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Abstract 

Protein-protein interactions are crucial components in many biological 

processes, including metabolic pathways and signal transduction. Cellulose-degrading 

cellulosomes exemplify such a metabolic pathway, in which various enzymes 

assemble into the cellulosome complex via complementary interacting modules 

named cohesins and dockerins. Structural, sequential and experimental information is 

abundant for these two families of modules. In this work, we introduce a novel 

concept of computationally introducing protein monomers into a complex using 

observed rigid-body orientations. A computational predictor based on this concept 

and the available information predicts the structure of a cohesin-dockerin interaction 

at sub-2-Å RMSD accuracy when modeling a pair with a known structure using all 

other information. Our approach can also predict whether a cohesin-dockerin pair 

binds directly from sequence, as benchmarked using an extensive dataset of 

experimentally validated interactions. These data were used to calibrate a filtering 

mechanism accounting for several physical properties to increase modeling accuracy.  

The design of orthogonal sets, comprising multiple pairs, where each cohesin binds a 

single dockerin within the set, is a major challenge yet to be achieved. Using the same 

principles used for prediction we computationally create on the order of 10
5
 designed 

pairs, and filter them. By placing charged residues at specificity-determining positions 

we favor the emergence of specificity. Using a novel graphical algorithm we select 

subsets of these designs such that every member differs from every other member in 

charge placement. We then predict whether a putative set would be orthogonal, and 

experimentally test our predictions. A first round of design and testing failed, 

apparently due to design error that led to dockerin misfolding, but posteriori 

reevaluation of one design pair and its improvement rescued binding. We are now in 

the midst of a second round, in which we incorporated design-algorithm 

improvements. In this thesis I describe the algorithm and the iterative learning cycle 

that is fueling its improvement. Orthogonal sets may, in the future, be used to 

spatially and temporally prescribe the assembly of enzymes in metabolic pathways. 

More generally, through iterative prediction, design and subsequent experimental 

analysis of the cohesin-dockerin interaction we hope to improve our understanding of 

the physical properties underlying affinity, specificity, folding, and stability and their 

tradeoffs.  
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Introduction 

Cellulosomes 

Cellulose degradation is an important and complex biochemical process, mostly 

achieved by cellulolytic bacteria and fungi, primarily by free cellulase systems and/or 

via the multi-protein mega-Dalton complex known as the cellulosome
1
. The 

cellulosome is constructed by a scaffoldin protein, which binds multiple catalytic 

units. The various catalytic enzymes bind to the cellulosome via dockerin modules, 

which bind at high affinities to cohesin modules on the scaffoldin protein. This allows 

the integration into the complex of multiple catalytic enzymes with various 

functionalities, and a carbohydrate-binding module (CBM) serves to deliver the multi-

enzyme complex and the intact bacterial cell to the cellulose substrate, thereby 

enhancing free sugar yields through local diffusion. 

Cellulose degradation has drawn much attention recently, due to its usefulness 

for creating bio-ethanol from cellulose biomass
2
. The degradation of plant material, 

most of it indigestible by higher organisms, into glucose and ethanol is already in use 

in large scale, and is expected to become more prominent in the future. This has 

drawn research to develop ways to improve the process. Industrially, a process such 

as cellulose degradation is accomplished in large bioreactors, where the enzymes are 

expressed to high concentrations at elevated temperatures. Consequently 

thermostability, specificity, affinity and “expressability” all affect cellulosome 

efficiency. One route to improve process turnover is by changing the order in which 

the enzymes are placed on the scaffoldin. Today this is done by creating “designer 

cellulosome” chimeras, consisting of cohesins from different bacteria within the same 

scaffoldin, and their cognate dockerins from the same species with the various 

enzymes
1,3

. Incomplementarity between cohesins from different species can pose a 

problem for correct assembly and function. Thus, a method for generating specific 

interactions, based on a well-behaved (high expression, thermostable) cohesin, would 

be beneficial.   



 

 

6 

Protein-protein interaction interfaces 

Protein-protein interactions (PPI) are important biological phenomena, crucial 

to the function of biological processes ranging from signaling to enzyme activity and 

regulation
4
. PPI interfaces resemble the structure of protein cores, with a largely 

hydrophobic core, and polar and charged residues at the periphery. This arrangement 

of hydrophobic residues facilitates the desolvation of the hydrophobic center
5
 during 

binding enhancing the hydrophobic effect. Residues of the hydrophobic center 

commonly affect the PPI energy more than peripheral residues, as observed in 

countless alanine scan experiments and discussed there. A common feature is a “hot-

spot” residue, whose contribution to binding energy is especially significant
6,7

. 

Electrostatic interactions, on the other hand, can disfavor binding, by non-opposing 

charges, or unsatisfied hydrogen bonds. Hydrogen bond networks are highly favorable 

and common in high affinity and high specificity interactions
8,9

. Because hydrogen 

bonds require specific geometries these interactions may dictate interaction 

specificity. For these reasons specificity is mostly determined by polar and charged 

residues, mediated by precise juxtaposition of opposite charges and dipoles. 

