KempTIM2 – 

KempTIM3 – 

KempTIM4 3 ± 1 

KempTIM5 – 

KempTIM6 11 ± 2 

KempTIM7 9 ± 5 

KempTIM8 7 ± 4 

KempTIM9 16 ± 7 

KempTIM4-2 40 ± 20 
a Data represent the average of 6 to 51 individual replicate measurements from 2 to 17 independent protein batches, with error 

bars indicating the standard deviation. NT6-CP1, KempTIM1–3 and KempTIM5 could not be expressed or purified to 

homogeneity. 

 

 

Table S3. Theoretical and experimentally determined molecular weight (MW) using SEC-MALS 

Protein Theoretical MW (kDa) Experimental MW (kDa) 

NT6-CP2 22.1 21.2 ± 0.02 

KempTIM4 25.6 24.9 ± 0.12 / 50.3 ± 1.36 

KempTIM4 D153A 25.6 24.7 ± 0.10 

KempTIM4 N46A 25.6 25.7 ± 0.05 

KempTIM4-2 25.0 23.5 ± 0.02 

KempTIM4-2 D153A 25.0 23.5 ± 0.02 

KempTIM4-2 N46A 25.0 23.5 ± 0.02 

 

 

Table S4. Geometric constraints used to define catalytic contacts during computational design  

a Atoms in bold are from the transition state. All other atoms are from the catalytic residues. 
b Distance measurements given in Å, all others in degrees.  

 

Contact Residue Type Atom 1 a Atom 2  a Atom 3  a Atom 4  a Min b Max b 

Base Asp Distance OD1 or OD2 H3   1.0 1.6 

  Angle CG OD1 or OD2 H3  109 131 

  Angle OD1 or OD2 H3 C3  159 180 

  Torsion CB CG OD1 or OD2 H3 –21, 159 21, 201 

H-bond 

donor 
Asn Distance 1HD2 or 2HD2 O1   1.2 2.3 

  Angle ND2 1HD2 or 2HD2 O1  145 157 

  Angle 1HD2 or 2HD2 O1 N2  120 140 

  Torsion 1HD2 or 2HD2 O1 N2 C3 –20, 160 20, 200 

 Gln Distance 1HE2 or 2HE2 O1   1.2 2.3 

  Angle NE2 1HE2 or 2HE2 O1  145 157 

  Angle 1HE2 or 2HE2 O1 N2  120 140 

  Torsion 1HE2 or 2HE2 O1 N2 C3 –20, 160 20, 200 
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Table S5. Amino-acid positions for theozyme placement  
Input structure Residues for catalytic base placement a Residues mutated to alanine a 

7MCD I4, I31, I50, I77, I96, I123, I142, I169 N6, I31, N52, I77, N98, I123, N144, I169 

NT6-CP1 R5, I24, R51, I70, R97, I116, R143, I162 A3, R5, I24, D26, A49, R51, I70, D72, A95, R97, 

I116, D118, A141, R143, I162, D164 

NT6-CP2 R5, I24, R51, I70, R97, I116, R143, I162 A3, R5, I24, D26, A49, R51, I70, D72, A95, R97, 

I116, D118, A141, R143, I162, D164 

a Residue numbering based on input structure 

 

 

 

 

Table S6. Geometric definitions for generation of transition-state poses off the side chain of catalytic base and H-

