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Thesis organization 
 
My thesis started in forming a language for designing molecular traits in proteins. 

This was published in a paper named  “A ‘Fuzzy’-Logic Language for Encoding 

Multiple Physical Traits in Biomolecules “.  

One of our main insights from this project was that there are inaccuracies in the 

energy function that restrict our ability to design protein’s function. Therefore, I 

established a high throughput experimental system of deep mutational scanning for 

two distinct systems: (i) antibody and (ii) basigin (erythrocyte surface protein). Our 

findings based on the antibody project are now being finalized towards publication. 

And for basigin, we have just started writing a manuscript.   
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Abstract    
	  

Molecular recognition is central to many biological processes. Computational design 

made tremendous progress over the past decade generating new enzymes, antibodies 

and binders not previously seen in nature. Paradoxically, despite this progress, the 

ability to design enhanced function in existing proteins is quite limited, and 

engineering improved affinity and specificity still requires iterative gene 

diversification and selection steps, which are laborious and impractical unless high-

throughput screens are available. The primary reason for our inability to design 

enhanced binders is the limited accuracy of calculations of free-energy changes upon 

mutation (ΔΔG) [2]. As part of my thesis, I developed a novel optimization method, 

named fuzzy-logic design that encodes multiple functional constraints using a single 

equation, allowing design of specificity. Nevertheless, these energy-function 

inaccuracies continue to constrain design of function. To overcome this challenge, I 

sought to encode the constraints acting on individual amino acid positions in binders. 

I have therefore established a deep-mutational scanning method to analyze two 

binders: (i) a medium-affinity antibody targeting lysozyme (D44.1); and (ii) the low-

affinity human receptor for Plasmodium falciparum invasion of erythrocytes, basigin. 

In both cases, I used the deep-mutational scanning to constrain sequence choices 

available to Rosetta, and used one-shot combinatorial design to select enhanced 

sequences within this restricted space. In the case of D44.1, I found that ¼ of affinity-

enhancing mutations occur at the interface between the variable light and heavy 

chains, within the antibody core. Rosetta design combined enhancing mutations, 

yielding a variant with tenfold higher affinity and much improved stability.  

In the case of basigin, seven interfacial mutations improved affinity by three orders of 

magnitude, demonstrating the strength of a combination of confined sequence space 

and computational design. 

All of the above leads to the important question whether we could learn from the 

experimentally generated constraints how to compute positional constraints without 

recourse to deep mutational scanning. Using my deep sequencing data, I developed 

AbLIFT, a fully automated method to design multipoint core mutations that improve 

contacts between Fv light and heavy chains. Applied to an anti-VEGF antibody, five 

of 18 designs improved affinity, with the best exceeding the original antibody in 

affinity, stability, and expressibility.  
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This project enables robust enhancement of function such as binding and specificity 

even in cases that cannot be readily subjected to deep-mutational scanning analysis. 

This project also teaches us important lessons on the sequence and energy constraints 

that shape the evolution of protein function. In addition, the same computational 

methodology, derived from the deep mutational scanning data, can be applied to other 

biological systems (and indeed it has been adopted by our lab and by our 

collaborators to change enzymes specificity and also increase specificity in protein-

protein interaction), thus laborious cloning and selection can thus be averted through 

fully automated computational affinity and stability design. 
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Introduction 
Biomolecular tradeoffs in proteins  

The physical properties of biological macromolecules are subject to evolutionary 

selection to improve organism fitness. In all cases, more than one biomolecular property 

is under selection, and complex tradeoffs between competing traits often constrain the 

evolutionary optimization process. As a very general example, all enzymes need to fold 

into stable three-dimensional structures in order to function and therefore all enzyme 

sequences, regardless of their functional class, encode favorable free energy changes for 

folding [3–6] as well as for their catalytic function, which itself presents a complex 

tradeoff between substrate, transition state, and product binding affinities [7]. Stability, 

selectivity, and higher catalytic efficiency are often opposing objectives in the selection 

of biomolecules, such as protein or RNA. Thus, mutations that improve stability often 

come at the price of reduced binding affinity [8] and catalytic efficiency [9–14] and vice 

versa [15]. Biomolecular specificity, where a receptor recognizes one set of ligands with 

higher affinity than another set of similar ligands, is often encoded by features that 

destabilize undesired contacts, even at the expense of lower affinity for the desired 

partners [16]. Conversely, multispecific receptors exhibit similar affinities for a range of 

ligands rather than the highest possible affinity for one [17]. These and many other 

examples demonstrate the universal importance of multiple constraints and tradeoffs for 

understanding and engineering biomolecular systems [18].  

By controlling all inputs into the process, computational protein design provides a way to 

rigorously formulate and test our understanding of the physical constraints and tradeoffs 

that operate on biological molecules [19]. To date, however, most design strategies 

explicitly maximized one desired physical property through a strategy broadly known as 

positive design [20], where the sequence and structure are optimized to lower the energy 

of the target (positive) state. These strategies have led, among other applications, to the 

design and experimental validation of thermostabilized protein variants [21,22], a highly 

thermostable novel protein fold [23], idealized natural folds [24], enzymes [25,26], and 

protein binders [27–30]. The strategy of maximizing molecular traits stands to reason 

when only one molecular trait, such as stability, is optimized [21–24], or when molecular 

traits do not tradeoff, i.e., come at the expense of one another. When tradeoffs apply, 
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maximizing any subset of properties can have the undesired consequence of eliminating 

from consideration sequences that could simultaneously optimize all desired traits, at 

least to sufficiency [31].  

Computational-design methods that explicitly encode multiple constraints have been 

suggested to design and analyze specificity and multispecificity. These methods consider 

several different states for the designed molecule in a strategy broadly known as 

multistate design. A particularly influential concept has been to maximize the energy gap 

between the target (positive) state and undesired (negative) states to generate pairs of 

molecules that interact more favorably with one another than with homologous natural 

partners [32–34]. Conversely, multispecificity has been analyzed by computationally 

optimizing the sum of energies computed for complexes formed between a hub protein 

and its ligands, rather than maximizing the binding energy between any particular pair 

[35]. Recent progress in de novo binder design relied on optimizing the designed binders’ 

rigidity at the price of losing favorable contacts with the target molecule, thus encoding 

some elements of the biomolecular tradeoff [36–40]. While all of these strategies share in 

common the concept of encoding multiple physical traits and tradeoffs between them, 

they use radically different analytical frameworks and heuristics, each tailored to the 

particular design objective under consideration.  

To carry out their activities biological macromolecules balance different physical traits, 

such as stability and interaction affinity. How such often-opposing traits are encoded in a 

macromolecular system is critical to our understanding of evolutionary processes and 

ability to design new molecules.  

To answer that, we first developed a general framework for optimizing biomolecular 

systems operating under conditions where tradeoffs emerge based on equilibrium-

thermodynamics principles and supported by recent observations on the natural and 

laboratory evolution of biomolecules. We generated a computational framework for 

constraining design simulations to balance different physical characteristics. Each 

characteristic is represented by the equilibrium fractional occupancy of the desired state 

relative to its alternatives, ranging from none to full occupancy, and the different traits 

are combined using Boolean operators to effect a ‘fuzzy’-logic language for encoding any 

combination of traits.  
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In this work we found that the energy function suffers from inaccuracies that affect on 

our ability to design functional proteins. We selected antibodies to study the tradeoff in 

activity/stability because this could be tested by yeast surface display in a high 

throughput manner. This system, gave a remarkable solution to a fundamental question of 

improving two traits, stability and binding affinity, simultaneously.  

Antibodies 

 

Natural affinity maturation  
 

Natural antibodies are generated through combinatorial assembly of variable (V), 

diversity (D), and joining (J) gene segments, followed by an iterative process of 

mutation and selection for high-affinity antigen binding known as affinity maturation. 

The variable positions of the antibody are subjected to mutagenesis that leads to 

accumulation of mutations in the complementarity-determining regions (CDRs) as 

well as in the framework regions [41]. Although it seems like mutations in the 

exposed CDRs are not prone to harbor a destabilizing effect, it has been recently 

shown that mutations in the framework are needed for maintaining the protein’s 

thermodynamic stability [41,42].   

High-affinity natural antibodies are generated through an iterative process of mutation 

and selection for antigen binding known as affinity maturation. Affinity maturation 

also selects for improved antibody stability and expression levels[43], which are 

important parameters in the application of antibodies as research or medical tools 

[44]. 

 
Computational and experimental antibody design to date 
 

In recent decades, synthetic antibody repertoires have been widely adopted in 

antibody discovery and optimization, because these repertoires provide a greater level 

of control over the selection process than animal immunization. In these approaches, 

genetic libraries of antibody variable fragments (Fv) are displayed, for instance on 

yeast cells, and screened to select high-affinity binders [45]. These methods are 

powerful, improving affinities by orders of magnitude [46,47], but a large fraction of 

affinity-enhancing mutations isolated in laboratory affinity maturation impair stability 
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[48]. Impaired stability can limit expression yields and increase the tendency of 

antibodies to aggregate [49], which can result in increased production costs [50] , fast 

antibody clearance from circulation and adverse immune responses in patients [51]. 