Another important feature of any protein is its thermostability. Often measured 

by the temperature at which the native fold is lost, this is mostly determined by the 

∆G of the folded and unfolded states, though kinetic stability plays an important 

complementary role. Protein stability is a major factor in biotechnology, especially in 

the usage of highly concentrated enzymes in reactors.  

Every residue in a given protein affects the overall properties to some extent. 

For this reason, there is a possible tradeoff between the different properties. The 

above-mentioned properties, stability, affinity and specificity may exist in a triangular 

tradeoff, where a mutation benefitting one parameter may harm the other two. The 

affinity-specificity tradeoff is sometimes especially significant, as a residue that 

benefits affinity might also benefit off-target affinity, and thus harm specificity
10–12

. A 

good example of this was observed by Zarrinpar et al. where two proline-to-alanine 

mutations improved on-target affinity, while simultaneously increasing cross 

reactivity in Pbs2-SH3 interactions
13

. This is why every engineered mutation must be 

optimized, at least to sufficiency, even though it is usually impossible to maximize all 

traits. For example, a hydrophobic interaction may contribute to affinity, as the core 

of the interaction is large, but such an interaction is prone to lower specificity. 
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Cohesins and dockerins 

As there are many cellulolytic bacterial species, and each has multiple cohesins 

and dockerins
14

, there is abundant sequence and structural information regarding these 

domains. The Protein Data Bank has 16 structures of cohesin-dockerin complexes, 

and additional 18 structures of monomeric cohesins
15–36

.  

Cohesins are medium-sized modules (ca. 140-180 residues), consisting of a 

nine-stranded β-barrel, in a jelly-roll topology
33

 (Figure 1). The interface-forming 

residues are almost entirely within the β-strands. The cohesin domain core consists 

mostly of aromatic side-chains, and is tightly packed. 

Dockerins are small modules (ca. 60-80 residues) consisting of two short 

antiparallel α-helices preceded by EF-hand-like calcium-binding motifs. These α-

helices are usually around 12 AA (amino-acids), and thus are rather short. A third α-

helix is sometimes found in the loop connecting the two helices. Dockerins are 

usually small, with an interface of 1200-1400Å, and lack a significant protein core, 

thereby dockerin stability is an especially significant concern in design. For this 

reason, they are commonly expressed as chimeras with other, more soluble domains, 

such as a xylanase
37

. Dockerins are known to be pseudo-symmetric around an axis 

perpendicular to the interface. This is seen in both the sequence and structure
33,38

. 

This pseudo-symmetry has led to the concept of a dual binding mode, where the same 

dockerin-cohesin pair can be bound in two modes, with a relative rotation angle of 

~180° and a low energy barrier between them (Figure 1). Several variants of natural 

cohesin-dockerin pairs were crystalized in both binding modes, with the related 

1OHZ 2CCL 

N’ 

C’ 

N’ 

C’ 

Figure 1. The same cohesin-dockerin pair displays two pseudo-symmetric binding modes, with only two 

mutations in the dockerin. Clostridium thermocellum cohesin A2 and dockerin 10B (PDB ID: 1OHZ and 

2CCL30). 
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dockerins rotated around the pseudo-symmetry axis
18,21,24,30,31,34

. We benefit from this 

symmetry by measuring two Rigid-Body Orientations (RBO) from every dimer 

crystal (discussed below).  

Affinity and specificity prediction and design  

Affinity and specificity have long been a goal of computational protein 

design
9,39–41

. The use of computational tools such as the Rosetta molecular modeling 

suite has greatly improved such efforts as they allow in-silico examination of great 

numbers of options at atomic detail. The Rosetta energy function is dominated by van 

der Waals interactions, hydrogen bonding, solvation, and electrostatics and is a hybrid 

of both physics-based terms such as the Leonard-Jones potential and parameters 

interpolated from the Protein Data Bank structural information such as rotamer 

preferences
42,43

. 

Generally speaking, molecular modeling is commonly mostly based on the 

computational score function and the backbone structure of similar crystals.  This 

allows for a vast conformational space, which is prohibitively large to permit 

exhaustive sampling. By constraining the sampling space, we could theoretically 

increase the chance of sampling realistic conformations.  

Predicting the structure of a protein sequence or protein-protein interaction 

interface with no known structure is a major challenge in computational biology
44,45

. 

This is usually achieved by threading the query sequence onto a structure with a 

highly similar sequence (>35% sequence identity). In the context of interface 

prediction, this means to thread both query monomers on monomers from the same 

crystal structure and examine the resulting interface.  

The relevant degrees of freedom in PPI are rigid-body orientation, sequence, 

and fold. This generates a conformational space so large, that unconstrained sampling 

is beyond current capabilities. Therefore, all attempts at design of function, including 

PPI, has relied heavily on constrained optimization, such as defining the binding 

modes and sequence features of specific interface core residues
8,9

. Here, in contrast, 

we generalize and improve on these attempts by defining the constraints on each 

relevant degree of freedom through a novel analysis of the sequence and structural 

features of natural pairs, which can be applied, in principle, to any protein family with 
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a sufficient number of homologous pairs. We thus define three sets of degrees of 

freedom and their constraining factor:  

1. Tertiary structure (each monomer’s backbone conformation) – allowing 

for conformation change due to binding, constrained by modeling on 

known structures 

2. Rigid-body-orientation – allowing for different binding modes, 

constrained by measured RBOs from known dimer structures 

3. Sequence – allowing for sequence design, constrained by position-

specific sequence matrices (see below). 

