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Enzymes are valuable tools for the catalysis of reactions under mild conditions. However, they often 

misfold when applied outside of their natural contexts. Thus, methods to optimize natural enzymes and 

design completely bespoke enzymes would be highly valuable. Recent advances in deep learning-guided 

protein design have made tractable what have historically been grand challenges in the field. Here, I apply 

these tools to enzyme design, both in the optimization of natural enzymes and the generation of 

completely novel hydrolases and plastic-degrading enzymes. In the former, I developed a simple and 

accessible method of sequence redesign to optimize the physical properties of valuable natural proteins. 

As a proof of concept, I applied this method to the protease from Tobacco etch virus (TEV protease). The 

designed variants showed increased expression, stability, and even function. In the latter project, I applied 

de novo protein design and modeling tools to create bespoke hydrolases for the model reaction of simple 

ester hydrolysis, and achieved catalytic efficiencies of up to 105 M-1 s-1. Applying these tools to the 

hydrolysis of polyethylene terephthalate (PET), I created, to our knowledge, the first completely de novo 

designed plastic-degrading enzyme. These data represent significant advances in the field of enzyme 

design and establish methods for the development of new catalysts. 
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Chapter 1: Introduction 

​ The central dogma of biology outlines the flow of genetic information from DNA to protein to 

function. While many are familiar with DNA’s role as the storage facility for our genetic information, 

fewer understand the process in which it is constantly being transcribed and translated in the body to 

generate proteins. Most proteins serve primarily as structural support for life’s architectures, but a specific 

subset known as enzymes fulfill a critical role by performing chemistries which drive physiological 

processes. For example, acetylcholine esterase (AChE) catalyzes the degradation of acetylcholine, a 

neurotransmitter which signals the nervous system through transient interactions at neuromuscular 

junctions. Deficiency of AChE would result in overstimulation of the nervous system and neurological 

dysfunction (1). Enzymes like AChE catalyze an astounding diversity of reactions, many of which have 

been co-opted for application in industry, making them critical to countless natural and unnatural human 

processes. 

1.1 ‒ Biocatalysis for chemical transformation 

Enzymes are proteins that accelerate chemical transformations by decreasing the activation 

energy of the catalyzed reaction. This is achieved through some combination of the following 

mechanisms: substrate localization, transition state stabilization, covalent catalysis, and general acid-base 

catalysis. The resulting rate enhancements are specific and substantial in their magnitude. Urease, which 

catalyzes the hydrolysis of urea, increases the rate by a factor of ~1014 over the uncatalyzed reaction (2). 

Traditional chemical catalysts often necessitate harsh conditions, toxic precursors, and multiple 

purification steps. Enzymes offer an attractive alternative due to their ability to catalyze reactions 

specifically and efficiently under mild, physiological conditions.  

The global market for industrial enzymes is projected to be $25.88 billion by 2029, with 

applications in therapeutics, food science, chemical synthesis, and more. In the household product 

industry, enzymes have long been used as additives for the breakdown of oils, proteins, and starches 
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which contaminate food- and dish-waste while posing less threat to the environment than their chemical 

counterparts. Enzymes have also revolutionized chemical synthesis processes across industries. Where 

traditional chemical syntheses often necessitate hazardous solvents at high temperatures and pressures, 

enzymes operate at ambient temperature and pressure in aqueous solvent, facilitating greener and cheaper 

chemical processes. Additionally, the inherent chiral environment of an enzyme active site often enables 

synthesis with high enantiomeric excess of the target product. This feature has caused them to be critical 

to the pharmaceutical industry, wherein approximately 50% of drugs are chiral, and enantiomers are 

known to possess significant differences in in vivo behavior (3). One notable example is the thalidomide 

disaster, in which the drug thalidomide was prescribed as a racemic mixture for nausea in pregnant 

women (4). It was later discovered that, while the (R)-enantiomer does possess therapeutic effect, the 

(S)-enantiomer is teratogenic, resulting in thousands of instances of birth defects amongst children 

exposed to the drug in utero (5). 

1.2 ‒ Limitations and traditional optimization 

​ Despite their utility, many natural enzymes possess properties which render their application 

challenging. Most have evolved function to be possible solely within their natural contexts, and thus have 

limited tolerance to the conditions used for industrial protein production. Consequently, considerable 

effort has been made to improve the stability and soluble expression of technologically important 

enzymes. One prominent technique utilizes ancestral sequence reconstruction to revive extinct proteins 

predicted to possess similar activity with enhanced thermostability, and thus serve as more effective 

scaffolds for stability engineering (6). This method is based upon the observation that many pre-Cambrian 

ancestral proteins are significantly more stable than their extant forms. Additional efforts utilize rational 

design to increase stability. For example, disulfide bridges which stabilize the folded state (7) have in 

some cases been successfully introduced to increase protein stability (8), although they are not applicable 

to all targets (9). More recently, computational methods have been developed to increase stability and 
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soluble expression while preserving function; PROSS (Protein Repair One Stop Shop) utilizes 

physics-based calculations and evolutionary information to model sequence variants and predict stability 

through related in silico metrics such as overall energy (10). 

​ Enhancing the activity, rather than stability, of natural enzymes has historically been more 

challenging due to the limited understanding of physical features which correlate to function. Laboratory 

evolution, in which random single-point mutants are made in the active site, evaluated for the desired 

property, and propagated onto subsequent mutants (11), has proven to be robust in generating variants 

with increased activities and improved stability (12). However, it is time- and labor-intensive, requiring 

multiple rounds of evolution to accumulate beneficial mutations. It is also heavily dependent on the 

existence of a medium- to high-throughput functional screen and some measurable basis of activity in the 

starting point, which does not exist for many chemical transformations.  

1.3 ‒ Expanding functionality via de novo design 

​ Given the limitations of natural enzymes, the ability to design bespoke proteins for a given 

chemical reaction would have an incredible impact on various industries. Natural enzymes, through the 

slow evolution process, sample a very limited region within the sequence and structure landscape of 

proteins. De novo protein design seeks to find novel solutions to functional problems by accessing these 

unsampled spaces, resulting in a protein customized for the desired functionality with high stability and 

soluble expression. This is accomplished through rational design driven by first principles (13). 

Historically, the field was centered around the so-called “structure prediction problem”, which describes 

the relationship between protein sequence and structure. Although elusive, the prediction of protein 

structure from amino acid sequence is considered to be critical to effective protein design. As machine 

learning-based models showed increasing success in analogous tasks such as image denoising, developers 

began to apply similar models to protein structure prediction. Critically, training of deep learning models 

requires a large amount of data which hypothetically encodes the information being predicted. For 
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proteins, this came in the form of the Protein Data Bank (PDB) (14), a database of experimentally 

determined protein crystal structures and their corresponding sequences. In 2021, two tools utilizing 

three-track neural networks trained on the PDB, AlphaFold2 and RoseTTAfold, showed unprecedented 

accuracy on the structure prediction task (15, 16). Not only did these advances expand the field’s 

understanding of proteins, but they also provided a critical in silico metric for evaluation of the quality of 

de novo designed proteins. Ensuring self-consistency between designed and predicted structures in silico 

is a large indicator of experimental success.  

Inspired by this success, developers sought to use the same deep learning-based models to 

perform the inverse task – not of protein structure prediction, but generation. The two key elements in 

this process, both of which affect function and physical properties, are the 3-D structure and amino acid 

sequence. ProteinMPNN, a graph neural network which designs protein sequences for a given structure 

using context-dependent amino acid probability distributions at each position, showed great success in 

creating sequences that fold to the desired structures and express with high soluble yields and stability in 

vitro (17). RFdiffusion, released in 2024, accomplished structure generation by initializing with random 

Gaussian noise and iteratively denoising to a complete protein structure (18). Thus, RFdiffusion could be 

used to generate protein structures scaffolding a desired motif, and ProteinMPNN could then generate 

amino acid sequences which fold to these structures.1 This strategy has proven to be highly successful in 

the design of protein and peptide binders (19–21). While these tools utilize different architectures, they 

are both trained on information from the PDB.  

Despite these advances, enzyme design has remained an outstanding challenge in the field of de 

novo protein design because reactivity often requires extremely precise positioning of catalytic elements, 

and thus, atomic accuracy in both the structure generation and prediction steps, which has historically 

been out of reach. Traditionally, enzyme design has involved the definition of a “theozyme” containing 

catalytic residues around a target substrate, which was then matched into a native protein scaffold 

1 While simultaneous generation of protein sequence and structure is the more elegant solution, current methods for 
backbone design suffer from low-quality amino acid sequences. Efforts to improve these are ongoing.   

 

https://paperpile.com/c/Xh3e9q/FnqFa
https://paperpile.com/c/Xh3e9q/UKczP+xp0xW
https://paperpile.com/c/Xh3e9q/ZocfE
https://paperpile.com/c/Xh3e9q/I2iJ5
https://paperpile.com/c/Xh3e9q/eZPhW+sbsRY+Y97mS


(22–27). This strategy was significantly limited by the compatibility (or lack thereof) between the 

theozyme and scaffold library. Since its creation, RFdiffusion has enabled the generation of completely 

novel proteins which scaffold theozymes, and significantly increased the success rates of such design 

campaigns.(28) However, due to the high degree of accuracy required, many reactions – particularly ones 

utilizing complex catalytic machinery – remain undesignable.  

1.4 ‒ Preface 

​ In this work I will present three projects centered around computational enzyme design: deep 

learning-based sequence redesign of industrially-relevant natural enzymes to enhance physical properties, 

de novo design of serine hydrolases for model esterase reactions, and de novo design of plastic-degrading 

enzymes. Each of these utilize some combination of the tools described above with chemical intuition to 

expand the protein universe beyond what evolution has made. I also hope to convince you of the potential 

of protein design as a solution for many pressing environmental concerns, which has been the constant 

motivation through my academic career.  
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Chapter 2: Improving protein expression, stability, and function 

with ProteinMPNN 

 

Note: The majority of this chapter is borrowed directly from the manuscript of the same name published 

in J. Am. Chem. Soc. in 2024. I, Kiera H. Sumida, am the lead author of the study. 
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2.1 ‒ Introduction 

Evolution has optimized function over stability in many natural proteins (29); as a result, they 

often exhibit poor solubility, thermostability, and expression in heterologous systems, all of which reduce 

the yield of functional protein (30, 31). Many protein-based therapeutics and catalysts are limited in their 

industrial application by low stability, making protein stabilization a research area of increasing interest 

(6, 32). Experimental methods such as directed evolution have been extensively used to optimize 

desirable features in proteins, but are often prohibitively resource- and labor-intensive (11, 33). 

Computational tools have been developed to achieve the benefits of directed evolution while minimizing 

experimental screening (10, 34–36). PROSS (protein repair one-stop shop), for example, utilizes 

evolutionary information and Rosetta physics-based energy calculations to perform sequence redesign 

using a three-dimensional (3D) structure as input, and has been shown to increase soluble expression and 

thermostability of several natural proteins (10). More recently, advances in deep learning-based modeling 

of proteins have been applied to generate new variants of natural proteins, including language models that 

generate sequences for a given enzyme family or function (36), convolutional neural networks that 

leverage structural information for prediction of gain-of-function mutations (35), and shallow neural 

networks for guiding combinatorial directed evolution (37).   

Deep learning-based tools for protein sequence design have shown success in the generation of 

novel proteins with excellent expression, solubility, and sub-angstrom accuracy to design models (17, 36, 

38). ProteinMPNN generates highly stable sequences for designed backbones, and for native backbones, 

generates sequences that are predicted to fold to the intended structures more confidently than their native 

sequences (17). We reasoned that ProteinMPNN could be applied to protein stability optimization, and set 

out to develop a strategy for applying ProteinMPNN to natural proteins to increase solubility and stability. 

We chose as model systems one of the first proteins whose structure was solved, the oxygen storage 

protein myoglobin, and the widely used protease from tobacco etch virus (TEV). 
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Figure 1. Design strategy for optimization of protein expression and stability using ProteinMPNN. The design space 
is chosen to preserve native protein function by fixing the amino acid identities of residues close to the 
ligand/substrate and those that are highly conserved in multiple sequence alignments. The protein backbone 
structure and fixed position information of amino acids are input into ProteinMPNN, which generates new amino 
acid sequences likely to fold to the input structure. The backbone structure in loop regions can optionally be 
remodeled using RoseTTAfold joint inpainting to further idealize the input protein. 

 

2.2 ‒ Protein stabilization with ProteinMPNN 

ProteinMPNN generates amino acid sequences that are predicted to fold to a given 3D structure. 

The method is purely structure-based, and does not have access to functional information. Therefore, to 

retain protein function during sequence design, additional information must be provided to the network. 

We experimented with a range of approaches to retain functionality during the design process. In all 

targets, to preserve the catalytic machinery and substrate-binding site, we fixed the amino acid identities 

of the first shell functional positions – defined as those within 7 Å of the substrate in a ligand-bound 

crystal structure complex. In TEV protease, we used evolutionary information to further identify residues 

critical to activity. In myoglobin, we performed limited backbone redesign to further stabilize the 

structure. With the design space selected, we performed sequence design with ProteinMPNN, predicted 

the structures with AlphaFold2 (15), and filtered by predicted local distance difference test score 

(pLDDT) and Cα root mean square deviation (RMSD) to the input structure (Fig. 1).  
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2.3 ‒ Design of myoglobin variants with increased stability 

We first applied our design strategy to the model protein myoglobin. Myoglobin binds heme to 

carry oxygen in mammalian muscle tissue (39) and has relevance in clinical applications as a biomarker 

(40), as a versatile platform for biocatalytic applications (41–43), and in food science as an ingredient in 

artificial meat products (44, 45). Current efforts to create more stable variants of myoglobin have focused 

on the stabilization of the globin fold through stapling with cysteine-reactive noncanonical amino acids 

(46, 47). 

We applied our ProteinMPNN design protocol described above starting from a crystal structure of 

human myoglobin, nMb (PDB: 3RGK) (48). To preserve the oxygen storage function, we fixed the 

identities of 17 positions located around the heme ligand in the heme-bound structure (Fig. 2A). 60 

sequences were generated with ProteinMPNN and evaluated for their likelihood to recapitulate the 

myoglobin backbone coordinates using AlphaFold2 single-sequence predictions (see methods). Eight of 

the designs did so with high confidence (pLDDT > 85.0 and Cα RMSD < 1.0 Å; analogous 

single-sequence prediction of the native sequence yielded pLDDT = 50.6 and Cα RMSD = 7.5 Å). Four 

designs with close structural agreement in the heme-binding region were selected for experimental 

testing. 

We also explored limited backbone redesign of poorly ordered regions to attempt to further 

stabilize the protein. The globin superfamily, of which myoglobin is a member, has a fold made up of 

eight alpha helical regions, with diversity in the termini and two loop regions flanking the heme-binding 

pocket (49–51) (fig. S1). We selected these less-conserved loop regions for backbone remodeling with 

RoseTTAFold joint inpainting (Fig. 2A) (52). We generated two distinct sets of designs with structural 

remodeling: one with the region joining helices E and F redesigned, and one additionally including the 

CD-loop region (Fig. 2A). From these remodeled backbones, we again performed sequence design with 

ProteinMPNN with the heme-binding site kept fixed as described above. Following filtering on structure 

prediction metrics (fig. S2), additional 16 sequences were selected for experimental testing.  
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Figure 2. ProteinMPNN design improves myoglobin expression and thermostability. (A) Positions adjacent to the 
heme were kept fixed during sequence design (shown in blue). Non-conserved regions (in yellow) were subjected to 
backbone remodeling. Inset shows the heme-binding site. (B) SEC traces of 20144 designed myoglobin variants. (C) 
Soluble yield of myoglobin designs and native myoglobin nMb (represented as a black dashed line). (D) CD melting 
temperature plots of dnMb19 compared to native myoglobin (signal reported in molar residue ellipticity (MRE)). 
(E) Absorbance plots of dnMb19 and native myoglobin (inset shows temperature scan). (F) Structural alignment of 
the crystal structure (green) and AlphaFold2 (AF2) prediction (gray) of dnMb19. (G) Overlay of the crystal structure 
of native myoglobin (gray) and the crystal structure of dnMb19 (green, PDB: 8U5A). Non-conserved regions 
displayed in insets II and III were subjected to backbone redesign.  

 

 



All 20 tested myoglobin designs have 41-55% sequence identity to the most similar protein (a 

myoglobin in all cases) in the UniRef100 database (Table S1) (53). 

Synthetic genes encoding the designs and the parent sequence, nMb, were expressed in E. coli. 

The heme-loaded holo-proteins were purified via immobilized metal affinity chromatography (IMAC) 

and size exclusion chromatography (SEC). All designs were solubly expressed and monomeric by SEC 

(Fig. 2B). 13 of the 20 designs had higher levels (up to 4.1-fold increase) of total soluble protein yield 

(Fig. 2C). All 20 designs had similar heme-binding spectra to native myoglobin, with agreement in Soret 

maximum (407-413 nm vs 409 nm in native) and Q band features (500, 537, 582 and 630 nm), suggesting 

preservation of the native heme-binding mechanism (fig. S3). 

The thermal stabilities of eight highly-expressing designs (six and two designed with and without 

backbone remodeling, respectively) were evaluated using circular dichroism (CD) spectroscopy. All eight 

designs had higher melting temperatures than native myoglobin, with six remaining fully folded at 95 °C 

(native myoglobin melts at 80 °C; Fig. 2D and fig. S4). Heme binding was also evaluated over a 

temperature gradient to determine functional thermal stability. All designs preserved heme binding at 

higher temperatures than native myoglobin (as monitored by changes to Soret band wavelength and 

intensity in the UV/Vis spectrum), with five designs maintaining significant heme-binding at 95 °C (fig. 

S5). One of the five designs, dnMb19, generated with the more aggressive backbone remodeling strategy, 

showed much higher thermal stability of heme binding compared to native myoglobin (Fig. 2E). Overall, 

remodeling regions of the myoglobin backbone with inpainting increased the success rate for retaining 

heme-binding at elevated temperatures.  

To understand the structural basis of these improvements in stability, we solved the crystal 

structure of dnMb19 (2.0 Å resolution, PDB: 8U5A). We found that it closely agreed with the 

AlphaFold2 prediction (0.66 Å Cα RMSD, Fig. 2F), including the regions remodeled with inpainting. 

Native sidechain contacts with the heme group are largely preserved in dnMb19 (Fig. 2G, inset I). 

Outside of the heme-binding site, the crystal structure confirms the structural changes introduced by 

inpainting: the C and E helices were elongated as designed and connected by a new loop (Fig. 2G, inset 
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II); the loop connecting the E and F helices has a new conformation, and the F helix was straightened 

through the replacement of PRO88 with GLU89 (Fig. 2G, inset III). The Cα RMSD over the inpainted 

regions between the crystal structure and the AlphaFold2 model is 0.88 Å, with the largest deviation 

being in the CD-loop region (1.51 Å). These results illustrate the power of RoseTTAFold joint inpainting 

and ProteinMPNN to accurately remodel native protein backbones while increasing solubility, 

thermostability, and functional stability.  

2.4 ‒ Design of TEV protease variants with improved stability and 

catalytic activity 

To explore the utility of ProteinMPNN sequence design for stabilizing enzymes, we next applied 

our design strategy to the cysteine protease from tobacco etch virus (TEV). TEV protease is widely used 

in biotechnological applications to specifically cleave between glutamine and serine in its recognition 

sequence (ENLYFQ/S) to remove purification tags from recombinant proteins. However, it is often 

difficult to use TEV protease due to its minimal soluble yield, low thermostability, and poor catalytic 

activity. These properties often necessitate long incubation times and result in incomplete cleavage (54). 

We applied our sequence design strategy to TEV protease starting from an autolysis-resistant 

S219D variant, TEVd (PDB: 1LVM) (55). We defined the active site residues as described above to fix 

during redesign. We additionally fixed the amino acid identities of residues that are most conserved within 

the protein family (determined from a sequence alignment generated against UniRef30 (53)), as residues 

distant from the active site can contribute significantly to function (56). We ranked each amino acid 

identity at each position by degree of conservation in the sequence alignment and varied the percentage of 

these most highly conserved residues to fix during sequence redesign between 30-70%. We generated four 

distinct sets of designs that fixed the amino acid identities of just the active site residues, or the active site 

residues and 30%, 50%, and 70% of the most conserved residues in the TEV family (Fig. 3A, see 

Methods). 144 sequences were generated with ProteinMPNN which were all predicted with high 
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confidence to fold to the TEV structure by AlphaFold2 (pLDDT > 87.5; native TEV is predicted with 

pLDDT = 90) and possess 55% to 85% sequence identity to the parent sequence. All 144 designs were 

selected for experimental testing. 

Synthetic genes encoding the designs, the parent sequence, TEVd, and several previously 

reported TEV variants were expressed in E. coli, and the resultant proteins were purified via IMAC and 

SEC. 134 of 144 designs expressed solubly and were monomeric by SEC (Fig. 3B). 129 of 144 designs 

exhibited higher levels of soluble expression than TEVd (TEVd average yield = 1 mg / L culture, designs 

average yield = 20.1 mg / L culture (Fig. 3F)). 

We evaluated catalytic activity using a previously described (57) coumarin derivative with 

7-amino-4-trifluoromethylcoumarin conjugated to the C-terminus of the substrate peptide Ac-ENLYFQ 

(fig. S7A). Purified protein was incubated with the peptide-coumarin substrate and 64 designs displayed 

progress curves with fluorescence above background, indicating substrate turnover (fig. S7B and S7C). 

Designs made with no evolutionary constraints had improved soluble expression over the parent but were 

not active on the peptide substrate, while designs with the highest activities were designed with the top 

50% most conserved residues fixed (Fig. 3F and 3G). We performed detailed kinetic analysis of three 

highly active designs from the 50% method – hyperTEV56, hyperTEV60, and hyperTEV89 – and the 

parent sequence TEVd. The designs displayed improved catalytic efficiencies (kcat/Km) compared to 

TEVd, with up to 26-fold improvements (Table 1 and fig. S8).  

Next, we tested the most active designs with a fusion protein substrate to assess performance on 

the target application of tag removal. The designs and a set of previously engineered TEV proteases (8, 

54, 55, 58, 59) were incubated at 30 °C with the fusion protein substrate MBP-TEVcs-FKBP-EGFP, 

where MBP is maltose-binding protein, TEVcs is the TEV peptide cleavage site (ENLYFQS), FKBP is 

FK506-binding protein, and EGFP is enhanced green fluorescent protein. The extent of proteolysis was 

evaluated by monitoring the accumulation of cleaved product via sodium dodecyl sulfate-polyacrylamide 

gel electrophoresis (SDS-PAGE) (fig. S9). Two designs, hyperTEV56 and hyperTEV60, exhibited 

significantly higher rates of cleavage of protein substrate compared to the parent TEVd, yielding 50%  
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Figure 3. ProteinMPNN sequence design improves TEV protease expression, thermostability, and catalytic 
efficiency. (A) TEVd (PDB: 1LVM) input structure with positions fixed during redesign highlighted. Active site 
residues surrounding the substrate (blue), and 50% most highly conserved residues (yellow), and catalytic residues 
(pink) are highlighted. Inset shows zoom-in of the active site region. (B) SEC traces of designed TEV variants. (C) 
Diagram of TEV substrate (top) and fluorescent gel image of TEV cleavage reactions at various time points 
(bottom). (D) CD melting temperature plots of designed and native TEV (signal reported in molar residue ellipticity 
(MRE)). (E) Benchtop stability comparison of native TEVd and designed variant assessed as activity measured over 
time incubated at 30 °C before inclusion in assay. (F) Decreased evolutionary constraints correlate with higher 
soluble expression levels. Legend indicates regions fixed during design (all designs have active site fixed). (G) 
Designs made with the active site and 50% most conserved residues fixed during design exhibited highest catalytic 
activity. Raw apparent rate reported in relative fluorescence units (RFU) per second.  

 

cleaved product at ~ 4 hours of incubation while TEVd required 24 hours to reach an equivalent yield. 

The designs also outperformed other published TEV variants, with 30% turnover for superTEV, 15% 

 



turnover for TEV1Δ, and 50% turnover for S219V at 24 hours of incubation (Fig. 3C and fig. S10A). 

Straight-line fit of product accumulation and substrate depletion reveal catalytic efficiencies that 

corroborate those determined in the peptide assay (fig. S10B). The gains in catalytic efficiency are 

primarily due to increases in kcat, which could reflect a higher fraction of enzyme in a catalytically 

competent state (see below). 

Analysis by CD spectroscopy of TEVd and the most active design, hyperTEV60, indicated an 

approximate melting temperature of 84 °C for hyperTEV60, 40 °C higher than that of TEVd (Fig. 3D 

and fig. S11), and to our knowledge, higher than any previously described TEV variant. To further probe 

stability of the designed variant, TEVd and hyperTEV60 were incubated at 30 °C for various times and 

then used in the peptide-coumarin cleavage assay. After 4 hours of incubation, hyperTEV60 retained 

90% of its original cleavage activity while TEVd was reduced to 15% of its original activity (Fig. 3E), a 

significant improvement in benchtop stability. 

Given that catalytic and substrate-binding residues were kept fixed during design with 

ProteinMPNN, it is notable that significant improvements in kcat were observed with both the peptide and 

protein substrates. Mutations distal to the active site can influence catalytic activity through stabilization 

of catalytically productive conformational states (60, 61) or global conformational changes (62). To 

investigate if stabilization of functional conformational states may be involved in activity enhancement, 

we performed microsecond molecular dynamics (MD) simulations on TEV-peptide complexes to probe 

the impact of the introduced mutations on overall protein dynamics. A general rigidification of loop 

regions distributed across the structure was observed in designs as compared to TEVd (fig. S12A). This 

backbone rigidification in distal regions not directly involved in substrate binding may be related to 

allosteric improvement of substrate binding as reflected by the 2- to 3-fold lower Km values measured for 

the designed variants (Table 1). Rigidification in the region spanning residues 115 to 124 appeared to 

correlate with activity; the highest activity design, hyperTEV60, was most rigid, while TEVd and a 

design with no activity on the peptide substrate were most flexible in this region (fig. S12B). These trends 

were also observed in per-residue pLDDT analysis of AlphaFold2 ensemble predictions (fig. S12C). In all  
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Variant 
kcat  
(min-1) 

Km  
(μM) 

kcat/Km  
(μM-1 min-1) 

Fold-improvement in kcat/Km 
over parent 

hyperTEV56 0.0106 ± 0.0005  1.4 ± 0.2 0.0077 20 

hyperTEV60 0.014 ± 0.002 1.4 ± 0.4 0.01 26 

hyperTEV89 0.0050 ± 0.0001 2 ± 1 0.0024 6.2 

TEVd 0.0023 ± 0.0003 6 ± 3 0.00039  

Table 1. Kinetic parameters for TEV redesigns and parent TEV variant. Kinetic parameters derived from the 
cleavage assay with the fluorescent peptide-coumarin substrate in figure S7A. Uncertainties are standard deviations 
of values calculated from fitting three technical replicates.   

 

designs, we observed a decrease in the population of catalytically competent conformations of the 

Cys-His dyad (dN-SH) compared to TEVd, but this shift was least significant in hyperTEV60, in 

agreement with its higher relative kcat (fig. S13). These notable differences may begin to explain how 

ProteinMPNN enables substantial activity enhancements without explicit design elements to improve 

function. It is also possible that the major contribution to the increase in kcat is from an increase in the 

fraction of the protein in the catalytically competent state more globally. 

2.5 ‒ Conclusion 

We show that the expression, stability, and function of native proteins can be improved using 

ProteinMPNN guided by available sequence and structural information. For both TEV protease and 

human myoglobin, multiple variants were identified which showed higher soluble yield and 

thermostability than the native protein starting point. The best of the TEV protease designs have higher 

apparent catalytic efficiency on peptide and protein substrates than the parent enzyme and previously 

reported variants. While the optimal number of residues to conserve to maintain (and perhaps enhance) 

function may have to be determined empirically for each case, the simplicity of our procedure and the 

compute efficiency and ease of use of ProteinMPNN make this straightforward, and the number of 

variants that need to be tested is far smaller than in typical experimental screens. We expect that our 

 



approach should be widely useful for improving the expression, stability, and function of 

biotechnologically important proteins. 

2.6 ‒ Methods 

Fixed residue selection for TEV protease. Active site positions were defined as residues containing 

backbone atoms within 7 Å of the substrate or sidechain atoms within 6 Å of the substrate in the 

ligand-bound crystal structure of autolysis resistant S219D (PDB: 1LVM). For enzyme targets, highly 

conserved residues were also fixed during sequence redesign. Highly conserved residues were determined 

with multiple sequence alignments (MSA). To generate the MSA, four iterative HHblits searches (63) 

were performed against the UniRef30 database (accessed June 30, 2020) at E-value cutoffs of 1e-50, 

1e-30, 1e-10, and 1e-4, and the final result was filtered for 90% identity redundancy, 50% coverage, and 

30% minimum query identity. Within the sequence alignment, we identified the frequency of each amino 

acid at each position and found the most highly conserved amino acid identity at each position. We then 

ranked each position by how highly conserved the most frequent amino acid identity was, and selected the 

top 30%, 50%, and 70% most conserved positions to fix during sequence design. 

ProteinMPNN design of myoglobin. For fixed-backbone sequence redesign, the crystal structure of 

human myoglobin (PDB: 3RGK) was used as input to ProteinMPNN, and 17 positions located around the 

heme were excluded from design. Three temperatures (0.1, 0.2, and 0.3) were sampled, with 20 sequences 

generated per temperature. Cysteine and methionine were excluded from the amino acid identities that 

could be installed during design. A model of ProteinMPNN trained with 0.2 Å noise applied to training 

set protein backbones was used to perform sequence generation. For combined sequence and backbone 

redesign, two strategies were employed. First, the sequence and structure from the crystal structure of 

human myoglobin (PDB: 3RGK) were input to RFjoint, with the N- and C-termini and loop region 

between helices 5 and 6 masked, to generate new secondary structure in these regions (RoseTTAFold 

joint inpainting). Ten backbones were generated with this strategy. In a more aggressive strategy, helix 4 
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and its adjoining loops, as well as both termini and the loop joining helices 5 and 6, were masked. Twenty 

backbones were generated with this strategy. Following backbone redesign, 60 sequences were generated 

per backbone with ProteinMPNN, keeping heme-binding positions fixed as described above.  

Sequences generated with ProteinMPNN were predicted with AlphaFold2, using model 4 with 10 

recycling steps. Structural templating with MSAs was not used for prediction. Designs with only 

sequence redesign were filtered to Cα RMSD < 1.0 Å and pLDDT > 85.0. Designs with sequence 

redesign and backbone redesign on the termini and the loop connecting helices 5 and 6 were filtered to Cα 

RMSD < 0.8 Å and pLDDT > 90.0. Designs with sequence redesign and backbone redesign on the 

termini, helix 4, and the loop connecting helices 5 and 6 were filtered to Cα RMSD < 0.6 Å and pLDDT > 

90.0 (see fig. S2 for details). Predicted models passing these criteria were finally evaluated by eye and 

those recapitulating finer structural details of the heme binding pocket (low backbone deviation after 

global alignment to the structure of 3RGK; close agreement with the placement of heme-coordinating 

histidine side chain) were selected for experimental testing. Four designs generated with only sequence 

design, and 16 designs with sequence and backbone design were selected for experimental testing (10 

with both loops remodeled, and 6 with one loop). 

ProteinMPNN design of TEV protease. The crystal structure of TEVd (PDB: 1LVM) was used as 

structural input to ProteinMPNN, and active site and conserved residues were excluded from design. 

Cysteine was excluded from the amino acid identities that could be installed during design. Three 

temperatures (0.1, 0.2, and 0.3) were sampled during design. A model of ProteinMPNN trained with 0.2 

Å noise applied to training set protein backbones was used to perform sequence generation. 24 sequences 

were generated with only the active site residues fixed, 24 sequences were generated with the active site 

and the 30% most highly conserved positions fixed, 48 sequences were generated with the active site and 

the 50% most highly conserved positions fixed, and 48 sequences were generated with the active site and 

the 70% most highly conserved positions fixed. 

 



​ Sequences generated with ProteinMPNN were predicted with AlphaFold2, using model 3 with 6 

recycling steps. Both designs and native TEV predicted with low confidence if given only the single 

sequence and minimal recycling steps. We found that structural templating with MSAs was necessary for 

accurate prediction. To generate MSAs of each design for structure prediction, the MSA of the parent 

sequence was used, and the parent sequence was swapped for the design sequence. All sequences 

generated were predicted with Cα RMSD < 2.0 Å and pLDDT > 85.0 and were predicted to maintain 

critical structural features in the active site. Thus, all were ordered for experimental characterization. 