Thus, the tradeoff between affinity and stability (including solubility and 

expressibility) can delay and even block the development of antibodies as research 

tools and therapeutics [52]. 

To boost antibody stability and affinity, computational design methods have been 

developed. These have focused on surface changes aimed at increasing solubility or 

antigen affinity, mostly in the hypervariable complementarity-determining regions 

(CDRs), which are in direct contact with the antigen. Some methods, for instance, 

improved electrostatic complementarity with the antigen [53] or eliminated 

hydrophobic surface patches that may lead to instability and aggregation [54–57]. 

Natural and laboratory affinity maturation, by contrast, introduce mutations both on 

the surface and within the antibody core [43,47]. Although mutations in the core may 

contribute less to affinity than ones in the CDRs, they are more likely to retain the 

intricate structure of the antigen-binding site and therefore its binding specificity. 

Core mutations can also improve antibody stability by eliminating packing defects, 

thus simultaneously enhancing stability and affinity [43]. The antibody core, however, 

is a large and densely packed region, and mutations away from the antigen-binding 

site introduce only subtle changes in the antibody structure that are difficult to predict 

accurately [47,58]. Reliable prediction of the effects of mutations in this region, and 

especially successful design of multipoint core mutations, has therefore remained an 

unmet challenge [59,60] of great importance to antibody engineering. 

 
The challenges of epistasis in design 
 

A protein’s biological function is determined by its physical and chemical properties, 

which in turn are set by the interactions between its amino acid residues in the three 

dimensional space. Therefore, changing an amino acid identity often depends on the 

specific sequence and location at which the mutation occurred. This dependency is 

attributed as epistasis. Epistasis is invoked when the joint effect of mutations is either 

weaker (positive epistasis) or stronger (negative epistasis) than their independent 

contribution [61]. A recent study on avGFP shows that epistasis is more common at 

functionally important sites. In addition, they observed that the fluorescence of GFP is 
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eliminated when the joint effect of mutations exceeds a threshold, possibly protein 

stability [62]. Other papers found that epistasis affect protein conformation, ligand 

binding and allostery [63–65].   

There is an enormous number of ways to mutate a protein, where most mutational 

paths lead downhill to an unfolded, aggregated and non-functional proteins, the 

challenge lies in identifying an efficient path to a well-behaved protein with a desired 

function.  

Directed evolution tries to overcome the many obstacles by rational selection of 

mutations and by many selection rounds with different stringency, however, despite 

the high quality libraries there are cases where coupled mutations are needed. Since 

beneficial mutations are rare, the chances of combining beneficial mutations that only 

work together are even rarer [62].   

Computational design can overcome this obstacle because there is no fitness barrier to 

cross, neither a combinatorial problem of mutations to be scanned.  

 
Large-scale, unbiased characterization of mutational effects on binding affinity 
 
One of the challenges in protein engineering is to isolate high affinity binders. 

Improving affinity of proteins can tailor potency for both in vivo and in vitro 

applications. A number of different display platforms including yeast surface display 

and phage display can optimize protein affinity [37,66]. Protein display experiments 

generally involve rounds of selection to yield higher affinity binders and eliminate the 

unselected variants, whereas small mutation contributions, such as sequence variants, 

cannot be tested.  

Recently, deep mutational scanning has been successfully applied to study the 

mutational tolerance of antibodies and other binders [67–73] . In this approach, amino 

acid positions on the binder are systematically mutated to all of the 20 amino acid 

identities; the mutants are combined into one library containing all single-point 

mutations; populations of binders are selected from this library using cell display and 

high-throughput screening; and the selected and unselected populations are contrasted 

to infer which mutations are enriched relative to the starting binder, thus 

systematically identifying affinity-enhancing mutations. Deep mutational scanning 

has been very successfully used to guide protein design and engineering of improved 

binders [67,69,74–76], but has not yet been employed to improve computational 
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protein design methodology itself. The large increases in the reliability and breadth of 

detection of affinity-enhancing mutations through deep mutational scanning has 

inspired us to revisit the challenge of accurately predicting the effects of core 

mutations in an antibody Fv. We thus report how deep mutational scanning guided us 

in establishing general rules for computational design of antibodies with improved 

core packing, leading to striking gains in affinity, stability, aggregation resistance, and 

expressibility in two unrelated antibodies. 

 

Host-pathogen interaction in malaria 

	  
Malaria is the deadliest parasitic disease, affecting hundreds of millions of people 

each year. Plasmodium falciparum causes the most fatal and severe form of the 

disease, and the emergence of mutants that are resistant to frontline therapeutic 

interventions is a cause of major world-health concern[57]. 

 

Invasion of host erythrocytes is essential to the life cycle of Plasmodium parasites. 

The interaction between the P. falciparum reticulocyte-binding protein homologue 5 

(RH5) and the human cell-surface receptor basigin have been determined to be 

essential to erythrocyte invasion and P. falciparum pathogenesis [77]. Indeed, this 

interaction is the only one that is deemed absolutely essential to infectivity; RH5 is 

highly conserved among all P. falciparum field isolates; antibodies that target RH5 

inhibit pathogenesis; inoculation with RH5 in model animals provides protective 

immunity; and clinical trials are underway to test the efficacy of RH5 subunit 

vaccines in humans [78].  

Recently, the crystal structure of RH5 in complex with basigin was solved [59], 

paving the way for a better understanding of the molecular interaction details. RH5 

folds into a kite-like molecular structure, and basigin interacts at a tip of the RH5 

structure through two immunoglobulin-like domains that are fused by a flexible 

linker. The molecular contacts between RH5 and basigin are tenuous, comprising 

mainly hydrogen-bonded interactions and a surface area of 1927 Å. Accordingly, the 

interaction affinity between RH5 and basigin is low (KD > 1 µM), and the application 

of soluble basigin blocks invasion in growth assays only at high concentrations 

(IC50>10µM) [77]. Through animal immunization, several high-affinity antibodies 
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were isolated with IC50 = 0.1µM [79]. Molecular structures of these antibodies bound 

to RH5 revealed that they interacted with RH5 through surfaces that only partly 

overlap with the basigin-binding surface, suggesting that they block attachment 

through steric hindrance [80] . Although their high affinity is an important advantage, 

the fact that they do not bind through the surfaces that are essential for basigin 

binding and the high mutagenicity in P. falciparum suggest that clinical application of 

these antibodies would result in the emergence of resistance mutant [81].  

Given these challenges, we asked whether a high-affinity variant of basigin could be 

designed. Such a binder would have several advantages over antibodies: (1) it would 

interact with the same surface of RH5 as basigin, constraining the emergence of P. 

falciparum resistance mutants; (2) it would be minimally mutated relative to basigin, 

thereby reducing potential immunogenicity; and (3) basigin is a 25 kDa protein, 

compared to 150 kDa for IgGs, requiring the administration of lower protein mass. 

Here, we used deep mutational scanning to identify mutations on the surface of 

basigin that would individually increase its affinity for RH5. We then used Rosetta to 

design a variant comprising seven affinity-enhancing mutations, resulting in >2,000-

fold higher affinity for RH5. This design provides a proof-of-principle for the design 

of high-affinity soluble blockers of essential host-pathogen interactions. 
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Results 
A ‘Fuzzy’-Logic Language for Encoding Multiple Physical Traits in Biomolecules 

 
A fuzzy-logic model for the selection of biomolecules with multiple physical traits  
	  
We consider cases where evolutionary selection operates on molecular properties at 

chemical equilibrium such as folding, binding, and conformation change. Most generally, 

we can abstract these phenomena to an equilibrium between two states, A and B, where 

one state, say B, exhibits the desirable molecular function, and thereby promotes 

‘fitness’. A and B could respectively represent the unfolded and folded states of a protein 

or RNA molecule; the unbound and bound states of a receptor-ligand complex; the 

inactive conformations relative to active conformations; etc.  The equilibrium, A ⇌ B, is 

described with an equilibrium constant K%& = e)∆+/-.	  [Eq. 1], where ΔG is the free 

energy difference between the two states, R is the gas constant, and T is the absolute 

temperature. Evolution acts on this equilibrium by selecting sequences that favor a 

certain fractional occupancy of the target state. The fractional occupancy, 𝑓, is defined as 

𝑓 = [2]
4 5[2]

	    [Eq. 2], where [A] and [B] are the concentrations of the two states at 

chemical equilibrium [82]. Combining Eqs. 1 and 2 and the thermodynamic definition 

𝐾%& =
[2]
[4]

 [Eq.3], provides that fractional occupancy of a molecular state, as a function of 

free-energy change of that state exhibits a sigmoidal relationship: 

 𝑓 = 7
75%∆8/9:

 [Eq. 4]. 