Using the above constraints we reduce the sampling space and enrich for 

proteins and binding modes that are likely to fold and interact as predicted and 

designed.   

Rigid-body orientation can be represented as the spatial relationship between 

locations in both monomers. In Rosetta, rigid-body orientation can be measured for 

one crystal dimer, and applied in the assembly of a modeled dimer. Here we apply 

this logic, for the first time, to assemble models consisting of monomers originating in 

different crystals. This allows sampling of a much greater space than simple 

threading, but still confined to naturally observed conformations. 

PPI design can either be one-sided, when one side of the interface is constant 

(i.e. a ligand) or two-sided. A major challenge in two-sided design is the need for both 

monomers to be thermo-stable enough to express in high numbers. The use of 

Position-Specific-Sequence-Matrices (PSSMs) in the design stage is proving to be a 

major improvement in this respect. The use of a PSSM to constrain the design 

procedure ensures that only residues that are naturally found in the protein’s family 

are used, thus greatly improving the chance of native folding. 

The usual goal in affinity design is to achieve the highest affinity possible. 

When designing for specificity, the non-cognate states must be considered, and 

designed against. The affinity-specificity trade-off is especially important here, as the 

need to achieve high affinity for the cognate state has to be balanced with the negative 

design against the non-cognate states. The use of charges and shape incompatibility 

are important for this task.  

To date, specificity design has tried to change a known binding pair into a novel 

pair, which binds specifically; meaning does not bind the original pair
46–48

. Here we 
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effectively increase complexity by attempting to design several pairs, which need to 

both bind themselves, and none of the other pairs. This requires a high level of 

certainty of the ability to design a binding pair, and to discern binders from non-

binders. Choosing such an orthogonal set manually is impractical, as it requires the 

analysis and synthesis of multiple parameters regarding multiple designs, in 3D and at 

the same time. For these reasons, every step along this project required automation 

(Figure 2). The binding prediction tool (see Results) provides high accuracy binding 

prediction, without which orthogonality design would be impractical. The setting of 

individual, specific charge placements created the diversity required for specificity. 

The use of clique detection (see Results) enabled us to predict which designed pairs 

are likely to be orthogonal.  

 

Figure 2.  Orthogonal design strategy. Pair design: the ability to design a cohesin-dockerin binding pair, using 

rigid-body orientation, various backbones, and sequence design. Cartoon visualization of different cohesin-

dockerin pairs exhibiting different tertiary structures and rigid-body orientations. Diversity: setting a charge 

placement for every design, that will set it apart from others, creating diverse specificities. Electrostatic surface 

visualizations showing two designed cohesins with different charge placements. Orthogonality design: selecting a 

set of pairs that are orthogonal, using both graph theory and a highly accurate prediction algorithm. Prediction 

matrices showing the number of successful (passing the filtering mechanism) trajectories for every possible 

cohesin-dockerin pair. On the right a scrambled matrix showing off-target binding. On the right an orthogonal 

matrix showing only on-target binding. 
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Goals 

This work has two codependent goals, made of intermediary goals: 

1. The creation of a cohesin dockerin interface predictor:  

a. Creating a computational pipeline to predict both interface structure and 

whether a given cohesin dockerin pair would bind 

b. Benchmarking the above predictor for both interface structure and binding 

c. Honing a filtering mechanism for a specific cohesin used in design 

2. To design a set of orthogonal cohesin-dockerin pairs, where every cohesin binds 

one dockerin at a higher affinity than all other dockerins in the set, and vice versa: 

a. Preliminary design of diverse cohesin-dockerin pairs 

b. Initial screening using a minimalistic prediction and a graph theory based 

clique detection 

c. Binding prediction of putative orthogonal sets 

d. Experimental testing of chosen orthogonal sets 

Materials and Methods 

 Cloning 

A pET28a cassette system, containing previously developed XylanaseT6-

dockerin (Xyn-Doc) and Carbohydrate-binding module-cohesin (CBM-Coh) fusion 

proteins, was used to clone and express all proteins in this work
37

. DNA for designed 

proteins was designed using the DNA Works server
49

 and synthesized by Gen9. 

Genes were introduced into plasmids using restriction free ligation (RF), and 

transformed to E. coli Cloonie cells for growth and extraction. Sequences were 

verified via DNA sequencing.  