bond donor 
Catalytic 

residue 
Type Atom 1 a Atom 2 a Atom 3 a 

Atom 

4 a 
Values b 

Asp Distance OD1 or OD2 H3   1.0, 1.2, 1.5 

 Angle CG OD1 or OD2 H3  112, 117, 122 

 Angle OD1 or OD2 H3 C3  159, 164, 169, 174, 179 

 Torsion CB CG OD1 or OD2 H3 0, 5, 10, 170, 175, 180 

 Torsion CG OD1 or OD2 H3 C3 170, 175, 180, 185, 190 

 Torsion OD1 or OD2 H3 C3 N2 0, 5, 170, 175, 180 

Asn Distance 1HD2 or 2HD2 O1   1.2, 1.5, 1.8, 2.1, 2.3 

 Angle 1HD2 or 2HD2 ND2 O1  145, 151, 157 

 Angle 1HD2 or 1HD2 O1 N2  120, 135, 140 

 Torsion CG ND2 1HD1 or 2HD2 O1 120, 135, 140 

 Torsion ND2 1HD2 or 2HD2 O1 N2 –121, –116, –111 

 Torsion 1HE2 or 2HE2 O1 N2 C3 160, 180, 200 

Gln Distance 1HE2 or 2HE2 O1   1.2, 1.5, 1.8, 2.1, 2.3 

 Angle 1HE2 or 2HE2 NE2 O1  145, 151, 157 

 Angle 1HE2 or 2HE2 O1 N2  120, 135, 140 

 Torsion CD NE2 1HE2 or 2HE2 O1 120, 135, 140 

 Torsion NE2 1HE2 or 2HE2 O1 N2 –121, –116, –111 

 Torsion 1HE2 or 2HE2 O1 N2 C3 160, 180, 200 
a Atoms in bold are from the transition state. All other atoms are from the catalytic residue. 
b Distance measurements given in Å, all others are in degrees. 
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Table S7. Amino-acid positions optimized during active-site repacking of KempTIM4.  
Designed positions Allowed amino acids a 

3 ALA, ILE, LEU, VAL, MET 

5 ALA, ILE, LEU, VAL, MET 

26 ALA, ILE, LEU, VAL, MET 

28 ALA, ILE, LEU, VAL, MET 

38 MET, LEU, TYR, PHE, ALA, VAL, ILE 

42 GLY 

45 GLY 

83 ALA, ILE, LEU, VAL, MET 

85 ALA, ILE, LEU, VAL, MET 

104 ALA, ILE, LEU, VAL, MET 

106 ALA, LEU, ILE 

134 GLY 

155 ALA, LEU, ILE 

156 GLY 

181 ALA, LEU, ILE 

200 ALA, ILE, LEU, VAL, MET 

202 ALA, ILE, LEU, VAL, MET, (PHE) 

a Residues in bold are mutations found at those positions in the KempTIM4 sequence. Residues in parentheses were introduced 

during library design. 

 

 

Table S8. Design filtering 

Enzyme 

Base 

dihedral 

(°) 

H-bond 

dihedral 

(°) 

Energy 

(kcal mol–1) 
a 

SAS

A 

(Å2) b 

# residues not 

preorganized 
c 

Tunnel 

present d 

KempTIM1 –42.5 25.7 –39.4 174 5 Yes 

KempTIM2 –7.3 25.7 –36.3 188 6 Yes 

KempTIM3 27.6 –156.2 –10.4 107 6 Yes 

KempTIM4 27.6 –156.2 –2.3 107 5 Yes 

KempTIM5 27.6 –156.2 –10.4 107 6 Yes 

KempTIM6 –1 28.8 –115.54 87 2 Yes 

KempTIM7 –1 28.8 –111.84 87 2 Yes 

KempTIM8 –0.7 44.2 –108.87 100 3 Yes 

KempTIM9 –13.3 29.6 –107.41 91 2 Yes 
a Energies are calculated by subtracting the energy of an all-Gly structure as described in the methods under Active-site 

repacking. 

b Solvent-accessible surface area of the transition state in the design model. 
c Preorganized residues are those predicted to adopt the same rotamer in the presence and absence of the transition state. 

KempTIM1–2, KempTIM3–5, and KempTIM6–9 had 14, 17, and 18 residues that were optimized during active-site repacking, 

respectively. 
d The presence of a tunnel was determined by Caver 3.0 using a minimum cutoff bottleneck radius of 0.9 Å. 
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Table S9. Crystallographic data collection and refinement statistics. Statistics for the highest resolution shell are 

shown in parentheses.  

Data collection   

Beamline BESSY BL14.1 

Wavelength [Å] 0.9184 

Space group P 31 2 1 

Unit cell [Å, °] a = b = 59.8 c = 120.69   

α = β = 90 γ = 90 

Resolution range [Å] 47.59 - 2.302 (2.53 - 2.3) 

Unique reflections 11469 (2772) 

Multiplicity 19.5 (20.4) 

Completeness [%] 98.65 (98.30) 

R-meas [%] 0.4812 (2.946) 

<I/σI> 8.24 (1.58) 

CC1/2 0.995 (0.404) 

CC* 0.999 (0.759) 

Wilson B-factor [Å2] 33.87 

Refinement   

Rwork/Rfree [%] 25.47/ 29.96 

No. of atoms (non-H) 

macromolecules 

ligands 

solvent 

  

1640 

42 

52 

RMSD from ideal geometry 

bonds [Å] 

angles [°] 