More generally we rephrase Eq. 4 by adding an offset free-energy term DGoffset, at which 

the target state is half occupied (Fig. 1a): 

𝑓 = 7

75;(∆8=∆8>??@AB)/9:
 [Eq. 5], 

where DGoffset reflects the notion that the receptor-ligand binding energy required to 

achieve half-maximal receptor occupancy (DG =DGoffset) depends on the ligand 

concentration; the lower the ligand concentration, the larger the required binding affinity 

to achieve half-maximal occupancy [82,83]. Eq. 5 asymptotically approaches 1 at 

negative DG values and 0 at positive DG values with an inflection point at DG =DGoffset 

(Fig. 1a). 

We rephrase the sigmoidal relationship of Eq. 5 as:  
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𝑓D =
7

75% E=> @  [Eq. 6]. 

where x and o are DG and DGoffset of Eq.5 respectively, and s determines the slope of the 

sigmoidal response to free-energy changes around the inflection point. Eq. 6 generalizes 

the chemical-equilibrium description of the fractional occupancy into the concept of 

biomolecular activity, which could be a sharper or more attenuated function of the 

equilibrium free-energy change than Eq. 5 dictates. As an example, a molecule that has 

irreversible effects on cell fate, such as a nuclease, a protease, or a gene master regulator, 

may have large biological effects even at low fractional occupancies; the biomolecular 

output in this scenario could be modeled with low o and high s values relative to the 

values obtained from Eq. 5. Conversely, two competing effector molecules, which bind 

overlapping sites on their target molecule, may require high occupancies to exert their 

biological effects [84] and could be modeled with high o and low s values (guidelines for 

determining o and s values are provided in the Supplement). For simplicity, in what 

follows we refer to fractional occupancy and biological activity interchangeably, noting 

that both concepts could be modeled within the suggested framework.  
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Figure 1. Overview of the design algorithm. A. Fractional occupancy shows a sigmoidal 
relationship with ∆G, the equilibrium free energy change (Eq. 4). ∆Goffset is the free-energy offset 
at which the target state, e.g., bound-receptor, is half occupied. The plot is divided into three main 
parts: left - high occupancy (95-100%) and low sensitivity, where the fractional occupancy 
remains largely unaffected by mutations that effect moderate changes in ∆G; middle – medium 
occupancy (5-95%) and high sensitivity, where there is significant change in the fractional 
occupancy due to changes in ∆G; and right - low occupancy (0-5%) and low sensitivity, where 
the fractional occupancy remains largely unaffected by moderate changes in ∆G. B. Venn 
diagram graphically demonstrates the Boolean operators AND, OR, and NOT. AND and OR 
gates act on two states X and Y, whereas the NOT gate acts on one state, X. All states are drawn 
as circles and the selected area is marked in stripes. C. Boolean operators (NOT, AND, and OR) 
are used to integrate the variables into an optimization objective function. D. The design flow 
chart in four steps: first, the relevant properties of the system (stability of individual components 
and affinities between components) are defined. Second, for each property the steepness and 
offset are defined and the sigmoidal function is set (Eq 6). Third, the objective function is 
calculated by integrating the sigmoidal functions using Boolean operators. Fourth, the objective 
function is used by simulated annealing Monte Carlo sequence optimization. E. Fitness is a 
complex tradeoff of biomolecular properties (such as binding, stability, etc.). The landscape is 
drawn as continuous and as a function of two positions only for simplicity; in reality, fitness is a 
rugged function over a high-dimensional space comprising combinations of mutations at many 
positions. 
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To be sure, the fractional occupancy of the desired state is but one of many factors 

affecting the molecule’s contribution to organism fitness, and expression levels, half-

lives, post-translational modifications, and compartmentalization, play important 

complementary roles [85–88]. The sigmoidal relationship of Eqs. 5 and 6 is nevertheless 

a fundamental property of biomolecular systems, which explains numerous observations 

in natural and laboratory evolution, particularly variations in robustness and sensitivity to 

mutation [89]. Consider a concrete example of protein stability. Many proteins have 

ΔGfolding values of -5kcal/mol [90] meaning that under standard conditions more than 

99.97% of the protein is in its folded state (Eq. 4). If protein misfolding [12], quality-

control [91], expression levels, post-translational modifications and other extrinsic factors 

[92] are held constant, a mutation that decreases ΔGfolding by 2kcal/mol would increase 

the folded fraction by less than 0.03% and would not be subject to strong evolutionary 

selection; thus the high fractional-occupancy regime exhibits relatively low sensitivity to 

mutation (Fig. 1a). By contrast, a protein with ΔGfolding of -1kcal/mole is 84% folded, and 

a mutation that decreases ΔGfolding by 2kcal/mol would increase the folded fraction by an 

appreciable 13%, and would be strongly favored by selection, leading to high sensitivity 

to mutation around the sigmoid-inflection point (Fig. 1a). Protein engineering is routinely 

used to successfully thermostabilize natural proteins [21,22,93,94], demonstrating that 

protein stability plateaus in natural evolution and that natural molecules can be readily 

engineered for higher stability. For other examples where physical traits plateau in 

natural evolution see Supplemental Data. 

 

From the above considerations we infer that a general model for representing multiple 

constraints selecting a biomolecule should exhibit two properties: first, a biomolecule’s 

contribution to organism fitness is not only a function of the free energy of a physical 

trait but of the fractional occupancy (or biological activity) of the target state (Fig. 1a); 

and second, the constraints operating on the evolution of intrinsic physical traits are a 

complex, non-additive function of target-state occupancies. To model the combination of 

constraints that shape a biomolecule through evolution we borrow a concept from ‘fuzzy’ 

or many-valued logic systems [95,96]. Fuzzy-logic formulations have been applied to 

produce graded rather than all-or-none responses to change in input. It extends 

conventional Boolean logic by proposing that truth (1) and falsehood (0) are only 

extremes in a continuum of evaluations (0-1) with states that have intermediate values of 
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truth and falsehood. The system of constraints based on the fractional occupancies above 

lends itself naturally to fuzzy-logic treatment, in which the occupancy f (Eq. 6) of any 

energy term is treated as a Boolean variable and the standard Boolean operators (NOT, 

AND, and OR) are used to combine the variables into an optimization objective function 

(Fig. 1b): for any two target states (e.g., folded molecule, bound receptor, etc.) the 

individual fractional occupancies, fx and fy, are computed using Eq. 6, and we define ¬fx = 

1 – fx (NOT fx);   fx∧fy = fx * fy (fx AND fy); and fx∨fy = fx + fy – fx * fy (fx OR fy) (Fig. 1b). 

In fuzzy logic, values approaching 1 satisfy the constraints embodied in the argument and 

values approaching 0 fail to satisfy them (Fig. 1c), thereby providing an objective 

function for optimization of complex combinations of biomolecular characteristics (Fig. 

1d). By defining the three fundamental logical operators (Boolean NOT, AND, and OR) 

any argument comprising any number of constraints relating to energy evaluations of 

biomolecular states can be formulated in a statement that resembles natural language. 

These arguments then serve as objective functions in stochastic sequence optimization in 

search for sequences that best conform to the encoded constraints (Fig. 1e). As in a 

natural language, the objective functions are an approximate model or representation of 

reality, and a completely accurate description of the fitness landscape, accounting for all 

of the constraints bearing on the biomolecular system, is impossible. 

Despite this caveat, the fuzzy-logic system provides a framework for testing our 

understanding of the rich constraints observed in biomolecular systems by integrating the 

fractional occupancies of Eq. 6 for each separate energy criterion (e.g., binding and 

stability) using Boolean operators (Fig. 1c). In the supplement we demonstrate that under 

certain conditions multistate design [32] describes a special case of the sigmoid 

relationship. Optimizing the energy gap suffers from a weakness, though, since selected 

mutations can lead to the unwanted destabilization of the designed molecule or of the 

desired complex; in the context of the discussion above, energy-gap optimization, when 

applied with no additional constraints, fails to take into account that biomolecules need to 

stably fold in order to function correctly, and previous studies augmented energy-gap 

optimization with cutoffs that prevent energy terms from deteriorating beyond a certain 

limit [97,98]. Setting strict cutoffs on energy values can, however, lead to solutions that 

explore regions of sequence space, where properties are on the border between optimality 

and sub-optimality and might result in non-functional molecules. Using sigmoidal 
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constraints rather than strict cutoffs biases search towards compromises that raise the 

chances of satisfying each of the constraints, at least to sufficient levels.  

The fuzzy-logic design framework allows framing constraints other than of the energy 

gap between states. For instance several successful binder-design studies selected 

sequences based on whether they encode both active-site sidechain rigidity and high-

affinity binding [36–40]. With the fuzzy-logic strategy these properties can be explicitly 

optimized during design simulations using the objective function: O=B(a,b)∧S(a)  [Eq. 

7] (Fig. 1c), where B and S are the sigmoidal functions (Eq. 6) of the binding energy and 

stability respectively, and a and b are the designed and target molecules, respectively. We 

recently validated that optimizing this objective function during de novo design of 

antibody binders leads to models comparable to natural antibodies in computed affinity 

and sequence and conformation properties [99]. Here, we focus on cases, where tradeoffs 

between different molecular properties are prominent, such as binding specificity; the 

framework can nevertheless be applied to situations, where optimizing one property does 

not come at the expense of other properties, and to situations where maximizing one trait 

is deleterious [31]. In the latter case two sigmoid functions (Eq. 6) are applied to a single 

physical trait, e.g., S1(a) and S2(a), where S1 defines the lower energy bound and S2 

defines the upper bound of the same energy criterion through the o parameters. Then, the 

optimization objective function, is defined as: O=S2(a)∧¬S1(a) [Eq. 8], biasing sequence 

search towards values intermediate between the two extremes.  