Protein expression 

E. coli BL21 cells transformed with the pET28a plasmids containing the Xyn-

Doc genes were grown in 4 ml of Luria Broth (LB) containing kanamycin overnight 

at 37 °C. These bacteria were used to inoculate 0.5 l of LB, and the culture was 

shaken at 37 °C until OD600 was approximately 0.6–0.8. The flasks were then cooled 

on ice for 30–60 min and induced with 0.4 mM isopropyl β-D-1-
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thiogalactopyranoside. Two millimolar of CaCl2 was added, and the cultures were 

incubated overnight at 16 °C. Cells were harvested by centrifuging at 5000 rpm at 4 

°C for 30 min and then resuspended in wash buffer [50 mM Tris-HCl (pH7.4), 150 

mM NaCl, 20 mM imidazole, 0.2mM CaCl2 with phenylmethylsulfonyl fluoride 

proteinase inhibitor]. The crude lysate was then sonicated, followed by centrifugation 

at 15,000 rpm, at 4 °C for 30 min. The clarified lysate was then incubated with nickel-

NTA beads (Qiagen, Hilden, Germany) at 4 °C for 30–60 min. The beads were then 

washed with 40 ml wash buffer and eluted with 15 ml elution buffer [50mM Tris-HCl 

(pH 7.4), 150 mM NaCl, 250 mM imidazole, 0.2 mM CaCl2]. The purified protein 

solution was then dialyzed three times in 1 l Tris-buffered saline (TBS) containing 0.2 

mM CaCl2, the contents of the dialysis sac was concentrated to a final concentration 

of 5–20 μM, and the solution was stored in 50% glycerol at -20 °C. CBM-Coh 

constructs were similarly expressed, using cellulose beads instead of Ni-NTA.  

ELISA 

Nunc MaxiSorp 96-well plates (eBioscience, San Diego, CA) were coated using 

15 nM CBM-Coh fusion protein in 0.1 M Na2CO3 buffer overnight at 4 °C. The wells 

were then blocked with blocking buffer (TBS, containing 10 mM CaCl2, 2% bovine 

serum albumin, and 0.05% Tween20) for 1 h at room temperature. Either triplicate or 

duplicate logarithmic dilutions of the Xyn-Doc, ranging from 1 μM–0.1 pM in 

blocking buffer, were prepared and added to the wells of the ELISA plates and 

incubated for 1 h. The wells were then washed three times with wash buffer (TBS, 10 

mM CaCl2 and 0.05% Tween20). Rabbit-anti-T6 Xyn IgG antibody was then added, 

diluted by a factor of 10,000 by addition to the blocking buffer, and incubated for 1 h 

(Morag et al., 1995). The wells were washed three times, and horseradish peroxidase 

(HRP)-labeled goat anti-rabbit IgG antibody solution was added in blocking buffer 

and incubated for 1 h. HRP-labeled goat anti- rabbit IgG was produced by Jackson 

ImmunoResearch Laboratories Inc. (West Grove, PA, USA). The HRP was assayed 

with tetramethyl benzidine, and the reaction was quenched with 1 M H2SO4. Color 

intensity was measured at 450 nm. Each protein was once in technical duplicates with 

positive and negative controls. 
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Data analysis 

 Triplicate or duplicate data sets from each ELISA experiment were averaged 

and normalized by dividing the experiment’s triplicate / duplicate average plus the 

value for the positive control reading by the average of all positive control readings 

for a given concentration. Sigmoidal fit of ELISA data was performed using 

GraphPad Prism version 6.00 for Mac (GraphPad Software, San Diego, CA, USA) 

allowing for the corresponding EC50 values to be calculated.  

 

Results 

Interface and binding prediction 

At the core of this work is the need to model the structure of a cohesin-dockerin 

interface. The use of rigid-body orientation measurement from crystal dimers, and its 

application in modeling new pairs is a crucial development in the ability to model 

such interfaces. The protocol consists of three main steps: 

1. Dimer assembly – the cohesin and dockerin sequences are threaded onto 

structures (not necessarily related ones). A dimer is assembled using a 

rigid-body orientation measured from one of the 16 available dimer 

crystal structures, and the rigid-body orientation is locally optimized 

using Rosetta docking refinement. 

2. Minimization – the complex’s energy is minimized, both by side-chain 

rotamer changes, and backbone configuration. 

3. Filtering – the resulting complex is assessed with respect to ∆Gbind, 

Solvent Accessible Surface Area (SASA), shape complementarity, 

packing, buried unsatisfied hydrogen bonds and total energy. When 

modeling sequences with a known dimer structure, the Root Mean 

Square Distance (RMSD) between the model and the native structure is 

also measured. 

Examination of the original crystal structures using the same minimizations and 

filters was used to derive the thresholds used for each filter. Only models that passed 

all filters with their respective thresholds were considered plausible. A modeled 
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cohesin-dockerin pair, which generated a high number of such plausible models, is 

predicted to be a binder.   

Interface structure benchmark 

In order to test the above modeling algorithm we preformed jackknifing resampling. 