Expression and purification of myoglobin designs. Double-stranded DNA fragments encoding the 

designs (codon-optimized for bacterial expression) were purchased from Integrated DNA Technologies 

(IDT) as eBlocks™ Gene Fragments. Following the Golden Gate cloning protocol (38), the DNA 

fragments encoding design sequences and including overhangs suitable for a BsaI restriction digest were 

cloned into a custom pET29b(+) target vector containing lethal ccdb gene, and C-terminal SNAC (64) and 

hexahistidine tags (#191551, Addgene). This yielded final expressed sequences as: 

MSG<design>GSGSHHWGSTHHHHHH. Assembled plasmids containing the designs were transformed 

into E. coli BL21(DE3) by heat shock. DNA was incubated on ice with competent cells for 30 minutes, 

followed by 30 second heat shock at 42 °C, and 2 minute incubation on ice. 100 μL rich medium (super 

optimal broth with catabolite repression) was added to transformed cells and samples were incubated at 

37 °C, 1050 r.p.m. on a Heidolph shaker for 1 hour. The cells were subsequently spread on LB-agar plates 

containing 100 μg/mL kanamycin and incubated at 37 °C under 220 r.p.m. shaking for 18 hours. Single 

colonies were picked, and the DNA fragments encoding the designs were amplified following a 

colonyPCR protocol using GoTaq® Green DNA polymerase master mix (#M7122; Promega) and T7 

reverse and forward primers. The PCR products identified to contain DNA of appropriate size (~600 bp) 

based on agarose gel (1.2%) electrophoresis with SybrSafe dye were sent to Sanger sequencing 

(GeneWiz/Azenta) for sequence-verification. Single colonies containing the correct design sequences 

were grown up in 5 mL TB-II media containing 50 μg/mL kanamycin, over 16 hours at 37 °C. 2 mL of 
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the grown culture was used to inoculate 40 mL TB-II media containing 50 μg/mL kanamycin and the rest 

used for plasmid extraction following the Qiagen QIAprep MiniPrep protocol. The 40 mL cultures were 

grown at 37 °C for 4 hours, after which protein expression was induced with the addition of 1 mM IPTG, 

and the cultures were incubated at 18 °C for 20 hours. Pellets were harvested by centrifugation at 4,198 g 

for 8 minutes and resuspended in a lysis buffer containing 25 mM Tris-HCl, 300 mM NaCl, 25 mM 

imidazole, 0.01 mg/mL DNAse, 0.1 mg/mL lysozyme, and a Pierce protease inhibitor tablet. Lysis was 

performed by ultrasonication (13 mm probe, 2.5 mins, 10s on, 10s off, 65% amplitude). Lysate was 

collected by centrifugation at 15,000 xg for 20 minutes and applied to Ni-NTA resin that was equilibrated 

with wash buffer (25 mM Tris-HCl, 300 mM NaCl, 25 mM imidazole, pH 8.0). The resin was washed 

with 50 column volumes (CV) of wash buffer. Protein was eluted with 1.2 CV of elution buffer (25 mM 

Tris-HCl, 300 mM NaCl, 300 mM imidazole, pH 8.0) and further purified via size exclusion 

chromatography (SEC) using a Superdex Increase 75 10/300 GL column (GE Healthcare) on 

ÄKTAxpress (GE Healthcare) instrument at 0.8 mL min-1 flow rate. The monomeric or smallest 

oligomeric fractions of each run (eluting at approximately 15 ml) were collected. The obtained 

chromatograms are presented in figure S6. 

Yields of purified hemoproteins were determined based on the absorbance of the Soret maximum 

(407-413 nm). The corresponding extinction coefficients were measured for each protein using the 

hemochromagen assay, according to the method of Berry and Trumpower (65). A reported extinction 

coefficient of 188 mM-1·cm-1 was used for native myoglobin (66). 

Expression and purification of TEV designs. Double-stranded DNA fragments encoding the designs 

(codon-optimized for bacterial expression) were purchased from Integrated DNA Technologies (IDT) as 

eBlocks™ Gene Fragments. Following the Golden Gate cloning protocol,(38) the DNA fragments 

encoding design sequences and including overhangs suitable for a BsaI restriction digest were cloned into 

a custom pET29b(+) target vector containing lethal ccdb gene, and C-terminal SNAC(64) and 

hexahistidine tags (#191551, Addgene). This yielded final expressed sequences as: 
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MSHHHHHHSG<design>GS. Vectors containing TEV designs were transformed into E. coli BL21(DE3) 

by heat shock. DNA was incubated on ice with competent cells for 30 minutes, followed by 10 second 

heat shock at 42 °C, and 2 minute incubation on ice. 100 μL rich medium (super optimal broth with 

catabolite repression) was added to transformed cells and samples were incubated at 37 °C, 1050 rpm on a 

Heidolph shaker for 1 hour. Entire transformations were transferred to 900 μL of TBM-5052 

autoinduction expression medium containing 50 μg/mL Kanamycin. Expression cultures were incubated 

at 37 °C, 1050 rpm for 20 hours. Pellets were harvested by centrifugation at 4,000 g for 10 minutes and 

lysed with BPER lysis reagent containing 6.25 Units/mL benzonase (4 uL / 40 mL at 250 U/μL), 0.1 

mg/mL lysozyme, and 1 mM PMSF. Lysate was collected by centrifugation at 4,000 xg for 20 minutes 

and applied to Ni-NTA resin that was equilibrated with wash buffer (20 mM Tris-HCl, 300 mM NaCl, 25 

mM imidazole, pH 8.0). The resin was washed with 25 column volumes (CV) of wash buffer. Protein was 

eluted with 250 μL of elution buffer (20 mM Tris-HCl, 300 mM NaCl, 540 mM imidazole, pH 8.0) and 

further purified via size exclusion chromatography (SEC) in an S75 5/150 GL increase column (GE 

Healthcare). Protein collected from SEC was normalized to 1 μM where possible. 

In scale-up experiments, 50-mL cultures of TBM-5052 autoinduction media with 50 μg/mL 

Kanamycin were inoculated with a scrape of transformed competent cells from glycerol stock and grown 

at 37 °C, 200 rpm for 20 hours. Cells were harvested by centrifugation at 10,000 xg for 10 minutes, 

resuspended in 30 mL of wash buffer (20 mM Tris-HCl, 300 mM NaCl, 25 mM imidazole, pH 8.0) 

containing 0.01 mg/mL DNase, 0.1 mg/mL lysozyme, and a protease inhibitor tablet (Thermo Scientific 

Pierce), and lysed by sonication. Lysate was collected via centrifugation at 18,000 xg for 40 minutes and 

applied to Ni-NTA resin that was equilibrated with wash buffer. The resin was washed with 30 CV of 

wash buffer. Protein was eluted with 4 mL of elution buffer and concentrated to 1 mL in a 3K protein 

concentrator (Millipore Sigma). Concentrated protein was purified by SEC as described above.   

Expression and purification of MBP-TEVcs-FKBP-EGFP construct. The protease substrate 

FKBP-EGFP was cloned into an E. coli expression vector containing an N-terminal maltose binding 

 



protein (MBP), a TEV protease recognition site, and a C-terminal His-6 tag. The FKBP-EGFP coding 

sequence was obtained from Addgene #106924, with a 4X GGS linker between FKBP and EGFP. Vector 

containing the protease substrate was transformed into E. coli BL21(DE3) by heat shock. Cells were 

transferred to 4 0.5-L LB medium cultures with 10 μg/mL Carbenicillin and 10 μg/mL Chloramphenicol 

and incubated at 37 °C, 200 rpm until optical density reached 0.5 AU, at which point expression was 

induced with 1 mM IPTG. Temperature was reduced to 18 °C and cells were incubated for an additional 

18 hours. Cells were harvested by centrifugation at 10,000 xg for 10 minutes, resuspended in 30 mL of 

wash buffer (20 mM Tris-HCl, 300 mM NaCl, 25 mM imidazole, pH 8.0) containing 0.01 mg/mL DNase, 

0.1 mg/mL lysozyme, and a protease inhibitor tablet (Thermo Scientific Pierce), and lysed by sonication. 

Lysate was collected via centrifugation at 18,000 xg for 40 minutes and applied to Ni-NTA resin that was 

equilibrated with wash buffer. The resin was washed with 30 CV of wash buffer. Protein was eluted with 

elution buffer until resin no longer appeared yellow and concentrated to 1 mL in a 3K protein 

concentrator (Millipore Sigma). Concentrated protein was purified by SEC as described above.  

Kinetic characterization of designed proteases. Designs were initially screened for activity on a 

peptide-coumarin conjugate substrate (WuXi) of the TEV recognition sequence (ENLYFQ) fused to a 

fluorescent coumarin derivative, 7-amino-4-trifluoromethylcoumarin. The N-terminus of the peptide bears 

an acetyl modification and the C-terminus is conjugated to the coumarin group via an amide bond. Initial 

activity screen was performed in 50 mM Tris-HCl, 50 mM NaCl, pH 8.0 buffer containing Freshly 

prepared 2 mM DTT. Reactions contained 500 nM protein and 10 μM substrate at a total volume of 30 

μL. Protein and substrate were rapidly mixed and monitored for fluorescence at excitation 400 nm, 

emission 492 nm at room temperature (RT) for 5 hours in a BioTek Synergy Neo2 microplate reader.  

For detailed kinetic characterization, reactions were performed in 50 mM Tris-HCl pH 8.0 

containing 50 mM NaCl, 1mM EDTA, and freshly prepared 2 mM DTT. For TEV redesigns, reactions 

contained 50 nM protein and substrate concentration ranging from 0.1 μM to 10 μM at a total volume of 

30 μL. Protein and substrate were rapidly mixed and monitored for fluorescence at excitation 400 nm, 

 



emission 492 nm at RT for 2 hours in a BioTek Synergy Neo2 microplate reader. Fluorescent signal was 

converted to concentration of cleaved coumarin product using a calibration curve of 

7-amino-4-trifluoromethylcoumarin. Reactions were performed in triplicate and each technical replicate 

was separately fitted to a Michaelis Menten model. Expressed uncertainty in kcat and Km is the standard 

deviation between technical replicates.  

Screening of designed proteases on fusion protein MBP-TEVcs-FKBP-EGFP. Reactions were 

performed in 50 mM Tris-HCl, 50 mM NaCl, 1mM EDTA, pH 8.0 buffer containing freshly prepared 2 

mM DTT. Reactions contained 60 nM protein and substrate concentrations ranging from 2 μM to 17 μM. 

Reactions were incubated at 30 °C and at 0, 1, 2, 4, 8, and 24 hours, 10 μL aliquots were quenched in 10 

μL of 2X Laemmli loading buffer and subsequently frozen in liquid nitrogen. Samples were analyzed by 

SDS-PAGE and imaged for EGFP fluorescence at 488 nm on a LI-COR Odyssey M imager. Band 

intensities were quantified with ImageJ software and converted to concentration using a standard curve 

prepared of known amounts of cleaved substrate with fluorescence gel imaging. A straight-line fit was 

applied to the initial velocities using GraphPad Prism. Points represent the averages of 3 technical 

replicates and error bars represent the standard deviations.  

Benchtop stability characterization of TEV redesigns. Samples of purified enzyme were incubated at 

30 °C for 0.5, 1, 2, 4, 8, 18, or 24 hours before being used in the previously described peptide-coumarin 

cleavage assay. Activity of samples was defined as initial rate of turnover and normalized to initial rate at 

incubation of t = 0 hrs. 

Spectrophotometric measurements. UV-Vis spectra of purified holo-proteins (myoglobin variants) in 

the 230-800 nm range were collected using the Jasco Spec V750 spectrophotometer and 10 mm 

pathlength cuvette. To observe changes in the spectral properties of bound heme at increasing 

temperatures, UV−Vis spectra were collected at every 10 °C intervals between 25 °C and 95 °C. 

Temperature was increased at the rate of 5 °C min-1, and spectra were acquired after the temperature had 

 



stabilized to within 0.5 °C of target temperature for 5 seconds. Measurements were performed with 20 μM 

solutions of purified holoprotein in TBS buffer (25 mM Tris-HCl, 300 mM NaCl, pH 8). 

Circular dichroism spectroscopy. To determine secondary structure and thermostability of the designs, 

far-ultraviolet circular dichroism (CD) measurements were carried out on a JASCO J-1500 instrument 

using a 1 mm pathlength cuvette. Samples of purified protein were prepared at 1.0 mg/mL in 20 mM 

sodium phosphate, 50 mM potassium fluoride, pH 8.0 (TEV protease) or at 0.4 mg/mL in 25 mM Tris, 20 

mM NaCl, pH 8.0 (myoglobin). The temperature of the sample was scanned from 25 °C to 95 °C with full 

spectrum scans from 190 nm to 260 nm performed after each 10 degree increment. The signal at 216 nm 

was plotted over the temperature gradient and fitted to a Boltzmann sigmoidal curve with GraphPad Prism 

9. Tm values were calculated from the inflection point. 

Mass spectrometry analysis. MS data for dnHEM1 variants were acquired on an Agilent 1200series LC 

G6230B TOF LC-MS with an AdvanceBio RP-Desalting column (A: H2O with 0.1% Formic Acid, B: 

Acetonitrile with 0.1% Formic Acid). The final protein concentrations were adjusted to 1-2 mg/mL in 25 

mM Tris-HCl, 300 mM NaCl, pH 8.2. Subsequent data deconvolution was performed in Bioconfirm using 

a total entropy algorithm. All data are presented in Supplementary Table 1.  

Molecular dynamics simulations. Structures generated with AlphaFold2 (15) were used as starting 

geometries. For the protein-substrate complexes, substrate peptide was superimposed onto AlphaFold2 

structures using the crystallographic structure of catalytically active TEV protease (PDB: 1LVM) as a 

template. Simulations were carried out with AMBER 20 (67) implemented with the ff14SB force field for 

the protein and substrate peptide, and the general Amber force field (GAFF2) (68) for the substrate 

peptide C-terminal fluorescent probe (7-amino-4-(trifluoromethyl)coumarin). Parameters were generated 

with the antechamber module of AMBER, combining ff14SB and GAFF2 force fields and with partial 

charges set to fit the electrostatic potential generated with HF/6-31G(d) using the RESP method (69). The 

charges were calculated according to the Merz-Singh-Kollman scheme using Gaussian 16 (70). 
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Binding-site histidine residue (H46) was modeled in its Nδ1-H tautomeric state (corresponding to residue 

name HID in Amber). Initial structures were neutralized with either Na+ or Cl– ions and set at the center of 

a cubic TIP3P (71) water box with a buffering distance between solute and box of 10 Å. 

A two-stage geometry optimization approach was performed. The first stage minimizes only the 

positions of solvent molecules and ions, and the second stage is an unrestrained minimization of all the 

atoms in the simulation cell. The system was then heated by incrementing the temperature from 0 to 300 

K under a constant pressure of 1 atm and periodic boundary conditions (PBC). Harmonic restraints of 10 

kcal/mol were applied to the solute, and the Andersen temperature coupling scheme (72, 73) was used to 

control and equalize the temperature. The time step was kept at 1 fs during the heating stages, allowing 

potential inhomogeneities to self-adjust. Water molecules were treated with the SHAKE algorithm (74) 

such that the angle between the hydrogen atoms is kept fixed through the simulations. Long-range 

electrostatic effects were modeled using the particle mesh Ewald method (75). An 8 Å cut-off was applied 

to Lennard-Jones interactions. The system was equilibrated for 2 ns with a 2 fs time step at a constant 

volume and temperature of 300 K. Ten independent production trajectories were then run for additional 

1000 ns under the same simulation conditions, leading to accumulated simulation times of 10 µs for each 

system. Root mean square (rms) fluctuations and interatomic distance analyses were carried out with the 

cpptraj module of AMBER. 
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3.1 ‒ Introduction 

Enzymes are powerful catalysts that dramatically accelerate reaction rates in mild aqueous 

conditions. The ability to construct enzymes catalyzing arbitrary chemical reactions would have enormous 

utility across a wide range of applications, and hence, enzyme design has been a long-standing goal of 

computational protein design (76). De novo enzyme design has generally started from a specification of 

arrangements of catalytic residues around the reaction transition state (a theozyme), and sought to identify 

placements of this active site in pre-existing scaffolds (22–27). Utilizing fixed backbones restricts how 

accurately the catalytic geometry can be realized and has likely limited the activities of many designed 

enzymes to date prior to optimization by laboratory evolution, as recent studies of designed Kemp 

eliminases demonstrate (60, 77, 78). A further challenge of enzyme design is the preorganization of the 

active site such that the catalytic functional groups are accurately positioned relative to the transition 

state. Achieving preorganization is especially difficult for multistep reaction mechanisms because the 

enzyme must preferentially stabilize multiple transition states and intermediates, and current methods to 

evaluate design preorganization in silico are limited by low accuracy or computational cost (27, 79–82). 

To enable the accurate design of multistep enzymes, new methods are needed for both the generation of 

proteins housing a given active site, and the assessment of their structural compatibility with each step in 

the reaction. 

Ester hydrolysis has served as a model reaction for computational enzyme design for decades 

(83–88), and justifiably so: numerous mechanisms can be utilized for ester hydrolysis, enabling a range of 

distinct design approaches to target this reaction, activity is easily monitored by absorbance and 

fluorescence with reporter substrates, and esterases are highly valuable in industrial processes, most 

recently for their application in plastic recycling (12, 89, 90). The textbook example of enzymatic ester 

hydrolysis is the double-displacement reaction mechanism employed by serine hydrolases, in which a 

serine nucleophile undergoes acylation to form the acyl-enzyme intermediate (AEI) that is subsequently 

hydrolyzed by an activated water. Despite extensive structural, mutational, and computational 
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characterization of the mechanism of serine hydrolases found in nature (91–102), de novo design efforts 

attempting to employ this machinery have been unsuccessful, and to our knowledge, no previous efforts 

have successfully constructed a serine hydrolase that extends beyond the fold space found in nature.  

A major challenge in designing serine hydrolases is overcoming the stability of the AEI, the 

resolution of which is typically rate-limiting when activated esters are employed. Numerous previously 

designed enzymes and peptide-based systems inactivate or dramatically slow down after acylation (26, 

83–85). In addition to this chemical challenge, constructing the serine hydrolase active site combines 

some of the most difficult current challenges in protein design: 1) the catalytic site is very complex, 

requiring the scaffolding of at least four individual residues with atomic precision, a task that 

state-of-the-art design tools struggle to achieve (18), 2) the serine nucleophile requires activation by 

construction of intricate hydrogen bond networks, and 3) the active site must undergo subtle 

conformational changes throughout the multistep catalytic cycle, and while there is recent progress in 

multistate design (103, 104), it remains challenging, particularly when the energetic difference between 

desired states are small. 

Previous efforts to design esterases have circumvented the challenges presented by serine 

hydrolases by employing simpler, more easily designable active sites, leveraging nucleophiles more 

activated than serine, and by targeting reaction mechanisms that do not require the formation of stable 

covalent intermediates. For example, previously designed metallohydrolases skip the AEI by activating 

water to cleave esters in a single step (86, 105), the non-canonical amino acid Nδ-methylhistidine has been 

employed to make the AEI less stable (85), and cysteine has been used in place of serine due to its greater 

nucleophilicity (26, 83). Structural analysis of the resulting cysteine esterases indicated key interactions 

between the cysteine nucleophile and histidine base of the desired dyad or triad were not formed (26, 83), 

suggesting that the inherent chemical reactivity of the residues employed, not their coordinated effort, 

may have been responsible for the observed steady-state rate enhancements. Even with these chemical 

interventions, the efficiency of the initial computational designs remain far below the range observed for 

natural enzymes. 

 

https://paperpile.com/c/Xh3e9q/AO4lf+WRCRq+1uaiC+eJBe9+7RN9E+7sGMt+pmrwd+9zEgi+GyZ9x+kaJLn+fTiUV+X6EjU
https://paperpile.com/c/Xh3e9q/aNDvQ+GtFti+dNl3h+gXDVO
https://paperpile.com/c/Xh3e9q/aNDvQ+GtFti+dNl3h+gXDVO
https://paperpile.com/c/Xh3e9q/I2iJ5
https://paperpile.com/c/Xh3e9q/cglbu+ETEXP
https://paperpile.com/c/Xh3e9q/VCsrv+QfHZb
https://paperpile.com/c/Xh3e9q/gXDVO
https://paperpile.com/c/Xh3e9q/aNDvQ+GtFti
https://paperpile.com/c/Xh3e9q/aNDvQ+GtFti


One hypothesis for the lack of designed serine hydrolases to date is a potential geometric 

incompatibility between the complex hydrolase active site and the sets of fixed protein scaffold libraries 

previously employed (26). We investigated whether increasing scaffold diversity could help identify 

backbones that more accurately reconstruct the desired active site, and carried out a preliminary design 

campaign searching for placements of a serine hydrolase active site in a large library of scaffolds based on 

the Nuclear Transport Factor 2 (NTF2) fold (28) (fig. S1 and Computational methods, NTF2 design 

campaign). As in previous studies (27), experimental characterization of the resulting designs revealed 

activated serines but no catalytic turnover on ester substrates, despite a close match between the 

experimental and designed structures (fig. S2). We suspect that an inability to install key catalytic features 

into NTF2s, such as the backbone oxyanion hole contact common to all serine hydrolases, limited the 

function of these designs. 

We reasoned that advances in deep learning for protein design could enable the design of proteins 

from scratch to directly scaffold the serine hydrolase active site and assess design compatibility for the 

entire multistep catalytic cycle. Recent advances in scaffolding functional sites with RFdiffusion have 

yielded improved in silico and experimental success rates across a range of design tasks (18, 106, 107); 

we aimed to use the same approach to generate serine hydrolases starting from geometric descriptions of 

an active site (Fig. 1A). To assess preorganization and functional interactions in each step of the catalytic 

cycle, we sought to leverage advances in deep learning-based prediction of protein-small molecule 

complexes by modeling structural ensembles of catalytic intermediates (Fig. 1B). 

3.2 ‒ Assessing reaction path compatibility with PLACER 

We set out to understand why previously designed serine hydrolases failed to appreciably catalyze 

ester hydrolysis and hypothesized that modeling each step of the reaction could be critical for assessing 

the ability of a design to achieve catalytic turnover. To model the extent to which a designed enzyme can 

stabilize each of the key states along the reaction coordinate and to assess the preorganization of the  
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Figure 1. Design methods. (A) Active site-specific backbone generation with RFdiffusion. Given the geometry of a 
possible active site configuration, RFdiffusion denoising trajectories generate backbone coordinates which scaffold 
the site. (B) Generation of active site ensembles with PLACER. The coordinates of the sidechains around the active 
site and any bound small molecule for the step in the reaction being considered are randomized, and n samples are 
carried out to generate an ensemble of predictions. (C) Mechanism of ester hydrolysis by serine hydrolases. (D) 
PLACER ensembles for distinct states along the reaction coordinate for hydrolysis of 4MU-Ac for a native serine 
hydrolase (top, PDB: 1IVY) and an inactive designed serine hydrolase from round 3 (bottom, josie). 

 
 

active site residues in the desired catalytic geometries, we developed a deep neural network that, given 1) 

the backbone coordinates of a small molecule binding pocket or active site, 2) the identities of the amino 

 



acid residues at each position, and 3) the chemical structures of bound small molecules (but not their 

positions), generates the full atomic coordinates of the binding site, comprising both protein sidechains 

and small molecules. We trained this network, called PLACER (Protein-Ligand Atomistic 

Conformational Ensemble Reproduction) (108), on protein-small molecule complexes in the PDB by 

randomizing the atomic coordinates of sidechains and small molecules within spherical regions with up to 

600 heavy atoms, and seeking to minimize a loss function assessing the recapitulation of the atomic 

coordinates within the region. In benchmark tests, PLACER predicted regions within native structures 

with an average RMSD of 1.1 Å. PLACER is stochastic, and repeated runs from different random seeds 

yield an ensemble of models for the predicted region (Fig. 1B). 

We used PLACER to generate structural ensembles for each step of the catalytic cycle for a set of 

native and previously designed serine hydrolases. The catalytic cycle of serine hydrolases can be divided 

into four steps (Fig. 1C). First, the substrate binds to the apoenzyme (apo) and the catalytic serine, 

deprotonated by the catalytic histidine, attacks the carbonyl carbon of the ester to form the first tetrahedral 

intermediate (TI1). Second, the catalytic histidine protonates the leaving group oxygen promoting its 

departure, leaving the active site serine covalently linked to the acyl group of the substrate (the 

acyl-enzyme intermediate (AEI) mentioned above). Third, the histidine deprotonates a water molecule, 

which attacks the AEI to generate a second tetrahedral intermediate (TI2). Finally, this intermediate is 

resolved by histidine-mediated protonation of serine and release of the acyl group, reconstituting the free 

enzyme and completing the catalytic cycle. Throughout, negatively charged transition states and 

intermediates are stabilized by at least two hydrogen bond donors that constitute the oxyanion hole. 

Perturbation of the histidine pKa, which tunes its acid/base function, is mediated by interaction with 

aspartate or glutamate, the final residue in the triad (109–111). 

Modeling this catalytic cycle with PLACER showed that native serine hydrolases are more 

preorganized than previous designed systems (Fig. 1D, fig. S3). At each step in the reaction coordinate, 

the catalytic residues sample the key hydrogen bonds essential for catalysis more often in native than 

previously designed serine hydrolases (fig. S3). Since the reaction rate should be proportional to the 
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fraction of the enzyme in the active state, limited preorganization of the designed active sites is expected 

to compromise catalysis. To quantify the extent of active site formation in PLACER ensembles, we 

compute the frequency of formation of key interactions between the catalytic functional groups and 

reaction intermediates over each step of the reaction (see Computational methods, filtering section), and 

use this metric to assess new designs in the following sections. 

3.3 ‒ Design and characterization of serine hydrolases 

We next set out to design proteins with active sites of increasing complexity, using RFdiffusion to 

scaffold serine hydrolase active site motifs and PLACER to assess their preorganization in each step of 

the reaction (Fig. 2A,B). We designed catalysts for the hydrolysis of 4-methylumbelliferone (4MU) esters 

(Fig. 2C) that fluoresce upon hydrolysis. To generate active site motifs, we sampled positions of the 

catalytic sidechains around a QM-optimized transition state (see Computational methods, motif 

generation) based on an analysis of natural hydrolases (100), and enumerated α-helix and β-strand 

backbone conformations for each catalytic residue, keeping the interactions with the transition state fixed 

in space. For each combination of the backbone N, Cα, and C atoms for each of the catalytic residues, we 

used RFdiffusion to build up backbones starting from random noise that have coordinates that nearly 

exactly match the input catalytic residue backbone positions (average all-atom RMSD ~ 0.1 Å) and form 

a binding pocket for the substrate (see Computational Methods, motif generation and backbone 

generation). To drive folding to the designed state, and to make favorable interactions with the substrate 

and active site residues, LigandMPNN (112) was used to design the sequence. Rosetta FastRelax (113) 

was used to refine the protein backbone and ligand pose, and sequence design with LigandMPNN was 

repeated with the new backbone as input (114). Following three cycles of LigandMPNN and FastRelax, 

the structures of the designs were predicted with AlphaFold2 (AF2) (15), and designs for which all 

catalytic residue Cα atoms were positioned within 1.0 Å of the design models were selected for 

experimental characterization (15) (see Computational methods, sequence design and filtering sections for  
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Figure 2. Functional characterization of designed serine hydrolases. (A) Chemical schematic of a serine 
hydrolase active site. (B) Summary of design method and experimental success rate for probe labeling, single 
turnover acylation, and catalytic turnover for each design round. (C) Chemical schematic depicting probe labeling, 
acylation, and catalytic turnover. (D) Fold (left) and active site (right) of serine hydrolase design models. (E) 
Reaction progress curves for the parent design and catalytic residue knockouts. Dashed line represents the enzyme 
concentration and shaded areas represent standard deviation of three technical replicates. (F) Michaelis-Menten plots 
derived from initial (shh25, rem6507) or steady state velocities (win,super). Error bars represent standard deviation 
of three technical replicates. 

 

details). 

In the first two rounds of design, we built relatively simple active sites consisting of Ser-His 

dyads with a single oxyanion hole contact from the backbone amide of the serine (Fig. 2A,B), and 

 



explicitly evaluated the utility of PLACER to select designs for experimental characterization. Round 1 

designs were filtered with AF2 alone, while round 2 designs that passed the AF2 filter were selected for 

experimental screening if PLACER ensembles of the apo state indicated the key Ser-His hydrogen bond 

was formed (see Computational Methods, filtering; only 1.6% of round 2 designs that passed the AF2 

RMSD filter were predicted to be preorganized by PLACER). For experimental testing, we obtained 

synthetic genes encoding 129 and 192 designs for rounds 1 and 2, respectively, for E. coli overexpression 

and screening. 

We used a fluorophosphonate (FP) activity-based probe and fluorescent 4MU-acetate (4MU-Ac) 

and 4MU-butyrate (4MU-Bu) ester substrates to identify designs with activated serines and esterase 

activity, respectively (Fig. 2C). The fraction of designs labeled by the FP probe in E. coli lysate increased 

5-fold from 3% to 17% from round 1 to round 2 (Fig. 2B and fig. S4). Designs that reacted with the FP 

probe were purified and incubated with 4MU esters, and two round 1 designs (1.6%) and 10 round 2 

designs (5.2%) showed catalytic activity. Retrospective PLACER analysis of the round 1 designs revealed 

that the Ser-His H-bonds in the two catalytically active designs were predicted to be among the most 

preorganized (fig. S5). PLACER filtering of round 2 designs on the extent of formation of the key Ser-His 

H-bond not only increased the fraction of designs exhibiting FP probe labeling and enzymatic activity, but 

also resulted in higher activities (Fig. 2E,F). The progress curves for these round 1 and 2 designs plateau 

after approximately one enzyme equivalent of fluorescent product is formed (Fig. 2E), suggesting the 

serine acylates but that the resulting AEI fails to hydrolyze, the rate-limiting step in the cleavage of 

activated esters (99). When incubated with substrate, mass spectra of these designs revealed a mass shift 

corresponding to acylation, further supporting protein inactivation following formation of the acylated 

intermediate (fig. S6). 

We hypothesized that incorporating a histidine-stabilizing catalytic acid and a second oxyanion 

hole H-bond donor in a third round of designs (round 3) and filtering for PLACER preorganization in 

both the apo and AEI states could generate designs capable of catalytic turnover via hydrolysis of the 

AEI. For round 3 designs, we required all catalytic triad and oxyanion hole H-bonds to be highly 

 

https://paperpile.com/c/Xh3e9q/GyZ9x


preorganized in PLACER ensembles of both the apo and AEI states. Of 132 round 3 designs, 111 (84%) 

displayed FP probe labeling, 20 hydrolyzed 4MU substrates (18%), and two designs (1.5%) displayed 

multiple turnover activity (Fig. 2B,E). Active designs from all three rounds showed significantly reduced 

activity upon mutation of any one of the catalytic residues (Ser, His, Asp/Glu, and oxyanion sidechain 

contact) (Fig. 2E), suggesting that the observed activities are dependent on the designed active site. To 

determine the kinetic parameters of the active designs, initial or steady-state rates were measured to 

determine k2/Km or kcat/Km for single-turnover and multiple-turnover designs, respectively (Fig. 2F and fig. 

S7). For the two designs that displayed catalytic turnover, called ‘super’ and ‘win,’ kcat/Km values were 22 

M-1 s-1 (kcat = 0.00137 ± 0.00005 s-1, Km = 64 ± 6 μM) and 410 M-1 s-1 (kcat = 0.00117 ± 0.00003 s-1, Km = 

2.8 ± 0.3 μM), respectively for the more preferred of the two 4MU substrates (win and super 

preferentially hydrolyzed 4MU-Ac and 4MU-Bu, respectively (fig. S8)). Despite the low Km observed for 

win, we were unable to reach saturation of the initial burst phase of the reaction by increasing substrate 

concentration up to 100 μM (fig. S9), suggesting that Ks >> Km and that the low apparent Km observed for 

win is a result of rapid acylation and not tight substrate binding. 