 

Empirical tests of the fuzzy-logic design language 
	  
We subject the fuzzy-logic framework to two classic tests of computational protein 

design: the design of multispecificity and of orthogonal specificity. These tasks 

previously required different heuristics and optimization frameworks [32–35,97,98,100–

104], but here we show that the fuzzy-logic language provides a unified framework for 

analyzing both phenomena.  
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Multispecificity design 
 
Figure 2. Positive design violates the 
requirement for stability in alternative 
conformations. The single-state designed 
sequence of H-RASPI3K was threaded on H-
RASSOS1 backbone (cyan), producing H-
RASSOS1*,SOS1 structure (A) after side 
chain and rigid-body minimization; This 
designed sequence compromises the 
stability of H-RASSOS1 monomer (B) by 
+173 R.e.u due to steric overlap between 
Y32 and R25,E39, and I21. 
 

As a model for multispecificity design we select the protein human H-RAS, which has 

been co-crystallized with five natural partners [105–108], and was previously subjected 

to multispecificity analysis [35]. RAS is a member of the family of small GTP-binding 

proteins and is involved in regulating signal-transduction processes leading to cell growth 

and differentiation by directly controlling multiple pathways [109,110]. H-RAS presents 

special challenges to single-state design, because it interacts via overlapping surfaces 

with several proteins, which have different folds and molecular functions, and because 

the backbone conformation of H-RAS varies when bound to its different partners [105–

108]; designed H-RAS sequences must therefore be compatible with all of the molecule’s 

backbone conformations and encode favorable contacts with all of its partners. To 

demonstrate the problem of single-state design using any one of the H-RAS-bound 

structures we select for stochastic sequence optimization eight amino acid positions on 

the H-RAS binding surface, four in switch region I (Ile36, Glu37, Asp38, and Ser39), two 

in switch region II (Gln61 and Glu63) and two outside of these regions (Ile21 and 

Gln25). Positive or single-state design of H-RAS separately towards each of its partners 

using RosettaDesign leads to sequences that increase H-RAS stability and its binding 

affinity for that particular target, but clearly violate the requirement of stability in 

alternative conformations and binding to the other partners (Table S1). In some cases the 

energy violations are severe (more than 10 Rosetta energy units (R.e.u.); Table S1 and 

Fig. 2), suggesting that optimizing H-RAS to bind any one of its partners alone would 

increase specificity (as has been observed in other systems [111]) and protein rigidity at 

the price of binding its other natural partners.  
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The optimization objective function for H-RAS design can be formulated as finding a 

sequence that simultaneously encodes favorable stability properties in all H-RAS 

backbone conformations and binding affinities for all H-RAS partners in the interaction 

network: 

O = B(H-RASSOS1*,SOS1)∧B(H-RASPI3K*,PI3K)∧B(H-RASBRY-2RBD *,BRY-2RBD)∧

B(H-RASRal-GDS *,Ral-GDS)∧B(H-RASRal-GAP *,Ral-GAP)∧S(H-RASSOS1*)∧S(H-

RASPI3K*)∧S(H-RASBRY-2RBD*)∧S(H-RASRal-GDS*)∧S (H-RASRal-GAP*)    

[Eq. 9], 

where O is the optimization objective function, H-RAS* is the designed H-RAS protein, 

and B and S are sigmoidal functions for binding and stability, respectively (See 

Experimental Procedures).  
 

Each of the functions (B and S) of Eq. 9 requires parameterization of the offset (o) and 

slope (s) defined in Eq. 6. The offset and slope parameters were determined according to 

the guidelines in the Supporting Data. We carry out 4000 independent design simulations 

starting from two single-state designed complexes as representatives of two different H-

RAS-bound complexes, H-RAS,SOS1 and H-RAS,Ral-‐‑GDS, (where the eight selected 

positions on H-RAS are optimized to bind to each partner separately; Fig. 2). In each 

simulation the H-RAS sequence is subjected to non-deterministic simulated annealing 

Monte Carlo optimization with Eq. 9 serving as the optimization objective function (Fig. 

1d, and Experimental Procedures), and the resulting design variants are ranked according 

to the objective function (Eq. 9). In both cases top-ranked designs have binding affinities 

and stabilities similar to those computed for the natural H-RAS structures, and the 

molecular details of the best-designed interaction shows favorable molecular contacts as 

observed in the natural H-RAS (Fig. 3).  

 

 

 



	   23	  

  
Figure 3. Single-state design 
versus fuzzy-logic design of 
the multispecific hub protein 
H-RAS. This view focuses on 
H-RAS switch I loop. The two 
H-RAS complexes presented 
here H-RASSOS1  (panels A-E) 
and H-RASRAS-GAP (panels B-F) 
have different backbone 
conformations. Upper panel: the 
natural structures of H-RASSOS1 
(violet) and SOS1 (orange) 
complex (panel A); and  H-
RASRAS-GAP (violet) and RAS-
GAP (cyan) complex (panel B), 
where I380, L359 and I36 form 
favorable van der Waals 
contacts and K397 and D33 
form a salt bridge. Middle panel: 
single-state design of H-
RASSOS1*,SOS1 complex, where  
D38S and I36S are introduced to 
form a hydrogen bond (panel 
C); and the designed sequence 
of H-RAS*SOS1 threaded on H-
RASRAS-GAP  backbone, where 
I36S packing with I380, L359 is 
compromised (panel D). Bottom 
panel: fuzzy-logic design of H-
RAS in complex with SOS1 
(panel E) and with RAS-GAP 
(panel F).  Position 36 was 

restored to Ile, which is the natural identity, while position 38 was designed to Glu, which forms a 
new electrostatic interaction with K398 in H-RASRAS-GAP*,RAS-GAP structure (panel F), 
resulting in a sequence that is similar to the wild-type.  
 
 

As expected Monte Carlo sequence optimization does not converge on a single solution 

but rather produces a large landscape of sequences that are compatible with the 

constraints defined by the objective function. As the objective function of Eq. 10 encodes 

ten different fractional occupancies (five each for binding and H-RAS stability) we set 

the threshold on favorable sequences as those with an objective value above 0.9510=0.59. 

For the case where we started with the H-RAS-SOS1 single-state designed model, 75% 

of the trajectories passed this threshold yielding approximately 1400 unique sequences. 

The H-RAS sequence optimized through single-state design to bind only SOS1 (H-

RAS*,SOS1) (Fig. 3 and Table S1) did not appear in any of the multistate designed 
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sequences; the calculated objective function for the single-state designed H-RAS is 0.35, 

well below the acceptance threshold of 0.59, indicating that this design is suboptimal 

with respect to the constraints encoded in Eq. 9. Even though the resulting sequence 

space is large, on a position-by-position basis the designed H-RAS proteins converge on 

amino acid identities that are physicochemically similar to the natural H-RAS (Fig. 4), 

and in several trajectories starting with H-RAS designed solely to bind SOS1 the natural 

H-RAS sequence is retrieved exactly and is ranked in the top 15% of all designed 

sequences. Although the natural H-RAS sequence is ranked high there are 108 unique 

sequences in the set that converge to similar, but not identical sequences, and are 

predicted to have superior objective function (O) values compared to the natural H-RAS. 

Inaccuracies in the energy function and in the optimization objective function could 

account for this result; alternatively, these solutions provide a sequence landscape of 

variants predicted to have comparable or better stability and binding properties compared 

to the natural protein. The use of a gradual response curve (the sigmoid of Eq. 6, and Fig. 

1a) rather than all-or-none thresholds enables ranking the optimized sequences and 

provides testable hypotheses for structure-function studies.  

 

 
 
Figure 4. Fuzzy-logic design converges on 
sequences that are physicochemically 
close to the natural sequence. Sequence 
logos [112] of the natural, positive, and 
multistate-designed sequences of two 
structures with distinct conformations: H-
RASSOS1 and H-RASRal-GDS. All designable 
positions exhibit two features: (i) a different 
sequence is compatible with each structure 
after positive design and (ii) the sequences 
of the two converge after the design to 
identities physicochemically similar to those 
observed in the natural sequence. 
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Orthogonal-specificity design through a combination of positive and negative 

design constraints 

	  
The challenge in orthogonal-specificity design is generally defined as follows: starting 

from a natural complex of known structure, design a pair of proteins that bind as tightly 

as the natural complex, but where both components will bind the natural partners more 

weakly. Orthogonal specificity is a crucial determinant of the function of numerous 

biological systems, insulating homologous signaling and metabolic pathways from one 

another, and has received several treatments from computational protein design 

[33,34,102,104,111]. 