Every known cohesin-dockerin interface structure was modeled using all other 

information (from pairs of low sequence identity), and the resulting model compared 

to the known crystal structure. In comparison, the same sequences were also modeled 

using the crystal structure with the highest sequence identity within the remaining 

pairs. In most instances the cohesin and dockerin are sequence-similar to monomers 

extracted from different crystal structures, so the pair was modeled on both. This is 

the best strategy available, without using our novel feature of inserting monomers 

using measured RBOs. The protocol is capable of predicting cohesin-dockerin 

interface strucutre at sub 2Å RMSD accuracy (Fig. 3). ∆∆G, as calculated by Rosetta 

Figure 3 Interface structure prediction. Each known cohesin dockerin structure is modeled using all other 

data. Our rigid-body orientation enabled protocol in blue; red shows models that pass all filters set for Ct 

CipA2 (1OHZ). Greys are models based on a single structure with the best sequence similarity (simple 

homology modeling) for either cohesin or dockerin.  The same procedure, with no docking yields the results 

shown in grey triangles. Light grey for most sequence-similar to dockerin, grey most sequence-similar to 

cohesin. 
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is a good dicriminator between models, and can be supplemented by various other 

filters (discussed below) to improve accuracy. Some predictions have more than one 

funnel indicating local minima. These were mostly observed to be the secondary, 

pseudo-symmetric binding mode for that interface. The simple docking procedure 

(grey dots) showed a wide dispersion, and little discrimination. These results were 

comparable to those of a similar procedure involving threading and modeling using 

the most sequence-similar strucuters, without docking (traingles). The latter showed 

relatively good models (below 3 Å RMSD) In four out of the nine modeled interfaces. 

Both control modeling strategies, with and without docking were disadvantaged when 

performing predicitons for pairs composed of monomers similar to monomers from 

separate structures. This would make these strategies useless when performing 

predicitons for designed pairs. 

Binding prediction benchmark 

To test the algorithm’s ability at predicting whether a cohesin-dockerin pair 

binds, we used a database of interaction measurements. An extensive interaction 

database of over 200 interactions has been compiled by Haimovitz et al
50

, using 

protein microarrays. The modeling algorithm was applied to all pairs in the above 

database. As these predictions are computationally extensive, I was not able to 

perform predictions for the entire dataset since the introduction of certain changes and 

updates to the algorithm. The first such improvement is the selection of backbones on 

which to model, according to sequence similarity and gap patterns. Another is the 

addition of the hydrogen bond energy (discussed later). The results of the previous 

prediction iteration are given in Table 1. 

 
Prediction 

Binders Non-Binders 

E
x
p
er

im
en

t 

Binders 19 7 

Non-Binders 13 186 

Table 1. Appendix  A. Prediction contingency table. Cohesin-dockerin interactions microarray results 

compared with prediction of the same interactions.  
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Orthogonality design 

A challenging design goal is to create 

orthogonal pairs, where each cohesin binds a 

specific dockerin at a lower Kd than all other 

dockerins, and vice versa (see Goals, Figure 

4). The use of the modeling algorithm, to 

predict whether a pair binds or not, is a 

valuable tool when designing such 

orthogonality.  

The design pipeline for creating orthogonality consists of several parts: primary 

design, first clique selection, stabilization, diagonal interaction prediction, square 

interaction prediction and second clique selection.  

For the design we use a single wild-type backbone for the cohesin, Ct-CipA2
33

, 

and all available dockerin structures.  

Multistate design 

As a first attempt at designing specificity we used the fuzzy logic design 

strategy. Here, more than one parameter can be selected at the same time. An 

objective function is defined using several sigmoid functions. Each sigmoid describes 

a specific trait, such as stability, on-target binding and off-target non-binding
47

. When 

designing for specificity we use sigmoids for preferring on-target binding and also 

off-target non-binding, i.e., an identity that improves on-target binding is preferred, 

but an identity that in addition harms off-target binding is even more preferred. Such 

calculations are computationally demanding, and thus we are limited to a restricted 

subspace of the design space. At a later stage we applied the prediction algorithm we 

created using the binding data to predict whether the designs produced would have 

worked. They were thus predicted to be non-specific, due to conformation and rigid-

body changes at the interface, which cannot be captured without the use of the 

sampling algorithms I developed for prediction. This encouraged us to seek a more 

rigorous design pipeline. 

Figure 4. Orthogonality design. A set of designed 

cohesin-dockerin pairs, where every cohesin (Ci) 

binds a specific dockerin (Di) at a higher affinity 

than any other. 
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Primary design protocol 

This step creates on the order of 10
5
 designs that are then screened and reduced 

to a final set of several dozen. To create specificity we must create interfaces that are 

as different from each other as possible.  For this reason we chose to use different 

dockerins, RBOs and charge placements. Our algorithm allows for the design of 

interfaces made up of subunits originating from different crystal structures. Designing 

for different dockerins to bind at different RBOs allows substantial differences in 

otherwise similar designs. Different charge placement on one side of an interface 

almost ensures a respectively different charge placement on the opposing side. 

Following this logic we force each designed cohesin to assume a specific charge 

placement, where certain key residues are assigned either a positive (lysine or 

arginine) or negative (aspartate or glutamate) charge.  

The design protocol consists of the following parts:  

1. Dimer assembly – one of the measured rigid-body orientation is used to 

assemble a cohesin-dockerin dimer.  

2. Design rounds – designated positions on both cohesin and dockerin are 

mutated to improve binding energy. Certain cohesin positions are forced to 

become positive/negative, according to the designated charge placement. 

Multiple mutation and minimization rounds insure optimal mutations.  

