
	  

Abstract	  

	  
Specificity is a key characteristic of molecular interactions and it dictates protein function. 

Computational protein design has been used to control the fine details of protein-protein 

interactions (PPIs), generating protein functions not seen in nature. In this work I present a novel 

computational framework for the redesign of PPIs that allows encoding different molecular 

tradeoffs in proteins. This framework allows optimizing simultaneously different molecular 

properties (stability, binding etc.) and selecting sequences that satisfy all of these requirements. 

Using this method I designed different types of specificities in two model systems. In the first 

system, I worked on a synthetic multi-specific PPI network that was previously designed in our 

lab and is composed of three structurally unrelated proteins that were de novo designed to bind 

the same surface of a protein that serves as the network’s hub. In my work I designed the hub 

protein to specifically bind each of the three de novo binders and eliminate binding to the other 

two. Such artificial PPI network could allow us to enhance our understanding of the determinants 

of specificity and affinity in protein binding. However, the experiments on this system revealed 

that the de novo designs were unstable and did not show the expected specificity switches, 

raising questions on their actual mode of binding and reducing the attractiveness of this model 

system for further studies. In the second system, I designed specificity switches in a natural PPI 

pair essential in yeast to generate orthogonal pairs of binders that interact with each other but not 

with the WT pair. This work, though still in initial stages of experimental characterization, is 

expected to provide the first rationally designed reproductive barriers in yeast that may allow 

tracking the earliest events taking place in evolution after the establishment of such barriers. I 

demonstrate that our novel computational method can provide a versatile and intuitive 

framework for encoding complex molecular tradeoffs in proteins that could not be addressed 

with existing tools or required the development of tailor-made methodologies. Computational 

design, including in the present work, has not succeeded in matching the very high specificities 

observed in some natural systems. Future work should focus on using additional protein degrees 

of freedom, including the backbone conformation and rigid-body orientation of complexes. 
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Introduction	  
	  
Specificity in biomolecular interactions 

Protein-protein interactions (PPIs) underlie all life processes, including cellular signaling, 

metabolism and immune system activity.  

Natural PPIs differ in their affinities and specificities, with equilibrium dissociation constants 

(Kd) ranging from millimolars to femtomolars. Specificity, which is the preference of a protein to 

bind a particular set of targets over the others at a given concentration, is highly controlled in 

nature. Some proteins bind their targets highly specifically, with many orders of magnitude 

lower Kd for the desired targets comparing to the undesired ones. A prominent example is the 

colicin system, a bacterial antibiotic system comprising four well-studied pairs of endonulclease-

immunity proteins. The dissociation constants of the cognate pairs are 6-10 orders of magnitude 

lower than those of the non-cognate pairs1. Other PPIs are multi-specific, whereby one protein 

binds several targets with similar affinity. Multi-specificity is widespread in signaling networks 

for example2.  

 

Specific binding is based on both binding the desired (positive) target and not binding, or binding 

less tightly, the undesired (negative) ones. In order to achieve specific binding, the binding 

affinity of the protein for the positive target should be higher than its affinities for the negative 

targets. At the molecular level, the greater the structural and sequence similarity between the 

targets, the more difficult it is for encoding high specificty3. 

 

Protein designers often turn to nature for inspiration on how to encode biophysical properties in 

designs, and structural and biochemical analysis has led to many insights on the sources of 

specificity. In the colicin endonuclease (E) - immunity (Im) system there are two prominent 

mechanisms to generate specificity. First, when comparing the two cognate complexes E9-Im9 

and E7-Im7 there is a 19° rigid-body rotation of the Im relative to the endonuclease centered on 

the hotspot (the key interfacial contacts). This rotation preserves the key interactions that 

contribute to binding affinity but results in different contacts with peripheral residues on the 

immunity protein, enhancing specificity4-5. Second, in the cognate complexes E9-Im9 and E2-

Im2, in which the orientation of the Im relatively to the E is identical, the specificity originates 

from electrostatic incompatibility between non-cognate partners. The E9-Im9 complex has a 
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mostly hydrophobic interface whereas E2-Im2 has a more charged and polar one. This leads in 

the non-cognate complexes to close unfavorable packing of charged and polar residues against 

hydrophobic ones and to frustration6. There are various other strategies to obtain specificity in 

natural PPIs, among them insertion/deletion of interfacial loops7, protein localization8 and 

combination of several domains with low specificity to get an accumulative effect of high 

specificity9–11. In addition to the atomic details, specificity is also a function of protein 

concentrations. In concentrations higher than the Kd of the negative targets the protein will bind 

also its undesired counterparts. In concentrations lower than the Kd of the positive target the 

specificity will be high, but the target occupancy will be low. In other words, there is a molecular 

compromise between specificity and activity that is usually satisfied when the protein 

concentration is between the dissociation constants of its positive and negative targets. 

 

Computational protein design suggests a way to investigate the physicochemical basis for 

specificity by building new specific pairs that do not exist in nature. 

 

Computational design of specificity 

The ability to rationally design novel PPIs not seen in nature and to manipulate existing ones 

using computational protein design is a way to test and refine our understanding of the principles 

governing molecular interactions. Moreover, it is a potentially important tool for future 

development of therapeutics and diagnostics. Several approaches have been presented so far to 

computationally design interaction specificity. In some studies, it was shown that proteins 

optimized solely for binding using a positive design strategy can bind their target 

specifically12,13, but the specificity switches were weak, with up to two orders of magnitude 

difference in Kd between the cognate and non-cognate complexes. Also, this does not reflect a 

general solution for specificity design since in other systems increasing affinity to one target 

could increase the affinity also for off-targets with similar structures14. 

 

A multi-state design method, developed by Havranek and Harbury, introduced the concept of 

explicit negative design to destabilize undesired states of the system. The design process using 

this algorithm selects sequences that maximize the transfer free energy from the target state to 

the ensemble of undesired ones. This strategy was used to design specificity in a simple model 
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system of dimeric coiled-coils, in which the sequences were chosen to prefer the homodimeric 

state over the heterodimeric, aggregated and unfolded ones15.  

 

A second-site suppressor approach developed by Kortemme et al. was used to identify specificity 

enhancing mutations by first scanning for disruptive single mutations upon one partner in a pair 

of interacting proteins. For every destabilizing mutation on one partner, compensatory mutations 

that rescue the interaction are scanned on the other partner in a second round of design. 

Mutations are selected if they increase the energy difference between the binding energy of the 

initially redesigned protein to its WT partner and the binding energy of the redesigned pair. The 

specificity increasing mutations coming out of this protocol are then combined into complete 

redesigned interfaces. Finally, pairs of designs are selected having the highest computed binding 

energies. This strategy was used to design new interacting pairs of colicin endonuclease-

immunity proteins16. Further work used this strategy to redesign specific interactions between a 

Gα protein and a peptide, and between E2-E3 proteins from the ubiquitin system17.  

 

While specificity design optimizes one target state, the design of multi-specificity requires 

optimization of multiple positive criteria simultaneously. To address this problem, a sequence 

optimization method was developed by Hamphris and Kortemme that minimizes the weighted 

sum of the calculated binding energies of a multi-specific protein with all of its binders18.  

 

Though a great progress has been made in the recent years in computational protein design of 

specificity with impressive successes12–20, the designed specificity switches are of 1-3 orders of 

magnitude, far less than the 6-10 orders of magnitude seen in some natural systems. The partial 

successes in the field of specificity design underscore that molecular specificity has not yet been 

mastered in protein design. Moreover, the current strategies for specificity design do not allow 

encoding multiple constraints during sequence optimization: the binding energy of the positive 

state is not explicitly considered nor is the stability of the designed proteins. This can explain the 

decreased affinity seen for the designed pairs of colicin endonuclease-immunity proteins16. Also, 

current methods do not provide a unified framework to encode different molecular tradeoffs, 

therefore tailor-made strategies have been advanced for each design challenge. In Results below 

I describe a new approach that I developed to encode, in principle, any arbitrarily chosen 
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molecular compromise, including the abovementioned specificity and multi-specificity 

objectives.  

 

Computational design of de novo binders 

A great progress in computational protein design has been made in the last years in the field of 

de novo design of interactions, where non-interacting proteins are designed to associate with one 

another. A 'dock-design' strategy was developed by Jha et al., in which a protein scaffold is 

docked against the desired target in many conformations using a low-resolution rigid-body 

docking. Then the amino acids on the interface of the scaffold are redesigned in iterative steps of 

sequence design and minimization to create favorable interactions with the target and generate a 

low energy complex. This protocol was used to design a small helical protein to bind to the 

kinase domain of p21-activated kinase (PAK1) with affinity of 100 µM21. In another work, Liu et 

al. designed a protein scaffold to bind the human erythropoietin receptor (EPOR) by grafting key 

residues from its natural binder erythropoietin that are known to be important for binding EPOR 

and placing them onto the scaffold. The best design bound with affinity of 24 nM22. In both cases 

experimental mutational data support the design model, but crystal structures were not presented. 

Karanicolas et al. designed a scaffold in a two-sided design protocol to bind an ankyrin repeat 

protein by designing a core of tightly packed hydrophobic residues surrounded by a ring of polar 

amino acids23. The designed pair after affinity maturation bound with Kd of about 200 pM, but 

the affinity enhancing mutations did not make any contact with the other binder according the 

computational model. The crystal structure revealed that the designed core residues participate in 

binding, but the orientation of the binders is rotated by 1800 relative to one another compared to 

the computational model due to conformational changes of interfacial residues. These results 

highlight the pressing need for controlling flexibility at binding surfaces if high precision in 

design is to be realized.  

 

To prevent conformational rearrangements of core binding residues and to stabilize the designed 

interface, a general method was developed by Fleishman for de novo design of protein binders24–

26. The method is based on generating a high affinity interaction site (hotspot) composed of 

residues that form stabilizing interactions among themselves and with the target binder, and are 

used to anchor the designed interface. Proteins from a large scaffold set are docked against the 
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target surface in search for shape complementarity and supporting the disembodied hotspot 

residues. Scaffolds passing these stages undergo iterative sequence design and all-atom 

refinement in the Rosetta forcefield, which is dominated by van der Waals packing, hydrogen 

bonding, and an implicit solvation model27. This strategy was used to generate two de novo 

binders targeting a conserved region on the stem of influenza hemagglutinin (HA). Following 

affinity maturation the designs bound with low-nanomolar Kd and inhibited the pH induced 

refolding of HA that is crucial for influenza virus infection. The crystal structures of both of the 

designs bound to HA were in a very good agreement with the computational model24,28. In 

further work this hotspot based de novo design strategy was used to generate a protein that binds 

and inhibits hen egg lysozyme29 and a pH-dependent IgG binder30.  

 

Unified framework for computational design of molecular compromises 

In this study I present a novel method (unpublished) to redesign existing protein-protein 

interactions subject to any chosen set of properties (stability, binding etc.). The different 

properties are combined into a unified objective function, which is optimized to satisfy all of the 

input requirements. This design algorithm provides a versatile framework for encoding complex 

tradeoffs between different molecular constraints acting on a system.    

 

Model systems for specificity design 

Using the novel design framework I investigated the molecular basis for specificity in protein-

protein interactions, which represents a molecular compromise between the need to maintain 

desired levels of affinity and stability of the target complex while at the same time prevent 

binding to the negative targets. I chose to design specificity in two model systems. First, I 

designed specificity in an artificial multi-specific PPI network constructed based on the de novo 

design strategy developed by Sarel Fleishman26. This system enables us to study the emergence 

of specificity and affinity and the interplay between them in an artificial system that has not been 

subjected to evolutionary pressures acting upon natural binders. In the second system, I designed 

specificity in a natural PPI that is vital to yeast, to generate orthogonal pairs of binders that bind 

each other but not the WT pair. In this study we hypothesize that incompatibility in the PPI level 

might serve as a seed for interspecies barriers or speciation (see Results).  
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Research aims 
In this study I investigated how specificity can be encoded in biomolecular systems using 

computational protein design. For that purpose, we developed in the lab a computational 

framework for the design of molecular tradeoffs. Using this framework as well as the classical 

multi-state design methodology I intended to achieve the following: 

1. Design specificity in a low-affinity multi-specific synthetic interaction network: a 

synthetic multi-specific PPI network was previously designed in our lab and is composed of 

three structurally unrelated proteins that were de novo designed to bind the same surface of an 

acyl carrier protein (ACP) that serves as the network’s hub. In this project I propose to redesign 

ACP to bind specifically each of its three de novo binders (see Results for description of the 

system). For that purpose, I intend to design surface mutations in ACP that destabilize binding to 

the other two alternative targets without compromising binding to the desired target. Two design 

processes are carried out, with either the classical multi-state design algorithm or our novel 

framework, which will allow comparing between the two methodologies. Our hypothesis is that 

the large structural difference between the ACP binders in this synthetic network can allow 

generating higher specificities than were attained in previous design studies using natural 

systems12,16,17. The specificity-designed ACP variants are tested experimentally for binding to the 

three de novo binders using yeast cell-surface display system (YSD)31. This system can allow 

testing different combinations of specificity-enhancing mutations in ACP. In addition, I can 

generate ACP libraries and sort variants that bind specifically each of the de novo binders and 

that were not highlighted by the design algorithm, thus further improving our design 

methodology. The expected result was three ACP variants that bind specifically but yet with low 

affinity each of the three ACP binders. 

 

2. Redesign a natural PPI to generate orthogonal binding-pairs that do not interact with 

the WT: In this work we aim to investigate a classical evolutionary model for speciation 

postulated by Dobzhansky and Muller (DM), which states that incompatible interactions between 

two genes or more can generate a reproductive barrier that can lead to speciation (see results 

section for details). The novel computational framework is used here to design specificity 

switches of different types in essential PPIs in yeast using a two-sided design protocol that 

introduces interfacial mutations on the two proteins. The designed proteins are expected to bind 
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each other but not the WT pair. Using a similar strategy we also propose to design other types of 

specificities. We hypothesize that the incompatible PPIs may lead to reduced viability of the 

yeast cells carrying the impaired pairs, thus serving as a seed for a reproductive barrier in yeast. 

The computational designs will be tested in vivo in yeast and the viability and growth rate of the 

cells will be tested. Follow-up experiments will simulate the events that directly follow the 

establishment of the first reproductive barrier and allow investigating the effect of the DM model 

on speciation. This project is in collaboration with Amir Aharoni's lab at Ben-Gurion University, 

which preforms the experimental parts.   

    

Results 
 
Novel computational strategy to encode molecular compromises  

We developed a novel computational method for redesigning existing protein-protein 

interactions subject to different combinations of functional constraints in a single procedure.  

 

Many molecular properties (e.g. protein stability, conformational changes or binding to a target) 

are in equilibrium between inactive and active states  with equilibrium constant 

𝐾!" = 𝑒!∆!/!!! [Eq.1], where ∆𝐺 is the free energy difference between the states; K! is the 

Boltzmann constant; and T is the temperature. The fractional occupancy f of the active state, 

which is the fraction of molecules that are found in this state out of all the molecules in the 

system, is given by 𝑓 = [!]
! ![!]

