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Abstract  

Computational protein design has made substantial progress over the past years, generating novel 

conformations, catalysts, binders, and oligomeric assemblies. Prevalent methods to design new 

conformations de novo have relied on so-called “ideal” folds rich in regular secondary structures and 

almost devoid of loops and destabilizing elements, such as cavities. Molecular function, such as binding 

and catalysis, however, often demands non-ideal features, including large and irregular loops, and buried 

polar interaction networks, which to date protein designers have failed to generate in a general 

reproducible manner.  

Currently, to design new function, protein designers repurpose scaffolds from naturally occurring 

proteins to carry out different functions. These designs are reminiscent of the designed folds mentioned 

above, since they relied on rigid protein scaffolds with high secondary-structure content whereas natural 

proteins encode functional elements in regions lacking secondary structure. Additionally, modifying 

these natural scaffold often compromises the protein’s stability. 

Herein, I describe a combinatorial backbone and sequence design algorithm, which addresses both 

issues: designing new scaffolds with non-ideal features which can be tailored for a function of choice, 

while simultaneously optimizing the protein’s stability. 

The method leverages the large number of sequences and experimentally determined molecular 

structures of natural proteins to construct novel protein binders and catalysts. To prove the generality of 

my design approach the algorithm was applied and experimentally tested on two unrelated protein folds 

and functions: antibody binders against human insulin and bacterial Acyl Carrier Protein (ACP) and 

TIM-barrel fold catalysts for hydrolysis of lactones and xylan sugar. 

2 anti-ACP and 1 anti-insulin designed antibodies bound to their ligands with mid to high nanomolar 

affinities before directed evolution and demonstrated native like stability despite having over 30 

mutations from mammalian antibody germlines. The designed binding modes were validated using site 

directed mutagenesis and crystallographic analysis of two of the anti-insulin binders revealed atomic 

accuracy throughout most of the structure. 

43 glycoside hydrolase 10 (GH10) xylanases and 34 phosphotriesterase-like lactonases (PLLs) were also 

generated using this method. Twenty-one GH10 and seven PLL designs were active and four were as 

active as natural enzymes in these families. The designs exhibited thermostability on par with natural 

enzymes from thermophiles despite having over 100 mutations from their closest homologue. 
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Crystallographic analysis revealed atomic accuracy in a high-activity GH10 design, including 

throughout the backbone and in the orientations of 13 active-site residues. 

The presented method demonstrates a fully automated method for building stable and as of yet un-

sampled structures, thereby granting access to an expanded repertoire of conformations and desired 

functions. 

Introduction 
The ability to design novel molecular function is a stringent test of our understanding of the rules that 

govern molecular function, stability and structure. Two classes of molecular function in particular, 

protein binding and protein catalysis, have been the subject of intensive study over the past two decades 

for their fundamental role in many aspects of biology and for the promise they hold for medicine, 

research and industry. Recent years have seen the first steps made by computational protein designers to 

produce novel protein catalysts1–4, binders5–7,inhibitors8,9,bio-sensors10, and self-assembling nano 

materials11–14.  Their approaches all rely on utilizing naturally occurring proteins as scaffolds on which 

the functional residues, whether it be for binding15 or catalysis16, are grafted. However, as the number of 

naturally available scaffolds is restricted, topping at a few hundreds at most per design task3,5, their 

ability to precisely place the functional residues at their optimal position for function17,18 is ultimately 

limited, resulting in activity which is orders of magnitude less than natural proteins. Furthermore, 

examination of natural proteins reveals that function and conformation are not orthogonal properties but 

rather interwoven, one derived from the other19.  Consequently, design stability is usually compromised 

relative to the starting scaffold2,1,205, likely as a direct result of introducing mutations to a scaffold that 

was not optimized for the designed function.  

Design of protein binders 

Early successes in design of protein binders include designing low-affinity binding pairs, through 

computational docking and design, to generate a heterodimer comprising of  two variants of a single 

natural protein21, and a designed protein that bound a natural target protein22. However, both designs 

failed to crystalize in complex, likely due to low binding affinities (Kd ≥100μM). 

Later attempts saw the successful design of an ankyrin domain and a set of hyperthermophilic proteins  

creating  medium-affinity designed pair (Kd ~150nM)7. Crystallographic analysis of this complex 

showed that the designed interface did mediate the interactions but the binding mode was inverted by 

180̊. The observed conformational changes highlighted the plasticity of protein surfaces and the 
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importance of encoding heuristic elements of negative design to ensure that the desired binding mode is 

favored over alternatives. Polar interactions across the binding surface is an example of such an element 

nature uses to encode specificity23. However, polar interactions are notoriously difficult to design 

computationally as alternative side chain configurations are hard to predict. Interfacial contacts between 

backbone atoms provide a way to design polar interactions that are less prone to be reconfigured, and 

this inference led to the design of a symmetric homodimer mediated by a cross-interface β-sheet24. 

Nonetheless, these results, by relying on secondary structure elements rather than designing novel 

backbone conformations, further stress our deficiency in designing backbone for function.  

Recently, a new method for designing specific binding interactions exploits a feature common to many 

natural protein-protein interactions, where dense clusters of residues provide a disproportionate amount 

of the binding energy. These residue clusters are known as ‘hot-spot’ regions25.  Many natural protein 

interfaces show a hot-spot region of high affinity interactions mediated by 2-4 amino acids on either side 

of the interface26. Computational design calculations have suggested that the clustering of these hotspot 

residue may limit conformational plasticity at the binding surface27. A design strategy based on this 

observation was successful in creating protein inhibitors 5,9 and a protein purification agent 6. Though 

successful, this method relies on expert user input for choosing the hot-spot regions on the target protein 

and manual selection of the hot-spot residues, limiting its usability and generality. 

Design of protein catalysts 

A fundamental task of proteins is to act as catalysts: increasing the rate of virtually all the chemical 

reactions within cells. Most biochemical reactions are so slow they would not occur under conditions of 

temperature and pressure suitable for life. Enzymes are capable of accelerating reactions by well over a 

million fold bringing reaction rates from years to a fraction of a second. Needless to say that the ability 

to design de novo enzymes will have significant practical applications in medicine and industry. 

Early computational design efforts introduced metal binding sites in proteins28,29, as they have long been  

known to be powerful catalysis facilitators25. Burgeoning metalloenzymes for redox reactions were 

obtained by using an open metal co-ordination site in designed proteins30–32. These early designs did not 

include explicit computational models of the chemical transformation being catalyzed. Bolon and Mayo 

included atomistic details of the catalyzed reaction and introduced a nucleophilic histidine residue on the 

surface of a catalytically inert thioredoxin to obtain protein catalysts for the hydrolysis of an activated 

ester substrate33.  
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It is widely accepted that natural enzymes facilitate catalysis by binding and stabilizing the reaction 

transition state (TS) 34, lowering the transition state free energy. To generate novel enzymes, programs 

such as ORBIT35 and Rosetta36 have attempted to emulate these properties of natural enzymes using the 

“inside-out” approach17. The process starts by modeling the “theozyme” which consists of a model of 

the transition state structure and key amino acid residues that are placed in orientations that are predicted 

to favor interactions with the transition state structure37. The transition state structure is either derived 

from crystal structure of enzymes bound to transition state analogues or determined using quantum 

mechanical (QM) calculations. Protein scaffolds are then selected from the Protein Data Bank (PDB)38 

into which the theozyme is grafted36. Three enzymatic reactions were successfully designed using this 

method, the Kemp elimination2, the retro-aldol reaction1, and the Diels-Alder reaction20. Though initial 

catalytic rates were quite low, subsequent rounds of in-vitro evolution yielded in some cases 103 fold 

increases over the original design39–41. Solving the crystal structure of the designs revealed that much of 

the catalytic machinery was in place, however, polar interactions and designed water mediated contacts 

were not42. For all of the de novo designs no natural scaffold was found that could perfectly 

accommodate the pre-calculated theozyme17. As with the aforementioned binder design, analysis of one 

of the designed Kemp-elimination enzymes suggested that conformational plasticity underlies the low 

activity43. In a second generation enzyme design, the challenge of designing rigid polar interaction 

networks was met by constructing much of the network using backbone atoms rather than side chains 

atoms and water molecules, following a similar logic used for the design of homodimer binders. This 

method was successfully applied to the design of an ester hydrolase3. Crystal structure of the designed 

(apo-) enzymes revealed that while the backbone mediated hydrogen bonds and nucleophilic cysteines 

were in their designed conformation, the catalytic histidine which was placed on a designed loop 

segment was not in an appropriate position for catalysis.  

Common themes in design of molecular function 

Examining the aforementioned designs reveals common themes in design of molecular function: 

1. Conformational plasticity of the active site - Using naturally occurring rigid backbone structures 

can help increase conformational rigidity, yet backbone rigidity does not ensure that the side 

chains do not reconfigure. Three different strategies were used to limit side chain plasticity: 

designing the interface side chain to form dense stabilizing interaction networks5,6,9, using short 

side chains12, and utilizing the backbone atoms for design of interaction44,3. In cases where these 

strategies were not used, sidechain flexibility caused altered binding, either through minor side 
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chain rearrangements, as in the case of the designed Kemp elimination enzyme39 or large binding 

mode differences7. 

2. Inability to design segments lacking secondary structure elements – In cases where regions 

containing large loops were subjected to design, the designed protein failed to bind its target as 

intended3,45,46. Unlike α-helices and β-sheets, the backbone hydrogen bonding potential of a loop 

is not automatically satisfied. The design algorithm must ensure that each polar group of the loop 

is hydrogen bonded to another group in the protein or otherwise accessible to the solvent, which 

in itself is a problem as too much solvent exposure can cause the loop to lose its rigidity. 

Additionally, whereas secondary structure element show strong sequence preferences, the same 

is not true for loops. Lastly, choosing a backbone geometry for a designed loop is not trivial as 

most backbone conformations are not designable.47  

3. Design stability – The majority of computationally designed proteins exhibit compromised 

stability compared to starting scaffold, requiring additional rounds of directed evolution to 

improve stability which usually goes hand in hand with improved function5,39,41.  

While developments in the energy function48,49 and conformation sampling50 are improving the accuracy 

of backbone design and function, in the foreseeable future, designing de novo backbones, from first 

principle, will continue to be an intractable problem50. 

Instead of designing backbones from first principles I propose a strategy inspired by the way nature 

generates diversity; it has been proposed that protein domains evolved by combinatorial assembly of 

gene fragments, which encode intrinsically stable subunits51,52. Combinatorial shuffling of such subunits 

most likely led to diversification and the generation of new folds which in turn are further diversified to 

carry out specific functions. In a similar fashion, the design method I have developed identifies modular 

segments within protein families that can be recombined to create new conformations within the protein 

family. The modular segments are then sequence optimized for stability and compatibility with other 

segments insuring the overall stability and foldability of the generated protein. 

Structural modularity as the basis for new function in protein families 

Many diverse molecular functions are carried out by just a handful for superfamilies52–54
 although some 

members of a superfamily might have diverged to the point that they do not show detectable sequence 

similarity12. Structure and sequence analyses reveal that even among superfamily members that show no 

detectable sequence similiarity, structure motifs and catalytic machineries are be conserved, indicating 

that evolution reuses structural elements as the functional repertoire of a family expands12. Exchanging 
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backbone fragments among homologues is a powerful catalyst for the evolution of new or modified 

functions. Compared to the more gradual process of random substitution, incorporating an entirely new 

segment that has evolved to fit within the context of the fold has a higher chance of leading to 

considerable change in activity while conserving foldability55.  

Antibody structure, function, and engineering 

Antibodies are protective proteins used by the immune system to recognize and neutralize foreign 

objects through interactions with a specific part of the target, called an antigen56. Thanks to their high 

specificity and binding affinity antibodies are routinely used in diagnostics and medicine56. The 

incredible diversity of antibodies is a direct result of combinatorial assembly by which antibodies are 

constructed. Though there are less than 200 genes encoding the different segments that comprise the 

antibody molecule, combinatorial assembly can generate over 1012 different antibody molecules56.  

Antibodies are constructed of sequence blocks that alternate highly conserved with highly variable 

segments57–59. The molecular structures of antibodies show that the conserved segments belong to a 

structurally homologous and rigid structure known as the framework, which provides the necessary 

stability to the antibody, whereas the variable segments cluster at the ligand-binding surface, and were 

therefore termed the complementarity-determining regions (CDRs) (Fig. 1).  

A key attraction for antibody engineering lies in antibodies’ modular architecture, suggesting that a large 

combinatorial complexity of well-folded backbones could be tapped. As early as the 1970s observations 

on the structural modularity of antibodies made by Kabat and Padlan 60,61 proposed that synthetic 

antibodies could be constructed by combining fragments of naturally occurring antibodies. From this 

insight, Winter and co-workers devised a method for antibody humanization in which CDRs from an 

immunized mouse antibody were grafted onto a human antibody framework to generate a humanized 

functional antibody62, opening the way to safe therapeutic antibody engineering. However, these 

humanized antibodies tend to be less stable and have lower affinity compared to the parental  murine 

antibody63. 
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Figure 1. Comparison of CDR segmentation (left) vs. the genomic V(D)J segmentation (right) of the FV . The 

complementary determining region (green, red and blue, left) in the antibody variable fragment (FV)  is structurally 

diverse, lacks secondary structures and is supported by the conserved framework (gray, left). This structural diversity is 

generated by gnomic recombination of the V (CDRs 1 and 2) D (CDR H3) and J (CDR 3) genes. 