3.4 ‒ Structural characterization of designed serine hydrolases 

We pursued x-ray crystallography to determine the accuracy with which super and win were 

designed. We were able to solve crystal structures of both super and win, and found that they had very 

low Cα RMSDs of 0.8 Å οver 165 residues and 0.83 Å over 160 residues (Fig. 3A,D), respectively, to the 

design models. The design accuracy extends to the geometry of the active site: the sidechain 

conformations of the catalytic residues are in atomic agreement for super (all-atom RMSD = 0.38 Å over 

22 atoms) and for win (all-atom RMSD = 0.86 Å over 20 atoms) except for a rotamer shift in the 

sidechain oxyanion contact, Thr99 (Fig. 3B,E). In the active site of super, a water molecule sits above the 

nucleophilic serine and forms hydrogen bonds with the oxyanion hole contacts, which likely mimics the 

positioning of the carbonyl oxygen of its ester substrate (Fig. 3B). Similarly, in win, an acetate molecule  

 



 
Figure 3. Structural characterization of designed serine hydrolases. (A, D) Structural superposition of design 
models (gray) and crystal structures (rainbow) for super (A) and win (D). (B and E) Active site overlays of design 
models (gray) and crystal structures (rainbow) of super (B) and win (E) with 2Fo-Fc map shown at 1σ (blue mesh). 
(C and F) Superposition of substrate binding sites of the design models (gray) and crystal structures (rainbow) of 
super (C) and win (F) with 2Fo-Fc map shown at 1 σ (blue mesh). Distances shown in Å. 

 

is positioned at the catalytic center and hydrogen bonds to the catalytic serine (Ser142), the sidechain 

oxyanion hole (Thr99), and the histidine acid/base residue (His17) (Fig. 3E). 

While the structures were solved in the absence of bound small molecule substrate or transition 

state analogue, overlay of the design model and crystal structure of super reveals high shape 

complementarity to the butyrate acyl group of its preferred substrate (Fig. 3C and fig. S8). At the same 

time, the 4MU moiety is largely exposed, corroborating the selectivity of super for 4MU-Bu over 

4MU-Ac and suggesting that substrate binding, in this case, is largely driven by binding to the acyl group. 

For win, a rotamer shift in F98 in the crystal structure would clash with the butyrate moiety, and indeed, 

win is selective for the smaller substrate 4MU-Ac that avoids this clash (Fig. 3F and fig. S8). 

The structures of super and win are very different from known structures; the closest matches 

found from Foldseek searches against all databases have TM-scores of 0.52 and 0.46 for super and win, 

 



respectively (at or below the 0.5 cutoff below which structures are considered to have different 

topological folds), are proteins of unknown function, and have no similarity to known hydrolases at the 

fold or active site level (fig. S10A,B), demonstrating that the design method employed here yields 

structural solutions for serine hydrolase activity that extend well beyond those found in nature, expanding 

the structural space of this ancient enzyme family. 

3.5 ‒ Filtering for preorganization across the reaction coordinate 

improves catalysis  

We next sought to generate and compare designs filtered explicitly with PLACER for 

preorganization over two states (apo and AEI) or over all four states of the reaction path by carrying out 

additional iterations of LigandMPNN and FastRelax starting from the active design win (fixing only the 

identities of the four catalytic residues) (Fig. 4A and fig. S1). We obtained genes encoding 45 two-state 

filtered designs for experimental characterization, all of which were diverse in sequence compared to the 

original designs (mean sequence identity to the parent design of 58% and 61% within the active site), and 

found 38 (84%) labeled with FP-probe (fig. S11A), and 9 (20%) displayed activity over background in a 

lysate screen (fig. S11C). Three of these, win1, win11, and win31, displayed higher catalytic turnover 

compared to the starting design: win has a kcat of 0.00117 s-1, which increases 15-fold in win1 (0.018 s-1), 

17-fold in win11 (0.0197 s-1), and 9-fold in win31 (0.0105 s-1) (Fig. 4B and fig. S7). Of the 11 four-state 

filtered designs tested, 10 (91%) labeled with FP-probe (fig. S11B) and 8 (73%) displayed activity (fig. 

S11D). Two of these, dadt1 and wint4, displayed higher catalytic efficiencies than win, with kcat/Km 

values of 3800 M-1 s-1 and 640 M-1 s-1, driven by increases to kcat and decreases in Km relative to win (Fig. 

4B,C,D and fig. S7). Catalytic triad residue knockouts for all designs showed significant reductions in 

activity, and for win11 and win31, mutation of stabilizing residues in the second shell of the active site 

that H-bond to the catalytic aspartate also significantly reduced activity (fig. S12). The two redesigns with  

 

 



 
Figure 4. Computational redesign and more complex folds improve catalysis. (A) Computational pipeline for 
redesign of win. (B,C,D) kcat (B), Km (C), and kcat/Km (D) of parent win compared to computational redesigns. 
(E,F,G) Structural superposition of design model and crystal structure of win1 (E), win31 (F), and (G) dadt1 with 
2Fo-Fc map shown at 1σ. (H,I,J,K) Design models (H,J) and Michaelis-Menten plots (I,K) for active designs with 
distinct folds. (L) Chemical and structural comparison of n and n+1 oxyanion hole motifs. (M) Chai-1 prediction of 
momi120_103 in complex with 4MU-PhAc. (N) Michaelis-Menten plot for momi120_103 with 4MU-PhAc. Error 
bars represent standard deviation of three technical replicates. 

 

the highest kcat values (win1 and win11) do not display burst phase kinetics, suggesting that deacylation is 

no longer rate-limiting (fig. S7). 

We determined the crystal structures of win1, win31, and dadt1 and comparison to the design 

models revealed Cα RMSDs of 1.42 Å, 0.7 Å, and 1.2 Å, respectively (Fig. 4E,F,G). For win1, the active 

 



site closely matches the designed architecture (mean all-atom RMSD = 0.54 Å) (Fig. 4E), and T99, the 

oxyanion hole contact, occupies the designed rotamer, which may account for the 15-fold increase in kcat 

compared to win, in which T99 is rotated relative to the designed rotamer (Fig. 3E). In chain B of the 

win1 structure, the catalytic serine partially occupies a second conformer with an occupancy of 0.23 (fig. 

S13A). For win31, five chains are present in the asymmetric unit, all of which closely match the design 

model (average Cα RMSD = 0.7 Å) at the backbone level (Fig. 4F and fig. S13B). Analysis of the active 

site across all chains in the asymmetric unit revealed mobility in the catalytic serine, sidechain oxyanion 

threonine, and a second shell tyrosine (fig. S13C), but overall a very close match to the design model 

active site with a mean all-atom RMSD of 0.7 Å. Tartrate, derived from the crystallization solution, fit the 

electron density present in the active site of all five chains, and forms hydrogen bonds with the serine, 

histidine, and oxyanion hole contacts (Fig. 4F), likely mimicking key contacts employed throughout the 

catalytic cycle. For dadt1, the active site closely matches the design model with a mean all-atom RMSD 

of 0.95 Å, and the T99 sidechain oxyanion residue occupies the designed conformation.  

We next explored whether stringent PLACER filtering for optimal catalytic geometry and 

preorganization across the reaction coordinate could generate active esterases with novel backbone 

topologies and active site geometries. We performed sequence design and PLACER filtering for the 

complete reaction coordinate on round 3 backbones excluding win (fig. S1), and of 20 designs tested, two 

(charliet2 and kent1) displayed significant esterase activity, with catalytic efficiencies of 180 M-1 s-1 and 

1400 M-1 s-1 (Fig. 4H,I,J,K), suggesting that structural variability in intermediate states of the reaction 

coordinate may have limited otherwise functional designs. We also used sequence design combined with 

PLACER filtering to modify the substrate selectivity of win1, converting it from accepting only the small 

acyl group of 4MU-Ac to processing the larger substrates 4MU-phenylacetate (4MU-PhAc) (fig. S14). 

To test the generality of RFdiffusion combined with PLACER filtering, we applied it to a 

different active site configuration in which the oxyanion hole consists of two backbone amides, rather 

than a backbone amide and a sidechain H-bond donor, and where the first backbone amide of the 

oxyanion hole is the residue following the catalytic serine (N+1) rather than the catalytic serine itself (N) 

 



as in the previous designs (Fig. 4L). We used the RFdiffusion and LigandMPNN/FastRelax design 

pipeline to generate 66 designs for this new catalytic site and the larger 4MU-PhAc substrate (fig. S1). 

The most active of these, momi, displayed a kcat/Km of 1240 M-1 s-1 and a kcat of 0.1 s-1, a 5-fold faster rate 

than win11, the previous best design in terms of turnover number. The distribution of folds generated by 

RFdiffusion for this active site geometry differed from that of the original geometry, with more α/β fold 

solutions (as in the case of momi), showing how the RFdiffusion buildup approach crafts overall protein 

structure topology to the specific active site of interest. Natural esterases to our knowledge exclusively 

employ the momi N+1 oxyanion hole motif, suggesting that it is particularly well suited for ester 

hydrolysis. The high activity achieved without any prior experimental characterization for this new 

catalytic site shows that filtering for preorganization across the reaction cycle can yield novel catalysts in 

one shot. 

Several experimental results identify areas to address for improved function. First, kent1 

inactivates after roughly 10 turnovers, and mass spectra of the catalyst and the serine knockout incubated 

with substrate reveal stable acylated species (fig. S15), indicating that designs that hydrolyze the AEI are 

still susceptible to inactivation, potentially from off-mechanism acylation events in the active site or 

acylation-induced conformational changes. Second, mutation of the sidechain oxyanion hole residue had 

variable effects on activity. In three designs (dadt1, charliet2, kent1) from design rounds 4 and 5 that 

underwent stringent PLACER filtering, mutation of the sidechain oxyanion hole residue had a modest 

effect on activity, suggesting limited contribution to catalysis (fig. S12). Analysis of the oxyanion hole 

geometries in these designs and others in earlier design rounds reveal in-plane hydrogen bonds to the 

oxygen of the substrate carbonyl (fig. S16, Supplementary Text), in contrast to those found in nature, 

which are perpendicular to the plane of the carbonyl, where they likely  stabilize the SP3 oxyanion 

transition state over the SP2 carbonyl ground state (115–117).  

We next explored whether existing designs could be improved by rebuilding suboptimal regions 

using RFdiffusion. Using the momi backbone as input to RFdiffusion, we built out the N-terminus to 

further stabilize the active site but made no changes to the parent backbone or sequence (fig. S1 and fig.  
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Figure 5. PLACER ensembles reveal geometric determinants of catalysis. (A) Frequencies of catalytic Ser-His 
H-bond formation in PLACER ensembles for each reaction step, grouped by experimental outcome. (B) Apo 
PLACER ensembles of representative inactive (top) and acylating (bottom) designs. (C) Median angle (α) between 
serine Oγ, histidine Nϵ and Cϵ across PLACER ensembles of inactive and acylating designs. (D) Apo PLACER 
ensembles of representative inactive (top) and acylating (bottom) designs, angle indicates median α. (E) AEI 
PLACER ensemble H-bond frequencies for designs that undergo acylation or full turnover. (F) PLACER ensembles 
of the apo state for an acylating (top) and multiple turnover design (bottom). (G) PLACER ensembles of the AEI 
state for a representative design that undergoes acylation (top) and a design that catalyzes turnover (bottom). 
Measurements shown represent median distances (Å) of key H-bonds indicated for each ensemble and percentages 
represent frequency of H-bond formation across all PLACER trajectories. (H) Newman projections of serine g+ and 
g- rotameric states (left). (I) PLACER ensembles of an acylating design (top) and a design that catalyzes turnover 
(bottom). (J) Median serine χ1 angle across TI1 and AEI state PLACER ensembles for designs that catalyze 
acylation or turnover (left) and for the same designs grouped by number of oxyanion hole H-bonds. (K) AEI state 
PLACER ensembles for win, win1, win31, and dadt1, with percent of frames with correct oxyanion hole rotamer, 
Ser χ1 angle, and catalytic Ser-His H-bond distance shown. Boxplots represent median, upper and lower quartiles; 
whiskers extend 1.5×IQR above and below the upper and lower quartiles (respectively). Observations falling outside 
these ranges plotted as outliers. 

 
 
S17). Of 65 designs tested, all showed activity, and one design, momi120, displayed a catalytic efficiency 

of 4300 M-1 s-1, 3.5-fold greater than momi, driven by a 2-fold increase in kcat and 1.5-fold decrease in Km 

(fig. S17). We also used RFdiffusion to improve the suboptimal in-plane (with respect to the substrate 

carbonyl) oxyanion hole H-bond formed by Gln71 in super. The serine protease subtilisin utilizes a 

chemically similar sidechain oxyanion hole, Asn155, with an amide positioned perpendicular to the plane 

of the substrate carbonyl (fig. S16A). Using the subtilisin oxyanion hole geometry as a guide, we mutated 

 



Gln71 to Asn in super, and repositioned it to form an analogous out-of-plane H-bond to the substrate 

carbonyl, then rebuilt the surrounding backbone of the protein with RFdiffusion to accommodate this 

change (fig. S18). Of the 150 designs screened, the two most active designs, superfast and supercool, 

showed 8-fold and 7-fold improvements in kcat over the parent design super (kcat = 0.00137 s-1), and 

19-fold and 13-fold improvements in kcat/Km, respectively (fig. S18). These results highlight productive 

design interventions made possible by RFdiffusion that are not easily accessible with traditional 

engineering tools like rational mutagenesis and directed evolution, where the sequence can be readily 

changed but not easily augmented with new structural features. 

We redesigned momi120 for the hydrolysis of polyethylene terephthalate (PET) and screened 85 

designs for activity on the sterically similar 4MU-PhAc substrate. All 85 designs displayed activity above 

background in a lysate screen and two of the most active designs were further kinetically characterized 

and found to have kcat/Km >104 M-1 s-1 (fig. S19). The most efficient design, momi120-103, has a kcat for 

4MU-PhAc of 0.057 s-1, Km of 0.26 μM, and a kcat/Km of 2.2x105 M-1 s-1 (Fig. 4N). PLACER and Chai-1 

predictions suggest that 4MU-PhAc fits with high shape complementarity into the redesigned pocket; the 

substitutions lining the binding pocket, particularly F76G (fig. S19), appear to provide a deeper pocket 

that may be the structural basis of the sub-micromolar Km. 

3.6 ‒ Structural determinants of catalysis 

The high structural conservation of catalytic geometry in native serine hydrolases suggests that it 

is close to optimal for catalysis (100, 118), but it is difficult to assess how activity depends on the detailed 

geometry of the interactions of the transition states with the catalytic serine, histidine, and oxyanion hole 

functional groups since while the identities of the catalytic residues can be readily changed by mutation, it 

is not straightforward to systematically vary backbone geometry. In contrast, our de novo buildup 

approach samples a wide range of catalytic geometries. To investigate how active site geometry and 

preorganization influence catalytic activity, we generated PLACER ensembles of all 812 experimentally 
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characterized designs, categorized as inactive, FP probe labeling, acylation, and catalytic turnover, for 

each reaction step in the hydrolysis of 4MU-Ac (including design rounds 1-3 and previous NTF2-based 

designs). We summarize the strongest trends in the following paragraphs. 

Increased preorganization and bending of the Ser-His H-bond were associated with higher rates of 

probe-labeling, acylation, and turnover. All designs capable of catalyzing turnover displayed highly 

preorganized Ser-His H-bonds across all four states, while inactive designs often displayed rotamer shifts 

causing loss of the interaction (Fig. 5A,B). Designs that catalyzed turnover had Ser(Oγ):His(Nε-Cε) bond 

angles that were more acute (median, all states = 94°) than inactive designs (median, all states = 108°), 

which were more similar to serine-histidine hydrogen bonds across the PDB (~125°) (115) (Fig. 5C). This 

acute H-bond is consistent with the reaction mechanism, as this geometry allows histidine to participate, 

without changing conformation, in all of the necessary proton transfers involving serine, the leaving 

group oxygen in TI1, and the hydrolytic water (102, 119). This compromise in positioning is observed not 

only in our active designs but also in many of those found in nature (115, 119, 120). 

The geometry of the serine rotamer throughout the catalytic cycle was also strongly correlated 

with experimental outcome. For designs that display acylation or turnover, we found that serine largely 

occupies the active g- rotamer (118) in the apo state. Designs that display turnover retain the g- serine 

conformer upon formation of the AEI, but designs that irreversibly acylate switch to the g+ rotamer in the 

AEI (Fig. 5H,I,J). The g+ serine rotamer is catalytically incompetent in these designs because it leads to 

an acyl group conformation that occludes interaction of the hydrolytic water with histidine (Fig. 5G), 

increases the median Ser-His H-bond distance (Fig. 5G), and reduces the frequency that the Ser-His and 

oxyanion hole-acyl group H-bonds form (Fig. 5E). The same retention of the g- rotamer in the AEI is 

observed in native crystal structures (102). PLACER analysis also revealed that the presence of a second 

oxyanion hole residue favors the active g- serine rotamer: those designs with only one oxyanion hole 

H-bond (from the backbone amide of the serine nucleophile) shift from g- to g+ upon acylation, while 

designs with two oxyanion hole H-bonds predominantly occupy g- Ser rotamers (Fig. 5J, right). The 

 

https://paperpile.com/c/Xh3e9q/Pqxns
https://paperpile.com/c/Xh3e9q/Q90jL+X6EjU
https://paperpile.com/c/Xh3e9q/Q90jL+JjqoM+Pqxns
https://paperpile.com/c/Xh3e9q/CobR9
https://paperpile.com/c/Xh3e9q/X6EjU


second oxyanion hole contact in serine hydrolases thus not only stabilizes the transition state but likely 

helps orient intermediates in catalytically productive conformations. 

Differential preorganization may also explain activity trends in the win, win1, win31, and dadt1 

series. PLACER analysis of the crystal structures of these designs revealed that in the AEI state, the more 

active redesigns win1, win31, and dadt1 sample the designed T99 oxyanion hole rotamer in 56, 60, and 

100% of predictions, respectively, while the less active win never adopts this rotamer (Fig. 5K). Although 

both observed rotamers place T99 Oγ within hydrogen bonding distance of the oxyanion, the designed 

rotamer-oxyanion dihedral angle (91°) adopted by the redesigns much more closely matches the angles 

observed in native serine hydrolases, suggesting it is likely more optimal for selective transition state 

stabilization (115–117). We also observed differences in the serine rotameric state and the preorganization 

of the acyl group in the AEI state. Both win and win31 occupy the catalytically unfavorable g+ rotamer 

across the entire AEI ensemble, while win1 and dadt1 both display a less pronounced rotameric shift, 

which leads to shorter Ser-His H-bond distances (mean H-bond distance of 2.8 Å in win1 and dadt1 

compared to 3.1 Å in win and win31). Overall, the acyl groups of win1 and especially win31 and dadt1 

display significantly less conformational heterogeneity than that of win, which may increase the 

likelihood of histidine-mediated water attack (Fig. 5K). 

3.7 ‒ Conclusion 

The substantial catalytic efficiencies, the complexity of the active sites, and the atomic accuracy 

of the designs described here represent major advances in computational enzyme design. The serine 

catalytic triad plus oxyanion hole mechanism involves complex machinery that is challenging to scaffold 

(compared to, for example, the Kemp eliminase, which requires only a general base in a hydrophobic 

environment (22)), necessitates chemical activation of serine, and proceeds through a complex multistep 

mechanism that traverses a chemically stable AEI. The designed serine hydrolases described here have 

efficiencies up to 2.2x105 M-1 s-1,  a significant improvement in function for computationally designed 
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enzymes. For example, the previously designed esterase OE1 has a kcat/Km = 210 M-1 s-1 and reached an 

efficiency of 3190 M-1 s-1 after four rounds of directed evolution and screening over 12,000 clones, 

despite the use of a more activated Nδ-methylhistidine nucleophile (85). The closest comparable de novo 

design in terms of mechanism, in which a cysteine-based catalytic triad was mutated into a peptide-based 

helical barrel that proceeds via a more activated thioester intermediate (83), has a kcat/Km of 3.7 M-1 s-1 and 

kcat of 0.0005 s-1, 60000x less efficient and 400x slower than the most efficient (momi120-103) and 

highest turnover design (momi120) described here, respectively. The ability to accelerate the hydrolysis 

of a chemically stable acyl-enzyme intermediate has been a decades-old challenge in enzyme design. To 

approximate the deacylation rate enhancement, we compared the uncatalyzed rate of hydrolysis of ethyl 

acetate (2.5–5.0)x10–10 s–1, (121)) to the lower limit of the deacylation rate constant of momi (kcat, 0.076 

s-1, pH 7.0, 25°C), yielding an estimated rate enhancement of over 108. Taken together, the design of 

serine hydrolases spanning five folds not represented in natural esterases, the considerable improvement 

in activity over previously designed esterases, and the acceleration of deacylation represent key advances 

in enzyme design. 

The designs described here are not as efficient as native serine hydrolases with their cognate 

substrates (e.g. the kcat/Km of acetylcholinesterase with acetylcholine is >108 M-1 s-1) (122), but they have 

efficiencies comparable or better than natural proteases for activated esters (α-chymotrypsin with 

p-nitrophenyl acetate kcat/Km: 3530 M-1 s-1, kcat: 0.0053 s-1; subtilisin with p-nitrophenyl acetate kcat/Km: 

610 M-1s-1, kcat: 0.23 s-1) (123, 124), and are within the distribution of efficiencies observed in nature 

(122). Higher kcat could likely be achieved through optimization of the catalytic geometry, further 

preorganization of the active site (60, 77), and increasing active site complexity. Acetylcholinesterase 

employs three backbone amide hydrogen bonds to the oxyanion and an additional network of hydrogen 

bonds to stabilize the catalytic aspartate (125, 126). The current designs do not employ this machinery, 

and comparison of catalytic triad and oxyanion hole geometries to those found in highly efficient native 

serine hydrolases highlights differences that could be responsible for the remaining activity gap (see 

Supplementary Text). Our de novo buildup approach using RFdiffusion coupled with PLACER ensemble 
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analysis to ensure design accuracy and preorganization should allow us to test these hypotheses by direct 

construction, which should complement more traditional approaches based on structural examination, 

computational analysis, and optimization by experimental approaches like directed evolution. 

Previous efforts to design catalytic triad-based designs have failed to achieve multiple turnover; 

in some cases, such as our preliminary NTF2-based designs, a backbone amide oxyanion hole was 

impossible to achieve due to scaffold limitations, while in others based on native scaffolds, the histidine 

geometry was difficult to control which likely limited activation of the leaving groups and water (fig. 

S20) (27). De novo backbone generation building outward from a specified active site with RFdiffusion, 

described here for serine hydrolases and also recently used to generate retroaldolases (77), overcomes 

these limitations by enabling generation of almost any desired catalytic geometry. We further show that 

the deep neural network PLACER can rapidly generate ensembles for a series of reaction intermediates to 

predict preorganization, and provide insights that would otherwise require labor-intensive structural 

studies. For example, PLACER revealed pervasive off-target conformational changes in the acyl-enzyme 

intermediate, providing feedback on design flaws that would go unnoticed when considering only a single 

state in the catalytic cycle. The value of this approach is evident in the dramatic improvement in 

experimental success rate upon filtering with PLACER, suggesting that such ensemble generation will be 

useful for enzyme design moving forward. While the designs described here do utilize a known 

mechanism, the geometries sampled and the folds that scaffold them are distinct from those found in 

native proteins, and the insights provided by PLACER for these geometries suggests that the approach 

should prove valuable for assessing catalytic geometries for which no native precedent exists. We 

anticipate that the ability to precisely position multiple catalytic groups using RFdiffusion, and to assess 

active site organization throughout a complex reaction cycle using PLACER should enable the design of a 

wide variety of new catalysts, such as PETases, amidases, and ligases, in the near future. 
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3.7 ‒ Methods 

NTF2 design campaign. Catalytic geometries from a previous analysis of native serine hydrolases (100) 

were used to generate constraint files for use in the RosettaMatch algorithm (127). The scaffold set used 

for matching was a set of idealized Nuclear Transport Factor 2 (NTF2) fold proteins generated with 

trRosetta (28). After matching, sequence design was performed using LigandMPNN and FastRelax and 

designs were filtered using AlphaFold2 as described below. An additional filter was used requiring that all 

catalytic hydrogen bonds in the active site be formed in the AlphaFold2 prediction. 

Computational design of serine hydrolases. 

Motif generation 

Motifs were built in an iterative process. First, a substrate rotamer in a transition state geometry (either 

4MU-Bu or 4MU-Ac) was placed in accordance with geometries in ref 33 in relation to a 3-residue stub 

of the serine and local oxyanion hole from one of two natural serine hydrolase crystal structures, in which 

all residues other than serine were mutated to alanine (N oxyanion hole: 1scn, residues 220-222; N+1 

oxyanion hole: 1lns, residues 347-349). The transition state geometry of the substrate ester group was 

determined by DFT geometry optimization (B3LYP-D3(BJ)/6-31G(d)). Next, positions and rotamers of 

histidine on 3-residue helical or strand stubs flanked by alanine were sampled around the catalytic serine 

and filtered for those structures in which the histidine simultaneously formed hydrogen bonds with the 

catalytic serine and the substrate leaving group oxygen. This process resulted in 108 unique motifs for 

design rounds 1 and 2. For the round 3 motifs, initially the aspartate or glutamate residue and second 

oxyanion hole hydrogen bond were added in a similar manner using geometric sampling of 

hydrogen-bonding conformations and rotamers. However, backbones produced from these motifs had 

exceedingly low AF2 success rates, presumably due to the generation of incompatible combinations of 

backbone conformations. To ensure that the remaining catalytic residue stubs were placed in physically 

plausible geometries, we generated 10,000 backbones with RFdiffusion using the simple 
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substrate-Ser-His motifs as input, and then searched these backbones using Rosetta for positions on 

secondary structure that could accommodate the aspartate or glutamate triad residue to hydrogen bond to 

histidine. These stubs were then extracted, and in a final step, the same process was repeated to generate 

stubs for the second oxyanion hole, considering all hydrogen bond donating sidechains, ultimately 

producing 2238 unique round 3 motifs with Ser-His-Asp/Glu catalytic triads, and Ser/Thr/Tyr/His/Trp 

oxyanion holes. 

Backbone generation 

See supplemental methods for a detailed description of CA diffusion, which was employed to generate 

backbones to scaffold the generated active sites. 

Sequence design 

We performed three cycles of LigandMPNN (112) and Rosetta FastRelax (128) to design sequences for 

backbones generated from RFdiffusion. To encourage formation of hydrogen bond contacts to the 

catalytic histidine (for round 1 motifs) and to the catalytic aspartate/glutamate (round 3 motifs), the log 

probabilities used by LigandMPNN to select residues were biased toward polar amino acids for all 

residues with Cα within 8 Å of the active site. Catalytic residues were kept fixed and Rosetta enzyme 

constraints (127, 129) were applied during the relax steps to maintain the catalytic geometry during each 

LigandMPNN/FastRelax cycle. Constraints were defined for each hydrogen bonding interaction between 

the catalytic dyad, backbone oxyanion hole, and substrate using the starting motif geometry with 

tolerances of 0.1 Å for distances and 5° for angles and dihedrals. For designs with catalytic triads, the 

His-Asp interaction was constrained  

Filtering 

After sequence design, designs were filtered on the recapitulation of the motif catalytic geometry after 

FastRelax and the shape complementarity of the binding site to the substrate using Rosetta. Passing 

designs were used as input to AF2 (15) for single sequence structure prediction. AF2 was run using model 
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4 with three recycles. Designs were filtered for a global Cα RMSD < 1.5 Å, pLDDT > 75, and catalytic 

residue Cα RMSD < 1.0 Å. In the case of final round N+1 oxyanion hole designs, a modified version of 

Initial Guess AF2 was used to predict designs with sparse template information provided (see 

Supplementary Methods). 

Designs that passed AF2 filters were subsequently analyzed using PLACER. PLACER is a 

denoising neural network trained on X-ray and EM structures from the PDB to recapitulate the correct 

atom positions from partially corrupted input structures provided the atom type and bond connectivity is 

known. PLACER predictions were done for a spatial crop of 600 atoms closest to the active site. The 

inputs to the network included the protein backbone coordinates within the crop and the amino acid 

sequence with side chain coordinates randomly initialized around the respective Cα atoms. For proteins 

without a crystal structure, the AF2 model was used. For every designed protein, we modeled 5 reaction 

states representing the chemical modifications the catalytic serine undergoes in the course of the reaction: 

1) apo, 2) substrate bound, 3) tetrahedral intermediate 1 (TI1), 4) acylenzyme intermediate (AEI), and 5) 

tetrahedral intermediate 2 (TI2). We used 50 different seeds to generate an ensemble of 50 PLACER 

models for each reaction state (apo, substrate bound, TI1, AEI, and TI2). For each of the 50 models in a 

given ensemble, the presence and geometry of key hydrogen bonds in each individual model (see 

Supplemental Methods) were determined. To analyze native hydrolases with PLACER, a set of native 

crystal structures was collected (115) (PDB IDs: 1ACB_E, 1C5L_H, 1H2W_A, 1IC6_A, 1IVY_A, 

1PFQ_A, 1QNJ_A, 1QTR_A, 1ST2_A, 2H5C_A, 2QAA_A, 3MI4_A, 5JXG_A), the active site locations 

identified, and the aforementioned process applied. 

Backbone resampling for momi and super redesign campaigns. The design model of momi was 

provided as input to RFdiffusion and the entirety of the protein was fixed while a region of secondary 

structure was diffused at the N-terminus. The length of this region was randomly sampled from a range of 

20 to 50 amino acids for 1000 independent diffusion trajectories. The contigs flag for RFdiffusion was as 

follows: contigs:{region_length},A1-160. For each backbone, the sequence of the original momi input 
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was kept fixed while the newly diffused region at the N-terminus was designed as described previously 

with LigandMPNN and FastRelax, with ten sequences generated per backbone. 

To generate designs in complex with the PET substrate, momi120 was redesigned around a 2-mer 

of the PET polymer. The PET 2-mer was aligned into the active site based on the geometry of the original 

momi120 design in complex with 4MU-PhAc substrate. Two regions of secondary structure which 

clashed with the aligned PET substrate, region 1 (residues 66-87) which flanks the lower cleft of the 

active site and region 2 (residues 94-104) which sits above the catalytic histidine, were subsequently 

remodeled with RFdiffusion. The lengths of region 1 and 2 were randomly sampled from a range of 18 to 

28 amino acids and 7 to 17 amino acids, respectively, for 1000 independent diffusion trajectories. The 

contigs flag for RFdiffusion was formatted as follows: 

contigs:A1-65,{region1_length},A88-93,{region2_length},A105-194. The sequence of the entire 

structure was designed as described above. Twenty sequences were generated per backbone and designs 

were filtered as previously described with AF2 and PLACER. For 74 backbones that passed AF2 and 

PLACER filters, sequences were designed again as described above with 1000 sequences generated per 

backbone and subsequently filtered for confidence and self-consistency by single sequence AF2 

prediction.  

To generate a version of super with an optimized oxyanion hole sidechain geometry, we started 

by superimposing the active sites of super and subtilisin (PDB: 1scn) by alignment of the catalytic serine 

backbone atoms. Residues 56-91 that flank the oxyanion hole residue Gln71 in super were removed and 

Asn155 that was aligned from subtilisin was copied into the structure. We used RFdiffusion2 (130), a 

backbone generation model capable of scaffolding individual atoms or functional groups, to reconstruct 

the removed region of super and scaffold the newly placed amide group of Asn. We sampled lengths 

between 48-58 residues to generate 10,000 unique backbones which were then designed and filtered as 

described above. 
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In-gel fluorescence screening with activity-based probes. DNA encoding the designed proteins was 

ordered from IDT as eblocks and the GoldenGate method was used to clone them into vector LM627 

(addgene), which contains a C-terminal SNAC tag followed by a hexahistidine-tag. Resulting plasmid 

was transformed into BL21(DE3) cells and grown overnight in 1 mL of LB supplemented with 50 μg/ml 

kanamycin. For expression, 100 μL of overnight culture was used to inoculate 1 mL of LB media and 

grown for 1.5 hours at 37 °C on a Heidolph shaker at 1300 rpm and then 10 μL of 100 mM IPTG was 

added and cultures were incubated at 37 °C with shaking for an additional 3 hours. Cultures were 

centrifuged at 4000g for 10 minutes and supernatant removed. Cell pellets were resuspended in 200 µL of 

20 mM HEPES (pH 7.4), containing 50 mM NaCl, 0.1 mg/mL lysozyme, and 0.01 mg/mL DNaseI. After 

15 minutes, lysates were frozen in liquid nitrogen and subsequently thawed at room temperature. For 

labeling, 10 µL of lysate was incubated with 1 µM FP-TAMRA probe (10 µL of 2 µM stock in lysis 

buffer) for 1 hour at room temperature before quenching with 2x Laemmli sample buffer. Labeled 

samples were heated at 95°C for 5 minutes and 10 µL of each sample was separated on a BioRad AnykD 

Criterion precast gel and fluorescence imaging performed using a LI-COR Odyssey M imager. Gels were 

subsequently stained with coomassie blue and imaged again. 