 [Eq.2], where [A] and [B] are the concentrations of the inactive 

and active forms respectively. The fractional occupancy behaves as a sigmoidal function with 

respect to ∆𝐺: by combining Eq.1 and Eq.2 as well as the thermodynamic equivalence 𝐾!" =
[!]
[!]

 

[eq.3] it can be easily shown that 𝑓 = !
!!!∆!/!!!

 [Eq.4]. The fractional occupancy has an on-off 

switch-like behavior at a certain ∆𝐺 range in which small changes in ∆𝐺 result in large changes 

in occupancy. Out side of this ∆𝐺 range the fractional occupancy shows a saturation behavior 

where practically all the molecules are found in the most stable state. Throughout evolution 

proteins accumulate mutations that can affect the equilibrium between different states of the 

protein. The selective pressure acts to maximize a desired set of molecular properties by 

increasing the fractional occupancy of these states32. The selection acts as long as the property is 
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still being optimized and stops taking place when reaching the plateau regimes. A good example 

is protein stability, which is highly optimized through evolution to ensure correct folding and 

function. Proteins stability is usually adjusted to the habitat since there is no selective pressure to 

further stabilize the proteins and therefore mesophile organisms have proteins with lower 

stability than thermophiles on average. Another example is the affinities of natural antibodies 

that reach a plateau of about Kd=1 nM33. In vitro evolution techniques can generate antibodies 

with femtomolar dissociation constants, indicating that higher affinities are physico-chemically 

possible, but that the system reaches a threshold above which there is no selective advantage for 

increasing affinity 

 

Inspired by the natural strategy for optimization of molecular properties we developed an 

algorithm that transforms each property into a sigmoidal function and optimizes simultaneously 

any desired set of molecular properties to generate sequences that satisfy all of them.    

 

In our algorithm the design goals are encoded as different free energy values (e.g. calculated free 

energy of a protein for stability, binding energy of a complex for affinity). Each energy value is 

transformed into a sigmoidal function of the form 𝑓! =
!

!!! !!! !  [Eq.5] (Figure 1A), where 𝑥 is 

the calculated energy value; 𝑜 is a predetermined offset determining the midpoint (maximal 

sensitivity) of the sigmoid and is usually set to the energy value computed for the WT or input 

structure; and 𝑠 is the steepness parameter which determines how strongly changes in the energy 

are translated to changes in the sigmoid response. From the equivalence to Eq.4 we get that 

𝑠 = 1/𝐾!𝑇 [Eq.6]. The sigmoid transforms the energy into fuzzy-logic like operands (where 1 

translates to TRUE and 0 to FALSE), with sigmoid values approaching 1 at very low free 

energies and approaching 0 at very high energies.  

 

Different sigmoids, representing contributions from different energy criteria, are combined into a 

unified objective function (fitness) that reflects the compromise between the various goals using 

Boolean-logic like operators (AND, NOT and OR), using the following standard definitions: 

𝑓!  AND  𝑓!    is 𝑓!×𝑓! ; NOT  𝑓!  is 1− 𝑓! ; 𝑓!  OR  𝑓!  is 𝑓! + 𝑓! − 𝑓!×𝑓!  (Figure1B-C). By 

defining the three fundamental logical operators this framework suggests a way for encoding any 

logical combination of energy constraints on a designed system. For example, to encode the 
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requirement that a protein is stable and binds its target, we state: fx AND fy, where x and y are 

the computed energy of the protein and the complex binding energy. Other implementations are 

defined below (see Results and Discussion). 

 

In each design round, a random mutation is introduced to the binding interface and the mutation's 

effect on each of the energies is calculated. The new value of the objective function is computed, 

and mutations are selected if they pass the Metropolis criterion: 

   1                        ∆𝑂 ≤ 0  

   𝑒!(∆!)/!!!        ∆𝑂 > 0     [Eq.7] 

Where p is the probability for the mutation to be accepted; and ∆𝑂 = 𝑂!"# − 𝑂!"# is the change 

in the value of the objective function as a result of the mutations. We start at high temperature, 

accepting mutations that may be deleterious to fitness, and gradually decrease the temperature 

thereby implementing a simulated-annealing Monte Carlo procedure34. 

 

Our framework can be shown to be a generalization of the multistate description of a system, 

which was the theoretical basis for the algorithm developed by Havranek and Harbury for 

specificity design15. By this description, the probability to adopt a target state is described as the 

Boltzmann weight of this state in an ensemble containing all possible desired and undesired 

states  𝑝!"#$%! =
!!!!"#$%!/!!!

!!!/!!!!"#$%!,!"#$%&'&"()
 [Eq.8]. 𝐴!"#$%! is the free energy of the target state and 

A is the free energy of each possible state of the system. Let us consider a reduced form of Eq.8 

comprising only two states: a target state and a lowest-energy competitor state (the other higher-

energy competitor states can be neglected in the denominator of Eq.8). Assuming a target state 

𝑆! of energy  𝑥 and a competitor state 𝑆! of energy 𝑦, the probability for state 𝑆! to be found in 

the system is given by 𝑝! =
!!!/!!!

!!!/!!!!!!!/!!!
 [Eq.9]. This equation can be rewritten as: 

𝑝! =
!

!!! !!! /!!!
 [Eq.10] which is equivalent to the sigmoid that describes the energy difference 

between states x and y.  

 

Determining the steepness and offset: The sigmoid function in Eq.5 can be rewritten as: 

𝑙𝑜𝑔 !!!
!

= 𝑠(𝑥 − 𝑜)  [Eq.11]. Plotting 𝑙𝑜𝑔 !!!
!

 versus 𝑥  yields a linear relationship. This 

𝑝 =	  
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means that when given at least two constraints on the sigmoid (e.g. 𝑓 = 0.9  for 𝑥 = −20 Rosetta 

energy units (R.e.u) and 𝑓 = 0.3 for 𝑥 = −10 R.e.u) the 𝑠 and 𝑜 parameters can be determined 

uniquely. If more than two constraints need to be met, linear regression can be used to provide a 

best-fit pair of 𝑠 and 𝑜 parameters.      

 

Applications: since our framework provides a way to state all the three fundamental logical 

operators (AND, NOT and OR), any statement that can be expressed in free energies can be 

formulated. In this work, we utilized this method to design various modes of binding specificity 

in pairs of synthetically as well as naturally interacting proteins.  

 

Implementation: The new design procedure was implemented within the RosettaScripts 

framework, which provides access to many major modeling and design components through an 

easy to use scripting interface35. During design, each protein is represented in a full atom model 

that includes its sequence and atom coordinates. The design is performed in the Rosetta 

forcefield, which is dominated by van der Waals packing, hydrogen bonding, and an implicit 

solvation model27. 

 

Definitions: All of the objective functions described in this work optimize tradeoffs between two 

basic types of calculated free energy values: 1. Binding energy - the difference between the free 

energy of the protein pair and the free energies of the proteins in their unbound form. When a 

mutation is introduced, the change in binding energy is calculated after sidechain repacking and 

minimization and rigid body minimization, for both the desired and undesired states. The 

sigmoidal transformation of the binding energy will be represented bellow as Ɓ(A’,B) or 

Ɓ(A’,B’), where A and B are the bound proteins and the prime (‘) sign indicates that the protein 

is subjected to design.      
2. Stability - the free energy of the protein’s folded conformation. The sigmoidal transformation 

of the stability will be represented below as Ѕ(A’).  

 

Computational design of specificity in a synthetic PPI network 

Network design and characterization: A synthetic PPI network was previously designed in David 

Baker's lab at the University of Washington, which comprises three artificial de novo designed 
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binders, termed E35, E52 and E58, which were designed to bind the apo form of a 

Mycobacterium tuberculosis acyl carrier protein2 (apo Mtb ACP2, termed ACP below) using the 

hotspot based de novo design method developed previously26. ACP was chosen as a target since 

it had not been crystallized with binders and therefore served as a stringent test for the novel 

design methodology: A hotspot region had to be designed from scratch without inspiration of 

natural binders. All three de novo binders were designed to bind the same surface upon ACP 

using the same hotspot triad. The designed interfaces are relatively small (~1200-1400 Å2) 

comparing to natural binders, which bury on average ~1600 Å 2 of solvent exposed surface area 

upon binding (Figure 2). Experiments showed that the three designs E35, E52 and E58 bound 

ACP specifically, with no detectable binding of the original scaffolds from which they derived to 

ACP. Mutations of the designed hotspots to alanine severely reduced binding to ACP. On the 

opposite side of the interface, an ACP mutant with three conservative mutations in positions 

making close contacts to the hotspot residues (ACP triple knockout, Figure 3) did not bind the 

designs. Although the experimental evidence supported the modeled mode of interactions, no 

crystal structure was yet obtained for any of the complexes. Genetic variants of the designed 

binders were generated using error-prone PCR (epPCR) and higher-affinity variants were 

selected using fluorescence-activated cell sorting (FACS), resulting in binders with apparent 

affinities (in YSD) of nanomolar to low millimolar (Table 1). 

 

Specificity design rationale: The de novo designed system has characteristics of a multi-specific 

interaction network, in which ACP functions as a hub protein that binds the three designs, E35, 

E52 and E58, through the same surface (Figure 2F). Unlike many natural multi-specific PPI 

networks2,10, in this system the three binders have a very different three-dimensional structures 

and thus different binding footprints on the ACP surface. Moreover, each binder utilizes different 

secondary structural elements to bind ACP. In E35 the hotspot is placed on a beta hairpin, E52 

binds through alpha helical surface and E58 utilizes loops to bind ACP.  

 

The computational design algorithms: ACP was designed to specifically bind each of the three de 

novo binders, E35, E52 and E58, in a single sided design process (the de novo binders were not 

mutated) using RosettaDesign software. During design, surface mutations were introduced to the 

interface of WT ACP that were predicted to destabilize binding to two partners in turn, without 
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compromising binding to the target. Three separate design processes were carried out, in each a 

different binder was defined as a positive target while the other two binders served as negative 

targets. We implemented two design methods for the specificity design:  

 

A. Our novel computational framework: The objective function for optimization was defined 

to be O= Ɓ(ACP’,  E!) AND Ѕ(ACP’) AND NOT Ɓ(ACP’, E!!) AND NOT Ɓ(ACP’,  E!!) 

[Eq.12]. E! is the ACP binder that was defined as the positive target during design, and E!,!!  are 

the ACP binders that were defined as negative targets. The mutations were introduced on ACP 

residues that are within 15Å from the binders. For each substitution, the sidechain conformations 

of the designed amino acid and the neighboring residues on ACP were optimized (except for the 

residues that are in direct contact with the hotspot). Then a side-chain minimization was 

performed on all interface residues for the positive and the negative complexes. The mutations 

were introduced using simulated-annealing Monte Carlo (MC) strategy36, and the sequence was 

designed to maximize the objective function. This design protocol generated in all three cases 

ACP variants in which the stability and affinity for the positive target were not harmed, but the 

binding energies for the negative states were calculated to be in the regime that we consider as 

non-binding (>-15 R.e.u). Since I used a MC procedure, each ACP design had a combination of 

9-12 mutations on average. Most mutations were naïve (did not contribute to specificity), few 

enhanced specificity by increasing binding affinity of the positive target, and 2-5 mutations on 

average contributed to specificity by destabilizing the binding of one or both negative states.  

 

B. Multi-state design algorithm: Before developing our new computational framework, I 

designed specificity using the multi-state fitness function that maximizes the Boltzmann 

probability of the protein to bind one desired target given all three binding alternatives:          

𝑂 = !!∆!!"#/!"#$%$&'

!!∆!!"#/!"#$%$&'! !!∆!!"#/!"#$%&'"
  [Eq.13]. This strategy was inspired by the multi-state 

design algorithm developed by Havranek15 and aimed to maximize the energy gap between the 

positive and negative states. While the classical multi-state design algorithm optimized energy 

differences between states, we optimized the probability for the desired state to be found in the 

system. These are two different mathematical formalisms to describe the same energetic 

requirements. In the classical multi-state design, as well as in most protein design work, 
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sequences are optimized using a genetic algorithm. I chose to use different sequence 

optimization techniques- either the stochastic simulated-annealing MC, which was also used in 

our novel framework, or a deterministic greedy algorithm. We chose MC as many other 

optimization protocols in structural modeling are based on this algorithm. In our MC 

implementation single mutations are introduced randomly in various independent positions and 

selected in some probability to satisfy the objective function36. This algorithm can simulate to 

some extent an evolutionary mutational process that takes place on proteins, by which single 

substitutions are randomly introduced and evolutionary selected to maximize fitness. MC 

algorithm can accept with some probability (that depends on the temperature parameter that is 

used) mutations that are non-beneficial or even disruptive, thus yielding large variety of 

sequences having desired but also “noisy” mutations. Greedy algorithm scans all allowed 

substitutions of each interfacial residue and combines those that most improved the fitness into 

one complete interfacial design. It generates a single design having much less “noisy” mutations, 

but with sequence that can be less optimal than the top MC designs. This is due to the 

problematic energy landscape used by Greedy, in which the mutations are initially ranked on the 

background of the WT sequence and therefore cooperative effects are disregarded.                 

 

Comparison of the output from the conventional multistate design algorithm and our new 

framework highlights some of the advantages of the new framework. For instance, the Havranek 

& Harbury multistate design framework does not provide a way to directly ensure the stability of 

the designed protein or the binding energy of the desired complex. I therefore filtered out 

mutations that destabilized ACP’s folded conformation or its binding to the positive target by 

more than 2 and 1.5 R.e.u, respectively; in the new framework, both of these constraints are 

directly encoded in the objective function.  

Our novel computational design method and the multi-state design algorithm highlighted similar 

interfacial residues as positions for specificity design, but the chosen identities were in some 

cases different because of the different tradeoffs defined by the objective function. Our 

framework generated more subtle mutations comparing to the multistate design in terms of ACP 

stability (less hydrophobic mutations) and binding to the desired state. For example, Ser34 in the 

ACP design towards E58 was mutated to Ile in the multi-state design and to Arg in our 
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framework. Ile destabilized binding to the negative states more than Arg, but also destabilized 

the positive complex more (Table 2).  

 

In order to increase the diversity of my designs and get more candidates for experiment I also ran 

a design round with only one negative state instead of two, however it did not highlight any extra 

specificity-enhancing positions on ACP.  