 

TIM-barrel structure and function 
The (β/α)8 fold, also known as the TIM-barrel fold, is one of the most ubiquitous protein topologies in 

nature. It is shared by at least 23 super families in the Structural Classification Of Proteins (SCOP)64 

with representatives in five out of six enzyme classes (by EC numbers classification) 
65,66. The TIM-

barrel domain is 200-250 amino acids long67 which can be schematically represented as an eightfold 

repetition of the β/α unit organized in two circular layers of secondary structures (Fig. 2). The inner 

layer consists of eight parallel β-strands surrounded by an external layer of eight α-helices. The β-

strands are paired by a hydrogen bond network to form a completely closed parallel barrel. The catalytic 

activity of the TIM-barrel is located at the loop connecting the C-terminus end of the β-strands to the α-

helices (β/α loops).  

Previous studies have demonstrate the modular nature of the fold. Researchers have managed to fuse 

together half barrels68,69 as well as fragments from other folds to produce stable proteins70. Subsequent 

sequence optimization via directed evolution was able to introduce activity into these scaffolds71,72. In 

contrast to these successful attempts, only a few successful examples of loop remodeling have been 

reported. These demanded extensive and simultaneous sequence changes, which are unlikely to occur in 

nature, and have typically resulted in enzymes whose catalytic activities are low73. Lastly, several 

attempts to design de novo TIM-barrel proteins resulted in unstable, molten globule like proteins74–78 and 
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only recently an idealized, inactive, four-fold symmetrical TIM- barrel was successfully designed from 

first principles using Rosetta79. 

 

Figure 2. Top view of cartoon representation of 

the TIM-barrel fold. β/α units are numbered from 

N-terminus to C-terminus.  

 

Combinatorial-backbone Design: Assembling Natural Backbone Fragments and Optimizing Their 

Sequences 

Inspired by nature, I have developed an algorithm that uses the modularity of protein families to 

generate new proteins. Though past attempts using similar notions have been successful they also 

highlight the problems: recombinant proteins are often unstable, aggregation-prone, with little to no 

activity, and poorly expressed. Simply put, not all natural fragments from homologues can be fitted 

together. To effectively search the immense space of potential backbones that can be generated by 

modular assembly we need: (1) a rational method for selecting fragments for recombination; and (2) a 

method to optimize the recombined protein sequence to obtain well-behaved and functional proteins. 

While past engineering work has focused on loop segments as the modular elements, for example the 

CDRs in antibodies or the β/α loops in TIM-barrels, closer examinations of these folds reveal crucial 

interactions between the loop segments and the scaffold that must be preserved in order to maintain the 

loop conformation. In light of this I have identified larger modular elements that comprise of a loop 

segment and the surrounding scaffold to produce self-contained switchable elements. Identifying these 

switchable elements is done by structurally aligning all members of the family. The segmentation points 

are the points of highest structural conservation between the scaffolds, assuring maximum compatibility 

between the backbone fragments when recombining them. Antibodies are a good example for this 

segmentation approach. The most structurally conserved points within the antibody’s variable domain 

are the disulfide cysteines. So each antibody variable domain is segmented along the disulfide to 

produce 2 switchable fragments: CDRs 1 and 2 and the intervening scaffold and CDR3. Not surprisingly 
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this segmentation closely follows the V(D)J genomic recombination that produces antibody diversity in 

the immune system80 (Fig. 1).  

In TIM-barrels I found the segmentation points to be at the mid points of the β-strands comprising the 

inner β-barrel. Each switchable element is comprised of a β-strand, an α-helix and the intervening β/α 

loop. This segmentation scheme optimizes the need for structural diversity while conserving stabilizing 

interactions between the loop and the β/α core. 

Another important feature of the proposed design approach is sequence optimization using sequence 

constraints derived from natural proteins. While studying antibodies I found that stabilizing contacts 

within segments are often highly conserved among structurally conserved conformations. To guarantee 

that design simulations maintain these important sequence features, and yet are free to sample sequence 

choices in less constrained parts of the protein, I generate sequence profiles specifically for each 

conformation and bias design calculations to sample amino acid choices from these profiles. Thus, the 

design algorithm samples different combinations of fragments from natural proteins belonging to the 

same family, and for each combination it optimizes the sequence, based on constraints derived from 

sequence alignments for each fragment. New combinations of backbones and designed sequences are 

selected if they encode favorable structure and energy characteristics, thus ensuring that the fragments 

are compatible with one another. This approach can generate, from a few hundred protein scaffolds on 

the order of 1014 distinct backbones, an unprecedented number for use in design of function.  

Methods 

Antibody design  

A database of natural antibody conformations and sequences. A set of 924 antibodies from the 

structural antibody database (SAbDab)81 was aligned to the Fv of antibody 4m5.3 [Protein Data Bank 

(PDB) ID code 1x9q]. The dihedral angles (ϕ, ψ, ω) from each aligned segment were extracted, modeled 

on PDB ID code 1x9q, and relaxed using RosettaRelax. During the course of algorithm development, we 

changed the conformational segments’ boundaries. Specifically, in design cycles 1–4, each of the six 

CDRs constituted an independent conformation segment, and the framework was based on the 

coordinates in PDB ID code 1x9q. The segment boundaries in cycles 1–4 were [using the amino acid 

position numbers of Wu and Kabat57] as follows: L1, 23–34; L2, 45–54; L3, 87–100; H1, 27–35; H2, 

45–57; and H3, 91–104. Boundaries in cycle 5 were as follows: vL, 1–88;L3, 89–105; vH, 7–92; and 
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H3, 93–112.In cycles 4–5, backbone conformations were clustered by rmsd with a cutoff of 1.0 Å, and 

for each conformation class, a sequence alignment and PSSM were computed. 

Sequence constraints during design. Similar to previous binder and enzyme design studies2,5, in design 

cycles 1–3, we disallowed design at positions in which the natural segments had Gly, Pro, or Cys. In 

cycle 2, we further disallowed Gly, Pro, Cys, or His to be introduced during design. In cycle 3, we added 

specific sequence constraints that mainly targeted positions in the antibody framework, where we 

noticed persistent design flaws, such as underpacking or buried but unsatisfied polar groups. For 

instance, the following restrictions were implemented (numbering in accordance with PDB ID code 

1x9q): Phe/Tyr (position 90), Leu (position 91), Val (position 174), Phe (positions 178 and 180), and 

Tyr (position 233). In this design cycle, we additionally restricted core positions to apolar residue 

identities. For each position, we calculated the number of neighboring Cα atoms (<8 Å), excluding 

sequence neighbors (10 positions N- or C-terminally). Any position for which there were more than five 

such neighbors was considered core, and design was restricted in these positions to apolar residues. 

With the implementation of conformation-specific sequence constraints using PSSMs in design cycle 4, 

all of the above sequence constraints were lifted. Instead, identities with PSSM cutoffs of −2 and 0 were 

used in the CDRs and framework, respectively. 

A set of conformationally representative designed antibodies. Using the conformation databases 

above, a set of representative antibody structures was designed (2,000–8,000 structures, depending on 

the design cycle). For each segment, a single representative conformation was arbitrarily selected from 

the conformation databases, and all representative conformations were recombined with one another to 

assemble backbone conformations of the complete Fv. The sequence of each antibody was then 

optimized using RosettaDesign. Prediction of antibody–ligand interaction, and poses that did not bind 

the antigen through CDRs H3 and L3 were eliminated. For each representative antibody, the first 2,000 

PatchDock entries were used as seeds for Rosetta simulations, in which all-atom docking, sequence 

design, backbone minimization, and combinatorial sidechain packing were carried out. At the end of this 

trajectory, the designed complexes were automatically filtered according to the following criteria: shape 

complementarity (Sc) > 0.582, binding energy less than −10 Rosetta energy units (R.e.u.), and binding 

surface area > 1,100 Å2. 

Docking and fixed-backbone design. We used as antigens human insulin and Mycobacterium 

tuberculosis ACP2 (PDB ID codes 2a3g and 2cgq, respectively). The structure of PDB ID code 2a3g 
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was truncated on the termini of both chains after initial design runs strongly favored interactions with 

the terminal regions, and interaction with those would experimentally be hindered by the N-terminal 

biotinylation of the ligand. The structures were docked against the set of representative antibody 

backbones using the feature-matching algorithm PatchDock83. Briefly, the parameters were set to 

prediction of antibody–ligand interaction, and poses that did not bind the antigen through CDRs H3 and 

L3 were eliminated. For each representative antibody, the first 2,000 PatchDock entries were used as 

seeds for Rosetta simulations, in which all-atom docking, sequence design, backbone minimization, and 

combinatorial sidechain packing were carried out. At the end of this trajectory, the designed complexes 

were automatically filtered according to the following criteria: shape complementarity (Sc) > 0.582, 

binding energy less than −10 Rosetta energy units (R.e.u.), and binding surface area > 1,100 Å2. 

Stability and binding optimization through modular backbone design. Designed antibodies that 

passed the previous filters were optimized through modular backbone design. Briefly, for each starting 

design, 150 moves were conducted, in each of which a backbone segment was chosen at random and 

replaced with another segment from the conformation databases. Following segment replacement, the 

sequence of the segment and every residue within 8 Å was designed, and iterations of backbone and 

side-chain minimization, side-chain packing, and rigid-body minimization at the binding interface were 

conducted. Designs in cycles 1 and 2 showed poor packing between Fv light and heavy chains. Starting 

with design cycle 3, we therefore added rigid-body minimization between these two chains (in 

conjunction with rigid-body minimization of the Fv relative to the antigen). 

In design cycles 3–5, at the end of each design move comprising backbone exchange, sequence design, 

packing, and minimization, the stability and binding energies were computed and evaluated through the 

“fuzzy-logic” design framework with an objective function O = B(Ab,L) ∧ S(Ab), where B and S are 

computed energies of binding and stability, respectively, Ab is the antibody, and L is the ligand84. The 

new pose was accepted if it passed the Metropolis criterion with a gradually decreasing temperature, 

thereby effecting simulated-annealing Monte Carlo optimization. At the end of the optimization 

trajectory, the structures were filtered by structure and energy criteria. Insulin-binding designs 

were filtered by Sc > 0.682, binding energy less than −15 R.e.u., and binding surface area > 1,300 Å2. 

ACP-binding designs were filtered by stricter criteria reflecting the larger size of ACP: Sc > 

0.6, binding energy less than −18 R.e.u., and binding surface area > 1,400 Å2. 
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Manual selection and design improvement. Designs were ranked according to Sc for the antigen and 

visualized using PyMOL. Designs with unpaired charges or cavities at the binding interface 

or within the antibody core were eliminated, and the remaining designs were manually optimized using 

FoldIt85. Briefly, in rounds 1–3, mutations were mainly introduced to optimize interactions between the 

framework and the CDRs, and structures of natural antibodies of similar conformation were often 

reviewed in making these design decisions. With the introduction of PSSM constraints in design cycle 4, 

such manually introduced mutations were no longer necessary. Additional mutations were introduced 

to improve charge complementarity with the antigen through long range electrostatics. 

High-performance computing using Google Exacycle. Design cycles 1–3 produced few models that 

passed the structure and energy filters described above. With the introduction of conformation-

dependent PSSM constraints in cycle 4 and the improved backbone segmentation of cycle 5, the 

productivity of the design algorithm improved dramatically. To address the low productivity of the 

algorithm in initial design cycles, we deployed the algorithm on the Google Exacycle infrastructure. 

Briefly, during algorithm development, the modified Rosetta source code was regularly committed to 

the Rosetta development community’s common code repository, and the conformation and sequence 

databases, as well as the PatchDock83 output files, were computed on the local computer cluster at 

the Weizmann Institute of Science. The resulting intermediate data files, as well as RosettaScript86 

protocols detailing the design trajectory, were electronically transferred to Google, where the updated 

Rosetta source code was compiled and deployed on the Exacycle platform. Exacycle is a highly parallel 

infrastructure using hundreds of thousands of idle cores at Google. The high likelihood of preemption 

of the low-priority design jobs required runtimes to be kept to <40 min. Because the strict filtering 

following design cycles 1–3 yielded very few good candidates but executed relatively quickly, this 

computation was a perfect fit for the Exacycle platform. We were able to cast an extremely wide net, 

rapidly exploring a huge number of possible candidates using very low cost computing resources. The 

vast majority of these candidates were quickly rejected, but the remaining ones (in the thousands) 

were of high quality and were further refined and optimized, now requiring only moderate compute 

resources. Designs computed on Exacycle were saved in compact Rosetta formatted binary silent files 

and electronically transferred to the Weizmann Institute for further analysis. Rosetta energy function. 