Lysate screening. DNA encoding the designed proteins was ordered from IDT as eblocks and cloned by 

the GoldenGate method into vector pCOOL1 which contains a C-terminal mScarlet-i3 fusion to enable 

normalization of activity in lysate by enzyme concentration. Resulting  plasmid was transformed into 

BL21(DE3) cells and cultures were grown overnight at 1 mL scale in 2 mL deep-well 96-well round 

bottom plates on a Heidolph shaker at 1300 rpm and 37 °C. For expression, 50 μL of the overnight 

cultures were used to inoculate 1 mL of autoinduction media in 2 mL deep-well 96-well round bottom 

plates and incubated at 1300 rpm and 37 °C for approximately 24 hours. Cultures were centrifuged at 

4000g for 10 minutes and supernatant decanted, washed with buffer (20 mM HEPES, 50 mM NaCl, pH 

7.4), and incubated on a Heidolph shaker at 1300 rpm at room temp for 5 minutes to resuspend. Plates 

were centrifuged again at 4000g for 10 minutes and supernatant decanted. For lysis, cell pellets were 

 



resuspended with 500 μL of lysis buffer (20 mM HEPES, 50 mM NaCl, 0.01 mg/mL DNAseI, 0.01 

mg/mL lysozyme, 1 mM EDTA, 0.1% triton X-100) and incubated for 2 hours on a Heidolph shaker 

(1300 rpm, 37 °C). Plates were centrifuged at 4300g for 30 minutes and supernatant collected for 

screening. For activity screening, 4 or 6 μL of lysate was aliquoted into microtiter plates and reactions 

initiated by addition of 36 or 54 μL of buffer containing 111.1 μM 4MU-Ac or 4MU-Bu, 20 mM HEPES, 

50 mM NaCl, pH 7.4, 5% DMSO. Volume sizes were modified depending on plate type used, where 

half-area plates were used for 40 μL reaction volume and full-area plates were used with 60 μL reaction 

volume. Upon addition of substrate, microtiter plates were measured once for mScarlet-i3 signal and then 

subsequently monitored continuously for the generation of 4MU (ex: 365 nm, em: 445 nm) on a Neo2 

plate reader. 

Protein expression and purification. Genes encoding the designed proteins were ordered from IDT as 

eblocks and cloned via the Golden Gate method into vector LM627 as previously described (38). 

Resulting plasmid was transformed into BL21(DE3) cells and grown overnight in 1 mL of LB 

supplemented with 50 μg/ml kanamycin, after which 500 μL of overnight was used to inoculate 50 mL of 

autoinduction media (131), which was grown 4-6 hours at 37 °C and then overnight at 18 °C. Cultures 

were spun down at 4000g for 15 minutes, and supernatant decanted. Cell pellets were resuspended in 25 

mL of cold wash buffer (40 mM imidazole, 500 mM NaCl, 50 mM sodium phosphate, pH 7.4) with 1 

mg/mL lysozyme and 0.1 mg/mL DNAse I. Cell slurries were sonicated on ice for 2.5 minutes at 80% 

amplitude, 10s on 10s off. The resulting lysate was centrifuged at 14000g for 30 minutes and the 

supernatant was applied to 1 mL of Ni-NTA resin equilibrated with wash buffer. The resin was 

subsequently washed with 15 mL of wash buffer 3 times and once with 400 μL of elution buffer (400 mM 

imidazole, 500 mM NaCl, 50 mM sodium phosphate, pH 7.4) followed by elution with 1.3 mL elution 

buffer. The eluate was purified by size-exclusion chromatography on a Superdex 75 Increase 10/300 GL 

with running buffer of 20 mM HEPES, 50 mM NaCl, pH 7.4. Samples were either used immediately in 

downstream experiments or snap frozen in liquid nitrogen and stored at -80 C. Protein molecular weight 
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was confirmed by LC-MS. 

Kinetic analysis. To characterize hits identified from in-gel fluorescence and lysate screens for catalytic 

turnover, we incubated purified protein samples with fluorogenic substrates 4MU-Ac, 4MU-Bu and 

4MU-PhAc. Kinetic screens were either performed in 40 μL reaction volumes in 96-well half area plates 

or 60 μL reaction volume in 96-well full-area plates. Protein and substrate were prepared fresh in 20 mM 

HEPES, 50 mM NaCl, pH 7.4, 5% DMSO. Either 4 or 6 μL of enzyme was added to microtiter plates and 

the reactions were initiated by addition of substrate (36 or 54 μL). Generation of the fluorogenic product 

4MU was monitored continuously (excitation 365 nm, emission 445 nm) on a Neo2 plate reader with 

incubation at 30 °C. Analysis of the resulting data was carried out using custom scripts (see 

computational methods). In cases where single-turnover activity was observed, initial velocities were used 

to determine k2/Km. For those designs that displayed a clear burst phase followed by a slower steady-state 

rate, straight-line fits of the steady-state velocities were used to determine Michaelis-Menten catalytic 

parameters. To determine the uncatalyzed reaction rate in assay buffer (20 mM HEPES, 50 mM NaCl, pH 

7.4, 5% DMSO), substrate was diluted in buffer alone and rates determined at multiple substrate 

concentrations, after which the rate was determined from fitting [S] versus rate with an equation of the 

form rate = kbuffer[S]. 

Crystallography. Proteins for crystallography were prepared as described above, but SEC was done with 

SNAC tag cleavage buffer (132). After SEC, protein eluate was incubated with 500 mM guanidinium 

hydrochloride and 2 mM NiCl2 overnight at room temperature to remove the C-terminal His tag. The 

SNAC cleavage reaction was applied to a nickel column equilibrated with wash buffer to remove any 

uncleaved product and resulting eluate applied to a Superdex 75 Increase 10/300 GL column with 20 mM 

HEPES, 50 mM NaCl, pH 7.4 as the running buffer. Samples were concentrated and stored at -80 °C or 

immediately used for crystallization. Crystallization screening was performed using a Mosquito LCP by 

STP Labtech and resulting crystals were harvested directly from the screening plate. Crystallization 

conditions for each design were as follows: n8 (15 mg/mL) in 0.1 M Bis-Tris pH 5.5, 25% (w/v) PEG 
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3350, super (50 mg/mL) in 0.2 M Potassium fluoride, 20% (w/v) PEG 3350, win (42 mg/mL) in 0.1 M 

Sodium acetate pH 4.6, 8% (w/v) PEG 4000, win1 (54 mg/mL) in 60% v/v Tacsimate pH 7.0, win31 (60 

mg/mL) in 0.2 M diammonium tartrate and 20% (w/v) PEG 3350, and dadt1 (27 mg/mL) in 0.1 M 

Potassium chloride, 0.02 M Tris pH 7.0, and 20% PEG4000. Data were processed with XDS (133), 

phased and refined with Phenix (134), and model building performed with COOT (135). Percent 

Ramachandran favored, allowed, and outliers for each structure are as follows: n8 (98.21, 1.79, 0.00), 

super (99.37, 0.63, 0.00), win (97.99, 2.01, 0.00), win1 (99.68, 0.32, 0.00), win31 (99.36, 0.64, 0.00), 

and dadt1 (100, 0, 0). Coordinates are deposited in the PDB with PDB IDs of 9DED (n8), 9DEE (super), 

9DEF (win), 9DEG (win1), 9DEH (win31), and 9MRB (dadt1). 

Mass spectrometry. Intact mass spectra of protein samples were obtained by reverse-phase LC/MS on an 

Agilent G6230B TOF after desalting using an AdvanceBio RP-Desalting column. Deconvolution using a 

total entropy algorithm was performed using Bioconfirm. In some cases, protein samples (1 mg/mL) were 

incubated overnight with substrate (300 μM) in SEC running buffer at room temperature prior to mass 

spectrometry analysis. 

Structural similarity search of the PDB and AFDB. To assess the structural novelty of our designed 

enzymes, we used FoldSeek (136) to compare our crystal structures and select design models against all 

available databases. Searches were performed in TM-align mode and the highest TM-score hit was used 

for structural comparison. 
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Chapter 4: De novo design of PETases 

4.1 ‒ Introduction 

In 2024, an estimated 220 million tons of plastic waste was generated; while already staggering, 

that figure is expected to double by 2040 (137). Plastic pollution has become ubiquitous in the 

environment, while microplastics are increasingly being found in human tissues. Plastic waste presents an 

immediate and well-documented threat to marine environments, where it entangles or is consumed by 

wildlife, but its impact on human health is not yet fully understood (138, 139). While many countries 

have plastic recycling facilities in place, current technologies cannot keep pace with the growing quantity 

of waste being generated. A majority of the plastic waste that is processed undergoes mechanical 

recycling, in which high heat and pressure is applied to a sorted plastic waste stream and composite 

material is extruded (140). This material exhibits decreased performance because of the extreme 

conditions to which it is subjected, resulting in inferior quality products. The process is also energy- and 

labor-intensive due to the requirements for high heat, high pressure, and sorting of waste streams by 

polymer composition. As a result, plastic material can be thermomechanically recycled a finite number of 

times, and the production of virgin material is ultimately more financially viable.  

Recycling via enzymatic depolymerization addresses many of these issues. Firstly, as enzymes 

frequently are active under ambient conditions, enzymatic processing would require significantly less 

energy. Additionally, enzymes would also negate the need for plastic waste stream sorting, as enzymes 

would selectively depolymerize their substrate from a mixed sample. These soluble monomers can then 

be separated from the insoluble intact plastic and synthesized into new plastic which retains the properties 

of virgin material, or upcycled into value-added products.  

However, plastic recycling also presents unique challenges to biocatalysis. Firstly, because the 

polymer chains of plastics are much less physically accessible than small molecule substrates, plastic 

hydrolysis reactions are often performed at or above the glass transition temperature (Tg), at which the 
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Figure 1. Design and screening methods. (A) Given the geometry of a possible active site configuration, 
RFdiffusion denoising trajectories generate backbone coordinates which scaffold the site. Sequence design is 
performed with LigandMPNN. Outputs are filtered for self-consistency between design models and predicted 
structures from AlphaFold2. Active site ensembles generated with PLACER are then evaluated for pre. The 
coordinates of the sidechains around the active site and any bound small molecule for the step in the reaction being 
considered are randomized, and n samples are carried out to generate an ensemble of predictions. (B) Activity-based 
substrates for evaluation of hydrolysis. To screen the initial nucleophilic attack step, a fluorophosphonate-based 
probe with a PET mimic moiety was used. Designs with an activated serine nucleophile become covalently bound to 
the probe and are thus fluorescently labeled by the TAMRA group. 4MU-PhAc is a coumarin derivative which was 
used to screen for complete catalytic turnover on an activated ester substrate. dp0460 is a fluorescent reporter 
compound mimicking a PET trimer, thus providing a high throughput screen for quasi-PETase activity. 

 
 
chains become more flexible (Tg of polyethylene terephthalate is ~67-81 °C) (141). Thus, 

plastic-degrading enzymes must be stable and active at or above this temperature range. Additionally, 

because the accessibility of the scissile bond is limited in polymeric substrates, active sites must be 

solvent-accessible, forming a groove, rather than the more common binding pocket feature. 

In 2016, a bacterium isolated from a recycling facility in Japan was found to be capable of 

metabolizing the plastic polyethylene terephthalate (PET) as its primary carbon source. Genomic analysis 

identified two enzymes responsible for the reaction, dubbed PET hydrolase (PETase) and MHET 
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hydrolase (MHETase) which together hydrolyze bulk PET to its constituent monomers, terephthalic acid 

and ethylene glycol (90). Subsequent work established PETase and its homologs as viable catalysts for 

industrial PET recycling, and the dual-enzyme system is currently in use at multiple companies across 

Europe (89, 142). However, despite being the most deeply studied and optimized plastic-degrading 

enzyme, PETases have thus far been constrained to the serine hydrolase fold, with little sequence and 

structural diversity (143, 144). 

4.2 ‒ Design and characterization of PETases 

​ Given the progress in the design of serine hydrolases, PETases are a natural model reaction for 

the development of methods for the design of plastic degrading enzymes. Additionally, the limited soluble 

yield and stability of natural PETases could be greatly improved through design, as evidenced by the 

remarkable stability of many previously designed enzymes. Concurrent to efforts to design simple serine 

hydrolases, we applied the same methods to the design of PETases. Polyesters are inherently more 

challenging to hydrolyze both due to the chemical energy of their substituent ester bonds as compared to 

the activated ester substrates described in chapter 3 and the requirements for high thermostability and 

exposed active sites.  

​ To design PETases, we began with the same active site theozymes as used in chapter 3 with a 

dimer of the PET molecule situated in the catalytic center. RFdiffusion was used to generate protein 

backbones which perfectly scaffolded the active site motif around the PET substrate. LigandMPNN was 

used to assign amino acid sequences to each backbone, introducing favorable interactions between the 

protein and substrate. To enrich for backbones with an exposed surface groove active site, designs which 

completely enveloped any part of the substrate mimic were eliminated. Designs were then modeled and 

filtered with PLACER as described above (Fig. 1A).  

​  
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Figure 2. Catalytic turnover of activated esters. Reaction progress curves of 4MU-PhAc substrate incubated with 
purified designs from rounds 1 and 2. Dashed lines represent enzyme concentration. Two designs showed multiple 
turnovers (accumulation of product at a greater concentration than that of enzyme). 

 

PETase designs were experimentally screened in four activity-based assays of increasing 

difficulty: covalent labeling of a FP probe with a PET mimic moiety, hydrolysis of 4MU-PhAc (the 

fluorescent activated ester substrate with the most structural similarity to PET), hydrolysis of a fluorescent 

PET trimer mimic reporter (dp0460), and hydrolysis of bulk PET substrate (Fig. 1B).  

​ In the first two rounds of design, theozymes exclusively containing the N-motif were used. 

Resulting designs were exclusively composed of alpha helical content. Designs were incubated with the 

PET mimic FP probe and 14 from round 1 (28%) and 18 from round 2 (25%) labeled (fig. S2A,B). 

Reactive designs were purified and incubated with 4MU-PhAc and dp0460 in separate assays; two 

hydrolyzed 4MU-PhAc and none hydrolyzed dp0460 (Fig. 2).   

​ We hypothesized that utilizing the aforementioned N+1 motif, in which there are two backbone 

amide oxyanion contacts, one of which is the residue following the serine nucleophile, may enhance 

 



activity and increase the complexity of folds. Indeed, designs generated from these theozymes were 

overwhelmingly of a mixed alpha-helical/beta-sheet fold in stark contrast to previous rounds (fig. S1). 

When tested experimentally, 56 of 96 ordered designs (58%) labeled with the PET FP probe (fig. S2C). 

The 7 designs with strongest labeling were purified and evaluated for esterase activity; 3 hydrolyzed 

4MU-PhAc and none hydrolyzed dp0460 (Fig. 3A). One design, rd3_N1_95, was faster and more 

efficient than all of our previous serine hydrolase designs (kcat = 0.0135 ± 0.0005 s-1, Km = 31 ± 3 μM), 

demonstrating the potential of the N+1 motif (Fig. 3B).  

​ We also designed general serine hydrolases for 4MU-PhAc hydrolysis using the N+1 motif, 

described above. One such design, momi120, demonstrated particularly high efficiency. Hoping to exploit 

this activity for PET, we redesigned the active site by docking in a PET dimer and performing sequence 

design with LigandMPNN. Of 159 designs ordered, all hydrolyzed 4MU-PhAc and two hydrolyzed 

dp0460 (fig. S3A,B). We characterized the kinetic parameters of the two most active designs, which both 

have catalytic efficiencies on the order of 105 M-1 s-1 on 4MU-PhAc (Fig. 3D,F). To our knowledge, these 

catalytic efficiencies surpass that of any previously reported de novo designed enzyme, and begin to 

approach the range seen in natural enzymes (105 - 108 M-1 s-1).  

​ We then performed sequence redesign of momi120-103 for 4MU-PhAc hydrolysis to determine if 

explicit design for the activated ester substrate could enhance the kcat. Interestingly, the most active design 

from this set, rd3_11, was more active on both 4MU-PhAc and dp0460 than previous designs (Fig. 3H, 

fig. S4A,B). Due to its activity on dp0460, we proceeded to evaluate its capability to hydrolyze bulk PET.  

The enzyme was incubated with PET film and powder, and the supernatant was run on HPLC to monitor 

the accumulation of MHET and TPA, suggesting degradation. In both, breakdown products above 

background could be observed (Fig. 3I). As high temperatures are generally needed for industrial plastic 

recycling conditions, we decided to test the thermostability of rd3_11. Excitingly, it showed a Tm > 95 °C 

by circular dichroism spectroscopy, which is higher than that of any reported PETase (Fig. 3J).  

 

 



 
 
Figure 3. Complex folds enable unprecedented efficiencies and activities. (A) Reaction progress curves of 
4MU-PhAc substrate incubated with purified designs from round 3 utilizing the N+1 motif. Three of seven tested 
performed multiple turnovers of the substrate. (B) Kinetic parameters of rd3_N1_95. One-shot design with N+1 
motifs resulted in parameters rivaling those of optimized designs from N motif campaigns. Design models (C,E,G) 
and Michaelis-Menten plots (D,F,H) for active designs with distinct folds. (I) Hydrolysis products are generated 
from amorphous PET film after incubation with rd3_11. (J) CD melting temperature plot of rd3_11 (signal reported 
in molar residue ellipticity (MRE)). 

 



4.3 ‒ Conclusion 

To our knowledge, rd3_11 is the first completely de novo designed enzyme which can hydrolyze 

bulk PET. Additionally, with a catalytic efficiency of 3.2x105 M-1 s-1 on 4MU-PhAc, it is the most 

efficient designed enzyme reported to date. This work represents a significant advance in multiple aspects 

of enzyme design: unprecedented catalytic efficiencies, scaffolding of a complex active site constellation, 

and hydrolysis of a chemically- and physically-challenging substrate. While rd3_11 has significantly 

lower activity than optimized PETases, it has extremely high soluble yield and thermostability, and thus 

offers improved carbon efficiency – a key principle of green chemistry. Additionally, we envision that the 

platform developed here can be broadly applied to many polymer types. For other polyesters, a similar 

serine hydrolase motif can be utilized with active site design to change substrate binding specificity. Other 

classes of polymers may necessitate different mechanisms, but with the correct theozymes can be 

designed accordingly.  

4.4 ‒ Methods 

Note: Many methods utilized are described in Section 3.7 of this document. Below are methods unique to 

this project. 

Screening with PET fluorescent reporter. Kinetic screens were performed in 40 μL reaction volumes in 

96-well half area plates. Protein and substrate were prepared fresh in 20 mM HEPES, 50 mM NaCl, pH 

7.4, 5% DMSO. An enzyme solution at 2X concentration (2 μM) was added to the microtiter plate and 

reactions were initiated by addition of a 2X concentrated substrate solution. Generation of the fluorogenic 

product was monitored continuously (excitation 310 nm, emission 430 nm) on a Neo2 plate reader with 

incubation at 40 °C. 

Screening with bulk PET substrate. (Adapted from the method described in Bell et al. 2022 (12).) 

Degradation assays were performed in 500 μL reaction volumes in 1.6-mL Eppendorf tubes. Protein and 
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substrate were prepared fresh in 50 mM Gly-OH, pH 9.2 4% BugBuster. Either a 6 mm x 6 mm square of 

amorphous PET film (Goodfellow ES30-FM-000145) or 13 mg of crystalline PET powder (Goodfellow 

ES30-PD-000132) was added to the tube and reactions were initiated with addition of enzyme. Hydrolysis 

products were analyzed by HPLC as described below.  

Chromatographic analysis of PET degradation products. (Adapted from the method described in Bell 

et al. 2022 (12).) Samples were analyzed by HPLC using a Kinetex XB-C18 100 Å, 5 µm, 50 × 2.1 mm, 

LC Column with a stepped, isocratic solvent ratio method. Mobile phase A was water containing 0.1% 

formic acid and mobile phase B was acetonitrile at a flow rate of 1.1 ml min−1. 2 μl of sample was 

injected, after which the mobile phase was set to 13% buffer B for 52 s to separate TPA and MHET, 

stepped up to 95% buffer B for 33 s to separate larger reaction products and contaminants, and then 

stepped back down to 13% buffer B for column re-equilibration until a total run time of 1.8 min. Using 

this method, TPA is eluted at roughly 0.4 min, MHET at around 0.6 min and small amounts of 

bis(2-hydroxyethyl) terephthalate (BHET) and longer oligomers at around 1–1.2 min. 

Conclusion 

Natural enzymes have evolved to catalyze a diversity of reactions with exquisite selectivity and 

efficiency, making them invaluable biochemical tools. While protein design holds the promise of the 

generation of completely bespoke enzymes for any reaction, enzyme design remains an outstanding 

challenge in the field due to the complexity and precision of the catalytic mechanisms employed. Here, I 

describe recent technologies which have significantly enhanced our ability to effectively design enzymes, 

as well as novel methods to apply them to the design of highly efficient serine hydrolases and 

plastic-degrading enzymes. 

This work represents a significant advance in the field, with enzymes presented here reaching 

catalytic efficiencies of 105 M-1 s-1 – the highest of any designed enzyme. Additionally, evidence of bulk 

PET hydrolysis suggests that we were successful in generating the first de novo designed PETase. The 
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designs possess entirely unique topologies, are significantly smaller than their natural counterparts, and 

produce high soluble yield in heterologous expression systems. These physical features lend well to 

large-scale production, enabling application in industry.  

We envision that these findings will support further enzyme design campaigns for new 

chemistries of interest. The catalytic motif utilized here performs a broad diversity of reactions in natural 

enzymes and thus can be directly co-opted for compatible substrates. For reactions that cannot be 

catalyzed by the serine hydrolase motif, our methods can be adapted while still probing the same critical 

features: active site preorganization, ligand binding, and protein folding. Many natural enzymes catalyze 

valuable reactions, but are not used at industrial scale due to their unfavorable properties. The work 

described above, wherein the physical properties of valuable natural enzymes were enhanced through 

sequence redesign with the same deep learning tools, additionally enables the utilization of such 

problematic enzymes when de novo design may be infeasible. 

While significant progress has been made in the commercial application of enzymatic PET 

depolymerization, most unnatural polymers are not yet known to be degraded by enzymes. Amongst these 

polymers there is essentially infinite structural diversity as, although they are composed of few 

backbones, their physical properties are modulated by the incorporation of unique side chain substituents. 

Fewer mechanisms are known for the depolymerization of plastics utilizing amide or olefin backbones as 

compared to polyesters (such as PET), but designing enzymes to cleave these functional groups could 

lead to enzymatic degraders for entire plastic classes. As methods advance, degradation of recalcitrant 

substrates will become increasingly feasible, as the work here demonstrates. 

 



Supplementary Information 

Chapter 2 Supplement 

Computational details 

Myoglobin backbone idealization with inpainting. The backbone idealization of Rosetta-relaxed crystal 

structure of human myoglobin (PDB: 3RGK) was performed using RoseTTAFold joint inpainting (52). 

Two separate design trajectories were performed. In first, the following regions were considered for 

idealization: 9 N-terminal residues, 10 C-terminal residues, positions 73-88 connecting the E and F 

helices. In the second strategy, in addition to the above, positions 47-59 in the CD-loop region were 

considered for remodeling (Figure 2A). Furthermore, positions in the fixed parts of the protein that are in 

contact with the remodeled regions and are not part of the heme binding site were allowed to be 

redesigned using the “inpaint_seq” option. 

 

The following settings were included in the input JSON files to perform the design: 

Strategy 1: 

[{"pdb": "../3RGK_fr.pdb", 
"task": "hal", 
"dump_all": true, 
"inf_method": "multi_shot", 
"n_cycle": 15, 
"num_designs": 20, 
"tmpl_conf": "0.9", 
"contigs": ["6-10,A10-72,14-19,A89-139,8-12"], 
"inpaint_seq": ["A130","A134","A137"], 
"out": "3RGK_inpaint1"}] 

 

Strategy 2: 

[{"pdb": "../3RGK_fr.pdb", 
"task": "hal", 
"dump_all": true, 
"inf_method": "multi_shot", 
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"n_cycle": 15, 
"num_designs": 10, 
"tmpl_conf": "0.9", 
"contigs": ["6-10,A10-46,10-16,A60-72,14-19,A89-139,8-12"], 
"inpaint_seq": ["A26","A30","A34","A62","A130","A134","A137"], 
"out": "3RGK_inpaint2"}] 

 

ProteinMPNN design of myoglobin. The following command was used to perform ProteinMPNN(17) 

sequence redesign of the native myoglobin as well as the structures obtained from inpainting backbone 

idealization. 

python $MPNN_PATH/protein_mpnn_run.py --jsonl_path ../parsed_pdbs_bb.jsonl 
--fixed_positions_jsonl ../masked_pos.jsonl --batch_size 1 --out_folder ./ 
--num_seq_per_target 20 --sampling_temp "0.1 0.2 0.3" --omit_AAs='MC' 
--checkpoint_path $MPNN_PATH/vanilla_model_weights/v_48_020.pt 

 

Where parsed_pdbs_bb.jsonl contains the parsed PDB file information, created with the script 

$MPNN_PATH/helper_scripts/parse_multiple_chains.py 

 

masked_pos.jsonl file contains the positions that were kept fixed during sequence design: 

{"3RGK": {"A": [39, 42, 43, 45, 64, 67, 68, 71, 72, 89, 92, 93, 97, 99, 104, 
107, 138]}} 

 

For each of the outputs from the inpainting backbone idealization, the fixed position numbers were 

readjusted to correspond to the positions in the parent structure. 

 

ProteinMPNN design of TEV protease. The following command was used to perform sequence design 

with ProteinMPNN on TEV protease. 

python $MPNN_PATH/protein_mpnn_run.py \ 
        --jsonl_path ../parsed_pdbs_bb.jsonl \ 
        --chain_id_jsonl ../assigned_chains.jsonl \ 
        --fixed_positions_jsonl ../masked_pos.jsonl \ 
        --out_folder $MPNN_OUTDIR \ 
        --num_seq_per_target 16 \ 
        --sampling_temp "0.1 0.2 0.3" \ 
        --batch_size 8 \ 
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        --omit_AAs='XC' 

 

Where ../assigned_chains.jsonl contains the parsed PDB chain information: {“TEVd”: [[“A”]] 

} 

 

Sets of designs were distinguished by selection of fixed residues.  

Designs with only the amino acid identities of the active site fixed during sequence design had the 

following residues fixed:  

[31, 32, 44, 46, 81, 134, 135, 139, 146, 147, 148, 149, 150,151, 167, 168, 169, 
170, 171, 172, 173, 174, 175, 176, 177, 178,204, 208, 209, 211, 213, 214, 215, 
216, 217, 218, 219, 220] 

 

Designs with the amino acid identities of active site residues and the 30% most conserved residues fixed 

during sequence design had the following residues fixed:  

[3, 7, 9, 10, 11, 12, 14, 19, 25, 34, 36, 38, 42, 44, 46, 47, 48, 51, 52, 53, 
55, 61, 62, 64, 68, 81, 88, 89, 90, 92, 94, 100, 101, 103, 110, 113, 116, 117, 
126, 127, 129, 139, 140, 142, 143, 144, 146, 149, 151, 152, 154, 156, 160, 161, 
163, 165, 167, 169, 177, 186, 190, 198, 202, 211, 212, 221] 

 

Designs with the amino acid identities of active site residues and the 50% most conserved residues fixed 

during sequence design had the following residues fixed:  

[2, 3, 7, 8, 9, 10, 11, 12, 13, 14, 21, 23, 25, 26, 27, 31, 32, 34, 35, 36, 37, 
38, 41, 42, 43, 44, 46, 47, 48, 51, 52, 53, 55, 59, 61, 62, 64, 68, 70, 72, 76, 
81, 85, 88, 89, 90, 91, 92, 93, 94, 95, 98, 100, 101, 103, 107, 109, 112, 113, 
115, 116, 117, 119, 123, 125, 126, 127, 129, 133, 134, 135, 139, 140, 141, 142, 
143, 144, 146, 147, 148, 149, 150, 151, 152, 153, 154, 156, 157, 160, 161, 163, 
165, 167, 168, 169, 170, 171, 172, 173, 174, 175, 176, 177, 178, 179, 182, 183, 
186, 190, 198, 200, 202, 204, 205, 208, 209, 211, 212, 213, 214, 215, 216, 217, 
218, 219, 220, 221] 

 

Designs with the amino acid identities of active site residues and the 70% most conserved residues fixed 

during sequence design had the following residues fixed:  

[1, 2, 3, 4, 7, 8, 9, 10, 11, 12, 13, 14, 15, 18, 21, 22, 23, 25, 26, 27, 31, 
32, 33, 34, 35, 36, 37, 38, 40, 41, 42, 43, 44, 46, 47, 48, 49, 50, 51, 52, 53, 

 



55, 57, 59, 61, 62, 63, 64, 66, 68, 69, 70, 71, 72, 73, 76, 79, 80, 81, 83, 84, 
85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 96, 97, 98, 100, 101, 103, 107, 
108, 109, 111, 112, 113, 115, 116, 117, 118, 119, 120, 122, 123, 124, 125, 126, 
127, 129, 131, 133, 134, 135, 137, 139, 140, 141, 142, 143, 144, 145, 146, 147, 
148, 149, 150, 151, 152, 153, 154, 155, 156, 157, 158, 160, 161, 163, 164, 165, 
166, 167, 168, 169, 170, 171, 172, 173, 174, 175, 176, 177, 178, 179, 182, 183, 
186, 187, 189, 190, 194, 196, 198, 200, 202, 203, 204, 205, 206, 207, 208, 209, 
211, 212, 213, 214, 215, 216, 217, 218, 219, 220, 221] 

Supplementary Figures 

 
 

Figure S1. Inpainting samples different backbone structures compared to native globins. (A) Diversity of the 
CD-loop region in selected native globins. (B) Diversity in the loop connecting helices E and F in selected native 
globins. (C) Diversity of inpainted motifs replacing the CD-loop region. (D) Diversity of inpainted loops connecting 
helices E and F.   

 



 
 
Figure S2. Extensive backbone remodeling with RoseTTAFold joint inpainting improves structure prediction 
metrics. Designs made with only sequence redesign had the lowest-scoring structure prediction metrics (lDDT and 
RMSD to design model) amongst all designs, while designs subjected to the most aggressive backbone remodeling 
strategy scored the highest in these metrics. Dashed lines indicate lDDT and RMSD cutoffs used for design 
selection, with the top left sector containing successful designs. 
 
 
 

 



 
 
Figure S3. UV/Vis spectra of myoglobin variants. Spectroscopic data of most designs is in close agreement with 
that of native myoglobin (Soret maximum at 409 nm; Q band features at 500, 537, 582 and 630 nm), suggesting 
pentacoordinate heme-binding. A few designs (dnMb3, dnMb4, dnMb5, dnMb12, and dnMb20) show some degree 
of hexacoordinate heme-binding (potentially through incorporation of imidazole from the purification buffer), 
indicated by the major Q band features at ~530 and ~560 nm. Spectra were recorded in a buffer containing 25 mM 
Tris-HCl and 300 mM NaCl at pH 8.2. 

 



 
 
Figure S4. Many myoglobin designs show increased thermostability over parent. CD spectroscopy signal of 
myoglobin designs and parent sequence nMb over a temperature gradient from 25 °C to 95 °C indicates elevated 
resistance to unfolding in designs. CD signal reported in molar residue ellipticity (MRE).  
 
 

 



 
 
Figure S5. Myoglobin designs retain heme binding at higher temperatures than parent. Heme binding as measured 
by UV/Vis absorbance over a temperature gradient from 25 °C to 95 °C indicates retention of function at higher 
temperatures in designs. Higher melting temperatures of designs indicate more temperature-stable binding sites. 
 