 

The mechanism to destabilize the negative states appeared to be steric clashes that were 

introduced in the periphery of the interface, in places where ACP was not in contact with the 

positive target. Since the core of the interface comprises the hotspot interaction and is targeted by 

all the three binders, no specificity-enhancing mutations were designed by our protocol 

surrounding this region. Unlike eliminating favorable interactions (e.g. hydrogen bond, van der 

Waals interaction), each contributes only very little to affinity, steric overlaps are highly 

destabilizing as described by Lennard-Jones potential37. For each positive binder I chose to test 

experimentally 2-4 mutations on ACP that seemed to destabilize most the binding of the negative 

targets (Table 2, Figure 4). I filtered out several mutations that were predicted to generate steric 

clashes with the negative targets by the computational algorithm, but we estimated that their 

effect on specificity in experiments would be negligible (such as mutation of Phe to Tyr that 

caused a minor steric clash by the hydroxyl group of Tyr. Data not shown). 

 

Experimental characterization of the designs: The experimental system to test the designs was 

chosen to be yeast cell-surface display (YSD)31, which allows one in a simple procedure to 

present the designs on the yeast cell surface without the need of purifying them. The other 

interaction partner is purified and binding is tested using flow cytometry. 

The proteins presented on the yeast cells contain a cmyc-tag that allowed their detection using 

fluorescently labeled anti-cmyc antibody. The purified partner is biotinylated and is detected in 

YSD using fluorescently labeled streptavidin (Figure 5 and Methods). In order to test the ACP 

designs in YSD I needed first to express and purify E35, E52 and E58. This task was found to be 

very challenging, as the three de novo designs were found to be very unstable, with low 

solubility and a tendency to aggregate. The three binders were co-expressed in bacteria with a 

biotin-ligase enzyme (BirA) that attached in vivo a biotin molecule to the protein on a C-terminal 



	   15	  

Avi-tag. E35 (and E35.2, a higher affinity variant) expressed well but aggregated when was 

removed from imidazole after Nickel-column purification. Gradual dialysis steps with decreasing 

concentrations of imidazole and salt prevented formation of large precipitants but still resulted in 

protein that was mostly oligomeric as was shown in gel filtration. These oligomers showed a  

260 nm absorbance that was higher than at 280 nm, which is not typical to most proteins and can 

indicate of contaminations. The oligomeric E35.2 bound ACP non-specifically in YSD, with 

similar binding affinity also to proteins it was not designed to bind (E52, insulin). E52 initially 

showed solubility problems and different strategies were carried out to overcome this challenge. 

Eventually a monomeric fraction of E52 was isolated, but did not bind ACP in YSD. E58 was 

insoluble, and was rescued when fused to a maltose binding protein (MBP) solubility tag. When 

cleaved form the MBP tag E58 aggregated, and with the tag it did not bind ACP in YSD 

(Methods). Despite the various calibrations of expression conditions and different orthogonal 

purification steps preformed for all the three binders that lasted over a year, we could not get any 

of the binders to specifically bind ACP in experiments. In further work in our lab it was shown 

that E52 has a very poor thermo-stability also when it is presented on yeast, reaching a full 

elimination of its binding to ACP at a temperature as low as 370C.   

   

Therefore, we decided to switch sides in YSD such that the ACP designs were purified while 

E35, E52 and E58 were presented on yeast (Figure 5B). In this form, the de novo binders were 

shown to be more stable and active in the initial experiments performed on this system and tested 

their binding to WT ACP. Since WT ACP is a very stable protein that can be easily produced in 

bacteria, the purification of the mutants was predicted to be relatively simple. Promising ACP 

mutants coming out of the specificity design protocols were manually selected for cloning and 

purification. Since these steps are laborious, I could not test all combinations of mutations for 

each positive target. I decided to test all the single mutations that were computed to have a 

significant destabilizing effect for at least one of the negative targets. Also ACP mutants carrying 

all specificity enhancing mutations for each positive target were cloned as well as various partial 

combinations (table 3 and Methods). Since I had many designs to test, I decided to purify them 

only on Ni-NTA column. The purification resulted in ~70-80% purity of the designs, with 

additional significant contamination suspected to be the co-expressed BirA. Mass spectrometry 

(on one ACP variant) showed that the proteins are far from being fully biotinylated, though the 
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exact biotinylation percentage could not be determined using this approach. In the next step (has 

not been performed so far) designs showing promising behavior in YSD will be further purified 

in gel filtration and biotinylation percentage will be quantified using various approaches. If 

shown that biotinylation varies significantly between designs, several approaches can be taken to 

overcome this problem (in vitro biotinylation, purification on monomeric avidin etc.). 

      

I chose to test my purified designs in YSD against E35, E52 and E58 at two concentrations:      

10 µM and 1 µM, that are around the Kd of the complexes and therefore were expected to show 

the largest changes in binding for different affinities of ACP variants. At 10 µM E35 and E58 

show weak-medium binding to ACP WT and E52 shows strong binding.  At 1 µM E35 and E58 

show weak binding (very noisy and varies between experiments) and E52 shows medium 

binding (Figure 6).  

 

When testing some promising single and double ACP mutants in YSD, I did not see any clear 

effect on binding of any of the targets in none of the parameters measured by the flow cytometer 

(%bound cell, median and mean fluorescence of binding). Therefore I tested the ACP mutants 

carrying all the chosen specificity-designed mutations for each of the positive targets. For E52 as 

positive target, I tested an ACP design with four mutations that were predicted to destabilize 

binding to both negative states as well as for E52 (S34V+L35I+F38W+Q58W) (Tables 2 and 3). 

For all these mutants as well I did not see any clear reduction of binding to the negative targets in 

the concentrations I tested. Since these mutants behaved similar to ACP WT in both 1 µM and 10 

µM (whereas in a different project affinity-enhancing ACP mutants purified using the same 

strategy showed different behavior), I do not suspect that additional purification would yield 

much different results. In order to be sure, I intend to purify more thoroughly the designs 

carrying all the specificity mutations and test again their binding to E35, E52 and E58 in YSD. I 

chose for YSD ACP concentrations that are close to the Kd of the WT complexes, however only 

two concentrations were tested so far. Next, I intend to generate a titration curve of the top ACP 

designs to E35, E52 and E58 on YSD. This will allow determining the Kd of the complexes 

relatively to the WT ones, a more thorough test to the effect of our designs. If indeed there is 

some effect on the Kd of the negative state as I expected, I can determine which ACP 
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concentrations shows the greatest effect on specificity for each positive target, and repeat my 

YSD experiments in this concentration.   

        

In parallel to the purification of the ACP specificity designs, we repeated a control that was made 

in the initial experiments on our synthetic PPI network to verify the mode of binding for the de 

novo designs. An ACP triple mutant was generated that was previously shown in YSD to 

eliminate binding for all three binders (Figure 3). It was cloned, expressed and purified using the 

same strategy as the ACP specificity designs. In YSD experiments this mutant bound E35, E52 

and E58 well, with similar binding pattern as the WT in 1 µM and 10 µM. This project was 

paused in a point where the ACP specificity designs as well as a central negative control of the 

system do not behave as expected.     

 

 

Computational design of novel specificities in a natural protein interaction pair towards 

rational design of species barriers  

Background: Speciation, the process that leads to the generation of new species from a common 

ancestor, is a fundamental process in biology, but the molecular basis underlying it is poorly 

understood. A basic characteristic of speciation is the formation of a reproductive barrier 

between the species that leads to their reduced or lack of capability to produce viable offspring 

upon mating. Dobzhansky and Muller (DM) hypothesized38,39 that a reproductive barrier can be a 

result of Hybrid Incompatibility (HI) caused by mutations in two distinct gene loci in two 

subpopulations of the same species. These mutations do not affect the viability and function of 

the individuals in each subpopulation, but mating of the two subpopulations results in high 

amounts of non-viable or sterile offspring due to incompatibility between the two mutated gene 

loci (Figure 7). This model describes how a species barrier can evolve between two populations 

by genetic drifts and without involving a severe reduction in fitness of the intermediate 

populations. Later studies have shown that once a partial reproductive barrier is set between two 

populations, further selective pressure will take place to either remove the barrier or to reinforce 

it to completely separate the two populations40,41.       

Until today only few speciation genes were discovered, but their exact contribution is difficult to 

determine42. In the only identified HI DM-pair of genes, the incompatibility is due to large 
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insertions of repetitive elements that do not allow tracking the earliest events that generated the 

incompatibility43. Even though the DM model was advanced decades ago, its role in speciation 

has not been clarified yet since the species we see today carry many mutation unrelated to 

speciation that mask the initial HI mutations. 

 

Specificity design rationale: The computational framework we developed allows us for the first 

time to rationally design a PPI pair showing DM-like relations, that could not be generated by 

any existing experimental approach. This PPI can serve as a seed for a reproductive barrier that 

can be observed in experiments and examined for its effect on speciation. We defined several 

necessary requirements on the PPI: the interaction should be essential in order to reduce the 

fitness of the cells containing the impaired protein pair; the interacting surfaces should not bind 

other cellular targets to avoid off-pathway effects; the complex should have a high resolution 

crystal structure to allow the computational design. We chose to work on a PPI pair of E1-E2 

conjugating enzymes of the SUMO cascade (homologous to ubiquitin) named Uba2 and Ubc9 

respectively that met our requirements. This pathway is crucial for yeast survival and is involved 

in the regulation of many cell processes such as DNA replication and transcription44. We chose 

to work on S. cerevisiae model system due to several advantages: straightforward genetic 

manipulations; functionally and structurally well-characterized proteome; short generation time; 

and both diploid and haploid life cycles. The generation of HI in yeast cells can allow tracking 

the earliest events of speciation, which could not be studied so far using the available 

experimental technics. 

 

The computational design algorithm: Starting from a WT pair of naturally interacting protein 

pair (AB) we designed mutations on the interface of the complex to generate an orthogonal pair 

of proteins (A’B’) that bind each other but not their WT counterparts. In this formulation, the 

two incompatible gene pairs in DM model (Figure 7 step II) are the WT and the designed pairs. 

Since the mutations were targeted only to the site of interaction of the pair, the probability of 

affecting other interactions of these proteins in the cell was minimal. The objective function for 

optimization was O= Ɓ(A’,B’) AND Ѕ(A’) AND Ѕ(B’) AND NOT Ɓ(A’,B) AND NOT Ɓ(A,B’) 

[Eq.14]. The mutations were introduced using MC procedure. We chose to design separately two 

areas of the interface (areas 1 and 2) to increase the diversity of our designs. Area 1 is composed 
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of hydrophobic interactions with adjacent polar residues that contribute less to binding affinity. 

The design process introduced large hydrophobic residues (Y,W,M) that pack tightly against 

hydrophobic residues in the other designed partner. The calculated binding energies to the WT 

proteins approached to zero due to steric clashes that were formed as well as frustration of WT 

polar and charged residues (Figure 8A.1). The calculated binding affinities of the designed pairs 

were to some extent stronger than for the WT pair, which is a signaling complex with predicted 

medium to low affinity. Area 2 has a network of charged complementing residues in the WT 

pair. We designed a charge swap that preserves the electrostatic interactions in the designed pair 

but forms strong electrostatic repulsion in both non-compatible pairs (Figure 8A.2). Unlike the 

design of area 1 that generated many optional hydrophobic design pairs, area 2 produced only 

one promising design carrying chemically reasonable charged interactions.  

 

As a parallel strategy to encode HI, we designed each protein in the Uba2-Ubc9 pair to bind its 

WT counterpart but not the other designed protein, in a process that simulates step I in the DM 

model (Figure 7). This strategy yields weaker incompatibility (25% instead of 50% in the 

previous protocol) since only one out of the four optional pairs is incompatible. The objective 

function was defined as O= Ɓ(A’,B) AND Ɓ(A,B’) AND Ѕ(A’) AND Ѕ(B’) AND NOT 

Ɓ(A’,B’) [Eq.15]. This protocol, that was applied on area 1 of the interface, generated pairs of 

binders with affinities similar to the WT, but the destabilization of the non-compatible pair of 

A'B' was weaker than that generated by the objective function in Eq.14 (Figure 8B).  

 

After designing a PPI to exhibit a DM-like binding pattern according to Eq.14 we wanted to see 

if we could find an evolutionary reasonable trajectory that could generate such a designed 

compatible pair of proteins from the WT ones without severely decreasing the fitness of the 

organism carrying this pair. The first step in the DM model (Figure 7, step I) describes a multi-

specific WT protein that can bind both the newly mutated and the WT counterparts. This protein 

can later on accumulate additional mutations causing him to bind specifically only its newly 

evolved counterpart. Inspired by the model, we aimed to design a multi-specific protein that can 

bind both its WT and designed counterparts. The other partner was not allowed to bind the WT, 

thus forming a 25% incompatibility. We defined the objective function as O= [Ɓ(A’,B) XOR 

Ɓ(A,B’)] AND Ѕ(A’) AND Ѕ(B’) AND Ɓ(A’,B’) [Eq.16]. XOR is exclusive OR, which means 
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[Ɓ(A’,B) AND NOT Ɓ(A,B’)] OR [Ɓ(A,B’) AND NOT Ɓ(A’B)], and it was used since we did 

not want to pre-define which partner will present the multi-specific behavior (Figure 1D).  

 

This protocol generated designs on area 1 of the interface with knob-into-hole packing that also 

exists in the WT structure but in opposite orientation. Whereas in the WT the knob is on protein 

A (Ubc9) and the hole is on B (Uba2), in the designs protein A’ presents a hole against a knob on 

protein B’. In the multi-specific protein A’ the bulging WT Gln10 residue is replaced by a small 

amino acid that creates hole-into-hole packing in the complex A’B. This is a slightly less 

favorable mode of binding but still feasible according to our computations (Figure 8C). Our 

protocol did not yield designs in which protein B’ shows multi-specific behavior.  

 

Genetic analysis of the designs: This part is performed in collaboration with Prof. Amir 

Aharoni's lab at Ben-Gurion University. Since we are interested in designing a PPI that affects 

yeast viability, each promising design pair is tested in vivo in haploid yeast cells (potentially up 

to several tens to hundreds of design pairs). The WT and designed proteins are introduced to the 

cells with their native promoter via centromeric plasmids, while one of the endogenous WT 

proteins but not the other is knocked out from the genome. This means that in every experiment 

there is a background of one of the WT genomic proteins, and the assumption is that it should 

have a minimal effect on the results. For each design pair, all three combinations of pairs (A'B, 

AB', A'B') are tested separately for their effect on yeast viability. Since Uba2-Ubc9 pair is 

known to be essential in yeast44 (also verified by the Aharoni lab, Figure 9), cells are expected to 

be viable only if the proteins interact properly with each other. For the objective function in 

Eq.14 for example, cells expressing the designed pair are expected to exhibit normal growth 

while cells containing a single designed protein and the other WT partner are expected to have a 

reduced viability, simulating HI. The growth rate of the yeast carrying the designs will also be 

tested, as well as the expression levels of the proteins. For designs showing promising behavior 

biochemical characterization will be carried out followed by laboratory evolution.  