Throughout all modeling calculations, the Rosetta score12 energy function was used. This energy 

function is dominated by van der Waals packing, hydrogen bonding, and an implicit solvation model87 . 
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Cloning and yeast cell surface display. Genes encoding each of the designs were optimized for 

Escherichia coli expression using DNAWorks88, and ordered from Gen9Bio as double-stranded DNA 

oligos. Each DNA sample was amplified by PCR to include at least 30 bases overlapping with the 

vector. The pETCON plasmid was linearized using NdeI/BamHI (New England Biolabs), and 100 ng of 

linearized plasmid and 50 μL of PCR product of each gene were transformed into yeast EBY100 cells by 

lithium-acetate transformation, essentially as described by Chao et al.89. Plasmid was then extracted 

using the Zymoprep Yeast Plasmid Miniprep I kit (Zymo Research) and transformed into E. cloni cells. 

Single clones were selected for sequence verification, and the verified plasmids were then transformed 

into yeast again for yeast surface display. Yeast display experiments were conducted essentially as 

described by Chao et al89. Yeast cells were taken from the transformation plate and grown in selective 

medium (SDCAA: 20 g of dextrose, 6.7 g of Difco yeast nitrogen base, 5 g of bacto casamino acids, 5.4 

g of Na2HPO4, 8.56 g of NaH2PO4 * H2O, and 1 L of H2O, sterilized by filtration) overnight at 30 °C. 

From the overnight culture, another 5 mL of culture in SDCAA was inoculated and grown at 30 °C to 

OD600 = 0.6. The cells were then harvested and resuspended in 10 mL of induction medium 

(SG/RCAA: 20 g of galactose, 20 g of raffinose, 6.7 g of Difco yeast nitrogen base, 5 g of bacto 

casamino acids, 5.4 g of Na2HPO4, 8.56 g of NaH2PO4 *H2O, and 1 L of H2O, sterilized by filtration) 

and incubated at 20 °C for 20 h. One hundred microliters of culture was then used for yeast cell surface 

display experiments: Cells were harvested, washed twice in ice-cold PBS-F (1 g of BSA, 100 mL of 

Dulbecco’s 10× PBS, and 1 L of H2O, sterilized by filtration), and subjected to primary antibody 

[mouse monoclonal IgG1 anti–c-Myc (9E10) sc-40; Santa Cruz Biotechnology] for expression 

monitoring and biotinylated ligand at the desired concentration in ice-cold PBS-F for 20 min at 4 °C. 

The cells were then washed twice in ice-cold PBS-F and underwent a second staining with a 

fluorescently labeled secondary antibody [AlexaFluor488 goat–anti-mouse IgG1 (Life Technologies) for 

scFv labeling, Streptavidin-APC (South ernBiotech) for ligand labeling] for 20 min at 4 °C. After 

another wash in ice-cold PBS-F, the cell fluorescence was measured on an Accuri C6 flow cytometer. 

Error-prone gene diversification and selection. Designs that showed initial binding underwent genetic 

diversification by error-prone PCR using a GeneMorph II Random Mutagenesis Kit (Agilent) and 

subsequent library generation90. The libraries contained 107–108 clones, with an average of two to three 

mutations per clone. The libraries were then sorted three times on an Aria II fluorescence-activated cell 

sorter (Becton Dickinson), and 105 cells were collected each time. After the third sort, single clones 

were isolated and evaluated separately.  
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Ligand expression and purification. A gene encoding ACP2 optimized for E. coli expression was 

ordered from GenScript in pET29 and co-transfected with the biotin-ligase BirA in pET28 for in vivo 

biotinylation in BL21 cells. An overnight culture was grown in LB with 50 ng/mL kanamycin, 30 ng/mL 

chloramphenicol at 37 °C, and a 1-L culture with 50 ng/mL kanamycin and 0.5% glucose (to prevent 

premature expression of the proteins) inoculated from it. The culture was incubated at 37 °C until 

OD600 = 0.6, when protein expression was induced by addition of 1 mL of 1 M isopropyl β-D-1-

thiogalactopyranoside (IPTG). For in vivo biotinylation, at the same time, D-biotin was added to a final 

concentration of 50 nM from stock (5 mM in 10 mM bicine, pH 8.3, sterile-filtered). The culture was 

further incubated at 37 °C overnight and harvested in the morning. Cells were resuspended in 20 mL of 

HBS [20 mM Hepes, 150 mM NaCl (pH 7.4)] lysed by sonication; the lysate cleared by centrifugation 

(13,000 × g, 20 min, 4 °C) and loaded onto nickelnitrilotriacetic acid (Ni-NTA) resin (Ni-NTA His-Bind 

Resin; Merck). After two washing steps with HBS/100 mM imidazole, the protein was eluted with 

HBS/500 mM imidazole and dialyzed against HBS. After concentration, the protein was aliquoted and 

stored at −80 °C. For experiments with insulin binders, commercially available biotinylated insulin was 

used (Immunological and Biochemical Testsystems). 

IgG and Fab production. Adherent HEK293T cells were cotransfected with the heavy and light IgG 

chains or with the heavy and light Fabs (heavy chain fused to C-terminal His tag) using linear 

polyethylenimine as a transfection reagent (12.5 μg/12.5 μg/50 μg, respectively, per 15-cm plate). 

Seventy-two hours posttransfection, the medium containing the secreted protein was collected (∼1.5 L).  

Fab purification from IgG (5ins14, 2acp12). The filtered medium was concentrated to 100 mL using a 

diafiltration device (QuixStand Benchtop System; GE Healthcare). The medium composition was 

exchanged to buffer containing 50 mM Tris (pH 8) and 100 mM NaCl using the same device. The 

clarified supernatant was subsequently loaded onto a 5-mL HisTrap_Protein A_HP column (GE 

Healthcare). The IgG was eluted from the column with buffer containing 20 mM citric acid (pH 3). 

Fractions (1.5 mL) were collected into wells containing 200 μL of neutralizing buffer (1 M Tris, pH 

8.8). Fractions containing IgG were dialyzed against sample buffer [20 mM sodium phosphate, 10 mM 

EDTA (pH 7)] and lyophilized. Immobilized papain (Thermo Scientific) was activated according to the 

manufacturer’s instructions with digestion buffer (sample buffer containing 20 mM cysteine at pH 7). 

The lyophilized IgG (10 mg) was dissolved in 1 mL of digestion buffer and incubated with 1 mL of 

activated papain beads for 5 h at 37 °C. Dilution with 10 mM Tris (pH 7.5) stopped the reaction and 
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prepared the cleavage products for subsequent purification on a protein A column (equilibrated with 10 

mM Tris, pH 7.5). Fab fragments were collected from the flow-through.  

Secreted Fab purification (5ins16). Filtered medium (1.5 L) was loaded onto a 

HiTrap_chelating_HP_5 mL column (GE Healthcare) equilibrated with 50 mM Tris (pH 8) and 100 mM 

NaCl. The column was washed with the same buffer containing 100 mM imidazole, and the Fab 

fragments were eluted in one step with 500 mM imidazole and desalted on a HiPrep_26/10_desalting 

column (GE Healthcare) equilibrated with 50 mM Tris (pH 8) and 100 mM NaCl. The pure Fab was 

concentrated to 20 mg/mL for crystallization. 

Periplasmatic expression and purification (5acp14). The design was transformed into RH2.2 plasmid 

for expression as Fabs, where the heavy chain was N-terminally His-tagged and the light chain was 

expressed as a separate protein. Both chains contain a secretion sequence for direction to the 

periplasmatic space, where they fold and dimerize. Restriction-free cloning was done using Kapa HiFi 

Hotstart Readymix (Kapa Biosystems) according to the manufacturer’s protocol. Cells were induced 

with 1 mM IPTG at OD600 = 0.6, transferred to 16 °C, and harvested after 20 h. The cells were then 

resuspended in sucrose buffer [50 mM Tris, 1 mM EDTA, 20% wt/vol sucrose (pH 7.4); 100-mL/L 

culture], shaken for 20 min at 4 °C, and harvested, and the periplasm was lysed in low-osmolar solution 

(500 nM MgCl2; 50-mL/L culture) for 30 min at 4 °C. The supernatant was harvested by centrifugation 

(15,000 × g, 15 min) and filtered, and 20× HBS [400 mM Hepes, 3 M NaCl (pH 7.2)] was added to 

reach a 1× HBS concentration. The osmotic shock fluid was then loaded onto Ni-NTA resin and washed 

twice with five bed volumes of 15 mM imidazole in HBS and once with five bed volumes of 30 mM 

imidazole in HBS, and then eluted with three bed volumes of 500 mM imidazole in HBS. Imidazole was 

removed from the eluate by dialysis against HBS (1:500). The sample was then concentrated (Amicon 

Ultra-15 Centrifugal Filter; Merck) and purified by gel filtration in HBS over a HiLoad 16/600 Superdex 

75-pg column. 

Apparent Tm measurements. All experiments were performed on a ViiA 7 real-time PCR machine 

(Applied Biosystems)*. Fabs were diluted to 0.125 mg/mL in a 1:5,000 dilution of SYPRO Orange in 

HBS, and 20 μL of the solution was measured. The temperature was ramped from 25 °C to 100 °C at 

0.05 K·s −1. The maximal unquenching of the fluorophore occurred at 71 °C for 2acp12, at 57 °C for 

5acp14, and at 79 °C for 5ins16 (Fig. S3B). The slow decrease of fluorescence after the peak in each 
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curve (at high temperatures) is typical of protein aggregation, excluding the dye from formerly exposed 

hydrophobic core regions. For 5ins16, a five-bin, unweighted, sliding-average smooth was applied.  

Surface plasmon resonance. Surface plasmon resonance experiments on the ACP binders were carried 

out on a Biacore T200 instrument (GE Healthcare) at 25 °C with HBS- EP+ [10 mM Hepes, 150 mM 

NaCl, 3 mM EDTA, 0.005% vol/vol surfactant P20 (pH 7.4)]. For binding analysis, 1,000–2,800 

response units (RU) of Fab were captured on a CM5 sensor chip. samples of different protein 

concentrations were injected over the surface at a flow rate of 30 μL·min−1 for 240 s, and the chip was 

washed with buffer for 1,200 s. If necessary, surface regeneration was performed with one 30-s injection 

of 1.5 mM NaOH at a flow rate of 30 μL·min−1 . One flow cell contained no ligand and was used as a 

reference. The acquired data were analyzed using the device’s software, and kinetic fits were performed 

using the two-state reaction model to avoid overfitting of the late (asymptotic) dissociation phase. 

Experiments for the insulin binder were carried out on a ProteOn XPR36 Protein Interaction Array 

System (BioRad) at 25 °C with HBS+ [20 mM Hepes, 100 mM NaCl, 0.005% Tween (pH 7.5)]. For 

binding analysis, 8,000 RU of Fab was captured on a GLC Sensor Chip (BioRad). Samples of different 

concentration were injected over the surface at a flow rate of 30 μL·min−1 for 200 s and dissociation-

monitored while the chip was flushed with buffer for 2,000 s. One flow cell contained no ligand and was 

used as a reference. The data were analyzed using the software’s kinetic fit for heterogeneous ligands to 

account for the undirected immobilization of the Fab on the chip surface.  

Enzyme design  

A database of natural GH10 and PLL family enzymes. 114 PLL and 154 GH10 structures were 

downloaded from the Pfam database91. The structures were segmented along structurally conserved points 

in the β-strands. For each segment, the mainchain dihedral angles (ϕ, ψ, and ω) and conformation-

dependent PSSMs were computed. 

Segmentation positions. PLLs were segmented along the following positions (for reference, position 

numbering is according to the PLL from S. solfataricus, PDB entry: 2VC7): β-α unit 4:135-169, 5:171-

195, 6:197-217, 7:219-254. GH10 family enzymes were segmented along the following positions (for 

reference, position numbering is according to GH10 from T. saccharolyticum, PDB entry: 3W24): β-α 

unit 1:20-44, 2:47-83, 3:86-142, 4:145-185, 5:188-218, 6:221-248, 7:251-288, 8:291-319. 

Constrained catalytic residues. In PLLs, six metal chelating residues were constrained (for reference, 

position numbering is according to PLL from S. solfataricus, PDB entry: 2VC7): 22, 24, 137, 170, 199, 
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and 256. In GH10s, the following active-site residues were constrained (for reference, position numbering 

is according to GH10 from T. saccharolyticum, PDB entry: 3W24): 52, 85, 89, 92, 145, 146, 187, 189, 

221, 223, 251, 292, and 300. 

Combinatorial backbone assembly. For each segmentation scheme, we generated a starting set of 3,000 

backbone conformations by randomly recombining fragments selected from the conformation databases. 

The sequence of each design was then optimized using RosettaDesign. From each starting design, 30 steps 

were taken, in each of which a backbone segment was chosen at random and replaced with a random 

fragment from the relevant conformation database. Following segment replacement, the sequence of the 

segment and every residue within 6 Å was designed, and iterations of sidechain packing, backbone and 

sidechain minimization were conducted to obtain low-energy sequences. The new structure was accepted 

relative to the previously accepted structure if it passed the Metropolis criterion with a gradually 

decreasing temperature (simulated annealing Monte Carlo). 

Structural clustering of designs. All resulting designs were clustered using MaxCluster 

(http://www.sbg.bio.ic.ac.uk/maxcluster/).  

Stability design. The clustered designs were subjected to the PROSS stability design algorithm92, and for 

each starting design, one stabilized variant (PROSS design variant 6) was selected for experimental 

characterization. 

Rosetta energy function. GH10 designs were computed using the Rosetta Talaris14 all-atom energy 

function74, and PLL designs were computed using the more recent Rosetta energy function REF1593. 