 



 
 
Figure S6. Size-exclusion chromatograms of heme-loaded myoglobin variants. Data were collected using a 
Superdex Increase 75 10/300 GL column (GE Healthcare) in a buffer containing 25 mM Tris-HCl and 300 mM 
NaCl at pH 8.2. Void volume of the column is 8.5 mL. Blue chromatograms were obtained by following the 
absorbance at 408 nm, indicating elution of heme-containing species. Red chromatograms were obtained from 
absorbance at 280 nm. 
 
 

 



 
 
Figure S7. Initial screen of proteolytic activity on fluorescent reporter substrate. Pure protein was normalized to 1 
μM and assayed against 10 μM substrate, AFC, in an initial screen for catalytic turnover. (A) Structure of the 
peptide-coumarin substrate, AFC, used to assay proteolytic activity. (B) Raw fluorescence data (in raw fluorescence 
units, RFU) for designs generated with only active site residues fixed or with active site residues and 30% most 
conserved residues fixed during design. TEVd plot outlined in orange. (C) Raw fluorescence data for designs 
generated with active site residues fixed and 50% most conserved residues fixed or with active site residues fixed 
and 70% most conserved residues fixed.  
 
 

 



 

 
 
Figure S8. Michaelis Menten kinetics of TEV redesigns and parent. Michaelis Menten plots for three TEV designs 
and TEVd. Error bars represent standard deviation from three technical replicates. hyperTEV designs were assayed 
at 50 nM while TEVd was assayed at 500 nM.  

 



 
 
Figure S9. SDS-PAGE gels of protein substrate cleavage by TEV designs. Protein standard molecular weight ladder 
is shown on the left, with molecular weight markers indicated in kD. For each gel, the coomassie-stain is shown 
above and the EGFP fluorescence image is shown below.  
 

 



 
 
Figure S10. Activity of TEV redesigns in a gel-based activity assay. (A) Plot of accumulated product normalized to 
fluorescence intensity of uncleaved substrate over time. Fluorescence intensity was quantified with ImageJ software. 
Designs hyperTEV56 and hyperTEV60 show increased turnover rate compared to reported TEV variants. (B) 
Straight-line fit for initial turnover rates in gel assay for hyperTEV60 and TEVd. Curves were fitted from 
monitoring of substrate depletion for hyperTEV60 and production accumulation for TEVd. Error bars represent 
standard deviation from three technical replicates. 
 
 
 

 
 
Figure S11. TEV design shows increased thermostability over parent. CD spectroscopy signal of hyperTEV60 and 
TEVd over a temperature gradient from 25 °C to 95 °C indicates elevated resistance to unfolding in ProteinMPNN 
design hyperTEV60. CD signal reported in molar residue ellipticity (MRE). 
 

 



 
Figure S12. Designs show trends in rigidification and activity in molecular dynamics simulations. (A) Molecular 
dynamics (MD) simulations revealed trends of rigidification of several loops (marked with numbered circles) in the 

 



redesigned structures as compared to the parent. Directly adjacent to the peptide binding site, region 1 (residues 
206-215) shows diminishing mobility in hyperTEV60 and other redesigns as compared to TEVd. An internal loop 
designated as region 3 (residues 192-194) shows significant loss of atomic fluctuation relative to TEVd. (B) Cα root 
mean square fluctuation (RMSF) of designs in region 2 (residues 115-124) denoted in (A) shows a positive 
correlation between activity and rigidification, with TEVd and a design inactive on the peptide substrate showing 
most flexibility in this region. (C) Per-residue pLDDT values from AlphaFold2 ensemble prediction exhibit similar 
trends of increased rigidification in more active designs.  
 

 



 
Figure S13. Population of catalytically competent dyad conformers correlates with activity in MD simulations. (A) 
Key distances in the TEV catalytic triad as shown on TEVd. Peptide substrate is shown in gray. (B) Distances of key 
interactions in the catalytic triad were measured across MD simulations. Average distances for each interaction in 
each TEV variant are inset. Catalytically competent conformers of the Cys-His dyad (dN-SH) are less populated in 
designs as compared to TEVd. Among designs, the highest activity variant hyperTEV60 has the highest percentage 
of competent dyad conformers. 

 



Table S1. Myoglobin sequence similarity analysis against UniRef100 
 

Variant Design method Sequence 
similarity with 
parent (3RGK) 

Highest 
sequence 
similarity 

Most similar 
UniRef100 ID 

dnMb2 ProteinMPNN only 47% 51% P02182 

dnMb3 ProteinMPNN only 49% 52% UPI00148EC9BB 

dnMb4 ProteinMPNN only 51% 55% P02182 

dnMb5 ProteinMPNN only 46% 51% Q0KIY3 

dnMb6 Inpaint CD+EH; ProteinMPNN 40% 44% A0A8C5V5K1 

dnMb7 Inpaint CD+EH; ProteinMPNN 42% 48% UPI001C20C4EB 

dnMb8 Inpaint EH; ProteinMPNN 45% 47% A0A8C9A9W3 

dnMb9 Inpaint EH; ProteinMPNN 46% 53% UPI001C20C4EB 

dnMb10 Inpaint EH; ProteinMPNN 46% 51% UPI00148EC9BB 

dnMb11 Inpaint EH; ProteinMPNN 49% 55% P02185 

dnMb12 Inpaint EH; ProteinMPNN 51% 54% A0A4W2F1N8 

dnMb13 Inpaint EH; ProteinMPNN 44% 49% UPI001CA46E1B 

dnMb14 Inpaint EH; ProteinMPNN 46% 51% A0A8C9A9W3 

dnMb15 Inpaint EH; ProteinMPNN 46% 50% UPI000011026E 

dnMb16 Inpaint EH; ProteinMPNN 39% 45% P02169 

dnMb17 Inpaint EH; ProteinMPNN 42% 45% F6PMG4 

dnMb18 Inpaint CD+EH; ProteinMPNN 42% 43% R9RZ90 

dnMb19 Inpaint CD+EH; ProteinMPNN 39% 41% UPI0003C8C8C2 

dnMb20 Inpaint CD+EH; ProteinMPNN 45% 48% P02182 

dnMb21 Inpaint CD+EH; ProteinMPNN 39% 44% P02182 

 
 

 



Table S2. Mass spectrometry data for myoglobin variants. 
 

Variant Expected mass Observed mass 

dnMb2 (Met missing) 19186 19054 

dnMb3 (Met missing) 18981 18850 

dnMb4 (Met missing) 19054 18923 

dnMb5 (Met missing) 18441 18310 

dnMb6 (Met missing) 19604 19473 

dnMb7 (Met missing) 18728 18597 

dnMb8 (Met missing) 19604 19472 

dnMb9 (Met missing) 19579 19448 

dnMb10 (Met missing) 18690 18559 

dnMb11 (Met missing) 19464 19333 

dnMb12 (Met missing) 19536 19405 

dnMb13 (Met missing) 19178 19047 

dnMb14 (Met missing) 19675 19544 

dnMb15 (Met partially missing) 19598 19467,19598 

dnMb16 (Met partially missing) 19441 19310,19441 

dnMb17 (Met missing) 20247 20115 

dnMb18 (Met partially missing) 19427 19296,19427 

dnMb19 (Met missing) 19452 19321 

dnMb20 (Met partially missing) 18814 18683,18814 

dnMb21 (Met missing) 19133 19002 

nMb 3RGK (Met missing) 18751 18620 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



Table S3. The extinction coefficients of the Soret band and Rz values (ASoret / A280) of myoglobin variants. 
 

Variant Extinction coefficient (mM-1 cm-1)  Rz 

dnMb2 128 ± 3 5.7 

dnMb3 166 ± 15 4.0 

dnMb4 127 ± 1 4.6 

dnMb5 154 ± 8 4.9 

dnMb6 181 ± 14 5.4 

dnMb7 159 ± 6 5.8 

dnMb8 186 ± 2 6.8 

dnMb9 182 ± 5 5.5 

dnMb10 157 ± 2 7.4 

dnMb11  177 ± 8 4.1 

dnMb12 123 ± 3 4.9 

dnMb13 154 ± 2 5.2 

dnMb14 174 ± 1 4.8 

dnMb15 156 ± 1 4.9 

dnMb16 171 ± 4 4.5 

dnMb17 170 ± 1 5.4 

dnMb18 175 ± 15 3.1 

dnMb19 171 ± 3 5.1 

dnMb20 150 ± 4 3.7 

dnMb21 153 ± 1 4.6 

 

 



Crystallographic data 
Protein sample for crystallography was prepared following the general procedure for myoglobin 

production. The holoprotein was purified using Ni-affinity and size exclusion chromatography. The 
C-terminal hexahistidine tag was left intact. The holo dnMb19 was crystallized at 17 mg mL−1 in a buffer 
containing 25 mM Tris-HCl, 300 mM NaCl, pH 8.2. 

The crystallization experiment for the designed protein was conducted using the sitting drop 
vapor diffusion method. Crystallization trials were set up in 200 nL drops using the 96-well plate format 
at 20°C. Crystallization plates were set up using a Mosquito LCP from SPT Labtech, then imaged using 
UVEX microscopes from JAN Scientific. Diffraction quality crystals formed in 0.1 M Bis-Tris pH 6.5, 
28% w/v Polyethylene glycol monomethyl ether 2,000 (Index crystallization screen, Hampton Research, 
well D11). 

Diffraction data were collected at ALS-ENABLE beamline 8.2.2. X-ray intensities and data 
reduction were evaluated and integrated using XDS (133) and merged/scaled using Pointless/Aimless in 
the CCP4 program suite (145). Structure determination and refinement starting phases were obtained by 
molecular replacement using Phaser (146) using the designed model structure. Following molecular 
replacement, the models were improved using phenix.autobuild (147). Structures were refined in Phenix 
(147). Model building was performed using COOT (135). The final model was evaluated using 
MolProbity (148). Data collection and refinement statistics are recorded in Table S4. Data deposition, 
atomic coordinates, and structure factors reported for the protein in this paper have been deposited in the 
Protein Data Bank (PDB), http://www.rcsb.org/ with accession code 8U5A. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

https://paperpile.com/c/Xh3e9q/Hl866
https://paperpile.com/c/Xh3e9q/xu3a0
https://paperpile.com/c/Xh3e9q/eCNQj
https://paperpile.com/c/Xh3e9q/aEf5k
https://paperpile.com/c/Xh3e9q/aEf5k
https://paperpile.com/c/Xh3e9q/qt1Y9
https://paperpile.com/c/Xh3e9q/5S9tJ


Table S4. Crystallographic statistics for dnMb19. 
 

 dnMb19 

PDB accession number 8U5A 

Wavelength (Å) 1.0 

Resolution range 42.64  - 2.0 (2.05  - 2.0) 

Space group P 1 21 1 

Unit cell dimensions 
a, b, c, (Å) 
α, β, γ (°)  

 
31.589 41.669 128.439  
90 95.13 90 

Unique reflections 22200 (1513) 

Multiplicity 4.3 (4.1) 

Completeness (%) 97.30 (95.52) 

Mean I/sigma(I) 10.95 (1.58) 

Wilson B-factor 36 

R-merge 0.07531 (0.9919) 

R-pim 0.04041 (0.5512) 

CC1/2 0.997 (0.773) 

Reflections used in refinement 22200 (1513) 

R-work 0.2301 (0.3312) 

R-free 0.2581 (0.3741) 

Number of non-hydrogen atoms 2612 

macromolecules 2440 

ligands 87 

solvent 85 

Protein residues 298 

RMS(bonds) 0.002 

RMS(angles) 0.39 

Ramachandran favored (%) 99.32 

Ramachandran allowed (%) 0.68 

Ramachandran outliers (%) 0 

Average B-factor 44 

macromolecules 44.03 

ligands 40.92 

solvent 46.5 

 

 

 



Sequence information 
 
Alignment of TEV hit sequences 
 
TEVd            GESLFKGPRDYNPISSTICHLTNESDGHTTSLYGIGFGPFIITNKHLFRRNNGTLLVQSL​ 60 
hyperTEV89      AESAAPGPRDYNPISSTIVRLTNTSDGHSISLFGIGFGPLIITNAHLFRRNNGTLTITSL​ 60 
hyperTEV56      MESAAPGPRDYNPISDTIVKLTNTSDGYSISLYGIGFGPLIITNAHLFRRNNGTLTVTSK​ 60 
hyperTEV60      AESAAPGPRDYNPISDTIVLLTNTSDGYSISLYGIGFGPLIITNAHLFRRNNGTLTITSK​ 60 
                 **   *********.**  *** ***:: **:******:**** ********** : *  
 
TEVd            HGVFKVKNTTTLQQHLIDGRDMIIIRMPKDFPPFPQKLKFREPQREERICLVTTNFQTKS​ 120 
hyperTEV89      HGTFTISNTTTLKLHLIEGRDLVIIKMPKDFPPFPTTLEFREPVVGEDIVLVTRNFQDKD​ 120 
hyperTEV56      HGTFTIENTTTLQLHLIEGRDLVIIKMPKDFPPFPTDLVFREPVEGEKITLVTRNFQTKE​ 120 
hyperTEV60      HGTFTISNTTTLKLHLIEGRDLVLIEMPKDFPPFPTNLVFREPVVGEEIVLVTRNFQTKT​ 120 
                **.*.:.*****: ***:***:::*.*********  * ****   * * *** *** *  
 
TEVd            MSSMVSDTSCTFPSSDGIFWKHWIQTKDGQCGSPLVSTRDGFIVGIHSASNFTNTNNYFT​ 180 
hyperTEV89      PTSEVSDTSTTEPSSDGVFWKHWIPTKDGQCGSPMVSVSDGSIVGIHSASNFTNTNNYFT​ 180 
hyperTEV56      PTSEVSDVSSTYPSSDGVFWKHWIPTKDGQCGSPMVSVEDGSIVGIHSASNFTNTNNYFT​ 180 
hyperTEV60      PTSEVSDVSTTYPSSDGVFWKHWIPTKDGQCGSPMVSVTDGSIVGIHSASNFTNTNNYFT​ 180 
                 :* ***.* * *****:****** *********:**. ** ****************** 
 
TEVd            SVPKNFMELLTNQEAQQWVSGWRLNADSVLWGGHKVFMDKP​ 221 
hyperTEV89      AVPPNFMDLLTDPSLQKWISGWSLNADSVDWGGHKVFMDKP​ 221 
hyperTEV56      AVPPDFMDLLTNDSLQKWISGWSLNSDSVEWGGHKVFMDKP​ 221 
hyperTEV60      AVPPDFMRLLTDPSLQKWVSGWSLNSDSVEWGGHKVFMDKP​ 221 
​ ​    :** :** ***: . *:*:*** **:*** *********** 
 

 

 



Alignment of myoglobin sequences 
 
3RGK        -GLSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDRFKHLKSEDEMKA-S​58 
dnMb02      -GLTEEEQKLVWEIFERFEEDLEGFGLDVLIRAFTEHPETLKKFPRFADLKSEAELRA-S​58 
dnMb03      -GLTAEEQKLVRDIWAEVEKDREGFGLEVLLLTFTEHPETLKKFPRFAHLKSAEELRA-S​58 
dnMb04      -GLTAEEQALVRAIWAKVREDLEGFGLAVLLKTFTEHPETLKKFPRFKDLKSEEEILA-S​58 
dnMb05      -GLSDEEQALVLSIFEKVKEDLAGFGLDVLLLAFTKNPATLEKFPRFADLKSEAELLA-S​58 
dnMb20      --LSEEEWKIVLEIFALVREDLAGVGAAVLERTFATHPETLKKFPRFLAAAEAGVLD--R​56 
dnMb16      ---AEEEKEKVLSIFKLVEKDKKTIGSEVLIITFTKNPETKKKFPRFKDLKTVEELKA-S​56 
dnMb19      ---SEEKAALVLALFDRVEADREEIGAAVLRRTFEEHPETLKKFPRFLELYKKGSPEL-D​56 
dnMb18      ---DEEKKKLVLEAFELVEKDIEGIGAEVLKLTFEKHPETLEKFPRLKELHAAGSPEL-E​56 
dnMb15      ---EEEEKQIVLELFAKVEEDLEGIGLEVLILTFTKHPETRKKFPRFAHLTTEAQLQA-S​56 
dnMb17      IKLSEEEKKLVLEIFKLFEENLEEFGKEVLITTFTKHPETKKKFPRFAHLKTEEEFLA-S​59 
dnMb13      ----DERNKLVLSAFALVREDLEEIGAEVLILTFTENPETLKKFPRFAHLKTEEELKK-S​55 
dnMb14      ---EKEKNELVLKAFELIEKDLEGFGSEVLILTFTKHPETLKKFPRFKHLKTEEEFKA-S​56 
dnMb21      -SLTPEELAIVKALFARVREDLEGVGAEVLRLTFEKHPETLKKFPRFLELKKAGSPEL-E​58 
dnMb07      -KLTPEEKAIVLRIFALVREDRAGIGAAILRRTFEAHPETLEKFPRLRALRAAGREAELE​59 
dnMb06      -KLSEEEKEIVLKIFELVEKDVEEIGLRVLELTFEKHPETLEKFPRLRELLAAGRLEELE​59 
dnMb10      ---DAEKQALVASIFAKFEADLEGFGKAVLIKTFTKHPETRKKFPRFKHLKSVEELEK-S​56 
dnMb11      -KLSEEEKEIVLKIFALVEKDLEGFGKEVLIKTFLKYPETLKKFPRFKHLKTEEELKA-S​58 
dnMb12      LNLSPEDKAKVLEIFALVEEDLEGFGREVLILTFTKHPETLKKFPRFAHLKTEEELRA-S​59 
dnMb08      IKISEEEFEIVLEIFELVKKDLAGIGKEVLILTFTKHPETLKKFPRFAHLKTVEELEA-S​59 
dnMb09      SKLTEEEWKTVFKIFALVEKDLEGFGLAVLIRTFTRYPETLKKFPRFAHLKTVEELRA-S​59 
                      *   :  .. :    *  :*   *   * * :** *:              
 
3RGK        EDLKKHGATVLTALGGI---LKKKGHHEAEIKPLAQSHATKHKIPVKYLEFISEAIIQVL​115 
dnMb02      PRLREHGVTVLKALIKI---FKKGEDFAEEVKPLAESHSKVHKIPVSDLEVIAAAILATA​115 
dnMb03      PEAKAHGVTVLDALSKI---LKKGSNFEEEIKPLAESHYKEHKIPIEDLKVIADAIIAVL​115 
dnMb04      EKAKKHGVTVLTALFAI---FDKGENFEEEIKPLAESHYKEHKIPISDLKVIADAIVAVL​115 
dnMb05      EKAKEHGITVLTALFAI---FEKGDDFDAEVEPLATSHTREHKIPTSDLEVIAAAILETA​115 
dnMb20      ALLAAHGETVLTALIEIAES----KLDPELIKKLAESHVKEHKIPIEYLRAIADSLIAVL​112 
dnMb16      EKVKDHGVTVLDALIEWARLHVEGKDYDSLVKKLAESHKKEHKIPIEDLKSIADALIEVL​116 
dnMb19      ALLKEHGKTVLDALIEIARLRYSGEDYRSLIKELAKSHKEEHKIPIEDLRHIAEALLAVL​116 
dnMb18      ELLKEHGATVLKALIEIARLKISGGDYLSLVKELAKSHKEEHKIPIEDLKKIAEALLEVL​116 
dnMb15      PELKQHGVTVLKALITIAKLYYEGKDYESLIKELAKSHKEEHKIPIEYLEYISESILEVL​116 
dnMb17      PELAKHGVTVLNALIEIAKLYLEGKDYRSLIKKLAKSHKLEHKIPIEDLKYIADAIIEVA​119 
dnMb13      PLLKEHGVTVLNALIEIAELKYSGGDYESLVKELAKSHKEKHKIPIEDLKAIAEAILKVL​115 
dnMb14      EELKEHGVTVLKALIEIAKLKVSGEDYDSLIKELAKSHKTKHKIPIEYLKYIADAILEVA​116 
dnMb21      AELRAHGVTVLTALIELADNY---EGNNETLEKLAESHTKVHKIPVSDLKNIAAAIIEVL​115 
dnMb07      ALLREHGVTVLDALIEI---V--ENDDEELLKKLAESHKTTHKIPIEHLEHIAAALLEVL​114 
dnMb06      AYLREHGVTVLKALIEA---I--KNEDEELLEKLAKSHKEEHKIPIEYLKYIADSIIEVL​114 
dnMb10      EELKEHGVTVLTALREIS--L--GENQDKKIKDLATSHKEKHKIPIEDLEVIAAAILEVA​112 
dnMb11      EELKEHGVTVLKALIEI---F--KNEDEEKLKELAKSHKEEHKIPIEDLEKIAEAIIEVL​113 
dnMb12      EELKEHGVTVLKALRAI---L--EKGDEELLKKLAESHTKEHKIPVSDLEVIAESIIEVA​114 
dnMb08      PLLAEHGVTVLKALIKIVEEL--KKGDTSLIKELAKSHKTEHKIDIKDLKYIAESIIEVL​117 
dnMb09      PLLREHGVTVLKALTKIAEEL--KKGKTGTLKKLAESHSKVHKIPISDLERIAEAIIEVL​117 
                 ** *** **                :. ** **   ***  . *. *: ::: .  
 
3RGK        QSKHPGDFGADAQGAMNKALELFRKDMASNYKEL-​ 149 
dnMb02      KERFPEFFNEKAQAALTKALQQFIDAIAAEYKKL-​ 149 
dnMb03      KKRFPTAFNSAAQAAVTKALQQFIDALEKEFKKL-​ 149 
dnMb04      KEAFPEAFDAKAQAAFTKALEQFIKAFEEEYKKL-​ 149 
dnMb05      KERFPTEFDEEAQAALEKALAQFIAAYAAQAAKL-​ 149 
dnMb20      KERYPERFGEKAQEAVKKFLDLFIEKFEEEAEKEK​ 147 
dnMb16      KKFYPEEFGEEAQAAVQKLLNYFIEKLKQYYE---​ 148 
dnMb19      AERFPDEFGPEARAALTDFLDWFIAEIEEEYKK--​ 149 
dnMb18      KEKYPEEFGEETQEALKEFLDWFIEELEKEFKE--​ 149 
dnMb15      KKRFPEFFGEKAQAAVRKFLDFFISKLKEYYE---​ 148 
dnMb17      KKFFPEKFGEKAQEALKKFLNYFIEELEKEYEKL-​ 153 
dnMb13      KKRYPEEFGEKTQAALKEFLDEFIELTEKYYK---​ 147 
dnMb14      KKRFPKEFDEKTYAALKEFLDYFIEKIEKYYK---​ 148 
dnMb21      KERFPEEFGEEAQAAFTKFLDKFIKDIAELQKKFE​ 150 
dnMb07      AEKYPEEFGPEARAAVTKALELFIKKLAEFYE---​ 146 
dnMb06      EEKFPKEFNEKAREALKKALEYFIEELEKYYK---​ 146 
dnMb10      KERFPEEFDEAAQAALQEFLDDFISKLKEYFE---​ 144 
dnMb11      KEKYPEEFDEEAEEAVKKFLKLFIEKLKEYRE---​ 145 
dnMb12      KKRFPEEFGEEAQAALKKFLEEFIEKWKEYQEEFK​ 149 
dnMb08      KKRFPEEFDEKAKEAVEKVLNLFIEKIEEFYKK--​ 150 
dnMb09      EERFPEEFDEKAKEAVKKFLDLFIEKHAEFVKK--​ 150 
             . .*  *.  :  *. . *  *            

 



Myoglobin sequences 
 
dnMb2 
 
ATGTCAGGAGGCCTGACCGAAGAAGAACAGAAACTGGTGTGGGAAATTTTTGAACGCTTTGAAGAGGATCTGGAAGGCTTTGGCCT
GGATGTGCTGATTCGCGCGTTTACCGAACATCCAGAAACCCTGAAAAAATTTCCGCGCTTTGCGGATCTGAAAAGCGAAGCGGAAT
TACGTGCGAGCCCGCGCCTGCGCGAACATGGCGTGACCGTGCTGAAAGCGCTGATTAAAATCTTTAAAAAAGGCGAAGATTTTGCC
GAAGAAGTGAAACCGCTGGCGGAAAGCCATAGCAAAGTGCATAAAATTCCGGTGAGCGATCTCGAAGTGATTGCGGCGGCGATTCT
GGCGACCGCGAAAGAACGCTTTCCGGAATTTTTTAATGAAAAAGCGCAGGCGGCGCTGACCAAAGCACTGCAGCAGTTTATTGATG
CGATCGCCGCGGAATATAAAAAACTGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGGLTEEEQKLVWEIFERFEEDLEGFGLDVLIRAFTEHPETLKKFPRFADLKSEAELRASPRLREHGVTVLKALIKIFKKGEDFA
EEVKPLAESHSKVHKIPVSDLEVIAAAILATAKERFPEFFNEKAQAALTKALQQFIDAIAAEYKKLGGGSGSHHWGSTHHHHHH 

 
 
dnMb3 
 
ATGTCAGGAGGCCTGACCGCGGAAGAACAGAAACTGGTGCGCGATATTTGGGCGGAAGTGGAAAAAGATCGCGAAGGCTTTGGCCT
GGAAGTGCTGTTGCTGACCTTTACCGAACATCCAGAAACCTTAAAAAAATTTCCACGTTTTGCGCATCTGAAAAGCGCCGAGGAAC
TGCGCGCGAGCCCGGAAGCGAAAGCGCATGGCGTGACCGTGCTGGATGCGCTGAGCAAAATTTTGAAGAAAGGCAGCAATTTCGAA
GAAGAAATTAAACCGCTGGCGGAAAGCCATTATAAAGAACATAAAATTCCGATTGAAGATTTGAAAGTGATTGCGGATGCGATTAT
TGCGGTGCTGAAAAAACGCTTTCCGACCGCGTTTAATAGCGCGGCGCAGGCGGCGGTGACCAAAGCGCTGCAGCAGTTTATTGATG
CACTGGAAAAGGAATTTAAGAAACTGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGGLTAEEQKLVRDIWAEVEKDREGFGLEVLLLTFTEHPETLKKFPRFAHLKSAEELRASPEAKAHGVTVLDALSKILKKGSNFE
EEIKPLAESHYKEHKIPIEDLKVIADAIIAVLKKRFPTAFNSAAQAAVTKALQQFIDALEKEFKKLGGGSGSHHWGSTHHHHHH 

 
 
dnMb4 
 
ATGTCAGGAGGTTTAACCGCGGAAGAACAAGCGCTGGTGCGCGCGATTTGGGCGAAAGTGCGCGAAGATCTGGAAGGCTTTGGCCT
GGCGGTGCTGCTGAAAACCTTTACCGAACATCCGGAAACCCTGAAAAAATTTCCGCGCTTTAAAGACTTGAAAAGCGAAGAAGAAA
TTCTGGCGAGCGAAAAGGCGAAAAAACATGGCGTGACCGTGCTGACTGCGCTGTTTGCGATTTTTGATAAAGGTGAGAATTTTGAA
GAGGAAATTAAACCGCTGGCGGAAAGCCATTATAAAGAACATAAAATTCCGATTAGCGATCTGAAAGTGATTGCGGATGCGATTGT
GGCCGTGTTGAAAGAAGCGTTTCCGGAAGCATTTGATGCGAAAGCGCAGGCGGCGTTTACCAAAGCACTGGAACAGTTTATTAAAG
CGTTCGAGGAAGAATATAAAAAACTGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGGLTAEEQALVRAIWAKVREDLEGFGLAVLLKTFTEHPETLKKFPRFKDLKSEEEILASEKAKKHGVTVLTALFAIFDKGENFE
EEIKPLAESHYKEHKIPISDLKVIADAIVAVLKEAFPEAFDAKAQAAFTKALEQFIKAFEEEYKKLGGGSGSHHWGSTHHHHHH 

 
 
dnMb5 
 
ATGTCAGGAGGCCTGAGCGATGAAGAACAGGCGCTGGTGCTGAGCATTTTTGAAAAAGTGAAAGAAGATCTGGCGGGCTTTGGCCT
GGATGTGCTGTTGCTGGCGTTTACCAAAAATCCGGCGACCCTGGAAAAATTTCCGCGCTTTGCGGATCTGAAAAGCGAAGCGGAAC
TGTTGGCGAGCGAAAAGGCCAAAGAACATGGCATTACCGTGCTGACCGCGCTGTTTGCGATTTTCGAGAAAGGCGATGATTTTGAT
GCGGAAGTTGAACCGCTGGCGACCAGCCATACCCGCGAACATAAAATTCCGACGAGCGATCTGGAAGTGATTGCGGCGGCGATTCT
GGAAACCGCGAAGGAACGCTTTCCAACCGAATTTGATGAAGAAGCGCAGGCGGCCTTAGAAAAAGCGTTGGCGCAGTTTATTGCAG
CGTATGCGGCGCAAGCCGCGAAACTGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGGLSDEEQALVLSIFEKVKEDLAGFGLDVLLLAFTKNPATLEKFPRFADLKSEAELLASEKAKEHGITVLTALFAIFEKGDDFD
AEVEPLATSHTREHKIPTSDLEVIAAAILETAKERFPTEFDEEAQAALEKALAQFIAAYAAQAAKLGGGSGSHHWGSTHHHHHH 
 
 
dnMb6 
 
ATGTCAGGAAAACTGAGCGAAGAAGAAAAAGAAATTGTGCTGAAAATTTTTGAACTGGTGGAAAAGGATGTGGAAGAAATTGGCCT
GCGCGTGCTGGAACTGACCTTTGAAAAACATCCAGAAACCCTGGAGAAATTTCCACGCTTACGCGAATTATTAGCGGCGGGCCGCC

 