 

So far only two pairs of designs from Eq.14 were tested for their effect on yeast viability. On the 

computer, both designs were predicted to have good binding for the designed pair and almost no 

binding for the design-WT pairs. In the experiments the first pair (presented in Figure 8A), that 
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was designed in area 1 of the interface, did not cause reduced viability in yeast cells that 

contained one of the designed proteins and the other WT counterpart (data not shown). No 

further experiments were performed yet to determine whether this behavior is caused by native-

like binding of the non-compatible pairs or by other causes (see Discussion). The second pair 

that was tested (presented in Figure 8B), which was designed in area 2 of the interface, showed 

reduced viability for the design-WT pairs as expected, but also the compatible design pair caused 

reduced viability (Figure 9).   

    

               

Figure 1. Properties of the sigmoidal function and its Boolean-logic like operators. (A) The 
sigmoidal function 𝑓! =

!
!!! !!! ! into which the energetic requirements on the system (x) are 

encoded. o is the offset which determines the midpoint (maximal sensitivity) of the sigmoid and s 
is the steepness determining how strongly changes in the energy are translated to changes in the 
sigmoid response. Sigmoid values approach 1 at low free energies and approach 0 at high 
energies. In blue: o = 0, s = 0. In green: o = 3, s = 0. In red: o = 0, s = 0.6. (B-D) Different 
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sigmoids are combined into a unified objective function that reflects all the requirements on the 
system using Boolean-logic like operators. The fundamental operators are AND, OR and NOT.  
(B) 𝑓!  AND  𝑓!   is 𝑓!×𝑓!. The objective function is maximal when both sigmoids are optimal, that 
is in low free energies. (C) 𝑓!  OR  𝑓!   is 𝑓! + 𝑓! − 𝑓!×𝑓!. The objective function is maximal when 
one or both sigmoids are optimal. (D) 𝑓!  XOR  𝑓!   is 𝑓!× 1− 𝑓! + (1− 𝑓!)×𝑓!. The objective 
function is maximal when one but not both of the sigmoids is optimal. (1− 𝑓!) is the NOT 
Boolean-logic fundamental operator.       
 

 
 



	   23	  

 

ACP	  

(A) (B) 

(C) (D) 

(E) (F) 

ACP	  

ACP	   ACP	  

ACP	  

ACP	  

E35	   E52	  

E58	  
The	  three	  
binders	  

Arg	  

R127	  

Leu	  

Phe	  

E45	  
T42	  

L191	  

F128	  

E45	  

E45	  

R207	  

T42	  

F128	  

R132	  L131	  



	   24	  

Figure 2. The generation of three de novo designed proteins to bind apo Mtb ACP2 
using the hotspot design strategy. (A) The chosen target site upon the ACP is shown as 
a cartoon with semi-transparent surface colored according to its electrostatic potential. 
This surface contains an acidic Glu45 adjacent to a hydrophobic cleft. (B) Hotspot 
residues (green sticks) of high-affinity interactions were modeled to fit the chemical and 
geometrical characteristics of the ACP surface. A hotspot Arg was modeled to bind the 
acidic patch on ACP. The alkyl backbone of the Arg is supported by a hydrophobic 
residue (Phe in the figure) that fits into the cleft on ACP. A third hydrophobic residue 
(Leu in the figure) forms stabilizing interactions with the middle hotspot residue and with 
the ACP. (C-E) The three de novo designs (cartoons with the hotspot residues in sticks) 
that were constructed to bind ACP (orange) using the hotspot residues incorporation 
followed by full interface redesign. (C) The interaction of E35 (green) with ACP. E35 
binds through a beta-hairpin structure. The hotspot Arg127 residue on E35, forms a salt 
bridge with Glu45 on ACP. Thr42 on ACP forms an additional hydrogen bond with the 
guandinium group of the hotspot Arginine. The hotspot Phe128 supports the alkyl 
backbone of Arg127 and interacts with the hydrophobic pocket on ACP. Leu191 hotspot 
residue further stabilizes the hotspot conformation. (D) The interaction of E52 (cyan) 
with ACP. E52 bind through an alpha-helical structure. The interaction pattern with ACP 
is identical to that of E35, with the hotspot residues on E52 being Arg207 and Phe128. 
(E) The interaction of E58 (magenta) with ACP. The hotspot Arg132 forms a salt bridge 
with Glu45 on ACP and an additional hydrogen bond with the backbone carbonyl of 
Ile52 on ACP. The hotspot residue Leu131 stabilizes the conformation of Arg132 
interacts with the hydrophobic pocket on ACP. (F) The three designs (same colors as in 
C-E) and ACP form a multi-specific PPI network in which ACP functions as a hub that 
binds its three targets through the same surface. The de novo designs largely differ from 
one another in structure and therefore pose a different binding footprint on ACP.   
 

 
Figure 3. The computational model of ACP 
triple KO that was generated as a negative 
control in David Baker’s lab. The design 
(gold) contains three substitutions relative to 
WT ACP (magenta), and is shown in complex 
with E52 (green). The three substitutions are 
shown in blue sticks and the proteins as a 
cartoon. E45Q is assumed to abrogate the salt 
bridges between Glu45 and the hotspot 
Arginine. T42V eliminates the hydrogen 
bonds with the hotspot Arginine of E35 and 
E52, which are not formed with E58. A57V is 
expected to cause a small clash with the 
hotspot Arginine. YSD experiments at the 
Baker lab for the ACP triple KO showed no 

binding to E52 in concentrations up to 2 µμM (higher concentrations were not tested). This 
mutant was not tested at the Baker’s lab against E35 and E58 but was expected to 
eliminate binding for them as well. When we repeated the experiment, this mutant bound 
E35, E52 and E58 with similar affinities as WT ACP (data not shown).  
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Figure 4. Examples of specificity-enhancing mutations on ACP that were designed by 
our computational protocols. ACP (orange) is shown as a cartoon with the specificity 
mutation in stick representation. E35 (green) , E52 (cyan) and E58 (magenta) are shown as 
cartoon as well with the positions in proximity to the specificity mutations represented in 
sticks. The positive targets are marked with '+' and the negative targets with '-'. The 
specificity originates in steric clashes of the mutated ACP residue with the negative targets 
that destabilize their binding. (A-C) ACP with a mutation R55I that increases specificity 
towards E35 in the computational model. (A) ACP R55I bound to E35. The mutation does 
not interrupt binding since E35 scaffold is not in proximity to the mutated position. (B) ACP 
R55I bound to E52. A steric clash if formed between the Ile on ACP to Arg residue on E52. 
(C) ACP R55I bound to E58. The Ile mutation forms a clash with a Phe on E58. (D-F) ACP 
with mutation Q58W that increases specificity towards E52 in the computational model. (D) 
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ACP Q58W bound to E35. The mutation to Trp generates steric clash with the backbone of 
E35 as well as with Leu residue. (E) ACP Q58W bound to E52. The mutation does not 
destabilized binding significantly. (F) ACP Q58W bound to E58. The Trp form steric 
clashes with E58 backbone as well as with Ala and Asp residues. (G-I) ACP with mutation 
S34I that increases specificity towards E58. (G) ACP S34I bound to E35. The Ile clashes 
with the backbone of E35. (H) ACP S34I bound to E52. A clash is formed between the Ile 
and Val and Glu residues on E52. (I) ACP S34I bound to E58. The mutation does not affect 
binding since E58 scaffold in not adjacent to this area upon ACP.  
 

 
Figure 5. Schematic representation of the YSD experimental systems. Yeast cells are 
expressing different designs on their surface. A single cell displays on its surface up to 
50,000 copies of a single design. The designs are N-terminally fused to the Aga2p 
protein, naturally used for cell mating, followed by a HA-tag and a linker. At the C-
terminus the designs contain a cmyc-tag. During YSD, the yeast cells presenting the 
designs are incubated with purified protein binder that is biotinylated its c-terminus. 
Fluorescently labeled streptavidin is used for the detection of the purified binder, and a 
fluorescently labeled anti-cmys antibody is used to detect the displayed designs. 
Detection of the expression levels of the designs and their binding to the purified target is 
performed using flow cytometer. Correlated high levels of both fluorophores indicate of a 
well expressed design that binds its partner with a detectable affinity. (A) A scheme of 
the classical YSD that was supposed to use to test binding of my ACP designs to purified 
E35, E52 and E58. Since the purification of the three binders did not yield stable and 
active proteins, I could not use this strategy to test my designs. (B) A scheme of the 
inverted YSD system which I eventually used. E35, E52 and E58 are presented on yeast 
surface, while the ACP designs are purified. 
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Figure 6. YSD results for purified WT ACP against the three de novo binders presented 
on yeast. ACP was purified on N-NTA gravity column and biotinylated in vivo by co-
expression with BirA. (A-D) WT ACP in concentration of 1 µM. (A) Against E35. (B) 
Against E52. (C) Against E58. (D) Histograms of streptavidin-APC fluorescence intensity 
that correlate with the binding strength of ACP to E35 (blue), E52 (green) and E58 (red). E35 
and E58 show weak binding (very noisy and varies between experiments) and E52 shows 
medium binding. (E-H) WT ACP in concentration of 10 µM. (E) Against E35. (F) Against 
E52. (G) Against E58. (H) Binding histogram as in D for 10 µM ACP concentration. E35 
(red) and E58 (green) show weak-medium binding to ACP WT and E52 (blue) shows strong 
binding.  
 

Figure 7. The Dobzhansky-Muller (DM) model for 
speciation. For simplicity, the process is described 
for haploid fungal populations. The ancestral 
population with a genotype AB splits into two. In one 
subpopulation A evolves to a0, whereas in the other B 
evolves to b+ (step I). Further accumulation of 
mutations takes place such that B evolves to b0 in one 
population and A evolves to a+ in the other (step II). 
The fitness of each subpopulation can be unharmed 
during this process. Upon mating between the two 
subpopulations, a diploid hybrid is formed (step III). 
Following sporulation, incompatibility between genes 
a0 and b+ and between a+ b0 results in 50% non-viable 
spores, which generates partial HI (step IV). During 
this process, full hybrid sterility evolves between the 
populations due to neutral drift or adaptation.  
 
 
 
 

Prepared by Prof. Amir Aharoni 

(A)	   (B)	  

(C)	   (D)	  

(E)	   (F)	  

(G)	   (H)	  
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Figure 8. Examples of the computational designs of specificity switches in Uba2-
Ubc9 interacting pair to encode DM relations. Each block of four panels represents the 
four possible binding states of the designed (A’, B’) and WT (A, B) proteins. A 
represents Uba2 protein and B represents Ubc9 protein. ddg is the calculated binding 
energy of the complex in RosettaDesign Software. Interactions with ddg ~ 0 R.e.u are 
expected not to form in experiments. Pairs having ddg<-15 are expected to interact in 
experiments similar to WT. (A) HI design in which the designed proteins bind each other 
but not their WT counterparts. (1) Hydrophobic interface design on area 1 of the 
interface. The incompatibility is based on steric clashes (in A'B between Tyr10 and 
Leu478; in AB' between Gln10 and Val476) and voids (in AB' above the Gly478) as well 
as frustration of the polar residues (Gln10 in AB’; Glu515, Ser476 and Ser513 in A'B). 
(2) Electrostatic interface design. The incompatibility is based on electrostatic repulsion 
(in A'B between negatively charged amino acids, in AB' between positively charged 
amino acids). In both cases the designed compatible pair is not frustrated. (B) HI design 
on area 1 of the interface in which each designed protein binds its WT counterpart but not 
the other designed protein. In this case, three of the four pairs are compatible, and the 
incompatibility of the fourth pair is weaker than in (A). (C) HI design in which the 
designed proteins are compatible with each other and one of them, A’ in this case, is a 
multi-specific protein that can also bind its WT counterpart. The incompatibility is based 
on a steric clash (in AB’ between the Gln10 and Ile476). This mode of binding reflects an 
evolutionary reasonable step in the formation of the interaction mode described in (A).  
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Figure 9. A yeast viability assay for one of the computational design pairs 
(performed in Amir Aharoni's lab). The design pair A'-B' is presented in Figure 8.A.2. 
A represents Uba2 and B represents Ubc9. A’ contains the mutations: D474T, D488R, 
Y489K, D490S. The mutations on B’: R13I, K14E, R17D. Every row contains a 
quadruplicate of the same condition. All plates are –Leu. (A-B) The assay for Uba2 
design. A-B is the WT pair; ΔA-B is the pair of Uba2 which its C-terminal domain that 
interacts with Ubc9 was deleted (deletion of aa 440-563) and WT Ubc9; A'-B is the 
redesigned Uba2 with WT Ubc9; and A'-B' is the redesigned pair. (A) Yeast strains with 
KO of their genomic Uba2 are transformed with WT Uba2 expressed from a URA3 
plasmid and a pair of Uba2 and Ubc9 expressed from a LEU2 plasmid. All cells are 
viable. (B) Upon selection for the loss of WT Uba2 using 5FOA. (C-D) The assay for 
Ubc9 design. A-B is the WT pair; A-ΔB is the pair of WT Uba2 and Ubc9 which its N-
terminal domain that interacts with Uba2 was deleted (deletion of aa 1-44); A-B' is WT 
Uba2 with the redesigned Ubc9; and A'-B' is the redesigned pair. (C) Yeast strains with 
KO of their genomic Ubc9 are transformed with WT Ubc9 expressed from a URA3 
plasmid and a pair of Uba2 and Ubc9 expressed from a LEU2 plasmid. All cells are 
viable. (D) Upon selection for the loss of WT Ubc9 using 5FOA. Only the WT pair in 
this experiment supports viability. The redesigned proteins do not interact with the WT as 
expected, but the redesigned pair also does not support yeast viability.      
 
 

Table 1. Characterization of the de novo designed binders of ACP following in vitro 
evolution. Preformed in David baker’s lab, University of Washington. 1Number of 
total mutations on the original scaffold generated in the computational design and in the 
in vitro evolution. 2Number of affinity-increasing mutations with respect to the 
computational design generated by in vitro evolution. 3Dissociation constants were 
measured using YSD, in which ACP and streptavidin were pre-conjugated and purified 
by gel-filtration to receive 1:1 molar ratio. This strategy typically yields Kd similar to 
solution45. For E58 no saturation was observed and the Kd therefore represents a lower 
limit. 4Solvent accessible surface area that is buried upon binding to ACP. 5The scaffold 
proteins from which the binders were derived were tested for binding of apo ACP2 in 
YSD.  
 