Both energy functions are dominated by all-atom van der Waals packing, hydrogen bonding, 

electrostatics, and an implicit solvation model.  

Sequence identity analysis. We calculated the sequence identity for each of the designed enzymes 

relative to the closest natural homologue using BLASTP94 with the NCBI non redundant (nr) database 

(ftp://ftp.ncbi.nlm.nih.gov/blast/db/). 

Materials. Paraoxon, p-nitrophenyl acetate, γ-nonanoic lactone, DTNB, m-cresol, and beechwood xylan 

were purchased from Sigma-Aldrich. TBBL was synthesized as previously described68. 4-nitrophenyl β-

xylobioside (PNPX2) was purchased from Megazyme. 

https://paperpile.com/c/q9lyys/6Hwe
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Cloning. Synthetic genes of designs and natural enzymes were codon optimized for efficient E. coli 

expression, and custom synthesized as linear fragments by Twist Bioscience. The genes were amplified 

and cloned into the pETMBPH vector (containing an N-terminal 6-His-tag and MBP77) through the EcoRI 

and PstI restriction sites. The ligated DNA was transformed into E. coli BL21 DE3 cells, and DNA was 

extracted for Sanger sequencing to validate accuracy. The plasmids with genes of active designs were 

deposited at AddGene (deposit number 75062). 

Protein expression and purification. For small-scale expression, 2 ml of 2YT medium supplemented 

with 50 μg/ml kanamycin (and 0.1 mM ZnCl2 or CoSO4 in case of PLLs) were inoculated with a single 

colony and grown at 37°C for ~15h. 10ml 2YT medium supplemented with 50 μg/ml kanamycin  (and 0.1 

mM ZnCl2 or CoSO4 in case of PLLs) were inoculated with 0.2 ml overnight culture and grown at 37°C 

to an OD600 of ~0.6. Overexpression was induced with 0.2 mM IPTG, and the cultures were grown for 

~24h at 20°C. After centrifugation and storage at -20°C, the pellets were resuspended in lysis buffer and 

lysed by sonication. PLL lysis buffer: 50 mM Tris (pH 8.0), 100 mM NaCl, 10 mM NaHCO3, 0.1 mM 

ZnCl2 or CoSO4, benzonase and 0.1 mg/ml lysozyme. GH10 lysis buffer: 50 mM Tris (pH 6.8), 100 mM 

NaCl, benzonase and 0.1 mg/ml lysozyme. The PLL proteins were bound to amylose resin (NEB), washed 

with 50 mM Tris pH 8.0 with 100 mM NaCl and 0.1 mM ZnCl2 or CoSO4, and eluted with wash buffer 

containing 10 mM maltose. The GH10 proteins were bound to Ni-Nta resin (Merck), washed with 50 mM 

Tris pH 6.8 with 100 mM NaCl and 20mM imidazole, and eluted with wash buffer containing 250 mM 

imidazole. Elution fraction was used for SDS-PAGE gel and for initial activity measurements. For further 

analysis of active designs, the expression was repeated with 50 ml culture, and after purification, the 

proteins were dialyzed in wash buffer. For crystallization, the expression was performed with 500 ml 

culture, and after purification, the protein was digested with TEV protease to remove the MBP fusion tag 

(1:20 TEV, 1 mM DTT, 24-48h/RT). The MBP fusion was removed by binding to Ni-Nta resin, and the 

protein was purified by gel filtration (HiLoad 26/600 Superdex75 preparative grade column, GE). Protein 

concentration was estimated by OD280 measurement, and protein expression levels were extrapolated to 

mg protein per liter culture. 

Preliminary xylanase screening. Xylanase activity was determined qualitatively by measuring the 

reducing sugars released from xylan by the dinitrosalicylic acid (DNS) method67. A typical assay mixture 

consisted of 20 μl citrate buffer (500mM,  pH 6.0) added to 80 μl cell lysate. The reaction was started by 

adding 100 μl of 2% beechwood xylan suspended in DDW, and the reaction was continued for 20 min at 

https://paperpile.com/c/q9lyys/HADe
https://paperpile.com/c/q9lyys/k5SQ
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50°C. The reaction was stopped by transferring the tubes to an ice-water bath. 100 μl of the supernatant 

was then added to 150 μl DNS reagent, and the tubes were boiled for 10 min, after which the absorbance 

was measured at 540 nm. The read was compared to a blank sample (cell lysate expressing MBP), and 

active xylanase designs were taken for further examination. 

Kinetic measurements. The kinetic measurements were performed with purified proteins in activity 

buffer (PLL: 25°C, 50 mM Tris pH 8.0 with 100 mM NaCl, supplemented with 0.1 mM ZnCl2 or CoSO4, 

GH10: 37°C, 50 mM Tris pH 6.5 with 150 mM NaCl). A range of enzyme concentrations was used, 

depending on the activity. The activity of PLLs was tested at 20-22°C with TBBL 68, by coupling with 

DTNB and monitoring the absorbance at 412 nm), γ-nonanoic lactone (pH-sensitive assay in 2.5mM 

bicine pH 8.3, by monitoring the absorbance of m-cresol indicator at 577 nm78), paraoxon and p-

nitrophenyl acetate (monitoring the absorbance of the leaving group at 405 nm). The kinetic measurements 

were performed in 96-well plates (optical length – 0.5cm), and background hydrolysis rates were 

subtracted. The activity of GH10s was tested with PNPX2 by monitoring the absorbance of the leaving 

group at 405 nm. No background hydrolysis was observed with PNPX2. Specific activity of GH10s was 

also tested at a range of temperatures (25°C, 37°C, 45°C, 50°C) and at various pHs (citrate buffer: pH 5.0, 

6.0, and 6.5, tris buffer: pH 7.0, 8.0, and 9.0). 

Data Analysis. Kinetic parameters were obtained by fitting the data to the Michaelis-Menten equation [v0 

= kcat[E]0[S]0/([S]0+KM)] using Prism 7. In cases where solubility limited substrate concentrations, data 

were fitted to the linear regime of the Michaelis-Menten model (v0= [S]0[E]0kcat/KM) and kcat/KM values 

were deduced from the slope. The reported values represent the means ±S.D. of at least two independent 

measurements. 

Tm measurements. Tm  measurements were performed after cleavage of the MBP tag from the designs. 

Two methods were used: ThermoFluor experiments using SYPRO Orange dye (Sigma Aldrich) on a ViiA 

7 real-time PCR machine, with temperature ramp from 25°C to 100°C at 0.05 K/s 79, and  nanoDSF 

experiments performed on Prometheus™ NT.Plex instrument (NanoTemper Technologies)80. In addition, 

residual activity of PLL designs was tested following 0.5h incubation at various temperatures and cooling 

to RT. 

https://paperpile.com/c/q9lyys/6Hwe
https://paperpile.com/c/q9lyys/shhz
https://paperpile.com/c/q9lyys/9bx7
https://paperpile.com/c/q9lyys/34V0
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Results 

The algorithm described herein was implemented towards the design of de novo antibodies and TIM-

barrel enzymes, at atomic resolution. The work is dived into 3 parts: 

1. In silico validation of the method by recapitulating the binding mode, conformation, and 

sequence of a set of nine, naturally occurring, high affinity antibody bound complexes of known 

three-dimensional structures. 

2. Generating de novo antibodies against two protein targets: the Acyl Carrier Protein (ACP) and 

human insulin. 

3. Designing TIM-barrel fold enzymes that catalyze two distinct reactions:  hydrolization of a 

lactone ester and hydrolization of a xylan sugar. 

Computational design algorithm 

The design algorithm is comprised of four key features: (1) Incorporating information from 

conformation and sequence databases to constrain design choices; (2) Encoding residue correlations in-

between elements lacking secondary structures (loops) and the framework. (3) Efficient sampling of the 

large backbone and sequence combinatorial space encoded in a fold family. (4) Designing 

conformations and sequences that optimize both protein stability and target-molecule binding. 

In the following sections I give a general description of the different elements of the algorithm and how 

they relate to the aforementioned design features. 

Constructing a conformation database. Backbone-conformation sampling is computationally 

demanding95–98. Rather than designing backbones from scratch we extract the backbone conformations 

of natural proteins within a protein family ensuring that while the sampled backbone conformations 

possess ‘non-ideal’ features they are still realistic. Creating the conformation database is done in the 

following manner: we start with a template structure (any member of the protein family). For every 

segment in the template we apply the dihedral angles of an equivalent segment of a source structure 

(another member of the fold family) (Fig. 3). 
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Figure 3. Extracting backbone 

dihedral angles from natural 

proteins and applying them to a 

template structure. To construct the 

conformation database we align the 

source protein and template protein 

(gray) and apply the dihedral angles 

from the source segment onto the 

equivalent segment of the template 

protein. Some adjustments need to be 

made to the dihedral angles in order to 

fit the new conformation to the 

template structure 

If the source structure’s segment is 

longer than the template’s we 

elongate the template segment by 

adding the appropriate number of 

residues before applying the 

source’s dihedral angles. 

Accordingly, if the template 

segment is shorter we remove 

residues. 

As there will always be slight mismatches between the stem point positions of the template and the 

source, simply copying the backbone dihedral angles from the source protein and applying them to the 

template protein would distort the newly introduced conformation due to leaver effects (e.g. even a 

slight change in distance between the stem point would force a conformation change in the intervening 

segment). Additionally since the environment of the segment is changed (from the source protein to the 

template protein) additional sequence design is required for both the segment itself and the surrounding 

residues to accommodate the new conformation. This is done using cyclic-coordinate descent (CCD)99, 

small, and shear moves, as implemented in the CCD mover in Rosetta100. During refinement the 

standard Rosetta all-atom energy function48 is modified by the addition of harmonic restraints that bias 

the Cα positions and the backbone-dihedral angles of each modeled amino acid to the values observed in 

the source segment to minimize deviation from the source conformation. CCD alternates backbone 

moves with combinatorial amino acid side-chain packing. During packing steps we also allow 

combinatorial stochastic sequence optimization in the entire modeled segment and in a 6Å shell 

surrounding the segment subject to sequence constraints. At the end of the CCD step we compute the 

root mean square deviation (RMSD) of the modeled segment from the source segment and if it exceeds 

0.25Å we repeat the procedure. If CCD fails ten times then the new conformation will not be added to 

conformation database. 

Sequence constraints from natural proteins guide amino acid design choices. The stability of a 

protein conformation relative to unfolded and misfolded states relies on both positive and negative 

design elements; whereas positive design elements address the target conformation, i.e. adding 

components to the design that lower the energy of the conformation, and are amenable to modeling, 
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negative design, adding components that inhibit the target conformation from adopting alternate 

conformations, is impractical for modeling47,101. A key advantage of computational design of proteins 

belonging to a diverse fold family, such as antibodies, is that we can extract statistics regarding amino 

acid choices on a per-position basis and use these statistics to guide the design process. Moreover, by 

correlating natural backbone conformations to their sequences we can map sets of protein sequences to 

particular conformations, and maintain for each of these conformations its own unique sequence profile 

(Fig. 4).  

 

 

Figure 4. Coupling sequence 

information to conformation.  A 

multiple sequence alignment (left) is 

compiled into a sequence profile 

(center). The profile is then used 

during design to constraint sequence 

choice to those favored by the 

associated conformation. 

 

During design, using the precomputed map of conformation-PSSM, every instance where a new 

segment conformation is sampled the corresponding PSSM block is loaded keeping sure that the 

sequence constraints of the entire model are synchronized with respect with the current model 

conformation. 

The sequence constraints encoded in the PSSMs are stringent in the fold framework, which is 

responsible for maintaining stability and therefore tends to be more conserved, and relaxed at the loop 

segments which are usually responsible for function and therefore more variable, giving sequence 

optimization room to explore different residue combinations for interacting with the ligand, while 

maintaining the structural integrity. The PSSM is used during all design calculations in two ways. First, 

design sequence choices are restricted only to identities above a conservation threshold according to the 

PSSM, eliminating destabilizing identities. Second, the all-atom energy function is modified to include a 

term that biases the sequence toward the more favorable identities. 

Combinatorial design. The actual design process begins by generating a starting set (typically a few 

thousands) of backbone conformations by randomly recombining fragments selected from the 
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conformation databases. The sequence of each design is then optimized using RosettaDesign87. From 

each starting model, 30 iterations are preformed, in each of which a backbone segment is chosen at 

random and replaced with a random conformation from the relevant conformation database. Following 

segment replacement, the sequence of the segment and every residue within 6 Å is designed, and 

iterations of sidechain packing, backbone and sidechain minimization are conducted to obtain low-

energy sequences. The new structure is accepted relative to the previously accepted structure if it passed 

the Metropolis criterion with a gradually decreasing temperature (simulated annealing Monte Carlo). 

Using the pre-computed database during design to sample different backbone conformations is 

extremely efficient and can be done well under a second for segments of up to 80 amino acids long.  