 

To test the new design strategy in this context we analyze two complexes from the 

bacterial immunity-endonuclease family, endonuclease-immunity 2 (E2,Im2) and 9 

(E9,Im9) [113]. The two pairs share the same overall folds, binding mode, and an 

identical choice of residues at the core of the binding site (the interaction hotspot); but 

there are significant differences in interface-residue identities outside the core, a 

conformation change in one of the interfacial loops on the immunity protein, and a 5.6o 

reorientation of the partners in one complex relative to the other [114]. The net effect of 

these molecular differences is that both cognate pairs are highly specific and bind with 

femtomolar dissociation constants while there is 7 orders of magnitude difference in 

binding affinities between the cognate and noncognate pairs [89]. This family has been 

subjected previously to a specialized heuristic for specificity design producing designed 

partners that bound one another 2-3 orders of magnitude more tightly than they did the 

natural partners [100,102]. Here we show that subjecting the E9-Im9 naturally occurring 

high-affinity complex to the orthogonal-specificity design objective function defined 

below reproduces the required energy and structure characteristics seen in natural high-

specificity pairs and in more specialized computational specificity-design heuristics: 

O= B(E9*,Im9*)∧S(E9*)∧S(Im9*)∧¬B(E9*,Im9)∧¬B(E9,Im9*)  

[Eq. 10], 

where B and S are the binding and stability fractional occupancies determined from Eq. 

6, E9 and Im9 are the natural sequences, and E9* and Im9* are the designed sequences. 

The first three terms in Eq. 10 ensure that the designed complex affinity and the designed 

monomer stabilities are maintained through stochastic sequence optimization close to 

their levels in the natural complex, while the two terms on the right disfavor cross-
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binding of the mutated monomers with the wild-type partners. Eq. 10 demonstrates the 

high expressiveness of the fuzzy-logic framework, which can be extended to situations 

where some target states are disfavored. 

 

The colicin pairs 2 and 9 present a unique case, as far as we know, where molecular 

structures for two cognate pairs [114,115] as well as one of the noncognate pairs (E9, 

Im2) [116] have been determined experimentally. These structures allow us to estimate 

the energies that are required for establishing high-affinity cognate binding and medium-

affinity non-cognate binding (Kd=10-7M for noncognate E9-Im2 [89]). The two cognate 

pairs (E2,Im2 and E9,Im9) have calculated binding affinities below -32R.e.u., whereas 

the noncognate (E9,Im2) has calculated binding affinity of -27R.e.u. We therefore set the 

offset value for noncognate binding (o in Eq. 6) to -27R.e.u., translating to a fractional 

occupancy value for binding affinities of a designed noncognate pair on par with the 

natural noncognate pair to ½ (all other parameters are provided in Supplemental 

Experimental Procedures). 

 

Starting from the molecular structure of the E9-Im9 complex [115] we subjected a total 

of nine positions at the binding surfaces of the immunity and endonuclease pair that were 

experimentally shown to contribute to specificity (four on the immunity (Thr27, Leu33, 

Val34, Thr38) and five on the endonuclease (Ser77, Ser78, Tyr83, Lys97, Val98)) [117] 

to stochastic sequence optimization using the objective function defined in Eq. 10. Unlike 

the specialized schemes used previously [102], here we employ the same simulated 

annealing Monte Carlo sampling method used above for the calculation of 

multispecificity. The difference between the H-RAS multispecificity implementation 

above and colicin orthogonal-specificity design here is restricted solely to the objective 

function (Eqs 9 and 10, respectively). Thus, the fuzzy-logic design approach is 

sufficiently versatile and expressive to encode different objective functions, eschewing 

the need to tailor a different sampling strategy for each design goal.As in the design of 

multispecificity above, specificity design does not converge on a single solution, but 

rather produces hundreds of sequences with high computed monomer stability, high 

cognate binding affinities, and low affinities towards the natural (noncognate) partners 

(Fig. 5). In fact, the energy gap between the designed cognate and designed noncognate 

pairs is calculated to be larger than the one for the natural pairs (> 10R.e.u.; Fig 6). The  
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molecular details of the designed complexes reproduce the hallmarks of high-affinity and 

high-specificity complexes, as seen in natural colicins [116], including intricate van der 

Waals packing and hydrogen-bonding networks in the designed cognate complexes 

(E9*,Im9*), while the modeled noncognate complexes (E9*,Im9 and E9,Im9*) exhibit 

electrostatic and steric frustration (Fig. 5). We note, however, that in the natural colicin 

family specificity is also encoded by backbone conformations and perturbations to the 

rigid-body orientations [116], and that recapitulating natural sequences in this family 

likely requires modeling these degrees of freedom. The objective function defined in Eq. 

10 can be used to guide an optimization algorithm that samples sequence as well as 

backbone and rigid-body conformations [100,118]. 
 

 
 
Figure 5. Computational design of specificity switches in the colicin endonuclease-immunity 
pair 9. Interactions with binding energy ≥ -27 R.e.u are non-compatible (see Results), while 
interactions with binding energy ≤ -33 are expected to be as favorable as the natural pairs. Im9 
and E9 are shown in green and deep-teal cartoons, respectively. The mutated residues in the 
design pair are shown in violet. A. A design pair in which the specificity is based on knob-into-
hole strategy. In the natural pair (upper left panel) L33 and V34 of Im9 pack against S78 and V98 
of E9 respectively. In the design pair (lower right panel) L33V mutation introduces a smaller 
sidechain, and the complementary S78L mutation maintains packing density as in the natural pair. 
Similarly, V34F introduces a large sidechain in the designed Im9* while V98G removes a 
sidechain. In the designed noncognate pair E9,Im9* V34F forms a steric overlap with E9’s V98, 
thus destabilizing the bound state. Similarly, in the designed noncognate pair E9*,Im9 mutation 
S78L forms a steric overlap with Im9’s L33. B. A design pair in which specificity is based on a 
switch in polarity. The natural interaction is mainly based on hydrophobic packing. In the 
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designed pair (bottom right) K33 forms hydrogen bonds with D83 and N78, as well as a salt 
bridge with D83. In the designed noncognate pairs the hydrogen bonds are not formed and polar 
residues pack against hydrophobic ones leading to electrostatic frustration similar to the 
observation in the natural noncognate pair [116]. Also, there are steric overlaps in the designed 
noncognate pairs that further destabilize the bound state. In E9*,Im9 (bottom left) D83 and N78 
pack against the hydrophobic L33. A steric overlap is formed between L33 and N78. In the 
design noncognate pair E9,Im9* K33 packs against S78 and Y83, resulting in steric overlap. 

 

(Manuscript	  ready	  for	  publication)	  

AbLIFT: simultaneous optimization of antibody stability and affinity by 

computational design of the variable light-heavy chain interface 

	  
Experimental mutational tolerance mapping in an Fv 

 

To study the mutational tolerance of an antibody variable fragment (Fv), we selected 

135 positions of the anti lysozyme antibody D44.1 for deep mutational scanning [119] 

(Fig. S2a). The positions encompassed most of the CDRs, the light-heavy chain (vL-

vH) interface and additional peripheral positions (Fig. 6a). D44.1 and each point 

mutant were genetically encoded as single-chain variable fragments (scFv), where the 

heavy chain is fused to the light chain via a flexible linker, and the genes were 

transformed into yeast cells for yeast display screening	   [45]. Following incubation 

with hen egg-white lysozyme (HEL), we selected binders from this library, and the 

same library was also subjected to low-stringency selection for expression levels to 

provide a reference for the propensity of each mutant in the population. The plasmids 

of the scFv containing genes were purified, amplified by PCR, and subjected to high-

throughput DNA sequencing, resulting in 8 million high-quality reads [76]. We then 

determined the enrichment ratio for each mutant relative to D44.1 between 

populations selected for binding and expression (Fig. 6b). 
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Figure 6: Deep mutational scanning of an antibody variable fragment (Fv) (a) 135 positions across 
the Fv of the anti-HEL antibody D44.1 were individually diversified using degenerate codons (NNS) to 
encode all point mutations. The variants were transformed into yeast cells, subjected to low-stringency 
selection for binding (green spots) and for expression (purple + green spots), and subjected to deep-
sequencing analysis. (b) 34 Fv positions exhibited enhanced binding upon mutation (blue). Residues 
are numbered according to ref.  [119]. (c) In several positions, more than five alternative identities 
enhance affinity, suggesting that the sequence space of affinity-enhancing multipoint mutants is large. 
Positions at the vL-vH interface are colored purple. (d) Mutations were ranked according to enrichment 
values revealing that many of the top affinity-enhancing mutations occur at the vL-vH interface. Also, 
most mutations that occurred in the higher-affinity natural antibody F10.6.6 [58] exhibited at least 
threefold enrichment relative to D44.1. (e) Structural analysis of D44.1 positions that exhibited at least 
threefold enrichment relative to D44.1. Most affinity-enhancing positions were in the CDRs and a 
cluster of eight mutations occurred at the vL-vH interface (purple), one is located in CDR L2 and the 
rest (7) are in the framework (Chothia numbering). 
  