 
 
 
 
 

Design 
Number of 
mutations from 
original 
scaffold1 

Number of 
mutations isolated 
in in vitro evolution2 

Apparent 
Kd [μM] 3 

SASA 
[A2] 4 

Scaffold 
binding to 
ACP5 

E35 6 1 1 1230 No 

E52 8 3 0.1 1420 Weak 

E58 8 1 >5 1230 No 
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ACP 
mutant1 

Positive 
target 

Calculated binding energy 
[R.e.u] 2 The mechanism to 

enhance specificity 

The algorithm 
that 

highlighted 
the mutation3 

To E35 To E52 To E58 

WT E35, 
E52, E58 -20.8 -20.9 -17.7 - - 

F54W 

E35 

-19.8 -15.4 -12.6 Steric clash with E52 and E58.  Multi-state 
design 

F54M -20.1 -17.9 -12.0 Steric clash with E52 and E58.  Sigmoid 
framework 

R55V -20.9 -17.9 -10.6 Steric clash with E52 and E58. Multi-state 
design 

R55I -20.8 -7.0 -10.5 Steric clash with E52 and E58. Sigmoid 
framework 

F54W+R55V -19.5 -14.4 -5.9   
F54M+R55I -19.9 -3.3 -5.1   

S34I 

E58 

-8.3 -2.7 -17.0 Steric clash with E35 and E52. Multi-state 
design 

S34R -12.0 -10.2 -17.4 Steric clash with E35 and E52. Sigmoid 
framework 

T42V -20.8 -20.9 -17.4 
Cancels Hydrogen bonds with 
the hotspot Arg of E35 and 
E52. 

Chosen 
manually 

Q58K -19.5 -17.2 -17.7 Steric clash and electrostatic 
repulsion with E52. Both 

S34I+T42V 
+Q58K -7.5 -9.1 -17.2   

S34A 

E52 

-19.9 -20.9 -17.2 Cancels Hydrogen bonds with 
E35. 

Sigmoid 
framework 

S34V -10.0 -11.5 -17.1 Steric clash with E35 and E52. Multi-state 
design 

L35I -15.6 -20.0 -17.2 Steric clash with E35. Multi-state 
design 

L35V -15.9 -20.3 -17.1 Steric clash with E35.  Sigmoid 
framework 

F38W -19.5 -19.2 -13.5 Steric clash with E58. Multi-state 
design 

Q58W -16.8 -20.0 -15.2 Steric clash with E35 and E58. Both 

Q58D -16.8 -20.4 -15.4 Steric clash with E35 and E58. Sigmoid 
framework 

S34V+L35I 
+F38W 
+Q58W 

-6.5 -15.8 -12.0   

S34A+L35I 
+Q58W -10.4 -19.5 -16.0   

T42V+E45Q
+A57V 4 

None 
(ACP 
triple 
KO) 

-20.8 -20.9 -17.6 

Cancels the salt bridge (E45Q) 
and a hydrogen bond (T42V) 
with the hotspot Arg. An 
expected steric clash with the 
Arg (A57V) is resolved by 
minimization.  

Manually 
selected in 
David Baker’s 
lab  

Table 2. The specificity-enhancing mutations from the computational design protocols that 
were chosen for experimental examination. 1The mutations were filtered manually from a 
collection of mutations that were highlighted by our computational algorithms. In bold are the 
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combinations of all mutations for each positive target. For the positive targets E35 and E52 there 
are two optional combinations that I planned to test in YSD (table 4). 2The calculated binding 
energy of each ACP variant to each one of the de novo binders in Rosetta energy units. Scores 
below 15 R.e.u are considered as non-binders. 3A mutation is considered as chosen by the sigmoid 
framework if it appeared in at least 40% of the 20 sequences that had the best objective function 
scores in the relevant design round. In the multi-state design algorithm the chosen mutations 
appeared in the sequence generated by the deterministic greedy algorithm. Multi-state design using 
MC procedure highlighted similar mutations. 4An ACP mutant with three conservative mutations 
in positions making close contacts to the hotspot residues, which did not bind the de novo designs 
in experiments in David Baker’s lab. In calculations this mutants does not seem to destabilize 
binding to any of the de novo binders.                 

 
ACP mutant Positive target Cloning1 Expression2 Purification3 YSD4 

F54M 

E35 

+ + + + 
R55I + + - - 
R55V + + - - 
F54M+R55I + + + + 
F54W +R55V + + + + 
S34I 

E58 

+ + + + 
S34R + + - - 
T42V + + - - 
Q58K + + + + 
S34I+T42V + + - - 
S34I+Q58K + + - - 
S34R+T42V + + + - 
S34I+T42V+Q58K + + + + 
S34A 

E52 

+ + - - 
L35I + + + - 
L35V + + - - 
Q58W + + - - 
Q58D + + - - 
S34A+L35V + + + - 
Q58W+S34V + + + - 
F38W+S34V+L35I+Q58W + + + + 
S34A+L35I+Q58W + - - - 

T42V+E45Q+A57V 
None 

(ACP triple 
KO) 

+ + + + 

WT E35, E52, E58 + + + + 
Table 3. The ACP mutants chosen for experimental examination and the steps preformed on 
each of them. 1All mutants were cloned into pET plasmid with c-terminal Avi-tag and His-tag and 
2co-expressed in bacteria with BirA for in vivo biotinylation. 3Purification was performed using 
Ni-NTA gravity column. The ACP triple KO was further purified on gel filtration. 4YSD was 
performed to test binding to E35, E52 and E58. All the mutants, including the negative control of 
ACP triple-KO, bound the three de novo binders in YSD with similar strength as WT ACP in the 
concentrations that were tested. 
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Discussion 

In this work I present a novel computational framework we developed to encode various 

molecular tradeoffs in proteins. Through this framework I designed several types of specificity 

switches in two model systems in a straightforward way simply by including the sigmoids of all 

possible binders and defining which of them are the desired targets and which should be 

designed against. This framework also allowed for the first time to optimize the stability of the 

designs, which was not directly addressed in previous methods. In a similar procedure one could 

design a multi-specific system, by defining all protein binders as positive targets. Since in natural 

multi-specific systems not all targets bind the hub protein with the same affinity, the strength of 

interaction with each binder can be adjusted using the sigmoid’s steepness and offset parameters.       

 

More broadly, different tradeoffs act not only on interactions between proteins but also on the 

single protein level, and can be addressed using this framework. Conformational changes for 

example can be encoded by optimizing a protein sequence to be stable at two distinct 

conformations. Other undesired and well-defined conformations can be destabilized by including 

them as negative states in the objective function. This framework may pave the way for the 

design of allostery, which refers to conformational changes in a protein as a result of external 

factors that alter its activity. For example, one can design a protein sequence to fold into two 

stable conformations (D1, D2), only one of them can bind a target protein (T), by optimizing O= 

Ѕ(D1’) AND Ѕ(D2’) AND Ɓ(D1’,T) AND NOT Ɓ(D2’,T) [Eq.17]. Therefore this method 

provides a unifying framework to encode a variety of complicated molecular tradeoffs on a 

system using intuitive and simple logic operations.  

 

Specificity design on the synthetic multi-specific PPI network  

The hotspot de novo design strategy allowed us for the first time to generate an artificial PPI 

network with components that did not previously evolve to interact, on which we could 

investigate the origins of specificity and affinity in protein binding. In this work I aimed to 

introduce specificity into this synthetic multi-specific network. For that purpose, I designed ACP 

to specifically bind each of its three de novo binders using two different design algorithms: our 

novel framework for multi-constraint design and the classical multi-state design method. Both 

algorithms highlighted similar interfacial residues on ACP that destabilized binding to the 
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undesired targets thus enhanced specificity. However, the multi-state design allowed 

destabilization of the ACP structure as well as its binding to the desired target, thus highlighted 

some of the advantages of the new framework.   

 

As we expected, the large structural differences between the three de novo binders allowed us to 

find mutations in the computational model that largely destabilized binding to one or two targets 

without destabilizing the desired complex. Therefore we could encode quite large energy gaps 

between each positive and negative targets based on very few surface mutations on the hub 

protein. This strategy would probably not allow encoding large energy gaps in natural systems 

with homologous components since such mutations would have destabilized all binders.       

 

Despite the highly destabilizing effects of the mutations designed by our protocol, such 

mutations were scarce and did not provide very diverse candidates to test in experiments. This 

reflects several limitations on our design process. First, the small size of the ACP and its small 

interface with its binders results in most interfacial positions on ACP being in contact with all 

three binders despite their large structural differences. Therefore most substitutions would have 

resulted in destabilization of all thee complexes. Second, the specificity design was based on a 

one-sided design protocol in which the mutations were performed only on ACP. In natural 

systems on the other hand, both partners in a complex can be mutated, opening the possibility for 

other strategies to encode specificity. This was demonstrated in our second system of the natural 

PPI pair, which was subjected to two-sided design process and generated specificity switches 

that were based on charge swaps, knob-into-hole strategy and others. Third, our designed process 

is restricted to a fixed protein backbone. Therefore it does not incorporate conformational 

changes and reorientation of the binding interfaces, which are important mechanisms to achieve 

specificity in natural systems, as seen in the colicin system4,5. Future work on specificity design 

should incorporate backbone flexibility and binding-mode differences to exploit all degrees of 

freedom.             

 

Designing binding specificity in our system was shown to be an additive problem. When carried 

out a design process against a single negative state we could not find additional specificity-

enhancing positions that were not highlighted in the process that included two negative states. In 
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other words, the mutations that destabilized binding to two undesired partners were the sum of 

mutations that destabilized binding to the first and to the second of them. This is in contrast to 

the emergence of multi-specific interfaces, which was shown to require a compromise on binding 

affinity to each target18.  

 

The inherent instability of E35, E52 and E58 that was discovered during their purification 

revealed a significant limitation in the hotspot de novo design strategy. Although it allows 

designing a wide variety of scaffolds in different sizes, shapes and origins to bind a target, not 

every protein can be designed to our demand. While several scaffolds in previous work using this 

method tolerated the surface substitutions preformed during design24,29,30, others might be more 

prone to conformational changes or unfolding, as we saw in this system. This problem was 

already considered when the scaffold dataset for de novo design was created, and therefore only 

proteins that obeyed certain parameters were allowed24 (Methods). I suggest extending the 

filtering of this dataset: orphan proteins (proteins with no sequence homology to any other 

known gene) as E35 scaffold should be filtered out as well as proteins having more than a single 

domain such as E52 scaffold. For the remaining scaffolds, sequence conservation profiles should 

be generated to identify positions that should not be mutated. Such filtering, though reducing the 

diversity of scaffolds for design, might increase the probability of achieving stable designs and 

could have prevented at least part of our experimental difficulties.       

Retrospectively after realizing the inherent stability problem and if given a much more extensive 

time period for this project, I could have applied a stabilization process on the de novo binders 

using various experimental techniques that might have enabled their purification. The purified 

proteins could allow more intensive characterization of the network components (e.g. determines 

accurate Kd using SPR) and might provide a crystal structure of the protein pairs to verify their 

binding mode.   

 

The discrepancy between the promising ACP designs generated computationally and the lack of 

apparent specificity in my experiments (though titration curves should still be performed) raise 

questions about our computational models of interactions of ACP with its three binders, which 

have not been verified by crystal structure. Since we recently found out that also the original 

negative control for this system (ACP triple KO) does not behave as expected, we need to 
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generate additional controls to verify the modeled mode of binding. It should be emphasized 

though that other experimental results did support the computational model (e.g. the affinity 

maturation of the de novo binders that highlighted substitutions that were in good agreement with 

the model mode of binding). Moreover, the ACP triple KO is a very subtle negative control that 

does not destabilize binding to E35, E52 and E58 in Rosetta calculations (table 2). Therefore it is 

possible that the three proteins do bind ACP using the designed interface, but some small 

inaccuracies in the model prevent the designed steric clashes. Designing such clashes requires 

atomic level accuracy of the model since a few angstroms deviation eliminates the clash and 

restores the interaction. 

 

An alternative explanation for my results is the flexibility of ACP that prevents the steric clashes. 

ACP is a protein that naturally binds acyl chains in its core, in the region that is targeted by the 

hotspot in our de novo designs. The absence of fatty acid in our ACP molecules presumably 

causes the ACP binding helices to be less tightly packed thus introducing some flexibility into 

the molecule. This flexibility might have been beneficial in the generation of de novo binders to 

ACP since it allowed a certain degree of freedom in the binding mode, but can be detrimental 

when designing specificity.  

 

The synthetic PPI network of ACP and its de novo binders was expected to serve as a simple and 

therefore promising model to test and refine our understanding of affinity and specificity in 

protein binding and in the future also allow studying the molecular basis of binding kinetics. 

However, the instability of the de novo binders as well as our uncertainty of their exact binding 

mode to ACP significantly lower its attractiveness.   

 

Specificity design on a natural PPI pair towards the generation of species barrier 

In this project I designed different specificities in a natural vital PPI in yeast to generate 

incompatible interactions that can serve as a seed for a reproductive barrier between yeast sub-

populations. Our novel computational framework allowed us to design tailor-made specificity 

switches that depict different levels and forms of incompatibilities on the chosen PPI. Such 

diverse specificities could not be encoded using any other computational algorithm published so 

far. The effects of the designed PPIs on yeast viability are examined in vivo in yeast cells (in 
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collaboration with Amir Aharoni’s lab). Successful designs will be subjected to lab evolution 

experiments that will allow tracking the earliest events that follow the establishment of a first 

reproductive barrier. This system can allow for the first time examining the DM theory of HI and 

its effects on speciation.   

 

An attraction of the DM model is that speciation arises from random genetic drift with minimal 

loss of fitness (‘fitness valley’) of the intermediates along the speciation trajectory, making the 

process plausible from the standpoint of Darwinian evolution. I suggested a model for the 

evolvement of an orthogonal PPI pair incompatible with the WT one, which involves an 

intermediate multi-specific protein. However, once found a successful design pair that shows 

incompatibility with the WT in experiments, we cannot determine whether exists some multi-

specific protein that could allow its formation. An alternative strategy can be to look for a 

trajectory of single point substitutions that generates this design pair from the WT with minimal 

‘fitness valley’ along the trajectory. Such mutations should maintain a reasonable binding 

affinity of the evolved proteins to one another and their stability, but not necessarily decrease 

their binding to the WT. Our novel computational framework allows us to encode these 

requirements into an objective function of the form O= Ѕ(A’) AND Ѕ(B’) AND Ɓ(A’,B’) 

[Eq.18] and using MC sampling look for trajectories satisfying these demands. This design 

strategy will be the first demonstration of the ability of computational protein design to track 

evolutionarily reasonable trajectories for the formation of novel protein interactions.  

 

The experimental results produced so far for two of my design pairs reveal that the experimental 

strategy we chose is not optimal for initial evaluation of the designs, but only for later stages. 

Viability assays do not directly indicate on the affinity of the PPI since viability is affected by 

many parameters. Incompatible pairs might still allow yeast viability if the interaction was not 

destabilized enough or if other compensatory mechanisms were activated (elevating expression 

levels, activation of alternative signaling pathways etc.). Similarly, the compatible designed pairs 

might fail to support viability if the affinity of the interaction is not high enough, or possibly also 

if it is too high since these are signaling complexes that are not of high-affinity. Since the output 

of the viability assay is binary (viable/non-viable) and is an indirect measure of the PPI, it cannot 

provide useful feedback on how to improve the computational designs. To overcome this 
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problem, the Aharoni lab is establishing these days a DHFR experimental system, which allows 

direct measurement of PPI affinities, thus enabling us to track the weak spots and further 

improve my designs.     