Different design goals require alteration of the basic design scheme described above. In the case of 

antibodies where the conformational space is untractably large I begin by first constructing a 

representative set of antibody conformations which span the conformational space available to 

antibodies. These representatives are then computationally docked to the target of interest. The docking 

can be done globally or locally to a desired epitope. Following the docking step the bound models are 

assessed using energy and structural considerations and models that pass the pre-set criteria (surface 

area, shape complementarity, and binding energy) are passed onto a refinement step where I sample 

different segment conformations and sequence alternatives more rigorously to optimize for binding 

energy as well as overall stability of the antibody. This simultaneous optimization of both binding and 

stability is done thanks to a novel ‘fuzzy-logic’ mulitconstrained optimization scheme84. In short, the 

binding energy and stability energy are each transformed to a number between 0-1 using a sigmoid 

function. A score closer to one means better binding/stability energies (Fig. 5). The two scores are then 

multiplied to produce a final score by which the MC iteration is evaluated. 

 

Figure 5. ‘fuzzy-logic’ optimization.  The Rosetta energy 

score (R.e.u) of the model’s binding and stability are 

converted to a score between 0-1 using a sigmoid function. 

These scores are then multiplied to produce a combined 

score by which the MC move and accepted or rejected. 

In the case of enzymes, contrary to previous computational enzyme design methods, we do not model 

the transition state as it is often associated with uncertainties and inaccuracies17. Rather, we constrain the 
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catalytic residues, not allowing the sidechain conformation to change during design. The designs are 

then ranked by Rosetta energy, clustered by backbone conformation to obtain unique structures, and 

subjected to the PROSS stability design algorithm92.  

In-silico validation of antibody design algorithm 

To test the algorithm’s performance and highlight areas for later improvement, I selected a set of nine 

high-affinity (Kd<20 nM), medium-to-high crystallographic resolution (≤ 2.5Å), protein-binding 

antibodies from SAbDab81 (Table 1) as targets for design. For each natural antibody–protein complex I 

retained only the natural binding orientation, and eliminated all antibody sequence and backbone 

information; sidechains on the target molecule binding site were allowed to repack and minimize, in 

keeping with previous design of function studies15,36. The natural antibody set comprised of the human 

antibodies Fab40, D5 neutralizing mAb, and BO2C11 (PDB entries: 3K2U102, 2CMR103,1IQD104, 

respectively), murine antibodies E8, D1.3 mAb,F10.6.6, JEL42, and 5E1 Fab (PDB entries: 1WEJ105, 

1VFB106, 1P2C105, 2JEL107, 3MXW108), and the humanized murine antibody D3H44 (PDB entry 

1JPS107). The ligand targets comprise convex (2JEL, 1IQD), flat (1P2C), and concave (3MXW) 

surfaces, 
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Table 1. Bound antibody complexes used for recapitulation benchmark 
Protein 

Data 
Bank 
Code 

Binding 
Surface 
area (Å)a 

Packing 
b 

Shape 
complementarity 

c 

Predicted 
binding 
energy 
(R.e.u) 

Ligand Kd
d 

(nM) 
Predicted 
binding 

energy ranke 
 

Predicted 
binding 
energy 
(R.e.u) 

Buried 
surface 

area 
(Å2) 

antibody 
backbone 
RMSD (Å)g 

Ligand 
interface 
RMSD (Å) 

h 

Packing 
scoreb 

Shape 
complementarityc 

Same as natural 
segmenti 

Overall 
sequence 
identity 

(%) 
 

Interface 
sequence 
identity 

(%)j 

CDR 
sequence 
identity 

(%)k 

Core 
sequence 
identity 

(%)l 

VL L3 VH H3 VH  VL 

1JPS 1950 0.66 0.70 -25 Tissue Factor 0.1 1/1809 -38.8 2063 1.23 2.20 0.66 0.62 v v v v 68 31 67 54 89 

1WEJ 1220 0.70 0.75 -16 Cytochrome C 15.8 3/93 -24.5 1535 1.51 2.00 0.67 0.62 v v v 0 64 37 61 43 82 

2CMR 2110 0.58 0.72 -22 Transmembrane 
glycoprotein 

0.005 11/297 -26.3 2162 1.15 1.40 0.57 0.60 v v v v 64 26 61 68 75 

3MXW 1882 0.70 0.51 -21 Sonic hedgehog 
protein 

0.7 24/1274 -32.2 2011 1.52 2.72 0.69 0.58 v v v v 58 53 42 54 60 

1VFB 1405 0.67 0.69 -22 Lysozyme 3.7 24/250 -24.3 1493 1.15 3.20 0.64 0.60 v v v v 63 27 60 56 80 

2JEL 1549 0.66 0.58 -17 Phosphocarrier 
protein HPr 

3.7 9/50 -20.4 1353 1.30 2.70 0.62 0.60 v v v -1 68 13 71 80 77 

3K2U 1982 0.62 0.68 -29.2 Hepatocyte 
growth factor 

activator 

0.16 51/112 -26.6 1695 1.31 3.20 0.58 0.62 v v v -1 70 40 62 86 77 

1P2C 1467 0.68 0.67 -17 Lysozyme 0.0098 138/659 -22.2 1566 1.30 3.90 0.68 0.60 v v -1 1 52 34 52 59 64 

1IQD 2134 0.70 0.78 -32 Coagulation 
factor VIII 

0.0014 762/2802 -24.7 1632 1.24 2.80 0.66 0.67 v v v v 62 26 66 60 71 

a Binding surface area is the area excluded from water upon ligand binding. 
b A criterion that measures how well the antibody core and the binding surface are packed109 
c Shape complementarity between the binding surface of the antibody and ligand 82 
d Kd values of the natural antibody taken from the “SabDab” database. 
e All designed antibodies that are within a 4 Å distance of the target epitope are included in the ranking. 
f Similar conformations are all designed antibodies that are comprised of segments of the same conformational clusters as the natural antibody 
g RMSD was calculated over all Cα atoms 
h Ligand interface is calculated over all ligand Cα atoms within a 10 Å radius of the antibody. 
i A “v” signifies that design has a segment from the same conformational cluster as the natural antibody. If not, the number states the amino acid length change in the design segment relative to the natural antibody.  
j Interface residues are all antibody residues within a 10 A distance of the ligand 
k CDR residues do not include interface residues 
l Core residues are all the antibody residues that are not part of the CDR and are not solvent exposed 
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containing helical (2CMR), sheet (1JPS), and loop (1P2C, 3K2U, 1IQD) secondary-structural elements. 

The conformation propensities in the dataset mirrored those of protein-binding antibodies in the PDB. 

The resulting designs were filtered using metrics developed to assess structure models, including 

binding energy, antibody stability, shape complementarity, packing statistics, and buried surface area. 

To rank the final design models I used only computed binding energy, and contrast the highest-affinity 

design with the target natural antibody, bound to the same epitope, according to the following structure 

and energy criteria: sequence identity, Cα RMSD, interface shape complementarity (Sc)82, packing 

statistics109, buried surface area, binding energy (Fig. 6), and backbone-conformation clustering. The 

distributions of natural and filtered designs along the four parameters were similar, except in shape 

complementarity, which tends to be lower in designed complexes than in the natural ones. This is a 

general trend for designed complexes, which reflects the challenge of achieving the subtle steric 

complementarities seen in natural binders.  

 

Figure 6. Energy and structure criteria used to filter 

designed antibody structures. In the final step of I filter 

the designed antibodies according to four parameters: 

predicted binding energy, buried surface area, shape 

complementarity (Sc82) between antibody structure and 

ligand, and packing quality (using RosettaHoles109) 

between the variable light and heavy domains and the 

ligand. Cutoffs (green dashed lines) were derived from a set 

of 303 natural protein-binding antibodies. Antibody designs 

(purple) that passed all filters are compared to the natural 

protein-binding antibodies (gold).  

 

Even though the design trajectories start from a binding orientation similar to the experimental bound 

complex, during design some antibodies migrate and bind at other sites. For the purposes of 

recapitulation analysis I eliminated designed antibodies with interface RMSD110 values >4Å. Subject to 

the above selection criteria, six out of the nine natural antibodies in the study set selected H3 and L3 

CDRs of the same length as the natural antibody targets; of those six, five selected fragments with 

backbone atom RMSD of less than 1Å to target natural antibody and four are at the top 10% ranking in 

terms of computed binding energy (Table 1). Generally, designs tend to have high buried surface area 

(>1800 Å2), suggesting that the algorithm is biased toward large interfaces.  
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To focus on the atomic details of designed antibodies I considered antibodies that target the same 

surface as the humanized anti-tissue factor antibody D3H44 (PDB entry 1JPS) and the anti-sonic 

hedgehog protein 5E1 (PDB entry 3MXW). In preliminary simulations I noticed that the tissue-factor 

targeting designs used backbone conformations for H3 that were derived from naturally occurring anti-

tissue factor antibodies; to eliminate bias, I removed anti tissue-factor entries from the backbone 

conformation dataset, and repeated the analysis. The designs’ backbone conformations showed a high 

level of agreement with the natural antibodies (CDR Cα RMSD between design and natural antibody is 

<1Å for all six CDRs). Previous studies noted that successfully de novo designed binding surfaces 

tended to be apolar and use regions high in secondary-structure content23, raising the question whether 

the all-atom energy function correctly balances contributions from hydrogen bonding, solvation, and 

electrostatics that are crucial for designing polar surfaces111. It is therefore encouraging that in some 

cases designed antibodies captured the extensive hydrogen bonding across the interface as seen for 

example in the highest predicted binding energy designed anti-tissue factor antibody (Fig. 7). Designed 

long-range interactions within the core of the variable domain, between the framework and the 

hypervariable CDRs, show the same characteristic hydrogen bonding, van der Waals, and aromatic 

stacking interactions observed in the natural antibodies from which the segment was extracted (Fig. 8).  

  

Figure 7. Designed antibody-backbone 

atoms form polar contacts with the 

ligand and supporting polar interactions 

within the antibody. The best predicted 

binding affinity design (magenta) of an anti 

tissue-factor antibody is shown with the 

target ligand (blue). Two polar contacts 

(dashed orange lines) are formed between 

the L3 Ser94 amide nitrogen and the 

carbonyl group of Thr167 from tissue factor 

and between the Tyr92 carbonyl and the 

amide nitrogen of Lys169 from tissue 

Figure 8. Designed backbone fragments conserve the stabilizing 

interactions observed in the natural target antibody. The natural VL 

segment from the target anti-gp4 antibody, D5 mAb (PDB entry 2CMR; 

orange), encodes long-range stabilizing interactions between CDR L1 and 

the framework, for instance, using hydrogen bonds (dashed green lines), 

and hydrophobic-packing interactions. Though the VL segment used in the 

design targeting gp4 originates from a different natural antibody (the anti-

osteopontin antibody 23C3, PDB entry 3CXD, magenta) and has a different 

sequence than that of the target fragment (right), the same types of 

stabilizing interactions are made in the designed fragment. 
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factor. The hydroxyl group of Tyr 96 forms 

an additional hydrogen bond with the e-

amino group of Lys169. In addition the 

conserved Gln90 forms multiple hydrogen 

bonds with the backbone atoms of the L3 

loop that stabilize the conformation.  
 

The results demonstrate that when confined to choosing from naturally existing backbones and subject 

to sequence constraints the all-atom energy function is capable of designing polar binding surfaces and 

the protein core, which provides structural stability to these surfaces. The designed segments were quite 

far from the germline compared to naturally occurring segments, ranging from 50 to 85% in designs, 

compared to 80–100% in natural antibodies, suggesting that design could sample parts of sequence 

space that are inaccessible to natural antibody diversification processes. The ability to design antibody 

variants using backbone-conformation segments from germline genes other than those used in natural 

binders suggests that the conformation data encoded in the PDB are redundant, which may be important 

for fine tuning the backbone to the target site. The ability to sample and design many realistic backbone 

conformations can be used to highlight where design may be useful to engineering, and areas for 

improvement in design methodology; for some targets the algorithm selected models with backbone 

conformations similar to the natural antibody, but ranked these models poorly in comparison to others. 

In the case of the anti-lysozyme antibody F10.6.6 (PDB entry 1P2C) the natural antibody buries a 

relatively small surface area and is in the 20th percentile of the overall predicted binding-energy ranking 

(Table 1). Most of the top-ranked designs that target the same lysozyme epitope bury larger surfaces 

(>1600 Å2) by using longer L1 and L3 segments (Fig. 9(a)). These results highlight the modularity of 

the antibody scaffold, and a potentially useful strategy to refine existing antibodies by diversifying 

CDRs at the periphery of the binding site; such diversification could increase affinity and specificity for 

the target or increase antibody stability.  

In one example, The anti-hepatocyte growth factor activator antibody (PDB entry 3K2U), although the 

designed model used similar CDR conformations as the natural antibody the binding surface of the 

designed model was 1700 Å2 compared to 1980 Å2 for the natural antibody. This difference could be 

explained by the different packing angle between the VL and VH domains of the natural antibody 

compared to the designed one (Fig. 9(b)). This degree of freedom was later added to design algorithm as 

detailed below. 
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Figure 9. The antibody design algorithm favors larger binding surfaces. (A). Comparison between the top-ranked anti-

lysozyme design (magenta) and the natural antibody, F10.6.6, PDB entry 1P2C (gold). The designed antibody uses a 

longer L1 (16 amino acid, compared to 11 in the natural antibody) and a longer L3 (11 amino acids compared to 10), 

increasing the buried surface area from 1470 to 1680 Å2. (B) Comparison between the anti-hepatocyte growth 

factor activator designed antibody (magenta) and the natural antibody, Fab40, PDB entry 3K2U (orange). 