3. Filtering – the same as in the modeling algorithm, only without RMSD 

calculations. Only designs that surpass the assigned thresholds in all tested 

filters are kept and examined further. 

In the design protocol we force specific positions to assume either positive or 

negative charges (Figure 5). Every design trajectory is assigned a specific charge 

placement, which is allowed by the cohesins’ PSSM. The dockerin is then designed to 

match the cohesin’s conformation (Appendix  B).  
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First clique selection 

After the first design protocol creates thousands of designs with different 

dockerins, RBOs and charge placements, an extensive and fast screening is needed. 

Following the assumption that substantially different charge placements and overall 

sequence heterogeneity are important for specificity, we want to select the most 

heterogeneous subset of the available designs. A simple yet powerful method to do 

this is using clique graph detection.  

A graph is a mathematical structure, which describes the pairwise relations 

between objects. It is made up of nodes (vertices), and edges. Two nodes can be 

connected by an edge, and the edge can have certain properties, mainly weight and 

directionality. A clique is a complete sub graph, i.e. a subset of the main graph where 

every two nodes are connected by an edge.  

To use graphs to choose a clique, we first reduce all designed pairs to nodes in a 

graph. Every designed pair is reduced to two strings of letters, corresponding to 

specific key positions in the cohesin and dockerin. This string consists only of P for 

positives, N for negatives or C for neither. Two nodes are connected with an edge if 

N33 

V37 D35 

K63 

D66 

Y70 

D83 

I75 

E127 

R73 

Figure 5. Charge placement: Ct CipA2 cohesin residues in red, chosen to be charged in various 

configurations to create heterogeneous design pairs.  
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their cohesins have more than n opposing charges, and their dockerin has more than k 

opposing charges. Opposing charges are defined as N-P, not including N/P-C. All 

cliques in the graph are found by the adapted Bron & Kerbosch algorithm
51,52

. Such a 

clique is basically a set of designed pairs such that all cohesins have at least n 

opposing charges, and so do dockerins. The maximal clique is a clique with the most 

nodes, more than one maximal clique is usually found. In this context, a maximal 

clique is a set of designed cohesin-dockerin pairs that are likely to be orthogonal. 

A few hundreds of designed pairs were chosen such that they form multiple 

maximal cliques. These pairs were then mutated again by the stabilization protocol. 

Stabilization protocol 

When a few hundred designed pairs are chosen at the first clique selection step, 

we use a stabilization algorithm designed to increase the binding energy and stability 

of the interface. This stabilization algorithm receives a designed pair, and scans every 

position for all possible identities (allowed by the PSSM). Using a Rosetta filter 

named FilterScan
41

, every position-identity pair that improves the total energy by a 

significant measure >0.5 R.E.U. (Rosetta Energy Unit) is kept for further 

consideration. This is followed by several rounds of mutation and relaxation, 

generating a more tightly packed design pair. 

Figure 6. Clique selection: All designed pairs are portrayed as nodes in a graph. Only specific positions in 

the interface are mentioned, distinguishing negative (N), positive (P) or neutral (C), left out for simplicity. 

Two nodes are connected with an edge if the cohesins differ by at least two charges, and the dockerins by at 

least one. Green edges exemplify a potential maximal clique. 
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Design binding prediction 

After the designs are stabilized, we apply the modeling algorithm to predict 

whether a given pair will bind or not. It is applied the same way as for native proteins. 

In order to achieve precise prediction of which pairs would bind and which would not, 

there is a strong need to calibrate our filtering mechanism such that the prediction 

accuracy would be sufficient. The energy function alone is unable to make these 

predictions accurately enough. Therefore, a combination of various filters is needed. 

A filter is basically a physical property of a protein or interface that is 

computationally assessed and is compared to a given threshold. Among such filters 

are SASA, packing, ∆Gbind, buried unsatisfied hydrogen bond donors/acceptors and 

total energy. The binding data from Haimovitz et al
50

 have data for three cohesins 

with high sequence similarity to the Ct-CipA2 cohesin (Appendix  C). These are used 

as a small subset to calibrate the filtering mechanism. Using this approach we were 

able to create a highly accurate predictor, which we can use to filter possible designs. 

When viewing models of true and false binders (experimentally observed to bind, and 

not respectively), we found that true binders create more elaborate hydrogen bond 

networks. Using this insight we added a filter, which compares the total energy 

related to hydrogen bonds in the dimer to that of the separated monomers (Figure 7).  
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This proved to be a highly discriminating filter, and we plan to improve it in the 

future.  

 Because the modeling algorithm is computationally expensive we first run 

every pair within itself, i.e., predict if the cohesin and dockerin from a designed pair 

will bind each other or not. Only designed pairs that pass this test are then chosen for 

an all-vs.-all prediction, where every cohesin is tested against every possible dockerin, 

and vice versa. Using these results we compose matrices of all cohesins and 

dockerins, and whether they are predicted to bind or not. In order to decide which 

Figure 7. Binding data prediction matrix: the three Ct CipA2-like cohesins with all possible 

dockerins. Only Ct CipA2 and Ct 11B are binders according to the binding data. Numbers show 

the number of models that pass filters. Blue is 0-10. Turquoise 10-20 and orange for over 20. A: 

∆∆G. B: A+SASA. C: B + packing. D: C + shape complementarity. E: D + buried unsatisfied 

hydrogen bonds. And F: E + hydrogen bonds energy. 
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cohesins and dockerins are predicted to be orthogonal, we again use clique selection. 