 

The method we developed to molecularly encode reproductive barriers is general and can be 

applied, in principle, in any species and on different PPIs of choice as long as they meet several 

essential requirements. Also different levels of incompatibility can be designed, as I described in 

the results. In order to increase the probability to successfully design reproductive barriers, I will 

design alternative yeast PPIs according to the described protocols and examine them 

experimentally.  

     
Future prospects in computational design of protein specificities 

Great progress has been made in the last decade in the design of PPI specificities, but we are still 

far from recapitulating all the natural specificity determinants. In this work I presented a novel 

framework for the design of various molecular tradeoffs, which can allow us to address more 

complex specificity design problems without compromising other functional requirements on the 

proteins. There are still crucial elements for specificity that we do not address in computational 

protein design such as conformational changes and the design of functional loops. Future 

improvements in design methodologies and further efforts on specificity design may pave the 

way for the design of impressive specificity switches as exist in some natural systems.  

	  
Methods 
Generating de novo binders to apo Mtb ACP2  

Previously performed by Dr. Sarel Fleishman. 

Selecting ACP as a target: A proteins dataset was constructed by in24. This dataset contains 865 

non-redundant protein structures that are likely to be experimentally well behaved (between 80-

350 amino acids, expressed in bacteria, no disulfide bonds or cofactors). These proteins were 

computationally scanned for those having on their surface a concave region (identified using 

Pocket software48) surrounded by at least three clustered large and hydrophobic side chains (Phe, 

Leu, Ile, Met). Such a region could be a target for hotspot design. The matching scaffolds were 
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scanned for those that have not been crystallized in a bound form, leaving a set of 8 proteins 

from which ACP (PDB entry 2CGQ) was selected.         

Designing de novo binders to ACP: 

The hotspot based de novo design method was applied, as described in26. A hotspot region of 

high affinity interactions composed of three amino acids was designed to bind a concave surface 

upon ACP. The hotspot interaction is composed of an arginine that binds an acidic patch upon 

ACP and is supported by a hydrophobic residue (Phe, Leu, Ile) that fits into the hydrophobic 

cleft on ACP. An additional hydrophobic residue forms stabilizing interactions with the latter 

residues. Using the algorithm described in26 protein binders were designed, which had a surface 

of high shape complementarity to ACP that was compatible with harboring the pre-computed 

hotspot residues. 30 promising such designs were generated, which bound ACP on the 

computational model using 2-3 hotspot residues (for some the third hydrophobic hotspot residue 

was incompatible with the scaffold). The interface of these proteins was redesigned to form 

favorable interactions with ACP according to the algorithm in26.  

 

Experimental validation and affinity maturation of the de novo ACP binders: 

Preformed previously in David Baker’s lab, University of Washington and in our lab. 

ACP was expressed and purified, and mass spectrometry confirmed the predicted mass of apo 

Mtb ACP2, indicating that under these experimental conditions ACP does not appreciably 

undergo the posttranslational conjugation to its natural substrate 4'-phosphopantethiene, in 

agreement with its crystal structure (For additional data see supplement of49). The 30 

computational designs were tested for binding ACP using YSD exactly as in24, three of which 

(codenamed E35, E52, and E58) bound specifically as described in the Results.  

 

Computational design of specificity on both the synthetic and the natural PPIs: 

The design algorithms are described in the Result section and the full RosettaScripts protocols 

are provided in the Supplementary information. The original scaffolds from which the de novo 

binders were derived: E35 scaffold: PDB entry 1VR8, E52 scaffold: PDB entry 1Y6I, E58 

scaffold: PDB entry 2H30. Uba2-Ubc9 structure for my second project is in PDB entry 3ONG. 

 

Cloning of the ACP designs for yeast cell-surface display (YSD)  
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In order to present the ACP designs on yeast cell-surface and test their binding to purified E35, 

E52 and E58, I cloned initially several designs coming out of the multistate algorithm into 

pETCON plasmid. The mutations were introduced to ACP by PCR on the WT Mtb ACP2 

construct (provided by the Baker lab) with primers containing the mutations, and the gene was 

introduced into a pETCON plasmid by homologous recombination in yeast as described in44 and 

as modified in24. The resulted pETCON constructs contained the ACP variants N-terminally 

fused to Aga2p protein that is naturally expressed on yeast cell-surface, followed by a HA-tag. In 

the C-terminal a cmyc-tag is fused to allow detection of the presented protein in YSD. 

All sequences were verified by DNA sequencing. 

 

Cloning, expression and purification of E35, E52 and E58  

Basic constructs of E35, E52 and E58 (yeast codon usage) for bacterial expression were 

previously prepared in our lab, and contained the designed binders (after affinity-maturation) in 

pET29b vector (Kanamycin resistance) with C-terminal avidin-tag (Avi-tag) and hexa-Histidine- 

tag (His-tag). All constructs (including those described below) were co-expressed in bacteria 

with BirA biotin-ligase enzyme for in vivo biotinylation on the Avi-Tag using the following 

procedure (unless mention otherwise): E. coli BL21 (DE3) competent cells were co-

electoporated with pET29b vector containing one ACP design (Kanamycin resistance) and with 

pBirCm vector (Chloramphenicol resistance, Avidity). The electroporated cells were plated on 

LB plate with Kanamycin and Chloramphenicol and were grown at 370C O/N. Colonies from the 

plate were grown in LB media containing 50 µg/ml Kanamycin and extra 0.5% glucose (to avoid 

BirA leaky expression) to 𝑂𝐷!"" = 0.6. The cells were then induced with 1mM IPTG and 50 

µM D-Biotin (pre-dissolved in 10 ml of 10 mM bicin pH 8.3) and further grown in 16°𝑐 O/N 

(18-20 hours). The cells were pelleted and stored at -20°𝑐 for at least few hours. Cells were then 

resuspended in cold buffer (depends on the protein) containing protease inhibitor and DNase and 

disrupted by sonication. I used short pulses (10 seconds) and long intervals (45 seconds) to keep 

the temperature low, and allowed a maximal temperature of 100C (measure by temperature 

probe). Cell debris was removed by a 1 hour centrifugation at 20,000g followed by syringe-

filtration of the supernatant. The lysate was then purified on a gravity Ni-NTA column (2ml 

beads per 1L bacteria) - washing and elution conditions are protein dependent.    
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E35- The basic construct was soluble when expressed as described above and lysed with HBS 

buffer (20 mM Hepes, 150 mM NaCl, pH 7.4 at 40C). Ni-NTA gravity column purification was 

performed as described, with two washing steps of 20 mM Imidazole and 50 mM imidazole in 

HBS. Elution was performed using 300 mM imidazole in HBS. Imidazole was removed by 

dialysis or centricon (Millipore) to HBS and resulted in protein aggregation. Several approaches 

were taken on the elution fraction to remove imidazole while avoid aggregation: 

1) Buffer exchange to HBS on Superdex75 gel filtration column (GE healthcare) at 40C. This 

step could also allow further protein purification and isolation of the monomeric form of the 

protein. However, E35 aggregated during the run and did not elute from the column.  

2) Buffer exchange on monomeric-avidin gravity column (Pierce) as describe in the 

manufacturer’s manual, with HBS instead of PBS. This step could also allow further protein 

purification and isolation of fully biotinylated E35. The protein bound the column but eluted 

only in the last step of beads regeneration, in a solution of pH 2.8 that is highly denaturative. 

Therefore the eluted protein could not be used for further analysis.  

3) Buffer exchange using gradual dialysis: in the first step the protein was dialyzed to HBS with 

500 mM NaCl instead of 150 mM and with 10% glycerol. In the second step the protein was 

dialyzed to HBS with regular NaCl levels and 5% glycerol. This yielded a soluble protein.    

The protein coming out of the process described under 3) was loaded on gel filtration 

(Superdex75, GE healthcare) to remove residual contaminants, oligomers and small aggregates. 

The full procedure was performed also for E35.2, a higher affinity mutant of E35 that was 

previously isolated in the lab using affinity maturation.  

E52- The basic construct was reported to be insoluble in a small-scale lysis with Bugbuster 

(Biorad) under different induction times and temperatures. In order to increase solubility I tried 

the following approaches: 

1) The first domain of E52, which does not participate in binding to ACP, was removed from 

the construct (up to amino acids F83 or D92, in two separate constructs) by PCR and cloned into 

the previously described pET29b vector that contains C-terminal Avi-tag and His-tag using a 

standard restriction/ligation cloning procedure with NdeI and XhoI restriction enzymes.   

2) E52 with C-terminal His-tag and Avi-tag was previously cloned in the lab to pET28 vector 

containing N-terminal maltose binding protein (MBP) solubility tag followed by His-tag and Tev 

protease restriction site.  
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3) The original construct was introduced into E. coli Rosetta bacteria (Novagen) that contain 

more rare tRNA genes and could rescue solubility in case it originated in translation problems of 

the yeast codons in bacteria.    

4) E52 gene codon-optimized for E.Coli(II) (using DNAworks website) was ordered (Gen9) and 

cloned into pET29 vector with C-terminal His-tag and Avi-tag as described in 1).   

All constructs were verified by DNA sequencing.  

The constructs were expressed as described above unless mentioned otherwise in small-scale 

experiment (10ml bacterial culture) under the following conditions: 300C for 3 hours 0.1 mM 

IPTG, 160C over-night (O/N) 0.1 mM IPTG, 160C O/N 1 mM IPTG. The frozen cell pellet was 

resuspended in a buffer of 50 mM Tris-HCl, 500 mM NaCl, 10% v/v glycerol, 1% tween-20, 10 

mM beta mercaptoethanol, pH 8.9 at 40C. This is the buffer that was used in the purification of 

the original scaffold51, but with higher pH that is at least 1.5 pH units above the calculated 

isoelectric point (pI) of all constructs. Under these lysis conditions all constructs except the 

single-domain E52 were soluble when expressed at 160C with 0.1 mM IPTG. I decided to 

continue with the construct of E52 codon optimized for E. coli described in 4). The construct was 

expressed in large scale as described above but using 0.1 mM IPTG. Cell pellet was resuspended 

in a buffer of 50 mM Tris-HCl, 500 mM NaCl, 10% v/v glycerol, 1% tween-20, pH 8.9 at 40C 

‘E52 buffer’). Ni-NTA column purification was performed as described above, with two washing 

steps of 20mM imidazole and 50 mM imidazole and elution in 300 mM imidazole, all in E52-

buffer described above. The elution fraction was dialyzed O/N to 50 mM Tris-HCl, 500 mM 

NaCl, pH 8.9. Small-scale monomeric-avidin gravity column purification was performed as 

describe in the manufacturer’s manual, with a buffer of 50 mM Tris-HCl, 500 mM NaCl, pH 8.9 

instead of PBS. A significant amount of protein bound the column. Half of it eluted in the elution 

step (5mM biotin) and half in the regeneration step. E52 after dialysis was ran in analytical gel 

filtration in the ISPC and was shown to be mostly aggregated. It was therefore loaded on 

Superdex75 26/600 gel filtration column (GE). The monomeric pick (eluted after180-210ml) was 

isolated.  

E58: The basic construct was insoluble when expressed as described above using the buffer: 

50mM Hepes, 300mM NaCl, 5% glycerol and 0.1% triton X-100 pH 8.3 (‘E58 buffer’) and 1.5 

mM IPTG. Other expression conditions were tested as well and showed similar behavior. Several 

approaches were taken to increase solubility: 
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1. Expression in E. coli Rosetta bacteria (Novagen) that contain more rare tRNA genes and could 

rescue solubility in case it originated in translation problems of the yeast codons in bacteria.  The 

construct was insoluble  

2. Cloning of E58 gene with C-terminal Avi-tag into pET28 vector containing N-terminal 

maltose binding protein (MBP) solubility tag followed by His-tag and Tev protease restriction 

site. The gene was amplified prom the original pET29 construct by PCR and inserted into the 

MBP plasmid using a standard restriction/ligation protocol using BamHI and SalI. The sequence 

was verified using DNA sequencing.  

E58 with N-terminal MBP tag and His-tag and C-terminal Avi-tag was expressed as described 

above with E58-buffer and 0.1mM IPTG and was shown to be soluble. It was purified on Ni-

NTA gravity column. Two washing steps were preformed using 20 mM and 60 mM imidazole in 

‘E58-buffer’. Elution was performed using 120 mM imidazole in E58-buffer. MBP was cleaved 

using Tev protease (kindly provided to us from the Fass lab) for O/N at 4c. MBP was removed 

from the solution using Ni-NTA gravity column. The flow-though was loaded on Superdex75 gel 

filtration column (GE healthcare). E58 eluted mostly in the size of a trimer, but a small 

monomeric fraction was isolated. This fraction aggregated and could not be further used.  

MBP-E58 was purified also without the following cleavage step using a Ni-NTA gravity column 

and gel filtration. The fraction from the gel filtration was purified on monomeric-avidin column 

(Pierce) according to the manufacturer’s protocol but with E58-buffer instead of PBS. The 

protein eluted using 2 mM biotin in E58-buffer. The biotin was removed by dialysis.         
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Binding analysis of the purified de novo designs to ACP in YSD 

The purified de novo binders were tested for binding to ACP using YSD as described in31 with 

the modification described in24 (Figure 5). WT ACP with C-terminal cmyc-tag was presented on 

S. cerevisiae EBY100 yeast cells by transforming them with pETCON plasmid containing the 
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ACP construct. The purified E35 and E52 were tested in a concentration of 10 µM in their 

original buffer and the purified MBP-E58 was tested in a concentration of 5 µM in its original 

buffer. To test ACP expression the cells were incubated with mouse anti cmyc antibody for 30 

minutes at room temperature (R.T.). Secondary labels were anti-cmyc FITC to monitor 

expression, and streptavidin-allophycocyanin (APC) to monitor binding of the biotinylated 

antigen. The cells were examined by flow cytometer (Accuri). FITC fluorescence was detected 

by filter Fl1 and APC fluorescence was detected by filter fl4. The cells were tested in three 

conditions: a) expression only. b) binding only for one of the antigens. c) expression and binding. 

Binding signal was quantified as the percentage of expressing+binding cells or alternatively as 

the mean APC fluorescence of the displaying population of cells. The positive control was E52 

expressed on yeast that were incubated with 10 µM purified and biotinylated ACP (was purified 

as my ACP designs, described below), conditions a-c were tested. The negative control for 

purified E35 was binding to yeast-displayed E52. The following fractions were tested in YSD: 1. 

E35: a) The elution fraction after Ni-NTA column purification (in 300 mM imidazole). b) A 

fraction after dialysis to HBS with 500 mM NaCl and 10% glycerol. c) A fraction after dialysis 

to HBS with 5% glycerol. d) An oligomeric fraction of E35.2 after gel filtration. 2. E52: a) A 

fraction after dialysis after Ni-NTA column purification. b) A monomeric fraction after gel 

filtration. c) An oligomeric fraction after gel filtration. 3. E58: A fraction of MBP-E58 after 

monomeric-Avidin column.       