TGGAGGAACTGGAAGCGTATCTGCGCGAACATGGCGTGACCGTGTTAAAAGCGCTGATTGAAGCGATTAAAAATGAAGATGAAGAA
CTGTTGGAAAAACTGGCGAAAAGCCATAAAGAGGAACATAAAATTCCGATTGAATATCTGAAATATATTGCGGATAGCATTATTGA
AGTGTTAGAAGAGAAGTTTCCGAAAGAATTTAATGAAAAGGCGCGCGAAGCGTTGAAGAAAGCACTGGAATATTTTATTGAGGAGC
TGGAGAAATATTATAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGKLSEEEKEIVLKIFELVEKDVEEIGLRVLELTFEKHPETLEKFPRLRELLAAGRLEELEAYLREHGVTVLKALIEAIKNEDEE
LLEKLAKSHKEEHKIPIEYLKYIADSIIEVLEEKFPKEFNEKAREALKKALEYFIEELEKYYKGGGSGSHHWGSTHHHHHH 
 
 
dnMb7 
 
ATGTCAGGAAAATTAACCCCAGAAGAAAAAGCGATTGTTTTACGTATTTTTGCGTTAGTTCGTGAAGATCGTGCGGGTATTGGTGC
GGCGATTTTGCGTCGTACCTTTGAAGCGCATCCAGAAACCTTAGAAAAATTTCCACGTTTACGTGCGTTACGCGCCGCGGGCCGCG
AAGCGGAACTGGAAGCGCTGTTGCGTGAACATGGCGTGACCGTGCTGGATGCGCTGATTGAAATTGTGGAAAATGATGATGAAGAA
CTGCTGAAAAAACTGGCGGAAAGCCATAAAACCACCCACAAAATTCCAATTGAACATTTAGAACATATTGCGGCGGCGCTGCTGGA
AGTGCTGGCCGAGAAATATCCGGAAGAATTTGGTCCGGAGGCGCGCGCAGCGGTGACCAAAGCCTTGGAACTGTTTATTAAAAAGC
TCGCGGAATTTTATGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGKLTPEEKAIVLRIFALVREDRAGIGAAILRRTFEAHPETLEKFPRLRALRAAGREAELEALLREHGVTVLDALIEIVENDDEE
LLKKLAESHKTTHKIPIEHLEHIAAALLEVLAEKYPEEFGPEARAAVTKALELFIKKLAEFYEGGGSGSHHWGSTHHHHHH 
 
 
dnMb8 
 
ATGTCAGGAATTAAAATTAGCGAAGAAGAATTTGAAATTGTGCTGGAAATTTTTGAACTGGTGAAAAAAGATCTGGCGGGCATTGG
CAAAGAAGTGCTGATTCTGACCTTTACCAAACATCCAGAAACCCTGAAGAAATTTCCACGTTTTGCGCATCTGAAAACCGTGGAAG
AACTGGAAGCGAGCCCGCTGCTGGCGGAACATGGCGTGACCGTGCTGAAAGCGCTGATTAAGATCGTGGAGGAACTGAAGAAAGGC
GATACCAGCCTGATCAAAGAACTGGCGAAAAGCCATAAAACCGAACATAAGATTGATATTAAGGATTTGAAATATATTGCGGAAAG
CATTATTGAAGTTTTAAAAAAACGCTTTCCGGAAGAGTTCGATGAAAAAGCGAAAGAAGCGGTGGAAAAAGTGTTGAATCTGTTTA
TCGAGAAAATCGAAGAATTTTATAAAAAGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGIKISEEEFEIVLEIFELVKKDLAGIGKEVLILTFTKHPETLKKFPRFAHLKTVEELEASPLLAEHGVTVLKALIKIVEELKKG
DTSLIKELAKSHKTEHKIDIKDLKYIAESIIEVLKKRFPEEFDEKAKEAVEKVLNLFIEKIEEFYKKGGGSGSHHWGSTHHHHHH 
 
 
dnMb9 
 
ATGTCAGGAAGCAAACTGACCGAAGAAGAATGGAAAACCGTGTTTAAAATTTTTGCGCTGGTGGAAAAAGATCTGGAAGGCTTTGG
CCTGGCGGTGCTGATTCGCACCTTTACCCGTTATCCAGAAACCTTGAAAAAATTTCCACGTTTCGCGCATCTGAAGACCGTGGAAG
AATTGCGTGCGAGCCCGCTGCTGCGCGAACATGGCGTGACCGTGCTGAAAGCGCTGACCAAAATTGCGGAAGAACTGAAGAAAGGC
AAAACCGGCACCCTCAAAAAACTGGCGGAAAGCCATAGCAAAGTGCATAAAATTCCGATTAGCGATTTAGAACGCATTGCCGAAGC
GATTATTGAAGTGCTGGAAGAACGCTTTCCGGAAGAGTTTGATGAAAAAGCGAAAGAAGCGGTGAAGAAGTTTCTGGATCTGTTTA
TCGAAAAACATGCGGAATTTGTGAAAAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGSKLTEEEWKTVFKIFALVEKDLEGFGLAVLIRTFTRYPETLKKFPRFAHLKTVEELRASPLLREHGVTVLKALTKIAEELKKG
KTGTLKKLAESHSKVHKIPISDLERIAEAIIEVLEERFPEEFDEKAKEAVKKFLDLFIEKHAEFVKKGGGSGSHHWGSTHHHHHH 
 
 
dnMb10 
 
ATGTCAGGAGATGCGGAAAAACAGGCGCTGGTGGCGAGCATTTTTGCGAAATTTGAAGCGGATCTGGAAGGCTTTGGCAAAGCGGT
GCTGATTAAAACCTTTACCAAACATCCGGAAACCCGCAAAAAATTTCCGCGCTTTAAACATCTGAAAAGCGTGGAAGAACTGGAAA
AAAGCGAAGAACTGAAAGAACATGGCGTGACCGTGCTGACCGCGCTGCGCGAGATTAGCCTGGGCGAAAATCAGGATAAAAAGATT
AAAGATCTGGCGACCAGCCATAAAGAAAAGCATAAAATTCCGATTGAAGATTTGGAAGTGATTGCGGCGGCGATTTTAGAAGTGGC
GAAGGAACGCTTTCCGGAAGAATTTGATGAGGCGGCGCAGGCAGCGCTGCAGGAATTTCTGGATGATTTTATTAGCAAATTAAAAG
AATATTTTGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGDAEKQALVASIFAKFEADLEGFGKAVLIKTFTKHPETRKKFPRFKHLKSVEELEKSEELKEHGVTVLTALREISLGENQDKKI
KDLATSHKEKHKIPIEDLEVIAAAILEVAKERFPEEFDEAAQAALQEFLDDFISKLKEYFEGGGSGSHHWGSTHHHHHH 

 



 
 
dnMb11 
 
ATGTCAGGAAAACTGAGCGAAGAAGAAAAAGAAATTGTGCTGAAAATTTTTGCGCTGGTGGAAAAGGATCTGGAAGGCTTTGGCAA
AGAAGTGCTGATTAAAACCTTTCTGAAATATCCGGAAACCCTGAAAAAATTTCCGCGCTTTAAACATCTGAAAACCGAGGAAGAAC
TGAAAGCGTCGGAAGAGTTGAAAGAACATGGCGTGACCGTGTTAAAAGCGCTGATTGAAATCTTTAAAAATGAAGATGAAGAAAAA
CTGAAGGAGCTGGCGAAAAGCCATAAAGAAGAGCATAAAATTCCGATTGAAGATTTAGAGAAAATTGCGGAAGCGATTATTGAAGT
ACTGAAAGAGAAATACCCGGAAGAATTTGATGAAGAAGCGGAGGAGGCGGTGAAAAAGTTTTTAAAACTGTTTATCGAGAAGCTCA
AAGAATATCGCGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGKLSEEEKEIVLKIFALVEKDLEGFGKEVLIKTFLKYPETLKKFPRFKHLKTEEELKASEELKEHGVTVLKALIEIFKNEDEEK
LKELAKSHKEEHKIPIEDLEKIAEAIIEVLKEKYPEEFDEEAEEAVKKFLKLFIEKLKEYREGGGSGSHHWGSTHHHHHH 
 
 
dnMb12 
 
ATGTCAGGACTGAATCTGAGCCCGGAAGATAAAGCGAAAGTGCTGGAAATTTTTGCGCTGGTGGAAGAAGATCTGGAAGGCTTTGG
CCGCGAAGTTCTGATTCTGACCTTTACCAAACATCCGGAAACCCTGAAAAAATTTCCACGCTTTGCGCATCTGAAAACCGAAGAGG
AACTGCGCGCGAGCGAAGAACTGAAAGAACATGGCGTGACCGTGCTGAAAGCGCTGCGTGCGATTCTGGAAAAAGGCGATGAAGAG
CTGTTGAAGAAACTGGCGGAAAGCCATACCAAAGAACATAAAATTCCGGTGAGCGATTTGGAAGTGATTGCGGAAAGCATTATTGA
AGTGGCGAAAAAACGCTTTCCGGAGGAATTTGGTGAAGAAGCGCAGGCGGCGCTGAAGAAGTTTTTAGAAGAATTTATCGAAAAAT
GGAAAGAATATCAGGAGGAGTTTAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGLNLSPEDKAKVLEIFALVEEDLEGFGREVLILTFTKHPETLKKFPRFAHLKTEEELRASEELKEHGVTVLKALRAILEKGDEE
LLKKLAESHTKEHKIPVSDLEVIAESIIEVAKKRFPEEFGEEAQAALKKFLEEFIEKWKEYQEEFKGGGSGSHHWGSTHHHHHH 
 
 
dnMb13 
 
ATGTCAGGAGATGAACGCAATAAACTGGTGCTGAGCGCGTTTGCGCTGGTGCGCGAAGATCTGGAAGAAATTGGCGCGGAAGTGCT
GATTCTGACCTTTACCGAAAATCCGGAAACCCTGAAAAAATTTCCGCGCTTTGCGCATCTGAAAACCGAAGAAGAACTGAAAAAAA
GCCCGCTGCTGAAAGAACATGGCGTGACCGTGCTGAATGCGCTGATTGAAATTGCGGAATTAAAATATAGCGGCGGCGATTATGAA
AGCCTGGTGAAAGAGCTGGCGAAAAGCCATAAAGAAAAACATAAAATTCCGATTGAAGATTTGAAAGCGATTGCAGAAGCCATCTT
GAAAGTCTTAAAAAAACGCTATCCAGAAGAATTTGGTGAGAAGACCCAGGCGGCGTTGAAGGAGTTTCTGGATGAATTTATTGAAC
TGACCGAGAAATATTATAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGDERNKLVLSAFALVREDLEEIGAEVLILTFTENPETLKKFPRFAHLKTEEELKKSPLLKEHGVTVLNALIEIAELKYSGGDYE
SLVKELAKSHKEKHKIPIEDLKAIAEAILKVLKKRYPEEFGEKTQAALKEFLDEFIELTEKYYKGGGSGSHHWGSTHHHHHH 
 
 
dnMb14 
 
ATGTCAGGAGAAAAAGAAAAAAATGAACTGGTGCTGAAAGCGTTTGAACTGATTGAAAAGGATCTGGAAGGCTTTGGCAGCGAAGT
GCTGATTCTGACCTTTACCAAACATCCGGAAACCCTGAAAAAATTTCCGCGCTTTAAACATCTGAAAACCGAAGAAGAATTTAAAG
CGAGCGAAGAACTGAAAGAACATGGCGTGACCGTGTTGAAGGCGCTGATCGAAATTGCGAAATTAAAAGTGAGCGGCGAAGATTAT
GATAGCCTGATTAAAGAGCTGGCGAAAAGCCATAAAACCAAACATAAAATTCCGATTGAATATTTGAAATATATTGCGGATGCGAT
TTTGGAAGTGGCAAAAAAACGCTTTCCGAAAGAGTTTGATGAGAAGACCTATGCGGCGTTAAAGGAATTTCTGGATTATTTTATTG
AGAAAATTGAGAAATATTATAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGEKEKNELVLKAFELIEKDLEGFGSEVLILTFTKHPETLKKFPRFKHLKTEEEFKASEELKEHGVTVLKALIEIAKLKVSGEDY
DSLIKELAKSHKTKHKIPIEYLKYIADAILEVAKKRFPKEFDEKTYAALKEFLDYFIEKIEKYYKGGGSGSHHWGSTHHHHHH 
 
 
dnMb15 
 
ATGTCAGGAGAAGAAGAAGAAAAACAGATTGTGCTGGAACTGTTTGCGAAAGTGGAAGAGGATCTGGAAGGCATTGGCCTGGAAGT
GCTGATTCTGACCTTTACCAAACATCCAGAAACCCGTAAAAAATTTCCACGTTTTGCGCATCTGACCACCGAAGCGCAGCTGCAGG
CGAGCCCGGAACTGAAACAGCATGGCGTGACCGTGCTGAAAGCGCTGATTACCATTGCCAAACTGTATTATGAAGGCAAAGATTAC

 



GAAAGCCTGATTAAAGAACTGGCGAAAAGCCATAAAGAGGAACATAAAATTCCGATTGAATATTTGGAATATATTAGCGAAAGCAT
TTTGGAGGTTCTGAAAAAACGCTTTCCGGAATTTTTTGGTGAGAAAGCCCAGGCGGCGGTGCGCAAATTTCTGGATTTTTTTATTA
GCAAATTGAAAGAATATTACGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGEEEEKQIVLELFAKVEEDLEGIGLEVLILTFTKHPETRKKFPRFAHLTTEAQLQASPELKQHGVTVLKALITIAKLYYEGKDY
ESLIKELAKSHKEEHKIPIEYLEYISESILEVLKKRFPEFFGEKAQAAVRKFLDFFISKLKEYYEGGGSGSHHWGSTHHHHHH 
 
 
dnMb16 
 
ATGTCAGGAGCGGAAGAAGAAAAAGAAAAAGTGCTGAGCATTTTTAAACTGGTGGAAAAGGATAAAAAAACCATTGGCAGCGAAGT
CCTGATTATTACCTTTACCAAAAATCCGGAAACCAAGAAGAAATTTCCGCGCTTTAAAGATCTGAAAACCGTGGAAGAACTGAAAG
CGAGCGAAAAAGTGAAAGATCATGGCGTGACCGTGCTGGATGCGCTGATTGAATGGGCGCGCCTGCATGTGGAAGGCAAAGATTAT
GATAGCCTGGTGAAAAAACTGGCGGAAAGCCATAAGAAGGAACATAAAATTCCGATTGAAGATTTGAAAAGCATTGCGGACGCCTT
GATCGAAGTTTTAAAGAAATTTTATCCAGAGGAATTTGGCGAAGAAGCGCAGGCGGCGGTGCAGAAACTGCTGAATTATTTTATTG
AGAAGTTGAAACAGTATTATGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGAEEEKEKVLSIFKLVEKDKKTIGSEVLIITFTKNPETKKKFPRFKDLKTVEELKASEKVKDHGVTVLDALIEWARLHVEGKDY
DSLVKKLAESHKKEHKIPIEDLKSIADALIEVLKKFYPEEFGEEAQAAVQKLLNYFIEKLKQYYEGGGSGSHHWGSTHHHHHH 
 
 
dnMb17 
 
ATGTCAGGAATTAAACTGAGCGAAGAAGAAAAAAAACTGGTGCTGGAAATTTTTAAGCTGTTTGAAGAGAATCTGGAAGAATTTGG
CAAAGAAGTGCTGATTACCACCTTTACCAAACATCCGGAAACCAAAAAAAAATTTCCGCGCTTTGCGCATCTGAAAACCGAGGAGG
AATTTCTGGCGAGCCCGGAACTGGCGAAACATGGCGTGACCGTGCTGAATGCGCTGATTGAAATTGCGAAACTGTATTTAGAAGGC
AAGGATTATCGCAGCCTGATTAAAAAGCTGGCAAAAAGCCATAAACTGGAACATAAAATTCCGATTGAAGATTTGAAATATATTGC
GGATGCGATTATTGAAGTGGCCAAAAAGTTCTTTCCAGAAAAATTCGGTGAAAAAGCGCAGGAAGCGCTGAAGAAGTTCCTGAATT
ATTTTATTGAGGAGTTGGAAAAAGAATATGAAAAACTGGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCAC
CACCAC 
 
MSGIKLSEEEKKLVLEIFKLFEENLEEFGKEVLITTFTKHPETKKKFPRFAHLKTEEEFLASPELAKHGVTVLNALIEIAKLYLEG
KDYRSLIKKLAKSHKLEHKIPIEDLKYIADAIIEVAKKFFPEKFGEKAQEALKKFLNYFIEELEKEYEKLGGGSGSHHWGSTHHHH
HH 
 
 
dnMb18 
 
ATGTCAGGAGATGAAGAAAAGAAAAAACTGGTGCTGGAAGCGTTTGAATTGGTGGAAAAAGATATTGAAGGCATTGGCGCGGAAGT
GCTGAAACTGACCTTTGAAAAACATCCGGAAACCCTGGAGAAATTTCCGCGCCTGAAAGAATTACATGCGGCGGGCAGCCCGGAAC
TGGAAGAACTGTTGAAGGAACATGGCGCGACCGTGTTGAAAGCGCTGATTGAAATTGCGCGCTTAAAAATTAGCGGCGGCGATTAT
CTGAGCCTGGTGAAAGAGCTGGCGAAAAGCCATAAAGAAGAGCATAAAATTCCGATTGAAGATCTGAAGAAAATCGCCGAAGCCCT
GCTGGAGGTTTTGAAGGAAAAATATCCAGAAGAATTTGGCGAAGAAACCCAGGAGGCTCTGAAAGAATTTCTGGATTGGTTTATCG
AGGAGCTGGAAAAGGAATTTAAGGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGDEEKKKLVLEAFELVEKDIEGIGAEVLKLTFEKHPETLEKFPRLKELHAAGSPELEELLKEHGATVLKALIEIARLKISGGDY
LSLVKELAKSHKEEHKIPIEDLKKIAEALLEVLKEKYPEEFGEETQEALKEFLDWFIEELEKEFKEGGGSGSHHWGSTHHHHHH 
 
 
dnMb19 
 
ATGTCAGGAAGCGAAGAAAAAGCGGCGTTGGTGCTGGCGCTGTTTGATCGCGTGGAAGCGGATCGCGAAGAAATTGGTGCGGCGGT
GCTGCGCCGCACCTTTGAAGAACATCCGGAAACCCTGAAAAAATTTCCGCGCTTTCTGGAACTGTATAAAAAAGGTAGCCCAGAAC
TGGATGCGCTGCTGAAAGAGCATGGCAAAACCGTGCTGGACGCGCTGATTGAAATTGCGCGCCTGCGCTATAGCGGCGAAGATTAT
CGCAGCCTGATTAAAGAGCTGGCGAAAAGCCATAAAGAAGAACATAAAATTCCAATTGAAGATCTGCGCCATATTGCGGAAGCGTT
GTTGGCCGTTTTGGCGGAACGCTTTCCGGATGAATTTGGTCCAGAAGCGCGCGCGGCACTGACCGATTTTTTGGATTGGTTTATCG
CGGAAATTGAGGAGGAATATAAGAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 

 



MSGSEEKAALVLALFDRVEADREEIGAAVLRRTFEEHPETLKKFPRFLELYKKGSPELDALLKEHGKTVLDALIEIARLRYSGEDY
RSLIKELAKSHKEEHKIPIEDLRHIAEALLAVLAERFPDEFGPEARAALTDFLDWFIAEIEEEYKKGGGSGSHHWGSTHHHHHH 
 
 
dnMb20 
 
ATGTCAGGACTGAGCGAAGAAGAATGGAAAATTGTGCTGGAAATTTTTGCGTTAGTTCGTGAAGATTTAGCGGGTGTTGGTGCGGC
GGTTTTAGAACGTACCTTTGCGACCCATCCAGAAACCTTAAAAAAATTTCCACGTTTTCTCGCGGCAGCGGAAGCGGGCGTGTTGG
ATCGTGCGCTGCTGGCCGCGCATGGCGAAACCGTGCTGACCGCGCTGATTGAAATTGCGGAAAGCAAACTGGATCCGGAACTGATT
AAGAAACTGGCGGAAAGCCATGTGAAAGAACATAAAATTCCGATTGAATATCTGCGCGCGATTGCCGATAGCCTGATCGCGGTCCT
GAAAGAACGCTATCCAGAGCGCTTTGGTGAAAAAGCGCAGGAGGCGGTTAAAAAGTTTCTGGATCTGTTTATTGAAAAGTTTGAAG
AAGAAGCGGAAAAAGAAAAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGLSEEEWKIVLEIFALVREDLAGVGAAVLERTFATHPETLKKFPRFLAAAEAGVLDRALLAAHGETVLTALIEIAESKLDPELI
KKLAESHVKEHKIPIEYLRAIADSLIAVLKERYPERFGEKAQEAVKKFLDLFIEKFEEEAEKEKGGGSGSHHWGSTHHHHHH 
 
 
dnMb21 
 
ATGTCAGGAAGCTTAACCCCAGAAGAATTAGCGATTGTGAAAGCGCTGTTTGCGCGCGTGCGCGAAGATCTGGAAGGCGTGGGCGC
GGAAGTGCTGCGCTTGACCTTTGAAAAACATCCAGAAACCTTAAAAAAATTTCCACGTTTTTTGGAATTGAAGAAAGCGGGCAGCC
CGGAACTGGAAGCGGAGCTGCGTGCGCATGGCGTGACCGTGCTGACCGCGCTGATTGAACTTGCGGATAATTATGAAGGCAATAAT
GAAACTCTGGAAAAACTGGCCGAAAGCCATACCAAAGTGCATAAAATTCCGGTGAGCGATCTGAAGAATATTGCGGCGGCGATTAT
TGAAGTCCTGAAAGAACGCTTTCCGGAAGAGTTTGGCGAAGAAGCGCAGGCGGCGTTTACCAAATTTTTAGATAAATTTATTAAAG
ATATTGCGGAGCTGCAGAAAAAATTTGAAGGCGGCGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGSLTPEELAIVKALFARVREDLEGVGAEVLRLTFEKHPETLKKFPRFLELKKAGSPELEAELRAHGVTVLTALIELADNYEGNN
ETLEKLAESHTKVHKIPVSDLKNIAAAIIEVLKERFPEEFGEEAQAAFTKFLDKFIKDIAELQKKFEGGGSGSHHWGSTHHHHHH 
 
 
Native Mb, 3RGK 
 
ATGTCAGGAGGCCTGAGCGATGGCGAATGGCAGCTGGTGCTGAACGTGTGGGGCAAAGTGGAAGCGGATATTCCGGGCCATGGCCA
GGAAGTGCTGATTCGCCTGTTTAAAGGTCATCCGGAAACCCTGGAAAAGTTCGACCGCTTTAAACATCTGAAATCTGAAGATGAGA
TGAAAGCGAGCGAAGATCTGAAGAAACATGGCGCGACCGTGCTGACCGCGCTGGGCGGTATTCTGAAGAAGAAAGGCCATCACGAA
GCCGAAATTAAACCGCTGGCGCAGAGCCATGCGACCAAACATAAAATTCCGGTGAAGTACCTGGAATTTATCAGCGAAGCGATTAT
TCAGGTGCTGCAGAGCAAACATCCGGGCGATTTTGGCGCGGATGCGCAGGGTGCGATGAACAAAGCGCTGGAACTGTTTCGCAAAG
ATATGGCGAGCAACTATAAAGAACTGGGTTCCGGCAGCCATCATTGGGGCAGCACCCACCACCACCACCACCAC 
 
MSGGLSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDRFKHLKSEDEMKASEDLKKHGATVLTALGGILKKKGHHE
AEIKPLAQSHATKHKIPVKYLEFISEAIIQVLQSKHPGDFGADAQGAMNKALELFRKDMASNYKELGSGSHHWGSTHHHHHH 
 
 
TEV sequences 
N-terminal tag + linker and C-terminal linker are highlighted in green. 
 
hyperTEV56  
 
ATGAGCCACCACCACCACCACCACTCAGGAATGGAAAGCGCGGCGCCGGGCCCGCGCGATTATAACCCGATCAGCGATACCATTGT
GAAACTGACCAACACCTCTGATGGCTATAGCATTAGCCTGTATGGCATTGGCTTTGGCCCGCTGATCATTACCAACGCGCATTTAT
TTCGCCGCAACAACGGCACCCTGACCGTGACCAGCAAACATGGCACCTTCACCATTGAAAACACCACCACCCTGCAGCTGCATCTG
ATTGAAGGCCGCGATCTGGTGATTATTAAAATGCCGAAAGATTTTCCGCCGTTTCCGACCGATCTGGTGTTTCGCGAACCGGTGGA
AGGCGAGAAAATTACCCTGGTGACCCGCAACTTTCAGACCAAAGAACCGACCAGCGAAGTGAGCGATGTGAGCAGCACCTATCCGA
GCAGCGATGGCGTGTTTTGGAAACATTGGATTCCGACCAAAGATGGTCAGTGCGGCAGCCCGATGGTGAGCGTGGAAGATGGCAGC
ATTGTGGGCATTCATAGCGCGAGCAACTTTACCAATACCAACAACTATTTTACCGCGGTGCCGCCGGATTTCATGGATCTGCTGAC
CAACGATAGCCTGCAGAAATGGATTAGCGGCTGGAGCCTGAACAGCGATAGCGTTGAATGGGGCGGCCATAAAGTGTTTATGGATA
AACCGGGTTCC 
 

 



MSHHHHHHSGMESAAPGPRDYNPISDTIVKLTNTSDGYSISLYGIGFGPLIITNAHLFRRNNGTLTVTSKHGTFTIENTTTLQLHL
IEGRDLVIIKMPKDFPPFPTDLVFREPVEGEKITLVTRNFQTKEPTSEVSDVSSTYPSSDGVFWKHWIPTKDGQCGSPMVSVEDGS
IVGIHSASNFTNTNNYFTAVPPDFMDLLTNDSLQKWISGWSLNSDSVEWGGHKVFMDKPGS 
 
 
hyperTEV60 
 
ATGAGCCACCACCACCACCACCACTCAGGAGCGGAAAGCGCGGCGCCGGGCCCGCGCGATTATAACCCGATTAGCGATACCATTGT
TCTGCTGACCAATACCAGCGATGGCTATAGCATTAGCCTGTATGGCATTGGCTTTGGCCCGCTGATTATTACCAACGCGCACCTGT
TTCGCCGCAACAACGGCACCCTGACCATTACCAGCAAACATGGCACCTTTACCATTAGCAACACCACCACCCTGAAACTGCATCTG
ATCGAAGGCCGCGATCTGGTGCTGATTGAAATGCCGAAAGATTTTCCGCCGTTTCCGACCAACCTGGTGTTTCGTGAACCGGTGGT
GGGCGAAGAAATTGTGCTGGTGACCCGCAACTTTCAGACCAAAACCCCGACCAGCGAAGTGAGCGATGTGAGCACCACCTATCCGA
GCTCCGATGGCGTGTTTTGGAAACATTGGATTCCGACGAAAGATGGCCAGTGCGGCAGCCCGATGGTGAGCGTGACCGATGGCAGC
ATTGTGGGCATTCATAGCGCGAGCAACTTTACCAACACCAACAACTATTTTACCGCGGTGCCGCCGGATTTTATGCGCCTGCTGAC
CGATCCGAGCCTGCAGAAATGGGTGAGCGGCTGGAGCCTGAACAGCGATAGCGTGGAATGGGGCGGCCATAAAGTGTTTATGGATA
AACCGGGTTCC 
 
MSHHHHHHSGAESAAPGPRDYNPISDTIVLLTNTSDGYSISLYGIGFGPLIITNAHLFRRNNGTLTITSKHGTFTISNTTTLKLHL
IEGRDLVLIEMPKDFPPFPTNLVFREPVVGEEIVLVTRNFQTKTPTSEVSDVSTTYPSSDGVFWKHWIPTKDGQCGSPMVSVTDGS
IVGIHSASNFTNTNNYFTAVPPDFMRLLTDPSLQKWVSGWSLNSDSVEWGGHKVFMDKPGS 
 
 
hyperTEV89 
 
ATGAGCCACCACCACCACCACCACTCAGGAGCGGAAAGCGCGGCGCCGGGCCCGCGCGATTATAACCCGATTAGCAGCACCATTGT
GCGCCTGACCAACACCAGCGACGGCCATAGCATTAGCCTGTTTGGCATTGGCTTTGGCCCGCTGATTATTACCAACGCGCATTTAT
TTCGCCGCAACAACGGCACCCTGACCATTACCAGCCTGCATGGCACCTTTACCATTAGCAACACCACCACCCTGAAACTGCATCTG
ATTGAAGGCCGCGATCTGGTGATTATCAAAATGCCGAAAGATTTTCCGCCGTTTCCGACCACCCTGGAATTTCGCGAACCGGTGGT
GGGCGAAGATATTGTGCTGGTGACCCGCAACTTTCAGGATAAAGATCCGACCAGCGAAGTGAGCGATACCAGCACCACCGAACCGA
GCAGTGATGGCGTGTTTTGGAAACATTGGATCCCGACCAAAGATGGCCAGTGCGGCAGCCCGATGGTGAGCGTTAGCGATGGCAGC
ATTGTGGGCATTCATAGCGCGAGCAACTTCACCAATACCAACAACTATTTTACCGCGGTGCCGCCGAACTTTATGGATCTGCTGAC
CGATCCGAGCCTGCAGAAATGGATTAGCGGCTGGAGCCTGAACGCGGATAGCGTGGATTGGGGCGGCCATAAAGTGTTCATGGATA
AACCGGGTTCC 
 
MSHHHHHHSGAESAAPGPRDYNPISSTIVRLTNTSDGHSISLFGIGFGPLIITNAHLFRRNNGTLTITSLHGTFTISNTTTLKLHL
IEGRDLVIIKMPKDFPPFPTTLEFREPVVGEDIVLVTRNFQDKDPTSEVSDTSTTEPSSDGVFWKHWIPTKDGQCGSPMVSVSDGS
IVGIHSASNFTNTNNYFTAVPPNFMDLLTDPSLQKWISGWSLNADSVDWGGHKVFMDKPGS 
 
 
TEVd (PDB: 1LVM)(55)  
 
ATGAGCCACCACCACCACCACCACTCAGGAGGCGAAAGCCTGTTCAAAGGCCCGCGCGATTATAACCCGATTAGCAGCACCATTTG
CCATCTGACCAACGAAAGCGATGGCCATACCACCAGCCTGTATGGCATTGGCTTTGGCCCGTTTATCATTACCAACAAACATTTAT
TTCGCCGCAACAACGGCACCCTGCTGGTGCAGAGCCTGCATGGCGTGTTTAAAGTGAAGAATACCACGACCCTGCAGCAGCATCTG
ATTGATGGCCGCGATATGATTATTATTCGCATGCCGAAAGATTTTCCGCCGTTTCCGCAGAAACTGAAATTTCGCGAACCGCAGCG
TGAAGAACGCATTTGTCTGGTGACCACCAACTTTCAGACGAAAAGCATGAGCAGCATGGTGAGCGATACCAGCTGCACCTTTCCGA
GCAGCGATGGTATCTTTTGGAAACATTGGATTCAGACCAAAGATGGTCAGTGCGGCAGCCCGCTGGTGAGCACCCGTGATGGCTTT
ATTGTGGGCATTCATAGCGCGAGCAACTTTACCAATACCAATAACTATTTTACCAGCGTGCCGAAGAACTTTATGGAACTGCTGAC
CAACCAGGAAGCGCAGCAGTGGGTGAGCGGCTGGCGCCTGAACGCGGATAGCGTGCTGTGGGGCGGCCATAAAGTGTTTATGGATA
AACCGGGTTCC 
 
MSHHHHHHSGGESLFKGPRDYNPISSTICHLTNESDGHTTSLYGIGFGPFIITNKHLFRRNNGTLLVQSLHGVFKVKNTTTLQQHL
IDGRDMIIIRMPKDFPPFPQKLKFREPQREERICLVTTNFQTKSMSSMVSDTSCTFPSSDGIFWKHWIQTKDGQCGSPLVSTRDGF
IVGIHSASNFTNTNNYFTSVPKNFMELLTNQEAQQWVSGWRLNADSVLWGGHKVFMDKPGS 
 
 
S219V(55) 
 
ATGAGCCACCACCACCACCACCACTCAGGAGGCGAAAGCCTGTTCAAAGGCCCGCGCGATTATAACCCGATTAGCAGCACCATTTG
CCATCTGACCAATGAAAGCGATGGCCATACCACCAGCCTGTATGGCATTGGCTTTGGCCCGTTTATTATTACCAACAAACATTTAT
TTCGCCGCAACAACGGCACCCTGCTGGTGCAGAGCCTGCATGGCGTGTTTAAAGTTAAGAACACCACCACCCTGCAGCAGCATCTG
ATTGATGGCCGCGATATGATCATTATTCGCATGCCGAAAGATTTTCCGCCGTTTCCGCAGAAACTGAAATTTCGCGAACCGCAGCG
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CGAAGAACGCATTTGCCTGGTGACCACCAACTTTCAGACCAAAAGCATGAGCAGCATGGTGAGCGATACCAGCTGCACCTTTCCGA
GCAGCGATGGTATCTTTTGGAAACATTGGATTCAGACGAAAGATGGCCAGTGCGGCAGCCCGCTGGTGAGCACCCGTGATGGCTTT
ATTGTGGGCATTCATAGCGCGAGCAACTTTACCAACACCAACAACTATTTTACCAGCGTGCCGAAGAATTTTATGGAACTGCTGAC
CAACCAGGAAGCGCAGCAGTGGGTGAGCGGCTGGCGCCTGAACGCGGATAGCGTGCTGTGGGGCGGCCATAAAGTGTTTATGGTGA
AACCGGAAGAACCGTTTCAGCCGGTGAAAGAAGCGACCCAGCTGATGAACGAAGGTTCC 
 
MSHHHHHHSGGESLFKGPRDYNPISSTICHLTNESDGHTTSLYGIGFGPFIITNKHLFRRNNGTLLVQSLHGVFKVKNTTTLQQHL
IDGRDMIIIRMPKDFPPFPQKLKFREPQREERICLVTTNFQTKSMSSMVSDTSCTFPSSDGIFWKHWIQTKDGQCGSPLVSTRDGF
IVGIHSASNFTNTNNYFTSVPKNFMELLTNQEAQQWVSGWRLNADSVLWGGHKVFMVKPEEPFQPVKEATQLMNEGS 
 
 
TEV1Δ(59) 
 
ATGAGCCACCACCACCACCACCACTCAGGAGGCGAAAGCCTGTTTAAAGGCCCGCGCGATTATAACCCGATTAGCAGCACCATTTG
CCATCTGACCAACGAAAGCGATGGCCATACCACCAGCCTGTATGGCATTGGCTTTGGCCCGTTTATTATTACCAATAAACATTTAT
TTCGCCGCAACAACGGCACCCTGCTGGTGCAGAGCCTGCATGGCGTGTTTAAAGTGAAGAATACCACGACCCTGCAGCAGCATCTG
ATTGATGGCCGCGATATGATTATTATTCGCATGCCGAAAGATTTTCCGCCGTTTCCGCAGAAACTGAAATTTCGCGAACCGCAGCG
CGAAGAACGCATCTGCCTGGTGACCACCAACTTTCAGACCAAAAGCATGAGCAGCATGGTGAGCGATACCAGCTGCACCTTTCCGA
GCAGCGACGGCATTTTCTGGAAACATTGGATTCAGACGAAAGATGGTCAGTGCGGCAACCCGCTGGTGAGCACCCGCGATGGCTTT
ATTGTGGGCATTCATAGCGCGAGCAACTTTACCAACACCAACAACTATTTTACCAGCGTGCCGAAGAACTTTATGGAACTGCTGAC
CAACCAGGAAGCGCAGCAGTGGGTGAGCGGCTGGCGCCTGAACGCGGATAGCGTGCTGTGGGGCGGCCATAAAGTGTTTATGGTGG
GTTCC 
 
MSHHHHHHSGGESLFKGPRDYNPISSTICHLTNESDGHTTSLYGIGFGPFIITNKHLFRRNNGTLLVQSLHGVFKVKNTTTLQQHL
IDGRDMIIIRMPKDFPPFPQKLKFREPQREERICLVTTNFQTKSMSSMVSDTSCTFPSSDGIFWKHWIQTKDGQCGNPLVSTRDGF
IVGIHSASNFTNTNNYFTSVPKNFMELLTNQEAQQWVSGWRLNADSVLWGGHKVFMVGS 
 
 

superTEV(8) 
 
ATGAGCCACCACCACCACCACCACTCAGGACCGCGCGATTATAACCCGATTAGCAGCACCATTGTGCATCTGACCAACGAAAGCGA
TGGCCATACCACCAGCCTGTATGGCATTGGCTTTGGCCCGTTTATTATTACCAACAAACATTTATTTCGCCGCAACAACGGCACCC
TGCTGGTGCAGAGCCTGCATGGCGTGTTTAAAGTTAAGAACACCACCACCCTGCAGCAGCATCTGATTGATGGCCGCGATATGATT
ATTATCCGCATGCCGAAAGATTTTCCGCCGTTTCCGCAGAAACTGAAATTTCGCGAACCGCAGCGTGAAGAACGTATTGTGCTGGT
GACCACCAACTTTCAGACCAAAAGCATGAGCAGCATGGTGAGCGATACCAGCAGCACCTTTCCGAGCAGCGATGGTATTTTCTGGA
AACATTGGATCCAGACCAAAGATGGCCAGTGCGGCAGCCCGCTGGTGAGCACCCGTGATGGCTTTATTGTGGGCATTCATAGCGCG
AGCAACTTTACCAACACCAATAACTATTTTACCAGCGTGCCGAAGAACTTTATGGAACTGCTGACCAATCAGGAAGCGCAGCAGTG
GGTGAGCGGCTGGCGCCTGAACGCGGATAGCGTGCTGTGGGGCGGCCATAAAGTGTTTATGGATAAACCGGGTTCC 
 
MSHHHHHHSGPRDYNPISSTIVHLTNESDGHTTSLYGIGFGPFIITNKHLFRRNNGTLLVQSLHGVFKVKNTTTLQQHLIDGRDMI
IIRMPKDFPPFPQKLKFREPQREERIVLVTTNFQTKSMSSMVSDTSSTFPSSDGIFWKHWIQTKDGQCGSPLVSTRDGFIVGIHSA
SNFTNTNNYFTSVPKNFMELLTNQEAQQWVSGWRLNADSVLWGGHKVFMDKPGS 
 
 
MBP-TEVcs-FKBP-EGFP substrate 
TEVcs is highlighted in orange, FKBP is highlighted in green, and EGFP is highlighted in yellow. 
 