Only	  a	  small	  fraction	  (4.5%)	  of	  all	  single-‐‑point	  mutations	  were	  enriched	  relative	  

to	  D44.1.	  These	  affinity-‐‑enhancing	  mutations	  occurred	  in	  34	  positions	  on	  both	  Fv	  

chains,	   and	   were	   mostly	   localized	   to	   the	   CDRs,	   as	   expected	   (Fig.	   6c).	  

Encouragingly,	   half	   of	   the	   mutations	   in	   the	   higher-‐‑affinity	   variant	   of	   D44.1,	  

F10.6.6	  [58],	  exhibited	  at	  least	  threefold	  enrichment	  in	  our	  analysis	  (Fig.	  6d).	  In	  

addition	   to	   these	   previously	   characterized	   mutations,	   91	   other	   mutations	  

exhibited	  such	  high	  enrichment	  values	  according	  to	  deep	  mutational	  scanning.	  
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In	   addition	   to	   the	  affinity-‐‑enhancing	  mutations	  on	   the	  CDRs,	  we	  also	  noticed	  a	  

cluster	   of	   eight	   positions	   at	   the	   vL-‐‑vH	   interface,	   where	   affinity-‐‑enhancing	  

mutations	  occurred	  (Fig.	  6e);	  only	  four	  of	  these	  positions	  were	  previously	  seen	  

to	  enhance	  affinity	  upon	  mutation	  [58].	  We	  were	  intrigued	  by	  the	  observation	  of	  

this	   cluster	   for	   three	   reasons:	   (1)	   the	   vL-‐‑vH	   interface	   is	   responsible	   for	   the	  

assembly	   of	   the	   two	   antibody	   chains	   to	   form	   the	   Fv,	   and	   affinity-‐‑enhancing	  

mutations	  in	  this	  region	  have	  the	  potential	  to	  improve	  both	  stability	  and	  ligand	  

affinity	   through	   improved	   Fv	   preorganization	   [43,120];	   (2)	   the	   pairing	   of	   light	  

and	   heavy	   chains	   during	   germline	   antibody	   generation	   is	   a	   random	   process,	  

which	  may	  result	   in	  suboptimal	   interfaces,	  resulting	   in	   flexibility	   in	  the	  antigen	  

binding	   site	   and	   therefore	   to	   lower	   antigen	  affinity	   [73];	   and	   (3)	   this	   region	   is	  

distant	  from	  the	  mutational	  hotspots	  in	  the	  CDRs,	  and	  is	  therefore	  less	  subject	  to	  

optimization	   of	   affinity	   and	   stability	   in	   natural	   immunization	   through	   somatic	  

hypermutation	  [73]	  .	  Given	  these	  considerations,	  we	  wondered	  whether	  the	  vL-‐‑

vH	  interface	  may	  be	  especially	  amenable	  to	  the	  design	  of	  multipoint	  mutants	  that	  

simultaneously	  improve	  stability	  and	  affinity.	  

	  

Combining	  mutations	   in	   densely	   packed	  protein	   cores	   is	   challenging,	   however,	  

because	   small	   errors,	   such	   as	   steric	   overlaps	   or	   voids	   can	   lead	   to	   instability,	  

misfolding,	   and	   aggregation	   [59,60].	   We	   therefore	   asked	   whether	   the	  

mutational-‐‑tolerance	   map	   could	   guide	   Rosetta	   sequence	   design	   leading	   to	  

reliable	   design	   of	   improved	   multipoint	   mutants	   at	   the	   vL-‐‑vH	   interface.	   In	  

preliminary	   calculations,	   we	   restricted	   Rosetta	   combinatorial	   sequence	  

optimization	   to	   the	   eight	   positions	   and	   98	   identities	   that	   showed	   at	   least	  

threefold	   enrichment	   relative	   to	   D44.1	   according	   to	   the	   mutational-‐‑tolerance	  

map	  (Fig.	  6b).	  The	  resulting	  design,	  however,	  comprised	  only	  three	  conservative	  

mutations,	   suggesting	   that	   dense	   packing	   at	   the	   vL-‐‑vH	   interface	   restricted	  

sequence	   optimization.	  We	   therefore	   eliminated	   the	   identities	   observed	   in	   the	  

eight	  positions	  of	  D44.1	  from	  the	  Rosetta	  design	  options	  and	  repeated	  the	  design	  

calculation,	   yielding	   design	   dD44.1	   with	   eight	   mutations.	   We	   then	  

experimentally	   tested	   this	   design	   and	   each	   of	   the	   eight	   single-‐‑point	  mutations	  

using	  yeast	  display	  [45].	  As	  expected,	  affinity	  measurements	  showed	  that	  each	  of	  
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the	  point	  mutations	  improved	  binding	  relative	  to	  D44.1;	  and	  yet,	  the	  multipoint	  

dD44.1	  exhibited	  a	   further	   threefold	   improvement	   in	  apparent	  KD	   compared	  to	  

the	  best	  single-‐‑point	  mutation	  (Fig.	  S2b).	  	  

 
Figure 7. Gains in affinity, stability, and aggregation resistance through vL-vH design. (a) 
Comparison between the starting anti-HEL antibody D44.1 and the design, dD44.1 shows improved 
interactions across the interface and increased backbone rigidity. (b) SPR analysis of HEL binding 
(kinetic fits shown in gray). D44.1 exhibits ka=1.5 * 105 M-1s-1, kd=0.021 s-1, and KD=137 nM. dD44.1 
exhibits ka=5.3 * 104 M-1s-1, kd=7.9 * 10-4 s-1, and KD=15 nM. (c) Thermal denaturation of D44.1 (gray) 
and dD44.1 (purple) resulted in apparent Tms of 67 and 76 °C, respectively.  (d) Temperature of 
aggregation onset of D44.1 (gray) and dD44.1 (purple) resulted in 68 and 75 °C, respectively. All 
experiments were done using Fab of D44.1 and dD44.1. (e) Crystallographic analysis of dD44.1 shows 
very high agreement with D44.1 (0.7 Å Cα root-mean-square deviation), including in the orientations 
of binding-surface residues (sticks; D44.1 shown in gray). 
  
We	   solubly	   expressed	   and	   purified	   D44.1	   and	   dD44.1	   as	   antigen-‐‑binding	  

fragments	   (Fab),	   and	   tested	   their	   binding	   to	   HEL	   using	   surface-‐‑plasmon	  

resonance	   (SPR).	  Our	  analysis	   indicated	  nearly	   tenfold	   improvement	   in	  affinity	  

(KD	   of	   15	   versus	   135	   nM	   for	   dD44.1	   and	   D44.1,	   respectively),	   with	   a	   25-‐‑fold	  

slower	   off-‐‑rate	   (8	   x	   10-‐‑4	   s-‐‑1)	   (Fig.	   7b).	   Strikingly,	   dD44.1	   also	   exhibited	  

improvements	  in	  a	  range	  of	  physical	  characteristics	  compared	  to	  D44.1:	  as	  Fab,	  it	  

was	   9oC	  more	   resistant	   to	   thermal	   denaturation	   (Fig.	   7c);	   showed	   7oC	   higher	  

temperature	   of	   aggregation	   onset	   (Fig.	   7d);	   and	   eluted	   on	   gel	   filtration	   in	   the	  

expected	   size	   for	   a	   Fab,	  whereas	  D44.1	   exhibited	  multiple	   bands,	   indicative	   of	  

low	   stability.	   Furthermore,	   as	   IgG,	   dD44.1	   expressed	   to	   higher	   levels	   (50-‐‑fold)	  

than	  D44.1.	  We	  also	  noted	  that	  when	  D44.1	  and	  dD44.1	  were	  refrigerated	  under	  
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similar	   conditions,	   the	   former	   precipitated	   within	   a	   few	   weeks,	   whereas	   the	  

latter	  remained	  soluble	  and	  active,	   suggesting	   that	  dD44.1	   improved	   long-‐‑term	  

storage.	   A	   comparison	   between	   the	   crystal	   structures	   of	   D44.1	   and	   dD44.1	  

showed	   that	   the	   residues	   of	   the	   binding	   interface	   remained	   in	   the	   same	  

orientation,	   thus	   the	   affinity	   improvement	   is	   not	   due	   to	   changes	   at	   binding	  

interface	   (Fig.	   7f).	   We	   therefore	   concluded	   that	   vL-‐‑vH	   interface	   design	   may	  

simultaneously	  improve	  affinity,	  expressibility	  and	  a	  range	  of	  physical	  properties	  

related	  to	  antibody	  stability.	  

	  

Computational mutation-tolerance mapping  
	  

We	   were	   encouraged	   by	   the	   observation	   that	   Rosetta	   design	   guided	   by	   the	  

mutational-‐‑tolerance	   map	   produced	   a	   much-‐‑improved	   multipoint	   design.	   To	  

fully	   automate	   design	   of	   vL-‐‑vH	  mutants,	  we	   next	   sought	   a	   simple	   and	   general	  

computational	   strategy	   that	   would	   replace	   experimental	   mutation-‐‑tolerance	  

mapping	  by	  predicting	  which	  mutations	  in	  the	  Fv	  are	   likely	  to	  enhance	  affinity.	  