	  
Cloning of the ACP designs for bacterial expression  

pET29b WT Mtb ACP2 vector (Kanamycin resistance) containing C-terminal avidin-tag (Avi-

tag) and hexa-Histidine-tag (His-tag) was received from David Baker’s lab (university of 

Washington). The computationally designed mutations (table 3) introduced to ACP in one of the 

following procedures: 

1. Site directed mutagenesis using QuickChange Lightning kit (Agilent technologies, catalog 

number 210518). Single- and adjacent double-mutations were introduced onto pET29- WT ACP 

vector described above by PCR using primers containing those mutations that were designed 

according to the kit’s protocol. For distant double- or triple-mutations, the pre-cloned single or 

double pET-ACP mutants used as a template for PCR.  
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2. Transfer of several pre-cloned ACP mutants (previously described) from pETCON to pET 

using restriction and ligation. The restriction was performed with NdeI and XhoI restriction 

enzymes (BioLabs) that cut in the N- and C-terminus of the gene, respectively. The gene was 

ligated into empty pET29 vector containing Avi-tag and His-tag (the gene was ligated N-

terminally to those tags).  

All sequences were confirmed by DNA sequencing. 

 

Expression and purification of the ACP designs 

E. coli BL21 (DE3) competent cells were co-electoporated with pET29b vector containing one 

ACP design (Kanamycin resistance) and with pBirCm vector (Chloramphenicol resistance) 

encoding the biotin-ligase enzyme BirA that in vivo biotinylates the expressed ACP on its Avi-

tag. The electroporated cells were plated on LB plate with Kanamycin and Chloramphenicol and 

were grown at 370C O/N. Colonies from the plate were grown in LB media containing 50ug/ml 

Kanamycin and extra 0.5% glucose (to avoid BirA leaky expression) to 𝑂𝐷!"" = 0.6. The cells 

were then induced with 0.8 mM IPTG and 50 µM D-Biotin (pre-dissolved in 10 ml of 10 mM 

bicin pH 8.3) and further grown in 16°𝑐 O/N (18-20 hours). The cells were pelleted and stored at 

-20°𝑐 for at least a few hours. Cells were then resuspended in cold HBS buffer (20 mM Hepes 

and 150 mM NaCl pH 7.4) and disrupted by sonication. We used short pulses (10 seconds) and 

long intervals (45 seconds) to keep the temperature low. Cell debris was removed by a one-hour 

centrifugation at 20,000g followed by syringe-filtration of the supernatant. The lysate was then 

purified on a gravity Ni-NTA column (0.3 ml beads per 2ml lysate). To maximize yields and 

purification degree on this single step we incubated the supernatant on the column for 5 minutes 

and washed the beads with x30 excess of 50 mM Imidazole in HBS. The proteins were eluted 

with 250 mM Imidazole in HBS buffer (elution buffer was also incubated with the beads on the 

column for 5 minutes). Imidazole was removed by dialysis to HBS. The purified proteins were 

stored at 40C. The ACP triple knockout (negative control) was further purified on an analytical 

Superdex75 gel filtration column, a service provided by the ISPC. The mass of the ACP triple 

knockout was validated by mass-spectrometry, which also provided a qualitative analysis of the 

biotinylation percentage (biological services unit).  
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Binding analysis of the purified ACP designs to the three de novo binders in YSD 

Purified biotinylated ACP designs (Table 3) were tested for binding to E35, E52 and E58 using 

YSD as described in31 with the modification described in24 (Figure 5). E35, E52 and E58 with C-

terminal cmyc-tag were presented on yeast cell-surface (the genes on pETCON plasmids were 

received from the Baker lab). The ACP designs were tested in concentrations of 1 µM and 10 

µM in PBSF (PBS + 0.1% BSA as described in31). The YSD was performed as described for the 

purified E35, E52 and E58. The positive control was 1 µM and 10 µM WT ACP against the three 

yeast-displayed de novo binders. The negative control was 1 µM ACP triple KO against the three 

yeast-displayed de novo binders.    

	  
Experimental	  examination	  of	  the	  design	  on	  the	  natural	  PPI	  of	  Uba2-‐Ubc9:	  

Performed by Prof. Amir Aharoni’s lab at Ben-Gurion University.  

Briefly, yeast strains of which the genomic Uba2 or Ubc9 is knocked-out are transformed with 

WT Uba2 or WT Ubc9 respectively, that is expressed from a URA3 plasmid. In parallel, the 

cells are transformed with a design-pair or a design-WT pair expressed from a LEU2 plasmid. 

Upon selection for the loss of WT Uba2 or Ubc9 on the URA3 plasmid using 5FOA, viability is 

tested for the strains containing the design-pair or either of the two design-WT pairs (A’B’, A’B 

or AB’). 
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Supplementary information  
1. The protocol for ACP specificity design using our sigmoid framework (the protocol for 

E35 as positive target is provided as an example): 

<dock_design> 
        <SCOREFXNS> 
                 <sc12_w_correction weights=score12_w_corrections/> 
        </SCOREFXNS> 
        <TASKOPERATIONS> 
                 <InitializeFromCommandline name=init/> 
                 <RestrictAbsentCanonicalAAS name=noh 

  keep_aas="ACDEFGIKLMNPQRSTVWY"/>  
                 <RestrictChainToRepacking name=nodesign_chain2 chain=2/> 
                 <ReadResfile name=E35_allowed filename="resfiles_for_specdesign/E35.resfile"/> 
                 <ProteinInterfaceDesign name=pido interface_distance_cutoff=15.0 design_chain1=1  

  design_chain2=0/> 
                 <PreventRepacking name=Ile41 resnum=41/>  
                 <PreventRepacking name=Thr42 resnum=42/> 
                 <PreventRepacking name=Glu45 resnum=45/> 
                 <PreventRepacking name=Ala57 resnum=57/> 
        </TASKOPERATIONS> 
        <MOVERS> 
                 <AtomTree name=docking_tree docking_ft=1/>  
                 <MinMover name=min_all scorefxn=sc12_w_correction chi=1 jump=1 bb=0>  
                        <MoveMap> 
                                <Chain number=2 bb=0 chi=1/> 
                        </MoveMap> 
                 </MinMover> 
                 <ParsedProtocol name=relax_before_baseline> 
                        <Add mover=docking_tree/> 
                        <Add mover=min_all/> 
                 </ParsedProtocol> 
                 <SwitchChainOrder name=chain1 chain_order=1/> 
        </MOVERS> 
        <FILTERS> 
                 <ScoreType name=total_score scorefxn=sc12_w_correction score_type=total_score  

  threshold=0.0/> 
                 <Ddg name=ddg scorefxn=sc12_w_correction repeats=1 confidence=0/> 
            <RelativePose name=ddg_E52_3 baseline=0 pdb_name="in/E52.3.pdb" filter=ddg  

  relax_mover=relax_before_baseline scorefxn=sc12_w_correction alignment=A:A/> 
<RelativePose name=ddg_E52_3_confidence0 baseline=0 pdb_name="in/E52.3.pdb"  
  filter=ddg relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=A:A/> 

                 <RelativePose name=ddg_E58 baseline=0 pdb_name="in/E58.pdb" filter=ddg  
  relax_mover=relax_before_baseline scorefxn=sc12_w_correction alignment=A:A/>  
<RelativePose name=ddg_E58_confidence0 baseline=0 pdb_name="in/E58.pdb"    
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  filter=ddg relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=A:A/>  

           <MoveBeforeFilter name=score_ACP mover=chain1 filter=total_score/> 
<MoveBeforeFilter name=score_ACP_confidence0 mover=chain1    
  filter=total_score/> 
<Sigmoid name=ACP_stability filter=score_ACP steepness=1.0 offset=1.5 egate=0/> 
<Sigmoid name=E35_binding filter=ddg steepness=0.8 offset=1.5 negate=0/> 
<Sigmoid name=E52_binding filter=ddg_E52_3 steepness=0.4 offset=0.0 negate=1/> 
<Sigmoid name=E58_binding filter=ddg_E58 steepness=0.4 offset=0.0 negate=1/> 
<Operator name=objective_function filters=ACP_stability,   
  E35_binding,E52_binding,E58_binding operation=PRODUCT negate=1/> 
<Operator name=objective_function_confidence0 filters=ACP_stability,   
  E35_binding,E52_binding,E58_binding operation=PRODUCT negate=1/> 

     </FILTERS> 
     <MOVERS> 

<RandomMutation name=mut scorefxn=sc12_w_correction  
   task_operations=E35_allowed,init,pido,Ile41,Thr42,Glu45,Ala57/> 
<ParsedProtocol name=mut_min> 
        <Add mover=mut/> 
        <Add mover=min_all/> 
</ParsedProtocol> 
<GenericMonteCarlo name=mut_mc1 mover_name=mut_min preapply=0 drift=1  
   filter_name=objective_function trials=100 temperature=0.03/>  
<GenericMonteCarlo name=mut_mc2 mover_name=mut_min preapply=0 drift=1  
  filter_name=objective_function reset_baselines=0 trials=40 temperature=0.015/> 
<GenericMonteCarlo name=mut_mc3 mover_name=mut_min preapply=0 drift=1  
  filter_name=objective_function reset_baselines=0 trials=20 temperature=0/> 

      </MOVERS> 
      <PROTOCOLS> 

<Add mover=docking_tree/> 
<Add mover=mut_mc1/> 
<Add mover=mut_mc2/> 
<Add mover=mut_mc3/> 
<Add filter=ddg/> 
<Add filter=ddg_E52_3_confidence0/> 

                 <Add filter=ddg_E58_confidence0/> 
                 <Add filter=score_ACP_confidence0/> 
                 <Add filter=objective_function_confidence0/> 
                 <Add filter=ACP_stability/> 
                 <Add filter=E35_binding/> 
                 <Add filter=E52_binding/> 
                 <Add filter=E58_binding/> 
        </PROTOCOLS> 
</dock_design> 
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The command line used to run the protocol (ran 500 times to generate 12,500 structures): 
/home/labs/fleishman/sarel/bin/rosetta_scripts.static.linuxgccrelease -out:file:silent  
E35_sigmoid_276.out  -s  in/E35.pdb  -parser:protocol  
protocols/scan_specificity.target_E35.sigmoid.xml  -nstruct  25   
-ex1 
-ex2aro 
-use_input_sc 
-extrachi_cutoff 5 
-ignore_unrecognized_res 
-database /home/labs/fleishman/sarel/rosetta/main/database 
-chemical:exclude_patches LowerDNA  UpperDNA Cterm_amidation SpecialRotamer 
protein_cutpoint_upper protein_cutpoint_lower VirtualBB ShoveBB VirtualDNAPh 
osphate VirtualNTerm CTermConnect sc_orbitals pro_hydroxylated_case1  
pro_hydroxylated_case2 ser_phosphorylated thr_phosphorylated  tyr_phosphorylated ty 
r_sulfated lys_dimethylated lys_monomethylated  lys_trimethylated lys_acetylated  
glu_carboxylated cys_acetylated tyr_diiodinated N_acetylated C_methylam 
idated MethylatedProteinCterm 
-corrections::correct 
-corrections::score:no_his_his_pairE 
-out:file:silent_struct_type binary 
-score::weights score12_w_corrections 
-restore_pre_talaris_2013_behavior 
 
 
2. The protocol for ACP specificity design using the multistate design (the protocol for E35 

as positive target is provided as an example): 

A. A protocol that scans the allowed positions and substitutions for design on ACP: 
<dock_design> 
      <SCOREFXNS> 
  <sc12_w_correction weights=score12_w_corrections/> 
 </SCOREFXNS> 
      <TASKOPERATIONS> 
       <InitializeFromCommandline name=init/> 
  <RestrictAbsentCanonicalAAS name=nohis  

keep_aas="ACDEFGIKLMNPQRSTVWY"/>      
  <RestrictChainToRepacking name=nodesign_chain2 chain=2/> 
  <ReadResfile name=E35_resfile filename=E35_stabilize.resfile/> 
  <ProteinInterfaceDesign name=pido interface_distance_cutoff=10.0 design_chain1=1  

design_chain2=0/> 
        </TASKOPERATIONS> 
   <MOVERS> 
       <AtomTree name=docking_tree docking_ft=1/> c 
         <MinMover name=min_all chi=1 jump=1>  
     <MoveMap> 
    <Chain number=2 bb=0 chi=1/> 
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   </MoveMap> 
  </MinMover> 
  <ParsedProtocol name=relax_before_baseline> 
   <Add mover=docking_tree/> 
   <Add mover=min_all/> 
  </ParsedProtocol> 
     </MOVERS> 
          <FILTERS> 
                  <ScoreType name=total_score scorefxn=sc12_w_correction score_type=total_score  
     threshold=0.0/> 
  <Ddg name=ddg scorefxn=sc12_w_correction repeats=2/> 
  <Delta name=delta_score filter=total_score upper=1  

   relax_mover=relax_before_baseline lower=0 range=2.0 unbound=0/>   
<Delta name=delta_ddg filter=ddg upper=1 relax_mover=relax_before_baseline    
   lower=0 range=1.5 unbound=0/>          

      </FILTERS> 
       <FILTERS> 
  <FilterScan name=scan_stabilizing relax_mover=min_all  
      task_operations=pido,init,nohis,nodesign_chain2 filter=delta_score  

   triage_filter=delta_score resfile_name="E35_stabilize.resfile"/>    
  <FilterScan name=scan_ddg relax_mover=min_all  

   task_operations=init,E35_resfile,pido filter=delta_ddg triage_filter=delta_ddg/> 
       </FILTERS> 
        <PROTOCOLS> 
     <Add mover=docking_tree/> 
     <Add filter=scan_stabilizing/>        
                <Add filter=scan_ddg/> 
        </PROTOCOLS> 
</dock_design> 
 

The command line used for running this protocol: The same command line as in 1, but 

with the protocol: scan_nondestabilizing_mutations.E35.xml and with -nstruct 1.  