Structures are oriented so CDRs are pointing toward the viewer. A 10˚ difference in the packing angle between the 

variable light and heavy domains creates a gap between the CDRs of the natural antibody’s variable light and heavy 

domains compared to the designed one (marked by red arrows). This opening in the light and heavy domain interface 

produces a larger binding surface in the natural antibody compared to the design.  
 

Sequence recapitulation and interface side chain rigidity. Sequence recapitulation rates were in the 

range of past design studies; the values are not directly comparable, however, since past design work 

dealt with either functional-site design15,36 or the protein core112, whereas here I handled both, and since 

here I constrained sequence and backbone-conformation choices using data from natural antibodies, 

whereas past design studies used all-atom energy functions and modeled backbones without additional 

restraints. Sequence within the antibody core was recapitulated to within roughly 60– 80% identity 

(Table 1), which was higher than a previous study attempting to recapitulate native identities in the 

protein core (51%112), and the binding surface sequence identity was ~30% (Table 1), similar to a 

previous protein-binding study (interface residue sequence identity between 10 and 40%)15. Sequence 

identities in the CDRs (excluding interface residues) ranged between 50 and 90%, similar to sequence 

identities in the protein core. In some cases residues at the interface and the antibody core conserved 

side-chain conformations at atomic accuracy (Fig. 10). 
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Figure 10. Designed 

antibodies recapitulate 

the identity and 

conformation of binding 

surface and core 

residues. The anti-tissue 

factor targeting design 

(magenta). Tissue factor is 

shown in surface 

representation colored by 

vacuum electrostatics 

using Pymol (69). The 

natural antibody D3H44 

(PDB entry 1JPS) is 

colored orange 

Amino acid conformational plasticity has the potential to reduce binding specificity and affinity27,111. A 

computational metric to assess sidechain rigidity was suggested which computes the Boltzmann weight 

of the bound sidechain conformation in the ensemble of all sidechain conformations when the binder is 

dissociated from its target27. Designed binders using existing strategies27 typically show lower 

sidechain-conformation Boltzmann weights, and presumably lower rigidity, than natural binders. 

Previous design attempts, which incorporated sidechain rigidity into the design scheme, have either 

explicitly accounted for it during design15 or have used this metric as an additional filter for evaluating 

designs posteriori113. I  hypothesized that the sequence-structure rules encoded in the backbone-

conformation library and the related PSSMs implicitly constrain residues in the designed antibody 

binding surfaces to more rigid choices. A comparison of the sidechain conformational plasticity at the 

binding surfaces of 303 natural high-affinity antibodies with the designed antibodies showed that 

designed aromatic residues at the binding surface that contribute more than 1 R.e.u to the predicted 

binding energy have conformation-probability densities somewhat higher than natural antibodies (Fig. 

11). The proportion of low-probability sidechain conformations (<5% probability), which are unlikely to 

be in their intended conformation in the unbound state, is <10%, and more than half of the designed 

interface residues have sidechain-conformation probabilities above 15%, a higher fraction than in the set 

of natural antibodies (Fig. 11). The Boltzmann weight of the bound sidechain conformation is a 

computed metric based on sidechain-conformation libraries15 and so these results must be treated with 
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caution in the absence of experimental structures of bound and unbound designs. Still, the high 

computed sidechain rigidity values suggest that by optimizing antibody stability and by biasing 

sequence optimization toward the antibody sequence consensus the design algorithm may encode some 

elements that are necessary for lock-and-key molecular recognition114–116. Two examples, the anti-tissue 

factor designed antibody and an anti-sonic hedgehog protein designed antibody, demonstrate how 

interface sidechain rigidity is encoded by contacts between the designed aromatic sidechains and 

neighboring sidechain and mainchain atoms (Fig. 11). 

 

Figure 11. High conformational rigidity of designed sidechains. (A). The sidechain conformation probabilities in the 

unbound state were computed using the method in Ref. 15. The algorithm produces antibody complexes with a lower 

proportion of low-probability conformations (≤0.05 probability) compared to natural antibody complexes. The natural 

antibody complex set comprises 303 antibody–protein complexes extracted from the SabDab database81, and the designed 

antibody set includes all designs generated and filtered by the design protocol. (B) The designed antibody against sonic 

hedgehog protein. The conformationally constrained tyrosine (colored green, with rotamer Boltzmann probability 90%) is 

stabilized by packing against surrounding backbone atoms and the side chain atoms of Tyr53 and a hydrogen bond with 

Asn31. (C). The anti-tissue factor protein designed antibody. Tyr137 on H1 (rotamer Boltzmann probability: 60%) is 

stabilized by packing against the backbone atoms of H1 and H3 and the side chain of Phe132.  
 

This exercise in comparing the features of the designed antibodies vs. natural ones has taught us 

important lessons which we implemented in later design attempts. Mainly, the importance of sampling 
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the VL/VH packing angle in the design process and further fine tuning in construction of conformation 

and sequence databases.  

Experimental validation of antibody design 

The antibody design algorithm which we named ‘AbDesign’ was developed over 5 design-experiment 

cycles in which a total of 193 designed antibodies were experimentally evaluated. We chose two target 

antigens, human insulin and the Mycobacterium tuberculosis acyl-carrier protein (ACP). These targets 

are rigid and stable, and for which no antibody-bound molecular structures were available. Each design 

was formatted as a single-chain variable fragment (scFv)117, and its expressibility and binding to the 

designated antigen were assayed using yeast cell surface display89. Yeast display showed that antibodies 

from the first design cycle had uniformly low expression levels compared with many natural antibodies 

(Fig. 12). Since expression levels are often correlated with protein stability80, we reasoned that low 

expression indicated design flaws, and through the five design/experiment cycles, we gauged our 

progress as we improved the design algorithm using yeast display expression levels. From the early 

design cycles I learned two valuable features necessary for designing stable and expressible antibody 

binders: (1) preservation of amino acid identities crucial for configuring the Fv backbone, including 

buried polar networks, and (2)identification of appropriate backbone-segmentation points in the Fv 

framework. 

 

Figure 12. Improved antibody expressibility over five 

design/experiment cycles. The 114 insulin-targeting 

designs were formatted as scFvs and their yeast surface 

expression levels were evaluated in five successive 

cycles of algorithm development (expression levels are 

normalized to those of the high-expression antibody 

4m5.3 tested under identical conditions). Molecular 

representations show flaws observed in early design 

cycles: cavities (gray) in the protein core (1ins01) (Left), 

a buried but unpaired arginine (1ins10) (Center), and 

failure to maintain a buried hydrogen-bonding network 

between segments distant in sequence (3ins17) (Right). 

Starting in design cycle 4, conformation-dependent 

sequence constraints were used to guide Rosetta design 

choices. In this cycle, the entire Fv (framework and 

CDRs) was subjected to Rosetta design. Additionally, in 

cycle 5, the Fv backbone was segmented in two parts in 

each chain: one comprising the framework and CDRs 1 

and 2 and another comprising CDR 3. Side chains in 

gray show identities typical of natural antibodies in the 

relevant positions. The backbone is rainbow-colored 

from the amino terminus (blue) to carboxy terminus 

(red). HC, heavy chain; LC, light chain. 
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The most significant flaw in design cycles 1–3 was unpaired charges and cavities in the Fv core (Fig. 

12). Fold-design studies of the past did not yield such flaws, because all backbone polar groups in ideal 

folds form hydrogen bonds that stabilize secondary structures118,119, whereas antibody CDRs have many 

buried polar groups that require sequence-specific interactions to configure correctly. To address these 

design flaws, starting in cycle 4, I implemented the conformation-dependent sequence-constraint 

strategy described above. Since the use of PSSM constraints dramatically reduces sequence space open 

to design, we opened the entire Fv, comprising >200 amino acid residues, to sequence design in cycle 4, 

thereby optimizing the framework, including the interactions between light and heavy chains, and the 

framework’s interactions with the CDRs. The sequence constraints notwithstanding, designed antibodies 

still showed substantial differences from mammalian germlines (>30 mutations), demonstrating that the 

sequence space open to design was still vast. With the implementation of conformation-dependent 

sequence constraints, we observed modest to high expression levels for a majority of designs (Fig. 12). 

In design cycles 1–4, I segmented the Fv backbone into seven parts, comprising a single framework and 

six CDRs, following the conventional segmentation used by the majority of antibody-modeling and 

engineering studies of the past three decades 118 (Fig. 13). In the resulting designs, however, we 

observed structural defects, including cavities between CDRs 1 and 2 and the framework, as well as 

buried and unpaired polar groups. These observations led us to test whether the backbone differences 

among alternative Fv frameworks, albeit small, have a role in configuring the CDRs. In cycle 5, I 

therefore segmented each chain into two parts, one encompassing CDRs 1 and 2 and their supporting 

framework and the other encompassing CDR 3 (Fig. 13). As a boundary between the two parts within 

each chain, we chose the disulfide-linked cysteine proximal to CDR 3, since this disulfide is conserved 

in all antibodies both in sequence and structure. The segmentation of design cycle 5 is similar to the 

V(D)J partitioning of all vertebrate antibodies80, and we saw that designs using this segmentation 

retained the intricate hydrogen bonding observed in natural antibody structures. The designs also had 

higher and more realistic core-packing densities compared with cycle 1 designs. As a result, cycle 5 

designs finally showed uniformly high expression levels (Fig. 12). Through this process we were able to 

produce 3 binding antibodies, 2 anti-ACP and 1 anti-insulin antibodies. 
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Figure 13. Backbone segmentation of the antibody Fv. (Left) Conventional antibody design and engineering studies 

segmented the Fv into seven parts (a framework and six CDRs) and generated antibodies by combining segments from 

various antibodies. (Right) Segmentation used in design cycle 5, by contrast, uses four parts: two comprising CDRs 1 and 2 

and the framework and two comprising CDR 3. The latter segmentation maintains the structural interactions between CDRs 1 

and 2 and the framework, resulting in improved core packing. The conserved disulfides are shown as sticks in structural rep- 

resentations and as yellow dots on the primary-sequence representation. vH, heavy-chain variable domain; vL, light-chain 

variable domain. 
 

ACP Binder No. 1 - 2ACP12. The first ACP binding antibody (named 2ACP12) came out of an early 

version of design algorithm where only CDRs L1, H1, L3, and H3 were allowed to change, keeping 

most of the template’s antibody (4M5.3, PDB ID: 1X9Q) conformation unaltered. Additionally, 

sequence constrains were not implemented yet in the design algorithm.  The design required 32 

mutations to be introduced manually after the application of the computational design algorithm, mostly 

reverting identities at framework positions back to the source antibody’s identities to enhance core 

packing and help solvation, but also within the interface (Fig. 14). All of the mutations were done in 

silico based on visual evaluation of the model. 
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Figure 14. Designed anti-ACP 

antibody model (2ACP12). The 

computational design before manual 

alterations (blue) and after (green), as 

well as before (green) and after (yellow) 

in vitro evolution (4.0.4); residues that 

were altered are shown in stick 

representation in both panels. 

Experimentally, it did not bind a negative control (tissue factor), but for further confirmation of the 

designed binding mode, point mutations were introduced at the interface that were predicted to interfere 

with binding while not tempering with antibody stability. As predicted, all of the introduced mutations 

drastically decreased ACP binding (Fig. 15). 

 

Figure 15. Mutation analysis of designed binding modes. 

(Top) Design models were visually inspected, and 

mutations were introduced manually to improve packing 

and/or solvation (red spheres). For assessing the binding 

mode, three to four single-point mutations (cyan spheres) 

were introduced in designed antibody 2acp12 (5acp14 was 

not subjected to mutagenesis because of low affinity). 

(Bottom) Relative binding signal of variants containing 

single-point mutations in ligand-binding sites (gray bars) or 

outside the ligand-binding sites (black bars). Additional 

manual mutations were introduced on the ligand ACP (cyan 

spheres) in the intended binding surface (gray bars) or 

outside the binding surface (black bars) and tested for 

binding of the affinity- matured antibodies. Finally, 

mutations were introduced in the designed antibodies also 

through random mutagenesis and in vitro selection of 

improved binders (blue spheres). Mutations at the binding 

surface reduced affinity, except for Val71Glu on ACP, 

which enhanced binding of the affinity-matured 2acp12_ev. 

Mutations away from the interface, including those isolated 

from in vitro selection, increased binding affinity. Binding 

signals were tested in yeast surface display with the 

antibodies expressed as scFv and the ligand at 50 nM 

concentration for 2acp12_ev and at 1 μM concentration for 

2acp12 and 5acp14_ev. SEs from the mean for two 

independent experiments are indicated. 
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The Kd was estimated in Yeast Surface Display (YSD) to be approximately 900 nM, and 2ACP12 was 

then subjected to in vitro evolution, which yielded one clone with four mutations compared to the 

original design, which binds with an estimated Kd of 45 nM. As expected, none of the mutations that 

were introduced during the in vitro evolution were located directly at the interface. This supports the 

model in that the designed interface does form specific interactions with the ligand.  