  

0.001 

0.31 

Ramachandran statistics 

favored [%] 

outliers [%] 

  

98.63 

0.00 

Clashscore 4.96 

Average B [Å2] 

macromolecules 

ligands 

solvent 

42.19 

41.79 

59.28 

41.22 
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Supplementary Figure 1. Detailed CANVAS workflow. Step 1: A catalytic residue from the theozyme is placed onto a minimal 

TIM barrel scaffold, and the transition state (TS) is constructed from its side chain using Triad. The second catalytic residue is built 

from the TS, positioning its α-carbon in the empty space above the TIM barrel catalytic face. Additional catalytic residues can be 

added inside the barrel or the empty space using similar steps. Step 2: A lid composed of protein fragments of desired length and 

secondary structure is generated with RFdiffusion to anchor catalytic residues located above the TIM barrel face. Step 3: Lid 

sequences are designed with ProteinMPNN while maintaining catalytic residue identities. Step 4: Designed structures are predicted 

with AlphaFold2. Step 5: The amino acid sequence and rotameric configuration of the active site is optimized with Triad using the 

AlphaFold2 model as template to maximize TS packing and catalytic contact geometry. Resulting sequences are then filtered using 

key enzyme design criteria. At each step, structures failing filtering criteria are rejected. Approximate number of 

structures/sequences generated at each step are indicated as variants. 
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Supplementary Figure 2. Circular permutation of de novo TIM barrel NT6-SB (PDB ID: 7OSV). Circularpermutation and 

loop remodeling were used to relocate the N- and C-termini of NT6-SB (left) from the catalytic face to the stability face. After 

structure prediction with AlphaFold2, variants NT6-CP1 and NT6-CP2 (right) were generated. Protein structures are colored from 

blue (N-terminus) to red (C-terminus). Topology diagrams show the secondary structural elements of TIM barrels. Dashed parts of 

NT6-SB indicate all non-resolved regions of the crystal structure. Orange regions in the circularly permuted TIM barrels represent 

the remodelled or inserted loops required for circular permutation. 
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Supplementary Figure 3. Structure of TIM barrels. The topology and fold of various TIM barrels are shown. The designed lids 

(magenta) of KempTIM1 and KempTIM4 consist of four or five inserted fragments, including a long helix-turn-helix and three or 

four extended loops. The lid of KempTIM9 contains a single inserted helix-loop fragment. 
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Supplementary Figure 4. Active site configurations of designed enzymes. Residues optimized by Triad during active-site 

repacking of KempTIM variants, along with the corresponding residues on the parent minimal TIM barrel, are shown in orange. 

Lids introduced by RFdiffusion are shown in magenta. The catalytic base, catalytic hydrogenbond donor, and transition state are 

depicted in white, magenta, and light blue sticks, respectively. 
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Supplementary Figure 5. AlphaFold2 models. Structures of KempTIM variants are coloured by pLDDT, with the average 

pLDDT of diffused residues and entire structure listed above each variant. 

 

 

 

Supplementary Figure 6. Structural characterization of catalytic knockout mutants. (a) SEC-MALS chromatograms of 

KempTIM4 and KempTIM4-2 catalytic knockouts indicate that these proteins are predominantly monomeric, with molecular 

weights matching their expected values. (b) CD spectra demonstrate that mutation of catalytic residues does not change the 

structure. MRE: mean residue ellipticity. 
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Supplementary Figure 7. Comparison of KempTIM4-2 experimental SAXS data with scattering calculated from various 

similar size TIM barrels. Experimental scattering data for KempTIM4-2 (black) align more closely with the calculated scattering 

curve from the KempTIM4-2 AlphaFold2 model (magenta) than with models of the minimal TIM barrel NT6-CP2 (grey) or a 

KempTIM4-2 model with improperly positioned lid generated using AlphaFlow (blue). 
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Supplementary Figure 8. Structural characterization of inactive design KempTIM9. (a) Computational models of KempTIM9 

and its parent minimal TIM-barrel 7MCD, with the designed lid shown in magenta and the theozyme as sticks. (b) Preparative SEC 

show primarily single peaks that might indicate predominantly monomeric proteins. (c) CD spectra reveal a mixed αβ signal 

characteristic of TIM barrels. MRE: mean residue ellipticity. (d) Melting curves demonstrate that KempTIM9 is substantially 

destabilized compared to parent 7MCD. 
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