B. The design protocol using MC algorithm:  
<dock_design> 

<SCOREFXNS> 
  <sc12_w_correction weights=score12_w_corrections/> 
 </SCOREFXNS> 

<TASKOPERATIONS> 
          <InitializeFromCommandline name=init/> 

<RestrictAbsentCanonicalAAS name=nohis    
  keep_aas="ACDEFGIKLMNPQRSTVWY"/>  

  <RestrictChainToRepacking name=nodesign_chain2 chain=2/> 
  <ReadResfile name=E35_allowed filename="resfiles_for_specdesign/E35.resfile"/> 
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  <ProteinInterfaceDesign name=pido interface_distance_cutoff=15.0 design_chain1=1  
       design_chain2=0/> 
  <PreventRepacking name=Ile41 resnum=41/>  
  <PreventRepacking name=Thr42 resnum=42/> 
  <PreventRepacking name=Glu45 resnum=45/> 
  <PreventRepacking name=Ala57 resnum=57/> 

</TASKOPERATIONS> 
 <MOVERS> 
          <AtomTree name=docking_tree docking_ft=1/>  
          <MinMover name=min_all chi=1 jump=1>  
   <MoveMap> 
    <Chain number=2 bb=0 chi=1/> 
   </MoveMap> 
  </MinMover> 
  <ParsedProtocol name=relax_before_baseline> 
   <Add mover=docking_tree/> 
   <Add mover=min_all/> 
   </ParsedProtocol> 
 </MOVERS> 

<FILTERS> 
          <ScoreType name=total_score scorefxn=sc12_w_correction score_type=total_score  

  threshold=0.0/> 
  <Ddg name=ddg scorefxn=sc12_w_correction repeats=1 confidence=0/> 
  <Delta name=delta_score filter=total_score upper=1  

  relax_mover=relax_before_baseline lower=0 range=2.0 unbound=0/>  
  <Delta name=delta_ddg filter=ddg upper=1 relax_mover=relax_before_baseline  

  lower=0 range=1.5 unbound=0/>  
  <RelativePose name=E52_3_binding pdb_name="in/E52.3.pdb" filter=ddg  

  relax_mover=relax_before_baseline scorefxn=sc12_w_correction alignment=A:A/>  
  <RelativePose name=E58_binding pdb_name="in/E58.pdb" filter=ddg  

  relax_mover=relax_before_baseline scorefxn=sc12_w_correction alignment=A:A/> 
  <Boltzmann name=E35_vs_E52_E58 positive_filters=delta_ddg anchors=25.0  

negative_filters=E52_3_binding,E58_binding temperature=2.0 fitness_threshold=-   
0.99/>   

  <Boltzmann name=E35_vs_E52_E58_confidence0 confidence=0  
  positive_filters=delta_ddg anchors=25.0 
  negative_filters=E52_3_binding,E58_binding temperature=2.0/>  

</FILTERS> 
 <MOVERS> 
  <RandomMutation name=mut  

  task_operations=E35_allowed,init,pido,Ile41,Thr42,Glu45,Ala57/> 
  <ParsedProtocol name=mut_min> 
   <Add mover=mut/> 
   <Add mover=min_all/> 
  </ParsedProtocol> 
  <GenericMonteCarlo name=mut_mc1 mover_name=mut_min  
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  filter_name=E35_vs_E52_E58 trials=100 temperature=0.03/>  
  <GenericMonteCarlo name=mut_mc2 mover_name=mut_min  

  filter_name=E35_vs_E52_E58 trials=40 temperature=0.015  
  stopping_condition=E35_vs_E52_E58/> 

  <GenericMonteCarlo name=mut_mc3 mover_name=mut_min  
  filter_name=E35_vs_E52_E58 trials=20 temperature=0  
  stopping_condition=E35_vs_E52_E58/> 

 </MOVERS> 
<PROTOCOLS> 

  <Add mover=docking_tree/> 
  <Add mover=mut_mc1/> 
  <Add mover=mut_mc2/> 
  <Add mover=mut_mc3/> 
  <Add filter=E35_vs_E52_E58_confidence0/> 
  <Add filter=ddg/> 
        </PROTOCOLS> 
</dock_design> 
 

The command line used for running this protocol: The same command line as in 1, but 

with the protocol: protocols/scan_specificity.target_E35.xml. Ran 500 times to generate 

12,500 structures.  

  

C. The design protocol using Greedy algorithm: The same protocol as MC, but with the 

mover:  

<GreedyOptMutationMover name=greedy  

   task_operations=E35_allowed,init,pido,Ile41,Thr42,Glu45,Ala57  

   filter=E35_vs_E52_E58_confidence0 relax_mover=min_all />  

instead of the three MC movers (mut_mc1-3). 

 

The command line used for running this protocol: The same command line as in 1, but 

with the protocol: protocols/scan_specificity.target_E35.xml and with –nstruct 1. 

 

3. The protocol for Uba2-Ubc9 design using the objective function in Eq. 14: 

<dock_design> 
<SCOREFXNS> 

<sc12_w_correction weights=score12_w_corrections/> 
</SCOREFXNS> 

      <TASKOPERATIONS> 
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       <InitializeFromCommandline name=init/> 
                 <DesignAround name=design_positions design_shell=0.01  

  resnums=10B,11B,476C,478C,485C,513C,515C/> 
                 <RestrictAbsentCanonicalAAS name=aa_hydrophobs1 resnum=198  

  keep_aas=AFGILMNQSTVWYH/> 
                 <RestrictAbsentCanonicalAAS name=aa_hydrophobs2 resnum=205  

  keep_aas=AFGILMNQSTVWYH/> 
                 <RestrictAbsentCanonicalAAS name=aa_polars1 resnum=11  

  keep_aas=ADEFGIKLMNQRSTVWYH/> 
                 <RestrictAbsentCanonicalAAS name=aa_polars2 resnum=12  

  keep_aas=ADEFGIKLMNQRSTVWYH/> 
                 <RestrictAbsentCanonicalAAS name=aa_polars3 resnum=196  

  keep_aas=ADEFGIKLMNQRSTVWY/> 
                 <RestrictAbsentCanonicalAAS name=aa_polars4 resnum=233  

  keep_aas=ADEFGIKLMNQRSTVWYH/> 
                 <RestrictAbsentCanonicalAAS name=aa_polars5 resnum=235  

  keep_aas=ADEFGIKLMNQRSTVWYH/> 
</TASKOPERATIONS> 

      <MOVERS> 
<AtomTree name=docking_tree docking_ft=1/> 

                 <MinMover name=min_all scorefxn=sc12_w_correction chi=1 bb=0 jump=1>  
                 </MinMover> 
                 <ParsedProtocol name=relax_before_baseline> 
                   <Add mover=docking_tree/> 
                   <Add mover=min_all/> 
                 </ParsedProtocol> 
                 <SwitchChainOrder name=chain1 chain_order=1/> 
                 <SwitchChainOrder name=chain2 chain_order=2/> 

</MOVERS> 
      <FILTERS> 
                 <ScoreType name=total_score scorefxn=sc12_w_correction  

  score_type=total_score threshold=0.0/> 
                 <Ddg name=ddg scorefxn=sc12_w_correction repeats=1 confidence=0/> 
                 <Ddg name=ddg_AmutBmut scorefxn=sc12_w_correction repeats=1  

  confidence=0/> 
                 <Delta name=delta_score filter=total_score upper=1  

  relax_mover=relax_before_baseline lower=0 range=0 unbound=0/> 
                 <RelativePose name=ddg_AmutB baseline=0  

  pdb_name="in/UBA2_Ubc9_chainsBC_min.pdb" filter=ddg  
  relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=B:B/> 

                 <RelativePose name=ddg_BmutA baseline=0  
  pdb_name="in/UBA2_Ubc9_chainsBC_min.pdb" filter=ddg  
  relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=C:C/>  

                 <RelativePose name=ddg_AmutB_confidence0 baseline=0  
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  pdb_name="in/UBA2_Ubc9_chainsBC_min.pdb" filter=ddg  
  relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=B:B confidence=0/>  

                 <RelativePose name=ddg_BmutA_confidence0 baseline=0  
  pdb_name="in/UBA2_Ubc9_chainsBC_min.pdb" filter=ddg  
  relax_mover=relax_before_baseline scorefxn=sc12_w_correction  
  alignment=C:C confidence=0/>  

                 <MoveBeforeFilter name=score_chain1 mover=chain1 filter=total_score/> 
                 <MoveBeforeFilter name=score_chain2 mover=chain2 filter=total_score/> 
                 <MoveBeforeFilter name=score_chain1_confidence0 mover=chain1  

  filter=total_score confidence=0/> 
                 <MoveBeforeFilter name=score_chain2_confidence0 mover=chain2  

  filter=total_score confidence=0/> 
                 <Sigmoid name=Amut_stability filter=score_chain1 steepness=1.0 offset=1.5  

  negate=0/>  
                 <Sigmoid name=Bmut_stability filter=score_chain2 steepness=1.0 offset=1.5  

  negate=0/> 
<Sigmoid name=AmutBmut_binding filter=ddg_AmutBmut steepness=0.8   
  offset=0.0 negate=0/> 
<Sigmoid name=AmutB_binding filter=ddg_AmutB steepness=0.4 offset=0.0  
  negate=1/> 
<Sigmoid name=BmutA_binding filter=ddg_BmutA steepness=0.4 offset=0.0  
  negate=1/> 
<Operator name=objective_function       
  filters=Amut_stability,Bmut_stability,AmutBmut_binding,AmutB_binding, 
  BmutA_binding operation=PRODUCT negate=1/> 
<Sigmoid name=AmutB_binding_confidence0 filter=ddg_AmutB steepness=0.4  
  offset=0.0 negate=1 confidence=0/> 
<Sigmoid name=BmutA_binding_confidence0 filter=ddg_BmutA steepness=0.4  
  offset=0.0 negate=1 confidence=0/> 
<Operator name=objective_function_confidence0  
  filters=Amut_stability,Bmut_stability,AmutBmut_binding,AmutB_binding, 
  BmutA_binding operation=PRODUCT negate=1 confidence=0/> 

</FILTERS> 
<MOVERS> 

<RandomMutation name=mut task_operations=design_positions,init, 
  aa_hydrophobs1, aa_hydrophobs2,aa_polars1,aa_polars2,aa_polars3,aa 
  _polars4,aa_polars5/> 
<ParsedProtocol name=mut_min> 

<Add mover=mut/> 
            <Add mover=min_all/> 
</ParsedProtocol> 
<GenericMonteCarlo name=mut_mc1 mover_name=mut_min preapply=0 drift=1  
  filter_name=objective_function trials=3 temperature=0.2/> 
<GenericMonteCarlo name=mut_mc2 mover_name=mut_min preapply=0 drift=1  
  filter_name=objective_function reset_baselines=0 trials=100  
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  temperature=0.05/> 
<GenericMonteCarlo name=mut_mc3 mover_name=mut_min preapply=0 drift=1  
  filter_name=objective_function reset_baselines=0 trials=50 
  temperature=0.015/>  

</MOVERS> 
<PROTOCOLS> 

<Add mover=docking_tree/> 
            <Add mover=mut_mc1/> 
            <Add mover=mut_mc2/> 
            <Add mover=mut_mc3/> 
            <Add filter=objective_function_confidence0/> 
            <Add filter=ddg_AmutBmut/> 
            <Add filter=score_chain1_confidence0/> 
            <Add filter=score_chain2_confidence0/> 
            <Add filter=AmutB_binding/> 
            <Add filter=BmutA_binding/> 
            <Add filter=ddg_AmutB_confidence0/> 
            <Add filter=ddg_BmutA_confidence0/> 
  </PROTOCOLS> 
</dock_design> 

 
The command line used to run the protocol (ran 400 times to generate 12,000 structures): 

home/labs/fleishman/sarel/bin/rosetta_scripts.static.linuxgccrelease  @flags1  -out:file:silent  
A7_obj1_251.out  -parser:protocol  
protocols/SpecificityDesign_UBA2_Ubc9_A7pos_1obj_no38_noH476_no13.xml  
–nstruct 30 
-ex1 
-ex2aro 
-use_input_sc 
-extrachi_cutoff 5 
-ignore_unrecognized_res 
-database /home/labs/fleishman/sarel/rosetta/main/database 
-chemical:exclude_patches LowerDNA  UpperDNA Cterm_amidation SpecialRotamer 
protein_cutpoint_upper protein_cutpoint_lower VirtualBB ShoveBB VirtualDNAPh 
osphate VirtualNTerm CTermConnect sc_orbitals pro_hydroxylated_case1  
pro_hydroxylated_case2 ser_phosphorylated thr_phosphorylated  tyr_phosphorylated ty 
r_sulfated lys_dimethylated lys_monomethylated  lys_trimethylated lys_acetylated  
glu_carboxylated cys_acetylated tyr_diiodinated N_acetylated C_methylam 
idated MethylatedProteinCterm 
-corrections::correct 
-corrections::score:no_his_his_pairE 
-out:file:silent_struct_type binary 
-score::weights score12_w_corrections 
-restore_pre_talaris_2013_behavior 
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4. The protocol for Uba2-Ubc9 design using the objective function in Eq. 15: The same 

protocol as in 3 but with different Sigmoid and Operator filter: 

<Sigmoid name=Amut_stability filter=score_chain1 steepness=1.0 offset=1.5 negate=0/> 
<Sigmoid name=Bmut_stability filter=score_chain2 steepness=1.0 offset=1.5 negate=0/> 
<Sigmoid name=AmutBmut_binding filter=ddg_AmutBmut steepness=0.5 offset=0.0  
  negate=1/> 
<Sigmoid name=AmutB_binding filter=ddg_AmutB steepness=0.6 offset=0.5 negate=0/> 
<Sigmoid name=BmutA_binding filter=ddg_BmutA steepness=0.6 offset=0.5 negate=0/> 
<Operator name=objective_function  
  filters=Amut_stability,Bmut_stability,AmutBmut_binding,AmutB_binding,BmutA_binding  
  operation=PRODUCT negate=1/> 
 

The command line used to run the protocol (ran 400 times to generate 12,000 structures): 

Same command line as in 3, but with the protocol: protocols/	  

SpecificityDesign_UBA2_Ubc9_A7pos_1obj_DM.xml. 

 

5. The protocol for Uba2-Ubc9 design using the objective function in Eq. 16: The same 

protocol as in 3 but with different Sigmoid and Operator filter: 

<Sigmoid name=Amut_stability filter=score_chain1 steepness=1.0 offset=1.5 negate=0/>  
<Sigmoid name=Bmut_stability filter=score_chain2 steepness=1.0 offset=1.5 negate=0/> 
<Sigmoid name=AmutBmut_binding filter=ddg_AmutBmut steepness=0.8 offset=0.0  
  negate=0/> 
<Sigmoid name=AmutB_binding filter=ddg_AmutB steepness=0.4 offset=0.0 negate=0/>  
<Sigmoid name=BmutA_binding filter=ddg_BmutA steepness=0.4 offset=0.0 negate=0/>  
<Operator name=AmutB_xor_BmutA filters=AmutB_binding,BmutA_binding  
  operation=XOR negate=0/>  
<Operator name=objective_function  filters=Amut_stability,Bmut_stability, 
  AmutB_xor_BmutA,AmutBmut_binding operation=PRODUCT negate=1/> 
  

The command line used to run the protocol (ran 400 times to generate 12,000 structures): 

Same command line as in 3, but with the protocol: protocols/	  

SpecificityDesign_UBA2_Ubc9_A7pos_MultiSpecificity.xml. 

 

 
 