ACP Binder No. 2 - 5ACP14. After the improvements were implemented into the design algorithm, 

namely the coupling of CDRs 1,2, and intervening framework region to a single segment and 

implementing sequence-conformation coupling,  we generated another 19 designs, all of which 

expressed well without manual mutations, and were able to identify another binder, 5ACP14. While the 

initial affinity was much weaker than in 2ACP12, the fact that this design is purely the result of 

computational design, without application of any expertise in manual adaptation makes this design a 

significant step towards automated design-of-function. Like 2ACP12, 5ACP14 exhibits many favorable 

traits such as: excellent shape complementarity, extensive H-bonding networks, hydrophobic 

interactions, and aromatic stacking. While 2ACP12 cradles the ligand in a deep grove between the 

CDRs of both, VL and VH, 5ACP14 forms its interactions mostly with the CDRs of the heavy chain, 

with a smaller, flatter interface (Fig. 16). The initial affinity was too low to estimate Kd or introduce 

deleterious mutations, so we subjected it to in vitro evolution, and after 3 rounds of sorting obtained 

clones with affinities ranging from 500 nM to 3 μM . 
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Figure 16. Designed anti-ACP antibody model (5ACP14). The second binder identified, 5ACP14, also exhibits very 

favorable features: (A) aromatic stacking and hydrophobic interactions between residues on ACP (magenta) and a Phe on 

the antibody (green). It also features great electrostatic complementarity as can be seen in (B) from the His side chains of 

the antibody reaching towards a negatively charged surface on ACP. As opposed to the cradle-like binding interface of 

2ACP12 (Figure 14), 5ACP14 forms a relatively flat and much smaller interface with ACP (C). 

Insulin Binder - 5Ins16. The designed insulin binder came out of the 5th design iteration, as the 2nd 

ACP binder. The designed antibody bound with mid nanomolar affinity (450 nM Kd) without requiring 

manual alterations, providing additional proof to the robustness of the design algorithm. 

In order to validate the modeled binding mode, five point mutation variants were generated: four 

variants with a disruptive mutation inserted at the binding interface to reduce binding, and one mutation 

with no predicted affect inserted in the periphery of the binding interface (Fig. 17). Experimental results 

confirmed the modeled binding mode as all 4 disruptive mutations of 5Ins16 substantially weakened 

binding, introducing substantial steric clashes at the binding interface. Moreover, the increased binding 

observed for the T183K variant which was predicted not to affect binding, may be explained by 

improved long-range electrostatic interaction with insulin’s negatively charged surface which is not 

taken into consideration by the Rosetta scoring function (Fig. 18).  

A 

B C 
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Figure 17. Mutant studies support the designed binding mode. (A) Predicted negative mutations (cyan) cause sidechain 

clashes that disrupt the designed binding-mode (binder in yellow; insulin shown in magenta). (B) Changes in binding 

levels of the mutants (predicted negative mutations in red, predicted non-affecting mutation in blue, wt shown in orange). 

All negative variants support the binding model while the non-affecting mutation variant exhibits binding improvement, 

presumably as a result of long-range electrostatic interactions. 

Based on the improved binding seen upon insertion of a positively charged residue to the periphery of 

the binding interface, seven other positively charged mutations were introduced; all improved binding 

(Fig. 18). 

  

Figure 18. Long range electrostatic mutations dramatically increase binding.(A) Electrostatic surface visualization of 

insulin and two tested mutations which were predicted to increase (Q213R) or decrease (G165K) the binder’s (gold) 

binding. Q213R counters an acidic patch on insulin with a positive charge, while G165K places a positive charge opposite 

a basic patch. Experimental data, however, shows an increase in affinity for both, indicating an influence on long-range 

electrostatic interactions. (B) Change in affinity of the long-range electrostatic variants. Variants predicted by to increase 

affinity shown in blue, variants predicted to decrease affinity shown in red. 

Subsequent rounds of affinity maturation were carried out to improve the initial binding affinity. While 

most mutations were distributed throughout the design framework, peripheral surface, and core, no 

mutations were found on the designed CDRs involved in direct interaction with the insulin ligand.  

A 

A 
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In order to generate an evolved high-affinity binder, double and triple mutation variants were generated, 

coupling mutations that increased the affinity to the largest extent with minimal expression reduction. 

This resulted in a high affinity insulin binder with an estimated Kd of 30 nM comprising the following 

mutations: S144Y, H38Q and Q213R. Examination of the evolved binder revealed that both S144Y and 

H38Q strongly support the H3 loop by forming two hydrogen bonds each with the H3 backbone, 

presumably rigidifying the loop conformation, while the Q213R mutation, contributing to long-range 

electrostatic by a surface-exposed side-chain conformation and relieving strain for the H38Q to correctly 

pack (Fig. 19). In order investigate why the algorithm failed to use these affinity improving mutations, 

we introduced them into the design model and discovered that they were rejected largely due to their 

predicted negative effect of antibody stability with only negligible binding energy improvement. 

The designed protein is highly specific as it did not bind insulin homologous proteins, IGF-1 and IGF-2. 

  
 

Figure 19. High affinity evolved 5Ins16 Binder. (A) Glutamine (cyan) to arginine mutation improves long range 

electrostatic interaction between the evolved binder (green) and insulin (electrostatic potential surface). (B) The 

evolved mutation (orange) stabilizes the design’s (green) H3 CDR by forming multiple hydrogen bonds (yellow dashed 

lines). (C) Titration curves of 5Ins16 wt binder (blue) in comparison with its evolved high affinity binder (blue) reveal a 

15-fold increase in apparent affinity. 

Anti-insulin antibodies crystal structures 

We were able to solve the structures of apo 5Ins16 and 5Ins14. The agreement between the designed 

models and solved structure is remarkable, with a backbone RMSD (Root Mean Square Distance) of 

0.7Å and 0.4Å respectively, made even more remarkable by the fact that in design cycle 5 the entire Fv 

was subjected to backbone and sequence design. Detailed packing in the cores of the light chains, the 

light–heavy chain heterodimer interfaces, and hydrogen-bonding networks fastening the CDRs to the 

framework were also atomically accurate. The largest difference between the design model and 

experimental structure was in the interaction between H1 and H3 of 5ins16, where residues at the stem 

of H3 were packed differently, leading to a tilt in the H3 experimental structure and to a con- 

formational change in H1 (1.8 Å and 2.0 Å RMSDs for H3 and H1, respectively; Fig. 20A). We also 
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noticed that H1 and H3 were stabilized in the altered conformation by packing interactions among 

crystallographic-symmetry neighbors. Nevertheless, these changes did not propagate to other parts of the 

Fv, highlighting its structural modularity. We were unable to obtain a crystal structure of 5ins16 bound 

to insulin, but we noted in our design model that the antibody engaged insulin primarily through H2, L1, 

and L3, where design accuracy was high (rmsd < 0.6 Å; Fig. 20A). To verify that the crystal structure 

was indeed compatible with insulin binding, we computationally aligned the crystal structure with the 

5ins16 design model, producing a model of the crystal structure bound to insulin through the designed 

binding mode. We then performed local all-atom docking simulations using RosettaDock to identify 

low-energy conformations120; only limited side-chain conformation changes were observed between the 

5ins16 design and this minimized conformation, suggesting that the experimental structure is compatible 

with binding to insulin through the designed binding mode. Furthermore, 5ins14 showed high accuracy 

throughout the entire Fv, including in regions with long loops and buried charges (Fig. 20B). We 

therefore concluded that the algorithm generated antibodies that were substantially different from natural 

antibody germline sequences, and yet showed similar stability and binding properties; the designed 

antibodies also showed atomic accuracy in the framework and majority of the CDRs, including in 

regions containing non-ideal features, such as long loops and buried polar networks, that have so far 

defied binder design. 

 

Figure 20. Comparison of design models and experimental structures of 5ins16_ev and 5ins14. In both designed 

antibodies, the light chain (LC), the backbone conformation of the framework, and the LC–heavy chain (HC) heterodimer 

interfaces are atomically accurate. (A) 5ins16_ev: Backbone and side-chain packing deviations occur in H1 and H3, but 

other regions, including buried hydrogen-bonding networks (dashed lines) involving L1, are atomically accurate. (B) 

5ins14: Core packing of hydrophobic residues on the framework specifying the L1 conformation, as well as a buried polar 
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network specifying H1, are atomically accurate. Model and experimental structures are colored in lime and purple, 

respectively. Antibodies were expressed and crystalized as Fabs, and only the Fvs are shown. 

 

Automated Design of high activity enzymes 

To test the design method’s generality, we targeted two structurally diverse and well-characterized TIM-

barrel enzyme families exhibiting very different activity profiles: Phosphotriesterase-Like Lactonases 

(PLL) and Glycoside Hydrolase 10 (GH10) xylanases. PLLs are a group of divergently related 

enzymes121 within the amidohydrolase superfamily122. These enzymes possess a bi-metal center, which 

is involved in the activation of a water molecule for nucleophilic attack on an activated scissile bond of 

the substrate for subsequent hydrolysis. PLLs typically hydrolyze the ester bond of quorum-sensing 

lactones121, and therefore have potential applications in bacterial biofilm degradation. Some variants 

have high phsophtriesterase activity, making them extremely valuable also in the detoxification of 

organophosphates, including of highly toxic nerve agents123–126. 

GH10 enzymes hydrolyze the β-1,4 glycosidic bonds linking the xyloside units that comprise the 

backbone of the polysaccharide xylan, second only to cellulose in abundance in the plant cell wall127; 

xylanases are therefore essential for biomass degradation128–131. The GH10 catalytic core comprises two 

proximal and structurally fully conserved Glu sidechains, one acting as the nucleophile, which attacks 

the glycosidic bond, and the other as the protonating acid90 (Fig. 21a). Furthermore, most PLLs are 

obligate homodimers (Fig. 22), and GH10s are monomers. Thus, the two enzyme families targeted for 

design are unrelated in sequence, oligomeric state, active-site structure, and catalytic activity. 



 

42 
 

 

Figure 21. Combinatorial backbone assembly and design of enzymes. (A) Active-site constellations of the two targeted 

enzyme families: (top) PLLs comprising six chelating sidechains (including a carbamylated lysine, KCX), two metal ions, 

and a hydroxyl ion, and (bottom) GH10s comprising two catalytic Glu sidechains and the substrate. (B) Active-site pocket 

residues that are involved in substrate recognition (red sticks) are held fixed during design. (C) In combinatorial backbone 

assembly, homologous but structurally diverse enzymes are segmented along structurally conserved positions to produce 

exchangeable backbone fragments (bottom). The fragments are computationally recombined and sequence-optimized to 

generate new low-energy structures. (D) Irregular, long-range interactions, including buried charges, stabilize β/α  

backbone conformations. (top) GH10 β/α  units 7 and 8 (PDB entry: 4PUE). (bottom) The long β/α  loop (16 amino acids) 

of the  B. diminuta  phosphotriesterase (PDB 

entry: 2R1N). 
 

 

Figure 22. PLL family enzymes are obligatory 

homodimers. The dimerization interface 

comprises β/α  units 1-3, and 8. 
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In both families, the active-site pocket is complex and comprises positions from most β/α units (units 2-

8 in GH10s and 1, 4, 5, 6, and 8 in PLLs, Fig. 21b). By contrast to previous enzyme-design studies, both 

reactions target biological rather than model substrates, and glycosidic-bond hydrolysis involves a high 

activation barrier, presenting an additional challenge. 

We segmented the structures in each family according to points of maximal structural conservation in 

the β strands (Fig. 21c), and extracted the backbone conformations of each segment for use in 

subsequent backbone assembly, as explained above. The choice of how to segment the backbone into 

β/α units is crucial for design success. Since our method samples backbone fragments independently of 

one another, each fragment must encode the most important stabilizing contacts; some stabilizing 

contacts, however, occur between adjacent fragments (Fig. 21d). To test the effects of different 

segmentation schemes on design success, we chose three segmentations for GH10 designs (Fig. 23): (1) 

A completely unbiased segmentation, in which each of the eight β/α units comprising the TIM barrel 

were sampled independently of one another, maximally sampling backbone conformation space (design 

series xyl8); (2) A structure-based segmentation, comprising four backbone units, each of which forms 

stabilizing intra-segment contacts: β/α units 1, 2-4, 5-6, and 7-8 (series xyl4); and (3) another structure-

based though discontinuous segmentation, where the least conformationally diverse segments, β/α units 

1 and 5-6, formed one constant backbone segment and two other segments were formed by the variable 

units 2-4 and 7-8 (series xyl3). PLLs, by contrast to GH10s, are obligate homodimers132–135. We 

therefore sampled up to five fragments: one comprising the crucial homodimer interface formed by β/α 

units 1-3 and 8 and up to three other segments from units 4, 5, 6, and 7  (design series pll2, pll3, and 

pll4, which were assembled from 2, 3, or 4 PLL backbones, respectively). Thus, the computational 

design strategy is amenable to encoding a wide range of constraints inferred from experimental or 

structural analysis. 