MKIEEGKLVIWINGDKGYNGLAEVGKKFEKDTGIKVTVEHPDKLEEKFPQVAATGDGPDIIFWAHDRFGGYAQSGLLAEITPDKAF
QDKLYPFTWDAVRYNGKLIAYPIAVEALSLIYNKDLLPNPPKTWEEIPALDKELKAKGKSALMFNLQEPYFTWPLIAADGGYAFKY
ENGKYDIKDVGVDNAGAKAGLTFLVDLIKNKHMNADTDYSIAEAAFNKGETAMTINGPWAWSNIDTSKVNYGVTVLPTFKGQPSKP
FVGVLSAGINAASPNKELAKEFLENYLLTDEGLEAVNKDKPLGAVALKSYEEELAKDPRIAATMENAQKGEIMPNIPQMSAFWYAV
RTAVINAASGRQTVDEALKDAQTNSSSNNNNNNNNNNLGIEGRISTSGSGGGGGSMSENLYFQGSMGVQVETISPGDGRTFPKRGQ
TCVVHYTGMLEDGKKFDSSRDRNKPFKFMLGKQEVIRGWEEGVAQMSVGQRAKLTISPDYAYGATGHPGIIPPHATLVFDVELLKL
NEGGSGGSGGSGGSMVSKGEELFTGVVPILVELDGDVNGHKFSVSGEGEGDATYGKLTLKFICTTGKLPVPWPTLVTTLTYGVQCF
SRYPDHMKQHDFFKSAMPEGYVQERTIFFKDDGNYKTRAEVKFEGDTLVNRIELKGIDFKEDGNILGHKLEYNYNSHNVYIMADKQ
KNGIKVNFKIRHNIEDGSVQLADHYQQNTPIGDGPVLLPDNHYLSTQSALSKDPNEKRDHMVLLEFVTAAGITLGMDELYKSGRHH
HHHH 

 

 

https://paperpile.com/c/Xh3e9q/Tk1Zm
https://paperpile.com/c/Xh3e9q/kcWKI


Chapter 3 Supplement 

Supplementary Text 

Motif generation via conformational sampling. To generate constellations of histidine rotamers around 

the serine backbone motif, distances, angles, and torsions were first specified in enzyme constraint file 

format along with sampling ranges and frequencies for the serine-substrate and serine-histidine 

interactions. These were input to a script which (1) sampled probable histidine rotamers from the 

Dunbrack library at the specified geometries with respect to the serine nucleophile and substrate, (2) built 

out protein stubs in helical or strand conformation flanking the histidine using Rosetta, (3) and filtered for 

clashes between the substrate, serine stub, and histidine stub before outputting these conformations as 

PDB files. The code and a detailed description of this script can be found here: 

https://github.com/ikalvet/invrotzyme .  

Evaluation of hydrogen bonds in PLACER predictions. Hydrogen-bonding interactions in PLACER 

predictions were evaluated by the measuring of distances, angles, and torsions between the acceptor and 

donor heavy atoms. Upper and lower bound cutoffs for each parameter (distance, angle, dihedral) were 

used to determine if the interaction constituted a hydrogen bond, depending on the hybridization of the 

participating heavy atoms. 

Active site composition and geometric features. To identify potential strategies for improving kcat in our 

designed hydrolases, we performed a comparative analysis of the active sites of our designs and natural 

hydrolases, identifying a number of deviating features in the catalytic triad, oxyanion hole, and 

surrounding molecular environment. Differences in active site makeup could contribute to decreased kcat 

values in our designs. In nature, the catalytic aspartate or glutamate is supported by a network of 

additional hydrogen bonds from surrounding sidechains and backbone amides (61), a feature rarely seen 

in our designs, which have at most one sidechain hydrogen bond to the catalytic aspartate. This highly 

 



polar environment helps aspartate remain in a charged state to stabilize the catalytic histidine, and clearly 

plays an important role in our designs as well, as evidenced by the significant effect of knockout mutants 

of these second shell contacts on activity (fig. S12). Although some notable exceptions exist, such as the 

serine protease subtilisin, in most natural serine hydrolases, at least 7 two backbone amide groups 

comprise the oxyanion hole, while all but one of the active designs herein contain one backbone amide 

and one sidechain hydrogen bond. Sidechains are expected to be significantly more challenging to 

preorganize than backbone amides due to additional rotatable bonds, and crystal structures of our designs 

often show deviations from the designed oxyanion hole sidechain conformations. Indeed, the design with 

the highest kcat, momi120, has two backbone amide hydrogen bonds. Geometric deviations within the 

catalytic triad and oxyanion hole could also account for the differences in kcat between our designs and 

native serine hydrolases. In nature, the catalytic aspartate and histidine form a particularly ideal hydrogen 

bond, characterized by short distances and near linear bond angles (33), while crystal structures of our 

designs display longer distances and deviations from ideal angles. Alignment of the active sites of natural 

enzymes and our active designs also reveals a difference in the angle of approach of the histidine to the 

serine in our designs (fig. S16). This shift may affect the role of the histidine in shuffling protons between 

the serine, substrate and hydrolytic water. Finally, the oxyanion hole hydrogen bonds of natural 

hydrolases are positioned to make out-of-plane interactions with the ester carbonyl of the substrate, which 

has been hypothesized to lead to selective stabilization of the oxyanion containing transition states and 

intermediates over the ground state (34, 51, 52). Our designs exhibit hydrogen bonds that are closer to 

in-plane hydrogen bonds that may over-stabilize the sp2 ground state of the substrate carbonyl. 

Design of catalytic triad containing proteins in NTF2 scaffolds. Theozymes containing catalytic triads 

and one or two sidechain oxyanion hole residues were docked into a set of hallucinated NTF2 scaffolds 

(40) using RosettaMatch, designed using three cycles of RosettaDesign with enzyme constraints applied. 

Designs were input to AF2 for single-sequence structure prediction as described in the Methods 

 



(“Filtering”), and filtered for a global Cα RMSD < 0.7 Å, pLDDT > 93, and catalytic residue Cα RMSD < 

1.0 Å. 

Structure generation with a new variant of all-atom RFdiffusion. In this study, we follow the familiar 

protocol of generating protein backbone structures with a diffusion model, followed by a fixed backbone 

sequence design step. The diffusion model we use is a newly trained variant of RFdiffusionAA, which we 

call ‘CA RFdiffusion’ (as in, alpha-carbon). In this section, we detail the training and inference protocols 

for this model. All training and inference code will be released upon manuscript publication.  

Introduction 

CA RFdiffusion comprises a set of two models, a diffusion model and a “refinement” model, that are both 

fine-tuned versions of the same pretrained RosettaFold All-Atom structure prediction network. There are 

two main differences between CA RFdiffusion and any previous variant of RFdiffusion(AA). First, the 

diffusion model itself produces only alpha-carbon coordinate positions, instead of full N-CA-C frames 

with both a translation and orientation (as in RFdiffusion (36) and RFdiffusionAA (41)). This means that 

a second step after generating the “CA trace” must be taken to obtain a fully constrained polypeptide 

backbone which can be assigned a sequence (one could also design sequences from CA coordinates alone, 

but we did not attempt this). We perform a second “refinement” step by training a second separate model 

to produce a full protein backbone given just the trace of alpha carbons.  

The second main difference is that instead of taking in motif structure information via static 3D 

coordinates supplied to the network (as is the case in RFdiffusion and RFdiffusionAA), CA RFdiffusion 

takes in motif structure information via the available inter-residue pairwise distance and orientation input. 

In RosettaFold All-Atom (and other previous structure prediction networks) this input is normally used 

for supplying structural information of proteins homologous to the query sequence during structure 

prediction (see (41, 75, 76)). For CA RFdiffusion, we use this input to encode motif structures as their 

pairwise distances and orientations, and have the network reconstruct the motif in its output 3D 

 



predictions. It is noteworthy that at least one other group (77) has developed an analogous 

motif-scaffolding technique concurrently and independently of the method we describe here. One main 

benefit of this motif input style is that, as Lin et al. (77) also point out, a user is able to present multiple 

discontiguous motifs to the network for scaffolding without specifying their relative rigid body transform 

(as is mandatory, by definition, for methods that take in 3D coordinates of the motif).  

Training CA RFdiffusion. Here we detail the two-part training of CA RFdiffusion, which comprises 

training a diffusion model for generating CA traces, followed by training a “refinement” model which 

produces full protein backbones from the CA traces.  

Architecture. Training the diffusion model for CA RFdiffusion is similar to (36), but there are several 

differences in the inputs to the network and loss function. We begin with the architecture and pretrained 

weights of RoseTTAFold All-Atom (41). To this architecture, we expand the dimensions of the template 

inputs (see Krishna et al. 2024 for architecture details) to include one additional per-token and 

per-token-pair indicator feature. These denote whether or not a token, or pair of tokens, is part of a motif 

being scaffolded by the network. During training, we supply three distinct templates (analogous to three 

separate homologous structure inputs during structure prediction), as shown in Table S3.  

We initialize the weights associated with the expanded feature dimensions as all zeros, such that 

predictions with the expanded architecture completely ignore the new features at first. However, as 

training progresses, the network can learn to correlate the motif indicator features with the perfect motif 

information supplied in template #3, helping distinguish that particular structural input from the rest of the 

structural inputs.  

Preparing training examples. Training examples are prepared in two stages: First, a dataset is selected to 

draw a structure from; either (A) PDB protein monomers without small molecules, or (B) PDB protein 

monomers in complex with small molecules. Then, a masking strategy is chosen for the drawn structure. 

The masking strategies available to either dataset are not the same, and they are outlined in Table S4 

 



below. Once the dataset and masking strategy are chosen, any structural components which are considered 

motif (any ligand, and unmasked protein fragments) are encoded in the motif (third) template with 

appropriate indicator features.  

To noise a selected example, we uniformly sample from the discrete set of times t ∈ [1,200] and 

then adopt precisely the CA-coordinate noising strategy employed by (36) to noise the CA positions of 

each N-CA-C frame in the backbone and all atoms in any ligand. We do not use any noising strategy for 

the frame orientations, and instead set all residue frame orientations to the identity rotation, which 

removes any information about the native structure contained in the frame orientations. It is noteworthy 

that this step breaks the equivariance of a network forward pass, because the process of setting all frame 

orientations to an arbitrary orientation is not equivariant to arbitrary rotations of the input molecules. A 

summary of training example generation hyperparameters can be found in Table S5. It is worth 

emphasizing that because the motif information is encoded in the template inputs to the network 

(described above), all residues and small molecule atoms are noised in 3D space, and the network is 

tasked with reconstructing the motif in its output – a well-defined problem since the motif is templated. 

Loss function. The loss function to train the diffusion model for CA RFdiffusion is: 

Ldiffusion = Wdisp Ldisp + Wdisto,anglo Ldist,ang + WFAPE,prot LFAPE,prot + WFAPE,prot-sm LFAPE,prot-sm + WFAPE,sm LFAPE,sm 

Where Ldisp is the CA coordinate displacement loss (as described in (36)), Ldist,ang is the pairwise 

inter-residue distogram and anglogram cross entropy loss (as described in (36)), LFAPE,prot  is intra-protein 

frame-aligned point error (FAPE) (50) loss on the motif – applied only to pairs of residues which were 

supposed to be constrained with respect to each other in the motif template definition using Algorithms 1, 

2, and 3. LFAPE,prot-sm is the inter-protein-ligand FAPE loss, only computed for frame-point pairs between 

motif amino acids and ligand atoms (recall, ligand atoms are always considered motif). LFAPE,sm is the 

FAPE associated with ligands internally only. The values of their respective weights can be found in Table 

S5.  

 



While Ldisp and Ldisto,anglo are identical to how they were defined and applied in (36), the application 

of FAPE losses on protein and ligand motif fragments is new to the CA RFdiffusion diffusion model. The 

FAPE losses were applied to encourage precise and robust reconstruction of ideal motif geometries in the 

final output of the network. Note that because FAPE by definition scores the quality of an N-CA-C rigid 

frame orientation, the diffusion model will produce full backbone heavy atom predictions for motif 

regions, and CA-only predictions in non-motif regions. All small molecules are considered to be a motif 

and thus encoded in the template structure input.  

Training the refinement model. Because the diffusion model only produces CA positions in non-motif 

regions, a second model (“the refinement model”) was trained to take in CA-only descriptions of 

backbones and produce a refined backbone with all N-CA-C positions and orientations fully described. In 

short, a model was trained to take in natural protein structures with slightly noised CA positions and 

random N-CA-C frame orientations, and reconstruct the native backbone heavy atoms. Note this is not a 

diffusion process, but instead a single shot structure noising and refinement.  

Architecture. The architecture of this model is precisely identical to that of the diffusion model described 

above.  

Preparing training examples. Training dataset, masking strategy and motif templating are very similar 

to that described above for the diffusion model. The only differences are (1) Instead of noising the 

resulting structures in a forward diffusion process, a single instance of 3D Gaussian noise is added to all 

CA atoms and ligand atoms in the structure, and the orientation of N-CA-C frames is randomized. (2) The 

model is trained in two stages in which the datasets sampled are different: We trained for the first 4 

epochs with variance 1.0 Å2 on the PDB monomer only dataset (i.e., no ligands), then for 3 additional 

epochs with variance 1.5 Å2 on both the PDB monomer only dataset and the monomer + ligands dataset. 

For N-CA-C frame orientation randomization, we simply use the scipy.spatial.transform.Rotation object 

 



to produce random rotation matrices for our frames via  Rotation.random(L), and orient them accordingly. 

These examples are then fed to the model, and it is tasked with reproducing the native protein structure.  

Loss function. The loss function for refinement is very similar to Ldiffusion defined above:  

Lrefinement = Ldiffusion + WFAPE,prot (non-motif) LFAPE,prot (non-motif) + WpLDDT LpLDDT 

Where LFAPE,prot (non-motif) is the FAPE loss associated with any non-motif regions (which are always protein 

only regions), WFAPE,prot (non-motif) is its corresponding weight, LpLDDT is the loss associated with predicting the 

LDDT of the refined structure (see (41) for details of function) with weight factor WpLDDT. Additionally, 

for refinement training we set Wdisp = 0 (i.e., no loss from the coordinate displacement loss function) and 

let FAPE serve as the dominant loss signal. See Table S5 for the weight values for specific components of 

the loss function.  

Running inference. Inference is run by running a denoising diffusion trajectory with the trained diffusion 

model, templating a desired motif and constraining inter-motif-chunk DOFs as the user desires (in this 

study, we constrain all components of the motif with respect to all others). The output from this denoising 

trajectory is then fed into the refinement model, which receives a template of the original perfect motif, as 

opposed to a template of the motif as it was reconstructed by the diffusion model. The refinement model 

then produces a full heavy atom prediction of the backbone, usually reconstructing the motif to within less 

than 0.2 Å of the native/input. For sidechains within the motif, we rebuild the rotamers from the input 

motif onto the corresponding residues in the output, using the sidechain dihedral angles from the original 

motif, and ideal bond lengths and angles. At this stage, the output is ready for sequence design.  

 



Supplementary Figures 

 
Figure S1. Summary of design rounds. Numbers represent generated designs (green boxes) or number of designs 
passing filters (blue boxes). Diagonal arrows indicate designs that passed filters in a previous round and were 
redesigned again with LigandMPNN and FastRelax to generate more designs. Key designs described in the main 
text are listed in the notable designs section. 

 



 

Figure S2. Serine hydrolase design and characterization with hallucinated NTF2s. (A) Chemical structure of 
TAMRA-conjugated fluorophosphonate probe (FP-probe). (B) In-gel fluorescence of catalytic residue alanine 
knockouts in probe-reactive design n8. Fluor. is fluorescence imaging and CB is Coomassie blue stained. (C) 
Reaction progress curves of 10 µM n8 incubated with 100 µM 4MU-Ac in 20 mM HEPES, 50 mM NaCl, pH 7.4. 
Shaded area represents standard deviation of three technical replicates and dashed line represents enzyme 
concentration. (D) In-gel fluorescence of NTF2-based serine hydrolase design cell lysates after 1 hour incubation 
with 1 µM FP-TAMRA. Fluor. is fluorescence imaging and CB is Coomassie blue stained. Molecular weights of 
designs range from 15 to 18 kD. (E,F) Structural superposition of n8 crystal structure and design model with 
4MU-Ac docked in place of fluorophosphonate probe. 

 

 

 

 

 

 

 



 

Figure S3. Comparing preorganization of native and designed serine hydrolases with PLACER. (A) Reaction 
states modeled with PLACER. Key hydrogen bonding interactions are highlighted in yellow. (B) Percent PLACER 
ensemble frames in which all of the key hydrogen bonding interactions are simultaneously formed for each step 
(apo, TI1, AEI, TI2 from left to right), with designs in teal, natural hydrolases in black, and medians for each 
distribution indicated in red. P-values for comparison of natural hydrolases and design distributions were obtained 
by K-S test and are 0.09, 4.9e-7, 0.03, and 0.0001 for the apo, TI1, AEI, and TI2 states, respectively. Designs labeled 
“Richter” and “Rajagopalan” were reported in references 6 and 7, respectively. Natural hydrolases (n=13) were 
obtained from the PDB (see Methods, “Filtering”). Richter (n=4), Rajagopalan (n=4), and NTF2 (n=14) designs 
were all generated by matching followed by Rosetta sequence design, with the primary difference being the scaffold 
libraries (native proteins for Richter and Rajagopalan, and hallucinated NTF2s for the NTF2 set)  and the input 
motifs (Cys-His dyads for the Richter set, organophosphate-targeted catalytic triads for the Rajagopalan set, and 
catalytic dyads and triads targeted toward organophosphates and esters for the NTF2 set) utilized at the matching 
stage. 

 



 

Figure S4. In-gel fluorescence imaging with fluorescently labeled fluorophosphonate activity-based probe. 
In-gel fluorescence of (A) round 1, (B) round 2, and (C) round 3 designs after 1 hour incubation of cell lysate with 1 
µM FP-TAMRA. Fluor. stands for fluorescence and CB for Coomassie blue. Lanes with labels indicate designs that 
were purified and tested for esterase activity. 

 



 

Figure S5. PLACER analysis suggests single-turnover designs are more preorganized. (A) Schematic depicting 
catalytic serine-histidine hydrogen bond interaction. (B) Median Ser-His H-bond distance, (C) median serine Oγ 
uncertainty, and (D) median histidine Nε2 uncertainty calculated from PLACER ensembles of the apo state for 130 
round 1 designs. Yellow points represent the two single-turnover designs, shh25 and shh59. 

 

Figure S6. Mass spectra of single-turnover designs incubated with cognate ester substrates. Mass spectra of 
shh25 (A) and shh59 (B) after overnight incubation with 100 μΜ of 4MU-acetate in 20 mM HEPES, 50 mM NaCl, 
pH 7.4, 5% DMSO buffer. 

 



 

Figure S7. Michaelis-Menten kinetics of designed serine hydrolases. Reactions were performed at 30°C in 20 
mM HEPES, 50 mM NaCl, pH 7.4, 5% DMSO assay buffer. Shaded area in progress curves and error bars in 
Michaelis-Menten plots represent standard deviation of three technical replicates. Horizontal dashed lines represent 
enzyme concentrations. 

 



 

Figure S8. Substrate selectivity of win and super. Progress curves of (A) win and (B) super incubated with 50 
μM of either 4MU-Ac or 4MU-Bu in 20 mM HEPES, 50 mM NaCl, pH 7.4 at 30°C. Dashed line indicates enzyme 
concentration and shaded area represents the standard deviation of three technical replicates. (C) win crystal 
structure with 4MU-Bu modeled in the active site. (D) Surface representation of super crystal structure with 
4MU-Bu docked into the active site. 

 

Figure S9. Burst phase kinetics of win.  Progress curves (left) and Michaelis-Menten plot (right) of the burst phase 
of win (1 μM) incubated with up to 100 μM of 4MU-Ac does not reach a saturating velocity, suggesting Ks >> Km 
(Km = 2.8 μM). Dashed line represents enzyme concentration and shaded area represents standard deviation of three 
technical replicates in the progress curve plot. 

 



 

Figure S10. Structural novelty of designed esterases. Overlay of design models and most similar structures by 
TM-score from Foldseek searches for (A) super, (B) win31, (C) kent1, (D) charliet2, (E) momi, (F) momi120, 
(G) superfast, and (H) supercool. 

 



 

Figure S11. Screening and kinetic analysis of resampled designs. In-gel fluorescence imaging after incubation of 
cell lysates of (A) r3-win redesigns and (B) round 3 redesigns with 1 µM FP-TAMRA. Progress curves of (C) 
r3-win redesigns and (D) round 3 redesigns incubated at 30°C with 100 µM 4MU-Ac and 4MU-Bu in 20 mM 
HEPES, 50 mM NaCl, pH 7.4, 5% DMSO assay buffer. Dashed line represents enzyme concentration (0.5 µM). 

 



 

Figure S12. Progress curves for active site residue mutants of designed serine hydrolases. Reactions were 
performed at 30°C with 1 μΜ or 0.5 μΜ (win1, win11, win31) enzyme and 100 μΜ 4MU-Ac, 100 μM 4MU-Bu 
(charliet2, kent1), or 50 μM 4MU-PhAc (momi) in 20 mM HEPES, 50 mM NaCl, pH 7.4, 5% DMSO. Dashed 
lines indicate the enzyme concentration and shaded areas represent standard deviation of three technical replicates. 

 

Figure S13. Analysis of win1 and win31 crystal structures. (A) The catalytic serine S142 in chain B of win1 
occupies two distinct rotameric states. 2Fo-Fc map in blue mesh shown at 1 σ. (B) Structural superposition of 
overall fold of all five chains in the asymmetric unit of win31 (color) and win31 design model (gray) (C) Active site 
zoom-in of structural superposition of the five chains in the win31 asymmetric unit (color) overlaid with design 
model (gray). 

 



 

Figure S14. Characterization of redesigns of win1 for larger 4MU-PhAc substrate. (A) Progress curves of win1 
with 100 μΜ 4MU-Ac (blue) and 4MU-PhAc (red) indicate preference for 4MU-Ac. (B,C) Progress curves of 
win1_b1 with 4MU-PhAc (B) and 4MU-Ac (C). (D) Michaelis-Menten plot of win1_b1 with 4MU-PhAc. (E) 
Progress curves for catalytic residue knockout mutants of win1_b1 with 100 μΜ 4MU-PhAc. Reactions were 
performed at 30°C in 20 mM HEPES, 50 mM NaCl, pH 7.4, 5% DMSO with 1 μΜ (win1) or 0.5 μΜ (win1_b1) 
enzyme. Dashed lines indicate the enzyme concentration and shaded areas represent standard deviation of three 
technical replicates. 

 



 

Figure S15. Kinetic and mass spectrometric analysis of kent1 reveal inactivation over time and stable acylated 
species. (A) Progress curve of 0.5 μM kent1 incubated with 50 μM 4MU-Bu in 20 mM HEPES, 50 mM NaCl, pH 
7.4, 5% DMSO assay buffer at 30°C. Dashed line represents the enzyme concentration and shaded area represents 
standard deviation of three technical replicates. (B) Mass spectra of WT and catalytic serine knockout (S53A) of 50 
μM kent1 after overnight incubation at room temperature with 100 μM 4MU-Bu.  
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Figure S16. Comparison of catalytic geometries in designed and native serine hydrolases. (A) Structural 
alignment of super design model (gray) and crystal structure of subtilisin (teal) (PDB: 1scn) highlighting distinct 
oxyanion hole geometries of side chain glutamine (super) and asparagine (subtilisin) relative to the substrate 
carbonyl. super’s oxyanion H-bond may stabilize the ground state and slow catalysis. (B) Comparison of His-Ser 
interactions found among native hydrolases (gray) and those in super (teal) and win (peach). 

 

Figure S17. Adding second-shell structural support to the active site of momi improves catalysis. (A) 
Structural extension of N-terminus of momi with RFdiffusion to generate momi120. Original structure in gray, 
newly built region in teal. (B) Progress curves of momi120 with increasing concentrations of 4MU-PhAc. 
Horizontal dashed lines indicate the enzyme concentration (1 μM) and shaded areas represent the standard deviation 
of three technical replicates. (C) Michaelis-Menten plot of momi120 with 4MU-PhAc. Kinetic assays were 
performed in 20 mM HEPES, 50 mM NaCl, pH 7.4, 5% DMSO assay buffer at 30°C. 

 



 

Figure S18. Adjusting super oxyanion hole geometry with RFdiffusion improves catalysis. (A) Repositioning of 
sidechain oxyanion hole Gln71 to a form a more out-of-plane H-bond with substrate carbonyl group (dihedral angle 
indicated in yellow between substrate ester and amino group shifted from 127 degrees in starting structure to 75 
degrees). (B) Selected design models illustrating the diversity of the RFdiffusion-built region (green/yellow/blue) 
scaffolding the new sidechain oxyanion hole residue (teal). (C,D) Overall fold and active site zoom-in of superfast 
(C) and supercool (D) design model. (E,F) Michaelis-Menten plot of superfast (E) and supercool (F) with 
4MU-Bu. (G,H) Progress curves of catalytic residue knockout mutants of superfast (G) and supercool (H). Dashed 
line represents the enzyme concentration (1 μM) and shaded area represents standard deviation of three replicates. 

 



 

Figure S19. Structural modeling and kinetic characterization of momi120 redesigns. (A,B) Overall fold and 
active site zoom-in of momi120-103 (A) and momi120-74 (B) design models. (C,E) Progress curves of 
momi120-103 (C) and momi120-74 (E) incubated with 4MU-PhAc. (D,F) Michaelis-Menten plots of momi120-103 
(D) and momi120-74 (F) with 4MU-PhAc. (G-I) PLACER ensembles of momi120 (G), momi120-74 (H), and 
momi120-103 (I) in the AEI state, highlighting active site differences involved in substrate binding at positions 76 
and 181/183. (J) Superposition of five Chai-1 predictions of momi120-103 in complex with 4MU-PhAc. 

 

 

 

 

 



 

Figure S20. Catalytically incompatible geometries in previous serine hydrolase design OSH55. (A) Key 
interaction in tetrahedral intermediate 1 (TI1) between histidine Nε2 and substrate leaving group oxygen (red 
highlight). (B, C) Crystal structure of OSH55 design (E6D/L155R variant, PDB ID 4ess) shown in complex with 
computationally docked 4MU-Ac esterase substrate for both re and si faces of attack. The key histidine-leaving 
group interaction is depicted with red dashes. Distances in Å. 

 

Table S1. Kinetically or structurally analyzed designs from each round. 