At	  each	  position	  in	  the	  Fv	  of	  D44.1	  we	  used	  Rosetta	  to	  compute	  the	  changes	  to	  

native-‐‑state	   energy	   due	   to	   each	   of	   the	   20	   amino	   acid	   mutations	   (∆∆G).	  

Furthermore,	  using	  a	  multiple-‐‑sequence	  alignment	  of	  homologous	  Fvs,	  we	  also	  

computed	  each	  mutation’s	  evolutionary-‐‑conservation	  score,	  as	  represented	  in	  a	  

Position-‐‑specific	   Scoring	   Matrix	   (PSSM).	   These	   two	   computed	   parameters	  

provide	  complementary	  predictions	  of	  mutational	  tolerance:	  the	  former	  predicts	  

the	   impact	   of	   a	   mutation	   on	   native-‐‑state	   stability	   and	   the	   latter	   eliminates	  

mutations	   that	   have	   been	   purged	   by	   natural	   selection;	   the	   use	   of	   these	   two	  

parameters	  has	  recently	  led	  to	  substantial	  improvement	  in	  design	  accuracy	  in	  a	  

variety	  of	  enzymes	  and	  antibodies	  [60,121,122].	  Notably,	  these	  two	  parameters	  

can	  be	  computed	  for	  any	  antibody	  of	  accurate	  experimental	  or	  model	  structure,	  

allowing	  us,	  in	  principle,	  to	  extend	  computed	  mutational	  tolerance	  mapping	  from	  

D44.1	  to	  any	  antibody	  Fv.	  
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Figure 8. Predicting mutational tolerance by Rosetta atomistic energy calculations 
(∆∆G) and evolutionary-conservation scores (PSSMs). (a) Systematic analysis of 
combinations of PSSM and DDG thresholds reveals a tradeoff in prediction accuracy. For 
each combination of thresholds (-10≤PSSM≤10; -10≤∆∆G ≤20 Rosetta energy units, R.e.u.), 
we computed the fraction of correctly predicted enhancing mutations (TPR) and the fraction 
of correctly predicted deleterious mutations (TNR) observed in the deep mutational scanning 
data of D44.1. (b) All (PSSM, ∆∆G) combinations are plotted with their TNR and TPR 
values, and the Pareto-optimal front is shown in orange. Several combinations of (PSSM, 
∆∆G) thresholds are indicated by blue triangles. (c) The thresholds (PSSM≥-1, ∆∆G≤1 R.e.u.) 
result in a TNR of 93% and TPR of 40%, and were used in subsequent design calculations. 
 
	  
We	   next	   systematically	   screened	   different	   combinations	   of	   ∆∆G	   and	   PSSM	  

thresholds	   to	   determine	   which	   combination	   optimally	   predicts	   enhancing	  

mutations	  as	  observed	  in	  the	  D44.1	  mutational-‐‑tolerance	  map	  (comprising	  2,294	  

point	  mutations	  relative	  to	  D44.1).	  We	  defined	  the	  prediction	  true-‐‑positive	  rate	  

(TPR)	   as	   the	   proportion	   of	   correctly	   predicted	   affinity-‐‑enhancing	   mutations	  

(above	   1.5-‐‑fold	   enrichment	   according	   to	   deep	   mutational	   scanning),	   and	   the	  

true-‐‑negative	   rate	   (TNR)	   as	   the	   proportion	   of	   correctly	   predicted	   deleterious	  

ones	  (depleted	  in	  deep	  mutational	  scanning).	  The	  resulting	  phase	  space	  of	  DDG	  

and	  PSSM	  thresholds	  reveals	  an	  expected	  compromise,	  whereby	  high	  TNR	  comes	  

at	   the	   cost	   of	   low	   TPR,	   and	   vice	  versa	   (Fig.	   8a).	   The	   likelihood	   of	   obtaining	   a	  

multipoint	  mutant	  without	  a	  single	  deleterious	  mutation	  can	  be	  approximated	  by	  

TNRn,	  where	  n	   is	  the	  number	  of	  mutations.	  Given	  the	  relatively	  large	  size	  of	  the	  

vL-‐‑vH	  interface	  (20-‐‑30	  positions),	  we	  aimed	  for	  a	  maximum	  of	  n=10	  mutations,	  

and	  therefore	  chose	  a	  relatively	  high	  TNR=93%,	  which	  implies	  that	  ~50%	  of	  the	  
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designs	  with	  ten	  mutations	  would	  not	  contain	  a	  single	  deleterious	  mutation	  (Fig.	  

8b).	   At	   this	   high	   TNR,	   the	   TPR	   is	   only	   40%,	   reflecting	   the	   challenging	  

compromise	   in	   the	   design	   of	   multipoint	   variants	   without	   introducing	   a	   single	  

deleterious	  mutation.	  We	   anticipate	   that	   in	   certain	   applications,	   such	   as	   in	   the	  

design	   of	   improved	   variants	   of	   therapeutic	   antibodies,	   a	   smaller	   number	   of	  

mutations	  may	  be	  preferred.	  In	  such	  cases,	  a	   lower	  TNR	  and	  therefore	  a	  higher	  

TPR	  may	  be	  applied,	  and	  Figure	  8c	  provides	  several	  (PSSM,	  ∆∆G)	  thresholds	  and	  

their	  effects	  on	  the	  TNR	  and	  TPR.	   Instructions	  for	   implementing	  computational	  

mutation-‐‑tolerance	  mapping	  on	  any	  antibody	  Fv	  are	  available	  as	  Supplemental	  

Data.  

 
Automated computational affinity and stability design 
	  

We	   next	   sought	   to	   develop	   a	   general	   and	   fully	   automated	   design	   protocol	   for	  

improving	   core	   packing	   at	   the	   vL-‐‑vH	   interface.	   Our	   design	   strategy,	   which	  we	  

called	   AbLIFT,	   starts	   by	   computing	   a	   mutational-‐‑tolerance	   map	   at	   the	   vL-‐‑vH	  

interface;	  then	  exhaustively	  enumerates	  all	  possible	  multipoint	  combinations	  of	  

tolerated	  mutations;	  ranks	  them	  by	  energy;	  and	  selects	   low-‐‑energy	  variants	  for	  

experimental	   testing.	   To	   test	   this	   strategy,	   we	   chose	   the	   human	   vascular-‐‑

endothelial	  growth	  factor	  (VEGF)	  targeting	  synthetic	  antibody	  G6.	  This	  antibody	  

is	  unrelated	  to	  D44.1,	  and	  is	  the	  product	  of	  laboratory	  evolution	  for	  high	  affinity	  

(KD	  ~	  1	  nM)	  [123],	  making	  it	  a	  challenging	  target	  for	  optimization.	  

	  

The	   computed	   mutational-‐‑tolerance	   map	   for	   the	   30	   positions	   at	   the	   vL-‐‑vH	  

interface	  of	  G6,	  defined	  26	  affinity-‐‑enhancing	  mutations	  in	  11	  positions	  (Fig.	  9a).	  

By	  combining	  all	  possible	  identities	  at	  all	  positions,	  we	  found	  that	  the	  tolerated	  

sequence	  space	  was	  203,835	  unique	  multipoint	  mutants.	  AbLIFT	  modeled	  these	  

multipoint	   mutants	   in	   Rosetta,	   minimized	   each,	   and	   ranked	   the	   mutants	  

according	  to	  Rosetta	  energy.	  109,378	  (53%)	  of	  the	  variants	  exhibited	  energies	  as	  

favorable	  as	  or	  better	  than	  the	  G6-‐‑bound	  antibody.	  Thus,	  although	  the	  exhaustive	  

enumeration	   of	   this	   large	   number	   of	   mutants	   is	   computationally	   demanding	  

(approximately	   6,000-‐‑CPU	   hours),	   the	   very	   large	   number	   of	   potentially	  

improved	   designs	  makes	   a	   compelling	   case	   for	   exhaustive	   enumeration	   of	   the	  



	   35	  

tolerated	  sequence	  space.	  Furthermore,	  the	  computed	  mutational-‐‑tolerance	  map	  

focuses	   exhaustive	   enumeration	   on	   a	   computationally	   tractable	   subset	   that	   is	  

likely	  to	  contain	  improved	  variants	  within	  the	  astronomically	  large	  hypothetical	  

sequence	  space	  of	  mutants	  at	  the	  vL/vH	  interface	  (2030=1039	  unique	  sequences).	  	  