As mentioned before, the method does not model the transition state, instead, residues in direct contact 

with the bi-metal center in PLLs and the two catalytic Glu residues in GH10 as well as 11 additional 

residues directly involved in substrate binding, were not allowed to change sidechain conformation 

during design (Fig. 20b) 
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Figure 23. Different segmentation schemes used in combinatorial backbone assembly. GH10: (I) Each of eight β/α  

units were sampled independently, for maximal backbone diversity. (II) Segmenting β/α  units 1, 2-4, 5-6, and 7-8 to 

preserve stabilizing interactions within each segment. (III) a discontinuous segmentation, in which the structurally 

conserved β/α  units 1 and 5-6 formed one segment and two other segments were formed by units 2-4 and 7-8. The 

homodimer interface in PLLs (β/α  units 1-3 and 8, gray) was used as one backbone segment and units 4-7 were sampled 

independently. 
 

Experimental results 

Synthetic genes encoding the 34 PLL and 43 GH10 designs were fused C-terminally to maltose-binding 

protein (MBP), which served as a solubility and affinity-purification tag. The designs were then 

overexpressed in E. coli BL21 DE3 cells, and purified using an amylose column. All the designs 

expressed solubly, and >70% exhibited high expression yields (20-200 mg protein per liter of bacterial 

culture). Thus, despite as many as 150 mutations relative to any natural enzyme (Table 1), the designs 

did not require iterative rounds of in vitro evolution to optimize expressibility. 
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Table 1. Parameters for active GH10 and PLL designs. 
Design Mutations to nearest natural protein(a) Tm, °C kcat/KM, s-1M-1(b) 

xyl3.1 105 72 9,417±311 

xyl3.2 112 56 5,060±280 

xyl3.3 137 73 96±10 

xyl4.1 141 50 36.3±0.1 

xyl4.2 139 59 1.297±0.004 

xyl8.1 159 61 156±4 

xyl8.2 121 73 74±4 

xyl8.3 130 57 0.61±0.01 

Xylanase from G. stearothermophilus  

(PDB entry: 4PUD) 

 73, 78 39,700±3570 

pll2.1 80 74 (71)(c) 

 

556,520±13810 

(31,921±1,746) 

pll2.2 54 79 (75) 35,000±780 

(9,944±173) 

pll2.3 75 82 (56, 67, 80) 629±15 

(275.5±4.9) 

pll2.4 60 82 (68, 81) 48,290±1160 

(70.6±2.8) 

pll2.5 67 60 (57) 7.3±0.3 

pll3.1 73 71 (68) 667±70 

(4.02±0.06) 

pll4.1 85 ND (54, 74) 21,060±1100 

(1,655±106) 

PLL from S. solfataricus (PDB: 2VC7)  >100136 210,000±4447 

(181,720±3,470) 

PLL from G. kaustophilus (PDB: 4WVX)  ND (55, 67, 81) 77370±2106 

(9,356±1182) 

PTE from P.  diminuta (PDB: 1JGM)e  52 3,460 
(a) computed using BLASTP against the nonredundant database (nr).  
(b) For PLL designs, kcat/KM data are reported for 5-thiobutyl butyrolactone (TBBL) with CoSO4, and in 

parenthesis are given the data with ZnCl2. Design pll2.5 was checked only with ZnCl2. For xylanase designs, 

the kcat/KM data are reported for 4-nitrophenyl β-xylobioside (OPNPX2). 
(c) Tm  determined by ThermoFluor; in parentheses - Tm  determined by NanoDSF. In several cases, multiple 

transitions were observed. 
(d) ND - no clear melting curve was obtained. 
(e) The inactivation temperature and the catalytic rate are given for the PTE-S5 variant from refs. 73,125. 

 

I initially screened each of the 43 GH10 designs for xylanase activity with a qualitative assay that 

measures the formation of reducing sugars released from natural beechwood xylan137, finding that 20 of 

the 43 designs (46%) were active. I then selected the seven most active designs and two natural GH10 

enzymes for quantitative kinetic analysis with the chromogenic substrate 4-nitrophenyl β-xylobioside 

(Tables 1). The kinetic analysis revealed a wide range of catalytic efficiencies (kcat/KM), and 
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encouragingly, the two most efficient designs, xyl3.1 and xyl3.2, exhibited rates within fivefold of 

natural GH10 family members (Fig. 24a, 24b), despite having >110 mutations relative to any natural 

GH10 enzyme (Table 1).  

 

Figure 24. High catalytic efficiencies in GH10 and PLL designs. (A) Catalytic efficiency of GH10 designs with 

OPNPX2 compared to natural GH10 enzymes (GH10s from  S. lividans  and  G. stearothermophilus  , PDB entries 1E0V 

and 4PUD, respectively). Reaction velocities were normalized to 1μM protein. (B) Michaelis-Menten curves of the 

most active GH10 designs relative to natural GH10 (4PUD). (C) Catalytic efficiency of PLL designs with various 

substrates compared to natural PLLs (from  S. solfataricus and G. kaustophilus  , PDB entries 2VC7 and 4WVX, 

respectively) (D) Michaelis-Menten curves of the most active PLL designs and natural PLLs with TBBL. Reaction 

velocities were normalized to 0.1μM protein. 
 

In many industrial applications, GH10 enzymes are subjected to high temperature and acidic pH. Some 

designs exhibited maximal activity at 45°C, and some retained full activity even at 50°C (Fig. 25a), with 

a pH optimum at 6-6.5 (Fig 25b), similar to stability and activity profiles of natural GH10 enzymes. We 

thus concluded that the automated design method yielded several enzymes that were very distant in 
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B 

sequence from any natural enzyme, yet showed similar catalytic and stability profiles to those observed 

in nature.  

  

Figure 25. (A) Temperature dependence of designed and natural GH10 enzymes. Shown is specific activity (μM 

product/min for mg protein) with 1 mM PNPX2, normalized to that at 25°C. (B) pH dependence of natural and designed 

GH10 xylanase. Shown is specific activity (μM product/min for mg protein) with 1mM OPNPX2. 

Natural PLLs exhibit a range of chemically related hydrolytic activities, including the hydrolysis of 

lactones, esters, and phosphotriesters. We initially tested the 34 designed PLLs with the artificial 

substrate 5-thiobutyl butyrolactone (TBBL)136, finding seven active designs. We subsequently measured 

the activity of these seven enzymes with a range of substrates: the natural aliphatic γ-nonanoic lactone, 

the ester p-nitrophenyl acetate, and the pesticide phosphotriester paraoxon (Fig. 24c). PLL activity was 

tested with Co2+ or Zn2+, and in most of the cases much higher activity was observed with Co2+, similar 

to previous reports136. Four PLL designs hydrolyzed the less activated aliphatic γ-nonanoic lactone, four  

exhibited esterase activity, and six PLL designs hydrolyzed the phosphotriester paraoxon. Strikingly, the 

lactonase and esterase catalytic efficiencies of the four most active PLL designs were similar to those of 

natural PLLs (Table 1, Fig. 24c and d). Indeed, design pll2.1 exhibited roughly twofold higher efficiency 

of TBBL hydrolysis and pll2.4 exhibited an order of magnitude higher efficiency in the hydrolysis of γ-

nonanoic lactone and the pesticide paraoxon than the two natural enzymes. Hence, the designs exhibited 

features such as high catalytic efficiency and substrate promiscuity, while sampling sequence and 

conformation space very widely. These designs can therefore be used as starting points for altering the 

selectivity profile or discovering new catalytic activities through active-site design or laboratory 

evolution. 

Thermal stability is an essential property of enzymes in many biotechnological applications and low 

stability often constrains laboratory evolution of new activities46. Following overexpression of the active 

GH10 and PLL designs, we proteolytically cleaved the N-terminal MBP fusion, and subjected the 

A 
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enzymes to thermal denaturation, noting that all designs exhibited high apparent melting temperatures 

(Tm) in the range of 50-82°C (Table 1, Fig. 26-27), comparable to the apparent Tm of natural enzymes in 

these families, including enzymes from thermophiles. 

 

Figure 26. Thermal denaturation of designed GH10s and a GH10 from  G.stearothermophilus  (PDB entry: 4PUD) 

by ThermoFluor using SYPRO Orange dye(black - fluorescence, red - derivative). 
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Figure 27. (A) Thermal denaturation of designed and natural PLLs by ThermoFluor method with SYPRO Orange 

dye (black - fluorescence, red - derivative). Design pll4.1 did not show a clear melting transition . (B)  Thermal 

denaturation of designed and natural PLLs by nanoDSF (black - ratio, red - derivative). Designs pll2.3, pll2.4, 

pll.4.1, and PLL from  G. kaustophilus (PDB entry: 4WVX) exhibited multiple transitions,  which can be 

attributed to inhomogeneity, such as monomers and dimers, present in solution.  (C) Residual activity of PLL designs 

and natural PLL enzymes with 0.5 mM TBBL, following 0.5h incubation at different temperatures. 
 

Crystal structures of two xylanase designs 

The active designs spanned five orders of magnitude in catalytic efficiency. For instance, the most active 

GH10 design xyl3.1 and the least active one xyl8.3 exhibited PNPX2 hydrolysis efficiencies of 9,417 

and 0.61 M-1s-1, respectively. To understand what were the underlying structural reasons for this vast 

difference in efficiency, we determined their crystallographic structures (Fig. 28). In both structures, the 

two catalytic Glu residues were positioned as in the design conception (<0.5 Å all-atom root-mean-

square deviation (rmsd)). The high-activity design xyl3.1 was also atomically accurate throughout 13 

active-site residues that form an intricate hydrogen-bond network surrounding the two catalytic Glu 

residues (<1 Å all-atom rmsd), and indeed, across the entire protein, with a total backbone rmsd of 0.7 

Å. By contrast, the low-activity design xyl8.3 showed conformational changes in the residues that form 

the active-site hydrogen-bond network (2 Å all-atom rmsd). Furthermore, missing electron density in β/α 

loops 7 and 8 suggested that at least parts of the active-site pocket were dynamic, although design 

accuracy was high throughout the remainder of the protein, with 0.9 Å backbone rmsd. I therefore 

concluded that accurate positioning of the two catalytic Glu residues was crucial to obtain any level of 

activity, and that high levels of activity depended on atomic precision in a large network of polar 

residues that preorganize the catalytic residues. 
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Figure 28. Design (gray) versus experimental structures (gold) of high and low efficiency GH10 designs (xyl3.1 and 

xyl8.3, respectively). The designs were crystallized without substrate, and the coordinates of the substrate xylopentaose 

were extracted from PDB entry 4PUD (thin lines, right-hand side panels) after superimposing the designs’ structures. The 

high-activity design xyl3.1 exhibits high accuracy throughout the backbone, as exemplified in the formation of long-range 

interactions between β/α  loops 7 and 8 and within β/α  segment 4 and in the orientations of all active-site residues. 

The low-activity design xyl8.3 exhibits high accuracy in most segments, for instance, β/α  segments 3 and 4, and the two 

catalytic Glu residues, but loops in segments 7 and 8 failed to show substantial electron density, and residues in the 

catalytic pocket were rearranged relative to the design. 

Discussion 
The key to being able to design proteins for function robustly and with activities and stabilities rivaling 

and even surpassing those of natural proteins relies on protein designers ability to design, reliably and in 

a reproducible manner, non-ideal protein features such as buried polar residues and large loop elements 

while limiting conformational plasticity. Overcoming these challenges can be achieved by gaining 

control over protein backbone degrees of freedom. However, designing backbones from scratch that lack 

secondary-structure elements for function remains an unsolved problem. The challenges are many: the 

conformation space of regions without secondary-structure elements is very large; loop regions need to 

be stabilized through a cooperative network of polar and hydrophobic interactions both within the loop 

and with the supporting scaffold structure; and designed active-site or binding residues must be 

compatible with the backbone conformation. Amino acid sidechain preorganization at binding sites has 

been successfully treated in past applications of fixed-backbone design on secondary-structure 
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elements1,2,5,6,9,20; yet, the number of constraints and their complexity are much greater when the active 

site is positioned on non-secondary structure backbones.  

I present here a method for addressing some of these difficulties by recombining fragments from natural 

proteins to generate new ones. This approach attempts to improve upon previous engineering approaches 

that utilize fragment recombination by rationally choosing compatible fragments and applying sequence 

optimization for the individual fragments as well as the entire protein for stability and function. 

As we have seen in both antibody and TIM-barrel fold design, the choice of segmentation points can 

have a profound impact on the stability of the design and must be considered carefully when 

approaching a new fold intended for design.  Nonetheless, I argue that this approach is general and can 

be applied to virtually all protein fold families. Once a segmentation scheme has been found for a certain 

fold it can be used generally to all proteins belonging to the same fold (e.g. TIM-barrels, ig-fold) and is 

not protein specific.  

Incorporating sequence information from natural proteins has proven invaluable in correctly designing 

the sequences of the novel proteins. Elements of negative design, which are nearly impossible to design 

using current computational methods, are given to us “for free” by focusing the sequence search space to 

regions sampled by natural proteins. Although we are greatly reducing the sequence space the remaining 

search space open for design is still immense with over 10100 sequence combination for a domain of 

about 200 amino-acids. This strategy not only does not limit us but actually increases our success rate by 

eliminating false positives from our designs. 

Lastly, my study demonstrates a fully automated path to design of diverse functional proteins, which are 

as active as natural proteins, despite having a high mutation rate compared to their natural counterparts. 

The resulting proteins provide stable, active, and highly diverse starting points for designing new 

substrate selectivities, providing an alternative to metagenomic screening and iterative in vitro evolution. 
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