Design round Design names 

Round 0 n8 

Round 1 shh25 

Round 2 rem6507 

Round 3 super, win, josie 

Round 4 win1, win11, win31, dadt1 

Round 5 charliet2, kent1 

Round 6 win1_b1 

Round 7 momi 

Round 8 momi120 

Round 9 supercool, superfast 

 



Round 10 momi120_74, momi120_103 

Table S2. Data collection and refinement statistics. Statistics for the highest resolution shell are shown 
in parentheses. 

 
r0-n8 r3-super r3-win r4-win1 r4-win31 r4-dadt1 

PDB ID 9DED 9DEE 9DEF 9DEG 9DEH 9MRB 

Wavelength 0.97648 0.92010 1.00002 1.00002 0.97936 0.97934 

Resolution range 
40.00 - 1.77 
(1.81  - 1.77) 

32.12  - 1.21 
(1.28  - 1.21) 

46.02  - 1.75 
(1.78  - 1.75) 

43.27  - 2.11 
(2.17  - 2.11) 

58.33  - 2.21 
(2.33  - 2.21) 

51.19  - 2.001 
(2.13  - 2.0) 

Space group 
P 1 21 1 R 3 :H P 21 2 21 P 21 21 21 P 21 21 21 C 1 2 1 

Unit cell 
38.6, 31.6, 40.8; 

90, 101.3, 90 
68.4, 68.4, 76.4; 

90, 90, 120 
31.2, 46.0, 92.9; 

90, 90, 90 
35.8, 82.0, 

101.9; 90, 90, 90 
63.4, 107.0, 

116.7; 90, 90, 90 
42.4, 56.7, 51.6; 

90, 97.23, 90 

Total reflections 
63121 (3594) 2592198 

(38409) 
153901 (8688) 192423 (15480) 457352 (66573) 35618 (6028) 

Unique reflections 
9440 (526) 40645 (5957) 14105 (749) 17989 (1414) 40598 (5849) 8217 (1357) 

Multiplicity 
6.7 (6.8) 6.4 (6.4) 10.9 (11.6) 10.7 (10.9) 11.3 (11.4) 4.3 (4.4) 

Completeness (%) 
98.8 (99.3) 99.86 (100.00) 99.80 (99.60) 99.9 (99.9) 100.00 (100.00) 98.77 (98.62) 

Mean I/sigma(I) 
11.4 (2.4) 12.6 (1.1) 14.0 (1.9) 10.3 (2.4) 6.4 (0.70) 4.04 (0.92) 

Wilson B-factor 
22 21 27 28 39 29 

R-merge 
0.090 (0.831) 0.048 (1.347) 0.084 (1.274) 0.151 (0.958) 0.284 (3.183) 0.185 (1.494) 

R-pim 
0.041 (0.368) 0.022 (0.639) 0.028 (0.402) 0.050 (0.314) 0.090 (1.024) 0.099 (0.787) 

CC1/2 
0.997 (0.798) 0.999 (0.471) 0.998 (0.752) 0.999 (0.918) 0.977 (0.424) 0.992 (0.566) 

Reflections used in 
refinement 

9422 (1332) 40645 (2937) 14057 (1366) 17872 (1321) 40457 (2855) 8173 (1355) 

Reflections used for 
R-free 

935 (138) 2012 (150) 1406 (137) 1788 (131) 2004 (138) 818 (136) 

 



R-work 
0.1896 (0.2479) 0.2057 (0.3380) 0.2361 (0.3217) 0.2039 (0.2557) 0.2381 (0.3796) 0.2131 (0.2667) 

R-free 
0.2216 (0.2904) 0.2414 (0.3917) 0.2726 (0.3556) 0.2590 (0.3229) 0.2697 (0.3863) 0.2575 (0.3123) 

Number of 
non-hydrogen atoms 

1044 1451 1284 2700 6346 1181 

macromolecules 
969 1292 1215 2535 6204 1131 

ligands 
0 0 5 6 83 13 

solvent 
75 159 64 159 59 37 

Protein residues 
114 160 151 314 790 141 

RMS(bonds) 
0.019 0.006 0.007 0.011 0.008 0.002 

RMS(angles) 
1.62 0.60 0.81 1.03 0.75 0.40 

Ramachandran 
favored (%) 

98.21 99.37 97.99 99.68 99.36 100.00 

Ramachandran 
allowed (%) 

1.79 0.63 2.01 0.32 0.64 0 

Ramachandran 
outliers (%) 

0.00 0.00 0.00 0.00 0.00 0 

Average B-factor 
26 27 40 33 49 31 

macromolecules 
26 26 40 33 49 31 

ligands 
  34 51 56 44 

solvent 
315 35 35 36 40 34 

Table S3. Template indicator, timestep and structural features input to both the diffusion and 
refinement models of CA RFdiffusion. Template #1 is the self-conditioning template, exactly as 
described in(18). For the new per token “is motif” indicator, this template receives a null value of -1 for 
all tokens, while still containing the encoding of the current discrete time step 1-T/t. The pairwise 
template features for template #1 contain the self-conditioning information (the distance/angle encoding 
of the previous prediction of X0), and a null -1 indicator feature for all pairs. Template #2 contains null 
information (i.e., -1) for all indicator and timestep features, but the pairwise structure input contains the 
distance/angle encoding of the current noisy Xt structure being input to the network in 3D. Template #3 

 

https://paperpile.com/c/Xh3e9q/I2iJ5


contains information about the perfect motif geometry and primary sequence location, to be scaffolded by 
the network. This template is the only one of the three which uses the “is motif” feature (0 if non-motif, 1 
if motif token) and the “pair is constrained” indicator (1 if the pair is constrained, else 0). 

 Per-token (1D) info Per-token-pair (2D) info 

Template #1 - Self-conditioning Timestep feature: 1-T/t 

Is motif feature: -1 

Structural data: Previous prediction of X0 

Pair constraint indicator: -1 

Template #2 - Current Xt input Timestep feature: -1 

Is motif feature: -1 

Structural data: Current Xt structure input 

Pair constraint indicator: -1 

Template #3 - Perfect motif info Timestep feature: -1 

Is motif feature: 0 for 
False, 1 for True 

Structural data: Perfect motif geometry 

Pair constraint indicator: 1 if token pair is 
geometrically constrained, else 0. 

 

Table S4. Training dataset and masking strategy probabilities for diffusion model training. For 
protein-only monomers from the PDB, which is chosen 60% of the time, there are three possible masking 
strategies. (A) A “chunked” diffusion mask, in which 1-8 discontiguous fragments are designated as motif 
components. Each pair of discontiguous fragments has some nonzero probability of being unconstrained 
with respect to each other (see Algorithm 1 for details). (B) Multiple “triple contacts” are chosen, in 
which three residues that are close in spatial proximity but far from each other in primary sequence are 
selected (see Algorithm 2 for details). (C) Unconditional, in which there are no motifs and the task is to 
denoise the full structure. For the second dataset, which is PDB monomers in complex with small 
molecule ligands, there is a single motif masking strategy used every time. In this “small molecule contact 
mask” generation, the structure of the ligand is revealed in the template, along with either 0, 1, or 2 
additional discontiguous protein fragments in close proximity to the ligand (see Algorithm 3 for details). 

Dataset probabilities Masking probabilities 

Dataset #1: PDB monomers - 60% probability (A) “Chunked diffusion mask” - 20% 
(B) Multi triple contact - 50% 

(C) Unconditional - 30% 

Dataset #2: PDB monomers in complex with ligands - 40% 
probability 

(A) Small molecule contact mask - 100% 

 



Table S5. Training hyperparameters for CA RFdiffusion (diffusion model and refinement model). 

Parameter Description Value 

β0 
Variance at time t=0 0.01 

βT 
Variance at time t=T=200 0.07 

T Total number of timesteps in noising process 200 

Variance schedule type NA Linear 

Wdisp 
CA displacement loss weight 0.5 

Wdist-ang 
Distogram and anglogram cross entropy loss weight 0.05 

WFAPE,prot 
Intra-protein fragment FAPE loss weight 10.0 

WFAPE,prot-sm 
Inter protein-ligand FAPE loss weight 10.0 

WFAPE,sm 
Intra ligand FAPE loss weight 10.0 

WFAPE,prot(non-motif) 
(Refinement model only) Non-motif protein FAPE loss weight 10.0 

WpLDDT 
(Refinement model only) pLDDT loss weight 0.1 

AFAPE,prot 
Normalizing constant for protein motif FAPE 5.0 

AFAPE,sm 
…for intra-ligand FAPE 4.0 

AFAPE,prot-sm 
…for inter protein-ligand FAPE 10 

AFAPE,prot(non-motif) 
…for non-motif FAPE. 10 

Dclamp,prot 
Clamp upper bound for protein motif FAPE 5 

 



Dclamp,sm 
…for intra-ligand FAPE 4.0 

Dclamp,prot-sm 
…for inter protein-ligand FAPE 10 

Dclamp,prot(non-motif) 
…for non-motif FAPE 10 

Batch size Effective batch size on 8GPUs 16 

Learning rate NA 0.0005 

p_show_motif_seq Probability of showing the amino acid identity of non-ligand 
motif tokens 

0.65 

Diffusion coordinate scaling Scaling factor applied to coordinates before the forward 
process, then inverted and applied after the forward process. 

0.25 

Refinement model 3D 
Gaussian variance 

Variance for noising CA atoms in structures. 1.0 for epochs 1-4, 1.5 
for epochs 5-7. 

Epoch size Number of examples per training epoch 25600 

 

Table S6. Dataset proportions, mask sampling proportions, and 3D Gaussian noise variance for the 
two stage refinement model training procedure. 

Refinement model training 
stage 

Dataset probabilities and mask probabilities 3D Gaussian noise 
variance 

1 Datasets: PDB monomer - 100% 
MasksTraining: “Chunked diffusion mask” - 20% 

Multi triple contact - 50% 

1.0 

2 Datasets: PDB monomer - 40% 
PDB monomer + ligand - 60% 
Masks (for PDB monomer set): 

“Chunked diffusion mask” - 20% 
Multi triple contact - 50% 

Unconditional - 30% 
Masks (for PDB monomer + ligand set): 

Small molecule contact mask - 100% 

1.5 

 



Algorithm 1. Small molecule contact mask generation. This function defines how 1D and 2D motif 
masks were generated for protein-ligand complex examples. 
``` 
def _get_diffusion_mask_chunked(xyz, prop_low, prop_high, max_motif_chunks=6): 

   """ 
   Masking strategy that creates discontiguous motifs, possibly unconstrained w.r.t each other.  
Parameters:  

xyz (torch.tensor, required): (L,14,3) tensor of coordinates  

prop_low (float, required): lower bound on fraction of protein to mask 

prop_high (float, required): upper bound on fraction of proteins to mask 

   """ 
   chunks, chunk_is_motif, motif_ids, ij, ij_can_see = get_chunked_mask(xyz, prop_low, prop_high, max_motif_chunks) 

   chunk_starts = np.cumsum([0] + chunks[:-1]) 
   chunk_ends   = np.cumsum(chunks) 
   # make 1D array designating which chunks are motif 
   L = xyz.shape[0] 
   mask = torch.zeros(L, L) 
   is_motif = torch.zeros(L) 
   for i in range(len(chunks)): 
       is_motif[chunk_starts[i]:chunk_ends[i]] = chunk_is_motif[i] 
   # 2D array designating which chunks can see each other 
   for i in range(len(chunks)): 
       for j in range(len(chunks)): 
           i_is_motif = chunk_is_motif[i] 
           j_is_motif = chunk_is_motif[j] 
           if (i_is_motif and j_is_motif): # both are motif, so possibly reveal info 
               ID_i = motif_ids[i] 
               ID_j = motif_ids[j] 
               assert ID_i != -1 and ID_j != -1, 'both motif but one has no ID' 
               # always reveal self vs self 
               if i == j: 
                   mask[chunk_starts[i]:chunk_ends[i], chunk_starts[j]:chunk_ends[j]] = 1 
               else: 
                   # find out of this (i,j) are allowed to see each other 
                   ix = tuple(sorted([ID_i, ID_j])) 
                   can_see = ij_can_see[ij.index(ix)] 
                   if can_see: 
                       mask[chunk_starts[i]:chunk_ends[i], chunk_starts[j]:chunk_ends[j]] = 1 
   return mask.bool(), is_motif.bool() 

​

 

def get_chunked_mask(xyz, low_prop, high_prop, max_motif_chunks=8): 

   """ 
   Produces a mask of discontiguous protein chunks that are revealed. 
   Also produces a tensor indicating which chunks are given relative geom. info 
   Parameters: 
   ----------- 
   xyz (torch.tensor): (L, 14, 3) tensor of atomic coordinates 
   low_prop (float): lower bound on proportion of protein that is masked 
   high_prop (float): upper bound on proportion of protein that is masked 
   """ 

 



   L = xyz.shape[0] 
   # decide number of chunks 
   n_motif_chunks = random.randint(2, max_motif_chunks) 
   # decide what proportion of the protein is masked 
   # prop cannot result in n_unmasked < n_motif_chunks --> clamp high prop 
   max_prop = 1-(n_motif_chunks+1)/L       # add +1 to be safe 
   high_prop = min(high_prop, max_prop) 
   prop = random.uniform(low_prop, high_prop) 
   n_masked   = int(L * prop) 
   n_unmasked = L - n_masked 
   # decide the length of each chunk by randomly sampling 
   # positions to cut a line with n_chunks - 1 cuts 
   cuts    = sorted(random.sample(range(1, n_unmasked), n_motif_chunks - 1)) 
   lengths = [cuts[0]] + [cuts[i] - cuts[i-1] for i in range(1, len(cuts))] + [n_unmasked - cuts[-1]] 

   # decide which chunks are given relative geom. info 
   # walk over all unique pairs 
   motif_pairs = list(itertools.combinations(range(n_motif_chunks), 2)) 
   # 33% chance that a pair can see each other 
   pairs_can_see = [random.choice([True, False, False]) for _ in range(len(motif_pairs))] 
   # decide location of chunks within the protein 
   # (1) decide order 
   random.shuffle(lengths) 
   # (2) split available space remaining into other chunks between 
   #     the chunks that have been assigned a length 
   ngap_low  = len(lengths) - 1 
   ngap_high = ngap_low + 1 
   ngap = random.randint(ngap_low, ngap_high) 
   if ngap == (ngap_low): # there's no cterm/nterm gaps 
       Nterm_gap = False 
       Cterm_gap = False 
   elif ngap == (ngap_low + 1): # there's either a cterm or nterm gap 
       Nterm_gap = random.choice([True, False]) 
       Cterm_gap = not Nterm_gap 
   else: # there's both a cterm and nterm gap 
       Nterm_gap = True 
       Cterm_gap = True 
   gaps = sample_gaps(ngap, n_masked) # gaps between unmasked chunks 
   random.shuffle(gaps) 
   chunks = [] 
   is_motif = [] 
   motif_ids = [] 
   cur_motif_id = 0 
   if Nterm_gap: 
       chunks.append(gaps.pop()) 
       is_motif.append(False) 
       motif_ids.append(-1) 
   for i in range(len(lengths)): 
       chunks.append(lengths[i]) 
       is_motif.append(True) 
       motif_ids.append(cur_motif_id) 
       cur_motif_id += 1 
       if len(gaps) > 1:                       # more to spare 
           chunks.append(gaps.pop()) 
           is_motif.append(False) 

 



           motif_ids.append(-1) 
       elif len(gaps) == 1 and not Cterm_gap:  # only one left, but no Cterm gap 
           chunks.append(gaps.pop()) 
           is_motif.append(False) 
           motif_ids.append(-1) 
       else: 
           pass # no more to spare 
   if Cterm_gap: 
       assert len(gaps) == 1 
       chunks.append(gaps.pop()) 
       is_motif.append(False) 
       motif_ids.append(-1) 
   assert sum(chunks) == L, f'chunks sum to {sum(chunks)} but should sum to {L}' 
   return chunks, is_motif, motif_ids, motif_pairs, pairs_can_see 
def sample_gaps(n, M): 

   """ 
   Samples n chunks that sum to M. 
      https://stackoverflow.com/questions/2640053/getting-n-random-numbers-whose-sum-is-m/2640079#2640079 

   Parameters: 
n (int, required): number of chunks  

M (int, required): number that the chunk lengths should sum to  

   """ 
   nums = np.random.dirichlet(np.ones(n))*M 
   # now round to nearest integer, conserving the total sum 
   rounded = [] 
   round_up = True 
   for i in range(len(nums)): 
       if round_up: 
           rounded.append(np.ceil(nums[i])) 
           round_up = False 
       else: 
           rounded.append(np.floor(nums[i])) 
           round_up = True 
   # ensure all > 0 
   for i in range(len(rounded)): 
       if rounded[i] < 1: 
           rounded[i] = 1 
   while sum(rounded) > M: 
       ix = np.random.randint(0, len(rounded)) 
       if rounded[ix] < 2: # must be at least 1 
           continue 
       rounded[ix] -= 1 
   while sum(rounded) != M: 
       ix = np.random.randint(0, len(rounded)) 
       rounded[ix] += 1 
   assert all([x >= 1 for x in rounded]) 
   return [int(x) for x in rounded] 
``` 

Algorithm 2. Multi triple contact. These functions define how to retrieve a “multi triple contact” motif 

mask. 

``` 

 

https://stackoverflow.com/questions/2640053/getting-n-random-numbers-whose-sum-is-m/2640079#2640079
https://stackoverflow.com/questions/2640053/getting-n-random-numbers-whose-sum-is-m/2640079#2640079


def _get_multi_triple_contact_3template(xyz, 

                                        low_prop, 
                                        high_prop, 
                                        max_triples=2, 
                                        xyz_less_than=6, 
                                        seq_dist_greater_than=10, 
                                        len_low=1, 
                                        len_high=7, 
                                        force_triples=None): 
   """ 
   Gets 2d mask + 1d is motif for multiple triple contacts. 
   Parameters: 
       xyz (torch.tensor, required): (L, 14, 3) atomic coordinates 
       low_prop (float, required): lower bound for proportion of protein to mask 
       high_prop (float, required): upper bound for proportion of protein to mask 
       max_triples (int, optional): maximum number of triples to find. Default is 2. 
       xyz_less_than (int, optional): maximum distance between atoms to consider a contact. Default is 6. 

       seq_dist_greater_than (int, optional): minimum sequence distance between atoms to consider a contact. Default is 10. 

       len_low (int, optional): minimum length of motif chunk. Default is 1. 
       len_high (int, optional): maximum length of motif chunk. Default is 7. 
       force_triples (int, optional): force the number of triples to be this number. Default is None. 

   """ 
   contacts = get_contacts(xyz, xyz_less_than, seq_dist_greater_than) 
   if not contacts.any(): 
       return _get_diffusion_mask_chunked(xyz, low_prop, high_prop, max_motif_chunks=6) 
   is_motif_stack = [] 
   mask_2d_stack = [] 
   if force_triples is None: 
       n_triples = random.randint(1, max_triples) 
   else: 
       n_triples = force_triples 
   
   for i in range(n_triples): 
       indices = find_third_contact(contacts) 
      
       if (indices is None): 
           if i == 0: 
               # we found no triples at all, so just return a simple chunked diffusion mask 
               return _get_diffusion_mask_chunked(xyz, low_prop, high_prop, max_motif_chunks=6) 
           else: 
               # we found i triples but couldn't find i+1 --> regenerate and return the i triples 
               return _get_multi_triple_contact_3template(xyz, low_prop, high_prop, force_triples=i) 
       L = xyz.shape[0] 
       # 1d tensor describing which residues are motif 
       tmp_is_motif = sample_around_contact(L, indices, len_low, len_high) 
       # now get the 2d tensor describing which residues can see each other 
       # For these, all motif chunks can see each other 
       tmp_mask_2d = tmp_is_motif[:, None] * tmp_is_motif[None, :] 
       is_motif_stack.append(tmp_is_motif) 
       mask_2d_stack.append(tmp_mask_2d) 
   is_motif = torch.stack(is_motif_stack, dim=0).bool() 
   mask_2d = torch.stack(mask_2d_stack, dim=0).bool() 
   is_motif = torch.any(is_motif, dim=0) 
   mask_2d = torch.any(mask_2d, dim=0) 

 



   return mask_2d, is_motif 
def sample_around_contact(L, indices, len_low, len_high): 

   """ 
   Given a list of indices, sample a revealed motif around each index. 
   Parameters: 
       L (int, required): length of protein 
       indices (list, required): list of indices around which to sample motif 
       len_low (int, optional): minimum length of motif. 
       len_high (int, optional): maximum length of motif. 
   """ 
   diffusion_mask = torch.zeros(L).bool() 
   for anchor in indices: 
       mask_length = int(np.floor(random.uniform(len_low, len_high))) 
       l = anchor - mask_length // 2 
       r = anchor + (mask_length - mask_length//2) 
       l = max(0, l) 
       r = min(r, L) 
       diffusion_mask[l:r] = True 
   return diffusion_mask 
def get_Cb(xyz): 

   """ 
   Compute Cb given N,Ca,C 
   Parameters: 
       xyz (torch.tensor, required): shape (batch, L, 3) Cartesian coordinates of atoms 
   """ 
   N  = xyz[...,0,:] 
   Ca = xyz[...,1,:] 
   C  = xyz[...,2,:] 
   b = Ca - N 
   c = C - Ca 
   a = torch.cross(b, c, dim=-1) 
   return -0.58273431*a + 0.56802827*b - 0.54067466*c + Ca 
def get_pair_dist(a, b): 

   """ 
   calculate pair distances between two sets of points 
   
   Parameters: 
       a,b (torch.tensor, required): shape (batch, L, 3) Cartesian coordinates of atoms 
   """ 
   dist = torch.cdist(a, b, p=2) 
   return dist 
def get_cb_distogram(xyz): 

   Cb = get_Cb(xyz) 
   dist = get_pair_dist(Cb, Cb) 
   return dist 
def get_contacts(xyz, xyz_less_than=5, seq_dist_greater_than=10): 

   """ 
   Computes a 2D boolean mask of contacting residues. True if i,j are contacting, False otherwise. 
   """ 
   L = xyz.shape[0] 
   dist = get_cb_distogram(xyz) 
   is_close_xyz = dist < xyz_less_than 
   idx = torch.ones_like(dist).nonzero() 
   seq_dist = torch.abs(torch.arange(L)[None] - torch.arange(L)[:,None]) 

 



   is_far_seq = torch.abs(seq_dist) > seq_dist_greater_than 
   contacts = is_far_seq * is_close_xyz 
   return contacts 
def find_third_contact(contacts): 

   """ 
   Finds a third contact for a pair of contacting residues 
   Parameters: 
       contacts (torch.tensor, required): (L, L) 2d mask of contacts between residues. 
   """ 
   contact_idxs = contacts.nonzero() 
   contact_idxs = contact_idxs[torch.randperm(len(contact_idxs))] 
   for i,j in contact_idxs: 
       if j < i: 
           continue 
       K = (contacts[i,:] * contacts[j,:]).nonzero() 
       if len(K): 
           K = K[torch.randperm(len(K))] 
           for k in K: 
               return torch.tensor([i,j,k]) 
   return None 
``` 

Algorithm 3. Small molecule contact mask generation. The following function defines how 1D and 2D 

motif masks were generated for protein-ligand complex examples. 

``` 
def _get_sm_contact_3template(xyz, 

                             is_sm, 
                             contact_cut=8, 
                             chunk_size_min=1, 
                             chunk_size_max=7, 
                             min_seq_dist=9): 
   """ 
   Produces mask2d and is_motif for small molecule, possibly with contacting protein chunks revealed. 

   Parameters: 
       xyz (torch.Tensor): 3D coordinates of protein and small molecule (L, 14, 3) 
       is_sm (torch.Tensor): binary tensor indicating which tokens are small molecule atoms (L,) 
       contact_cut (float): distance cutoff for contact between protein and small molecule 
       chunk_size_min (int): minimum size of revealed chunk 
       chunk_size_max (int): maximum size of revealed chunk 
       min_seq_dist (int): minimum sequence distance between revealed chunks 
   """ 
   assert len(xyz.shape) == 3 
   ca = xyz[~is_sm, 1,:] 
   if ca.shape[0] == 0: 
       sm_only = True 
   else: 
       sm_only = False 
   sm_xyz  = xyz[is_sm, 1,:] 
   dmap = torch.cdist(ca, sm_xyz) 
   dmap = dmap < contact_cut 
   protein_is_contacting = dmap.any(dim=-1) # which CA's are contacting sm 
   where_is_contacting = protein_is_contacting.nonzero().squeeze() 

 



   n_chunk_revealed = random.randint(0,4) 
   if (n_chunk_revealed == 0) or (sm_only): 
       is_motif = is_sm.clone() 
       is_motif_2d = is_motif[:, None] * is_motif[None, :] 
       return is_motif_2d, is_motif 
   else: 
       is_motif = is_sm.clone() 
       cur_min_seq_dist = min_seq_dist # could possibly increment this if needed 
       for i in range(n_chunk_revealed): 
           chunk_size = torch.randint(chunk_size_min, chunk_size_max, size=(1,)).item() 
           if len(where_is_contacting.shape) == 0: 
               # ensures where_is_contacting is a 1d tensor 
               where_is_contacting = where_is_contacting.unsqueeze(0) 
           if (where_is_contacting.shape[0] == 0) and (i == 0): 
               # no contacts, so sm is only motif 
               is_motif = is_sm.clone() 
               is_motif_2d = is_motif[:, None] * is_motif[None, :] 
               return is_motif_2d, is_motif 
           p = torch.ones_like(where_is_contacting)/len(where_is_contacting) 
           chosen_idx = p.multinomial(num_samples=1, replacement=False) 
           chosen_idx = chosen_idx.item() 
           chosen_idx = where_is_contacting[chosen_idx] 
           # find min and max indices for revealed chunk 
           min_index = max(0, chosen_idx - chunk_size//2) 
           max_index = min(protein_is_contacting.numel(), 1+chosen_idx + chunk_size//2) 
           # reveal chunk 
           is_motif[min_index:max_index] = True 
           # update where_is_contacting 
           start = max(0,min_index-cur_min_seq_dist) 
           end = min(protein_is_contacting.numel(), max_index+cur_min_seq_dist) 
           protein_is_contacting[start:end] = False # remove this option from where_is_contacting 
           where_is_contacting = protein_is_contacting.nonzero().squeeze() 
           if protein_is_contacting.sum() == 0: 
               break # can't make any more chunks 
       is_motif_2d = is_motif[:, None] * is_motif[None, :] # all tokens can "see" each other 
       return is_motif_2d, is_motif 
``` 
Sequence information 
>n8 
EEERFRAYYERYFAALAARDYETLLEILREFGVAKLVLNGREFASPEEAVQWARDTGLRFLRLIRE
RYEDGVYTVEDIVSRDDGRYYRHTSTLRRQPDGSYVQYSQLELL 
>shh_25 
LSEEEVEKAIKEIKEKFEKLAKEIEKLVAEGADRDTLVERLVKYAASLGAASASPETSTPEQYAAVR
EIFRALADAILDGRWEEAGERLVEATVRHTQALIDAARAAGRDELVPALRRLGLALAEAIFDILRE
YIAKKTGDAAAAERYKETYLARLRAAL 
>rem6507 
MSEEEVERRIREIHAMFEKLEEKIDELVAAGADVETLTSELVRFAASLGADSANPEKSTPEQYEAV
KEILRALAEAIINGKWEEAGKTLVDATVRHTGALIERARAAGREDEVPALRRLGEALLRSTLEILR
KYIEKKTGDKELADKYFETYLAEFRKKL 
>win 

 



MTEEELDQAVEDFLRVHSELVHRLAGDPPDELFQRLDRFVTDAIIEGNPERRDEIKADLARAARVF
GEALERDITTPEDFNAFLRELGPEAVELVSTFTQQFVDVIRGDPQAVAEHLNISLEDVARLAEAGEA
AIERGEGASLGVHRELRRIEARRNS 
>super 
SENEKLVEKVLEATRRIAREEAVKYKDAFLRAYRARDGAGLRRVITGLFSKVDSRLYKEVLTDVP
TIVALQRRAGVDITPEQAQEILDNYDNEKHTAAVMDETFALLARAAATQASYEELLAAAPSGSVI
LALEVLRVLLEINNLSWREVLPLLALAAAS 
>win1 
LSDRELEASLQAFFEVHTRLVHRLAGIEPDPRFEILDKYIFRQIVADNPEEREKIRLDYGRAAEIFRD
ALARDITTPEAFNAYLEALGPDAVRTVQDLTRRFVDVIRADPEAIAKLLNISKEDVQGLARAGEA
AIERGEGASLGVLRELRKIEKKRNE 
>win11 
MTQAELDDGVTRFIQVHNELVHRLAGVEPDERFIKLDVYVTNEIVNSDPTKAAERKQALARAAD
VFSEALARDIRTAEEFNAFLEELGPEAVELVADLTRAWVEVIESDPEKIAQLLNISVEEVEELAEAG
RRAIEEGRGASIGVLLKLREIEKIRSS 
>win31 
MTEEELEKGVEDFLVVHGKFVHRLAGIPPNAKFQALDKYITNQIVESDPSKEKEIKKAFGDAAKIL
RDALARNITTPEEAQAFLRDLGPWAVDLINTITRRYVDVIEKNPEGVAEILGISLEEVRELAEAGRR
AIEEGEGASLGILRKILELEAERAK 
>dadt1 
MTEEEKAQAVEDFHKYHTALVVRLAGVPPHERYERLDRWITEQLIYGDESKRDEWIDALAEAAG
IFKEALERNITTPEEFNAFLKEKGKRAVDLVATLTNAYIAVLEGDPEAIARFLGISLEEVQEIIDAAR
KAVKEGRGASIGIYTKLRELEERRAA 
>charliet2 
AAEAKARWKKAVEMFKKLSDKLLEAGAGVSPAFAVSIAYAAGIITEEQVYSTIEGVIAKVKADPE
RWQKEVAELFTTYKDDLDAFVEKHTELVKRLLGDSLPDEVFELFKEKDKEVLEKIPKELWEKVTS
LFEEGNYEEANKLIQKAYREYALEILEGEYNSL 
>kent1 
AEEEAVRAVEERDDEALGRALFGAADAGDLDGATRAHTAAVLKGRELGIDAGSLAIYDVVAEYV
RTGKKPPKEEAEKLVLGYAKRDVERRADGTPLERVLAEATLVFAKTFLDNYDEIFAELEKDPSLTP
DEAFAVADRFLWDVMAARGEWDKLLAAYRAAVG 
>win1_b1 
MTEAERQELLDRAVSAHQRFVFDRLGVERDPRYEALDRFTVDIIVGENKERRDEVYRDLALLRE
GIELFYKQNIPMKEITKEDIEKLPKEMYDAFTRLTDYFIEVVEERKEEIAKLLGFTLEEIDRIVEAGK
KAIEEGQGASIGVATAIREIAAEREA 
>momi 
SFSARRERVVVVGYSLGVFAGIIMFAANTTYEEALKLAKEIFKEALKNPELIARHLALHRNAETTG
KEEWRQDIETWIKIIEKRLGKPVDKSRIFIATTKEEAVRLAEEAVKLGRAVIYTPPHLLPVAGDEIVE
VLTKAGVTVLVKGGIGSGVPLKVYEA 
>superfast 
SEEEELINKIEEETKKLAKEVAEKYKDAFKAAFDAEDGKGLRDVLTEAWREVDIKIWKKFFLNPD
DPEGGKRNYALVTKVNRERAKELGIEEVAERVEKAISSAKNLEEIVDNHTEIVLELSFAQLVEAAK
EKADFDWIYENAPSISSRLFFIVLKELVEINNLSWVDVLPLLARAATA 
>supercool 

 



EKDKELHKKVFDFVDKVAREVVAGYVDALRAAVAARDGAGVRAVLTEAFREVDRELHKFLTSEE
NKELFDYVIEYNRRIYLEQNPELSELPEKYKELEKVIRDPDIDKYLEVHVPLVMEQAFGLLAEAAR
RRWDWDEVYAAAPSFSVRAFLRVLRVLLEQSDLDWVSTLPLIAEAATA 
>momi120 
MIKEYEFPAKKAKTVEEAEKNVEEEIELMKSSGVSFSARRERVVVVGYSLGVFAGIIMFAANTTY
EEALKLAKEIFKEALKNPELIARHLALHRNAETTGKEEWRQDIETWIKIIEKRLGKPVDKSRIFIAT
TKEEAVRLAEEAVKLGRAVIYTPPHLLPVAGDEIVEVLTKAGVTVLVKGGIGSGVPLKVYEA 
>momi120-103 
PVRRHRFPARKANNFEEAVANVERLIEEIRAAGVDFSARKERAVVVGYSLGVVTGMIMFATGTDF
IEALRKALEIGKKVVEEDPEFMERHRKIVTDGNRAEIREDIDYWIEVIEKETGHPVDRSRIFIAETV
EEAVELARRAVELGHAIIVLPPYLIGEAGEAVVEVLTAAGVDVLLMGGLGSGYPVTIYQA 
>momi120-74 
EVKVTTFPARKATTDEEAKANVEQLIEDIEKSGVTFSADVEKFVVIGYSLGIVTGMLMMYKKTNF
VEALREAMEIFDEIRADPANAPFLERHRRIHENGTKEEILEDIKFWIDHIEKKYGIPFDRSRIFIALTK
EEAVELAKKAVEYGRAIIYLPPSLIEEAGDEVVEVLANAGVQVLMMGGLGSGYPVRIYEA 

Chapter 4 Supplement 

Supplementary Figures 

 
Figure S1. N+1 motifs yield more complex folds. Designs generated by RFdiffusion using N motif 
theozymes were overwhelmingly composed of solely alpha-helical content. Utilization of the N+1 
oxyanion hole motif significantly increased the number of backbones with more complex, mixed 
alpha/beta secondary structures.  

 



 
 

Figure S2. In-gel fluorescence imaging with fluorescently labeled fluorophosphonate activity-based 
probe. In-gel fluorescence of rounds (A) 1, (B) 2, and (C) 3 designs after 1 hour incubation of cell lysate 
with 1 µM PET-FP-TAMRA. Fluor. stands for fluorescence and CB for Coomassie blue. Lanes with 
labels indicate designs that were purified and tested for esterase activity. 
 

 



 
Figure S3. Redesign of momi120 for PET enhances esterolysis (A) Reaction progress curves of 
momi120 redesigns incubated with 4MU-PhAc. (B) Purified designs incubated with dp0460. Three 
showed activity above background hydrolysis.  
 

 



 
Figure S4. Redesign of momi120-103 for 4MU-PhAc enhances activity on PET. (A) Reaction progress 
curves of momi120-103 redesigns incubated with 4MU-PhAc. (B) Purified rd3_11 incubated with 
dp0460 at two different enzyme concentrations (hi = 5 µM, lo = 1 µM).  
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