This time every possible cohesin-dockerin pair is a node, and two nodes are connected 

with an edge if they are predicted not to cross-react. This means that only node pairs, 

where the cohesin from the first node was predicted not to bind to the dockerin from 

the other node and the dockerin from the first node was predicted not to bind to the 

cohesin from the other node, are connected. This time a clique is a set of pairs where 

every cohesin was predicted to bind only one dockerin from the set, and vice versa. 

First design round 

A first round of design and experiment was conducted, where two cliques of 8 

cohesin-dockerin pairs each were chosen (total of 9 cohesins and 10 dockerin). All 

proteins expressed well and binding affinity was determined using ELISA (see 

Methods). Results showed that the designed dockerins did not bind the designed 

cohesins, but the designed cohesins did bind wild-type dockerins. These made us 

suspect that the dockerins were, even though they were expressing well, folding 

incorrectly. We also observed that the calcium-binding loops were likely to be 

deformed, as they were subjected to many mutations in the designs. We verified that 

mutations at the calcium-binding loop were responsible for the failure in this design 

round by selecting one design, reverting its calcium-binding residues to their wild-

type identities, and repeating binding experiments; this variant dockerin indeed bound 

its target. We thus concluded to return to the design stage, with the following 

conclusions: a more stringent MSA to create the PSSM, and prevent any design of the 

calcium-binding loop. 

Second design round 

In the second design round we introduced a few changes to the design pipeline. 

The calcium ions were not disregarded as in the first design round. These are usually 

overlooked, but we decided to reintroduce them so that the design process will not 

insert positive residues around the calcium binding loops. As described above, more 

stringent PSSMs were created and used, and the calcium-binding loops were left 

intact. The stabilization protocol, described above, was developed and introduced 

only during the second round.  
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After the designs were created using the primary design protocol we conducted 

binding predictions to predict whether a designed pair would be actual binders or not. 

As described above, this is a use of the same protocol as in the binding prediction 

benchmark, and is filtered using the filtering mechanism derived on the Ct A1/2/3 

subset of the binding data. An initial result showed that about 30% of designs are 

likely to be binders. A designed triad predicted to be orthogonal is shown in Figure 8. 

Experiments on this second round will be conducted over the coming few months. 
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Figure 8. Predicted orthogonal triad. Three designed pairs, where all differ from one another in at least two 

charges on the cohesin and one on the dockerin. J3622 (dockerin based on Ct 10B) in green, J5091 (dockerin 

based on Rf) in blue and J5517 (dockerin based on Rf) in magenta. Center: interface over view. Top: 

hydrogen bond networks; different residues at different geometries creating specific networks. Right: 

different residue setups. Bottom: interaction hot-spot differs between designs. Diverse orientations around 

the hot-spot are likely to create specificity. Left: charge placements differ between cohesins and respective 

dockerins. See Discussion. 
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Discussion 

A recurring motif in this work is the use of experimental data to hone 

computations, increasing both efficiency and accuracy. The use of rigid-body 

orientation measurements and their application in modeling and design is one 

example. Creating/improving the filtering mechanism for binding prediction using 

binding data is another. Furthermore, the use of sequence data in multiple sequence 

alignments and PSSMs which improve threading and design is yet another. 

Experimental data are used to restrict computations to more realistic solutions, 

whether they comprise rigid-body orientations, amino-acid identities or distinguishing 

binders from non-binders. The collected vast knowledge of cohesin and dockerin 

structures, sequences and binding data proves extremely useful, and allows us to 

presume that we might tackle as big a problem as specificity design.  

Another important aspect of this work is the interactive learning from 

experimentation. An initial design round was conducted and experimented upon, and 

its failure was used to improve on the second, present, round. The fact that the 

designed cohesins bound only to wild-type dockerins implied that the dockerins were 

misfolding - a conclusion reinforced by the fact that the calcium binding loops was 

needlessly mutated. In the second round of design we introduced several 

improvements, including more stringent PSSMs, a stabilization algorithm (see 

Results) and the use of minimal prediction. 

The assembly of a dimer model from monomers and a measured rigid-body 

orientation is a novel concept. Without this implementation of rigid-body orientations, 

modeling interfaces was based on computational docking of the monomers, which due 

to the vast option space for this problem (3 degrees of freedom per monomer) is 

highly problematic. Our use of rigid-body orientation measurements allows us to 

model different monomers on backbones from separate crystals, and stay within the 

realm of realistic sampling. It also permits designs that are based on backbones 

originating from separate crystals. This is a great advantage when designing for 

orthogonality, as diversity is crucial. This is an important tool for prediction and 

design, and should be applied in any system if sufficient structural data exist. 
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The use of binding data to create a filtering mechanism is an essential element 

in this project. Without the ability to computationally discern binders from non-

binders, the selection of orthogonal pairs would be highly improbable. The 

combination of these predictions with the computation power of graphical algorithms, 

in the use of clique detection is another vital step in the pipeline. It would be 

impossible to assemble orthogonal sets manually, as it would require multiple 

comparisons of multiple parameters over many designs. The use of clique detection to 

solve this problem is a novel feature of this work, and might prove useful in other, 

similar projects. 

A preliminary result of the design pipeline is shown in Figure 8. The dockerins 

are based on separate known structures, one from Ct, and the other from Rf. Different 

dockerin origins insure high diversity. A complex hydrogen bond network is formed 

by all three designs at the approximate same region of the interface (Figure 8 top), 

consistent with known wild-type structures. Hydrogen bonds, and especially hydrogen 

bond networks require specific geometries, and are thus important specificity 

determinants in any PPI network. Steric diversity around the presumed hot-spot 

residue (Figure 8 bottom), V79 in the Ct CipA2 wild type, is likely to prove harmful 

for off-target binding. Opposing charge placements (Figure 8 left) create charge 

repulsion, detrimental for off-target binding.  

Orthogonality design is a major challenge in protein engineering that has yet to 

be engaged. Using the available structural, sequential and experimental information, 

we think we now have the computational tools to attempt it.  

Future Research 

In the future we plan to choose several cliques, express and test the interactions. 

If these prove to be specific, we wish to attempt to derive which factors determine this 

specificity, whether it is mainly charge placement differences, shape complementarity 

or other factors. These future experiments will mostly be conducted using yeast 

surface display, which we have already tested, and shows good discrimination for 

cohesin-dockerin pairs. This experimental system allows faster testing as it requires 

the expression and purification of the cohesin only. 
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Another future step would be to attach enzymes from a yet-to-be determined 

metabolic pathway to different designed dockerins. This could be used to test what 

order of the enzymes is optimal. 
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Appendix A. Ct CipA2 cohesin wild-type and designs 

charge placements 

 

Appendix  B. . Sample clique electrostatics: Ct CipA2 wild type (box, electrostatic surface and cartoon with 

sticks) showing electrostatics and the specific switch positions (in sticks). A seven members clique where all 

cohesins differ by at least two opposing charges.  
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Appendix B. Ct CipA2 sequence alignment 

 
 

Appendix C. Combined Crystal Structure of a Type I 

Cohesin 

This paper describes the structure of the Bacteroides cellulosolvens ScaB-7 

cohesin. Using the modeling algorithm we modeled the interface of this cohesin with 

a B. cellulosolvens dockerin. This allowed a further analysis and discussion of the 

affinity and specificity determining positions in the interface (see figure 6 there). 

Cameron, K., Weinstein, J.Y., Zhivin, O., Bule, P., Fleishman, S.J., Alves, V.D., 

Gilbert, H.J., Ferreira, L.M.A., Fontes, C.M.G. a., Bayer, E.A., et al. (2015). 

Combined Crystal Structure of a Type I Cohesin. J. Biol. Chem. 290, 16215–16225. 

 

Ct A1           -MTVEIGKVTAAVGSKVEIPITLKGVPSKGMANCDFVLGYDPNVLEVTEVKPGSIIKDPD 

Ct A3           -IKIKVDTVNAKPGDTVNIPVRFSGIPSKGIANCDFVYSYDPNVLEIIEIKPGELIVDPN 

Ct A2           -VVVEIGKVTGSVGTTVEIPVYFRGVPSKGIANCDFVFRYDPNVLEIIGIDPGDIIVDPN 

Ct CipA2        GVVVEIGKVTGSVGTTVEIPVYFRGVPSKGIANCDFVFRYDPNVLEIIGIDPGDIIVDPN 

                 : :::..*..  * .*:**: : *:****:******  *******:  :.**.:* **: 

Ct A1           PSKSFDSAIYPDRKMIVFLFAEDSGRGTYAITQDGVFATIVATVKSAAA---APITLLEV 

Ct A3           PDKSFDTAVYPDRKIIVFLFAEDSGTGAYAITKDGVFATIVAKVKSGAPNGLSVIKFVEV 

Ct A2           PTKSFDTAIYPDRKIIVFLFAEDSGTGAYAITKDGVFAKIRATVKSSAP---GYITFDEV 

Ct CipA2        PTKSFDTAIYPDRKIIVFLFAEDSGTGAYAITKDGVFAKIRATVKSSAP---GYITFDEV 

                * ****:*:*****:********** *:****:*****.* *.***.*.   . *.: ** 

Ct A1           GAFADNDLVEISTTFVAGGVNL- 

Ct A3           GGFANNDLVEQRTQFFDGGVNV- 

Ct A2           GGFADNDLVEQKVSFIDGGVNV- 

Ct CipA2        GGFADNDLVEQKVSFIDGGVNVG 

                *.**:*****  . *. ****:  

Appendix  C. Multiple sequence alignment showing Ct CipA2 and three cohesins found in the 

experimental data. High sequence similarity is common in cohesins from the same organism. These 

proteins originate from the same bacterium, and are highly sequence similar.  

 