	  
	  
Figure 9: Stable variants of an antibody through fully automated vL-vH interface design using 
AbLIFT. (a) All 30 positions at the vL-vH interface of the anti-VEGF antibody G6 (spheres) were 
subjected to computed mutational tolerance mapping, and 11 positions exhibited potentially improving 
mutations (orange). (b) G6 and 18 low-energy designs, each encoding 4-10 mutations relative to G6 
(number of mutations is indicated above the bars) and at least three relative to one another were tested 
for binding using yeast display following incubation with human VEGF at 8 nM concentration. (c) SPR 
analysis of solubly expressed Fabs of G6 and designs dG6.1 and dG6.13 demonstrated faster binding 
on-rate of VEGF (ka=3.27 * 105 M-1s-1 and 5.3 * 105 M-1s-1, respectively, compared to 2.3 * 105 M-1s-1 
for G6). dG6.13 also improved binding off-rate (kd=3.2 * 10-5 s-1 compared to 6 * 10-5 s-1), resulting in 
an improved dissociation constant (KD=60 pM compared to 330 pM). (d) Thermal denaturation 
experiments exhibited an increase in apparent Tm of 19°C in both designs relative to G6.  (e) The 
apparent temperature of aggregation onset of the two designs increased by 6°C relative to G6. (f) 
Selected mutations in dG6.13 relative to G6 (gray). (left) A backbone rigidifying mutation to Pro; 
(right) a designed network of polar interactions across the vL-vH interface.  
  
	  
We	  clustered	  the	  designs,	  eliminating	  ones	  that	  had	  fewer	  than	  three	  mutations	  

relative	   to	   one	   another	   or	   the	  G6	   antibody,	   and	   selected	   the	   18	   lowest-‐‑energy	  

designs	   for	   experimental	   testing.	   The	   designs	   were	   first	   analyzed	   using	   yeast	  

display,	  and	  their	  binding	  signal	  relative	  to	  the	  G6	  antibody	  was	  measured	  at	  8	  

nM	   concentration	   using	   fluorescence-‐‑activated	   cell	   sorting	   [45]	   (Fig.	   9b).	  
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Encouragingly,	   five	  designs	  showed	  comparable	  or	  higher	  binding	  signal	  at	  this	  

concentration.	  The	  top	  two	  designs,	  dG6.1	  and	  dG6.13,	  were	  expressed	  as	  Fabs	  

and	  their	  affinities	  for	  VEGF	  were	  determined	  using	  SPR	  (Fig.	  9c).	  Both	  designs	  

improved	   binding	   on-‐‑rate,	   and	   dG6.13	   also	   improved	   the	   off-‐‑rate.	   The	   designs	  

also	   exhibited	   substantial	   improvements	   in	   thermal	   stability	   and	   the	  

temperature	  of	  aggregation	  onset	   (19oC	  and	  6oC,	   respectively)	   (Fig.	  9d	  and	  e).	  

We	  examined	  the	  model	  structure	  of	  dG6.13,	  which	  comprises	  six	  mutations	  at	  

the	   vL-‐‑vH	   interface	   relative	   to	   G6,	   finding	   that	   the	   mutations	   were	   likely	   to	  

improve	  the	  interface	  through	  backbone	  rigidification	  and	  the	  introduction	  of	  a	  

new	  buried	  polar	  hydrogen-‐‑bond	  network	  (Fig.	  9f).	  Such	  intricate	  networks	  are	  

not	  commonly	  observed	  in	  conventional	  antibody	  affinity-‐‑maturation	  processes,	  

which	   accumulate	   mutations	   that	   are	   individually	   beneficial	   in	   a	   stepwise	  

fashion;	  buried	  hydrogen-‐‑bond	  networks	  are	  also	  considered	  a	  major	  challenge	  

for	   computational	   protein	   design	   [124,125].	   Thus,	   AbLIFT	   leads	   to	   large	  

improvements	  in	  expressibility,	  thermal	  stability,	  and	  aggregation	  resistance	  and	  

to	   a	   modest	   improvement	   in	   affinity,	   including	   in	   an	   antibody	   that	   was	   the	  

product	  of	  experimental	  affinity	  maturation.	  
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(Manuscript in preparation) 

Bridging the Gap: Design of a high-affinity inhibitor of the Plasmodium falciparum 

invasion protein RH5 

 

High resolution tolerance mapping for the human receptor basigin 

To study the effect of single point mutations on the binding affinity of soluble basigin 

and RH5 we selected 60 positions for deep mutational scanning. The positions 

covered the entire binding interface and additional positions at the second shell (Fig. 

10a).  

 
Figure 10. a. Basigin (cartoon) and RH5 (surface) structure (pdb: 4U0Q), where the first 
binding shell positions that were tested in deep mutational scanning on basigin are colored in 
orange. b. Schematic representation of the experimental method. 60 positions were selected 
for single point PCR mutagenesis. The PCR products were transformed to yeasts and the top 
15% and expressed population were selected for deep mutational scanning and the fold 
enrichment values were calculated for each point mutation. c. Deep mutational scanning map 
(improving binding mutation is colored in blue and depleted in red) shows that most positions 
do not increase binding affinity and only 9 of 60 positions increase binding. 
 

Soluble basigin (amino acids positions 23-203) was cloned into pETCON vector and 

mutations were introduced using NNS primers following RF cloning. Wt and single 

point mutants were then transformed into the yeast cells for yeast display screening 

[45]. Following incubation with biotinlyted-RH5 we isolated the top 15% mutants 

high binders (at 725nM concentration), and as a reference, for basigin expression. The 
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plasmids of the basigin library were purified, PCR-amplified, and subjected to 8.4M 

deep-sequencing reads. We then determined the enrichment ratio for each mutant 

relative to wt basigin and the reference population (Fig. 10c). 

⅕ of single point mutations were enriched (by threefold) compared to wt basigin. 

These single affinity improving mutations occurred in 13 positions and comprise 34 

identities.    

Increasing binding affinity following deep mutational scanning data usually 

comprises additional rounds of cloning, error-prone PCR and multiple rounds of 

sorting [74]. Here we used the mutational tolerance map (Fig. 10b) to select a 

confined set of mutations to guide Rosetta sequence design (table 1). We started by 

defining 9 positions, with identities above threefold enrichment, and used Rosetta to 

find the best mutant from a combinatorial space of 90,720 sequences. We noticed that 

when the wild-type identity was present as one of the allowed identities, there was no 

convergence in the resulted designs and only a small number of mutations was 

introduced. To overcome that, we eliminated the wild-type identities from the 

sequence space in 6 out of 9 positions, thus, reduced Rosetta sequence space to 

10,800 combinations. We then selected one design for experimental characterization. 

This design will be referred as Sept from here on. 

Position 26 29   30 98 100 102 129 164 190 

WT V T V N Q H E Q S 

Allowed 
for 

design 

I RNSGA LAV MAC
RN 

AVILMR FY GE IF RQM 

Sept I S A N I Y E F Q 

	    
Table 1: positions and identities for a computational design. The combinatorial space in the 
row allowed for design was tested in Rosetta and the best scored design is Sept. The 
mutations in Sept are colored in blue. 
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Designed basigin with 2,500-Fold Higher binding affinity towards RH5 

  

The mutations in Sept, demonstrate how binding affinity was improved (Fig. 11a). 

Position 102 is located on a linker between the two basigin domains that is directly 

involved in binding. H102Y mutation (fold enrichment: 5) along with Q100I (fold 

enrichment: 9.5) shows better packing with RH5 than observed in wt basigin. In 

addition, a new hydrogen bond between Sept and RH5 also increase binding affinity 

(Figure 2a). 

  
Figure 11. a. Structural characteristics illustrate how the substitutions in the positions 
that were suggested by the deep sequencing data improve binding by several key 
principles such as improved packing and formation of a new hydrogen bond between 
host (Sept basigin) and the pathogen (RH5) proteins. b. SPR measurements of wt 
basigin and Sept. There is a significant difference in the binding affinity and 
dissociation rate c. Melting curves for wt basigin and Sept show that both are stable at 
37°C. 
  

We expressed and purified Sept and wt basigin and tested the binding affinity and 

kinetics using surface-plasmon resonance (SPR). Strikingly, we found that binding 

affinity was improved by 2,500-fold (KD of 2µM versus 0.8nM for wt basigin and 

Sept, respectively) with a 2,000-fold slower dissociation rate (1.34*10-1s-1 for wt 

basigin versus 6.4*10-5s-1 for Sept). This astonishing result holds the potential of 

keeping the parasite for a longer period of time in the blood stream, thus, giving an 

opportunity for the immune system to neutralize it. 

Invasion assays are performed in 37°C, so beforehand we measured the melting 

temperature of Sept in PBS buffer to make sure it is stable. We found that the Tm is 

50°C compared to 55°C (Fig. 11c). This means that during the design process we 
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compromised stability a bit, however, this variant is still highly stable and can be 

tested in-vivo.  

 

Invasion assays demonstrate the potential of Sept as a decoy 

 

We first tested the effect of Sept and wt basigin on the parasites by measuring the 

parasitemia levels using FACS [97]. The effect of the soluble protein (wt or Sept) was 

tested in 3 concentrations: 10µM, 1µM and 10nM on the culture of malaria-infected 

erythrocytes and the parasitemia levels were measured during the invasion time. The 

effect is more pronounced after two invasion cycles. While treatment with 1µM wt 

basigin shows no effect, the parasitemia level decreases with 1µM Sept (same effect 

as 5µM wt basigin). Interestingly at 5µM Sept the parasitemia level was reduced by 

6-fold. Moreover, suspecting the blood under the microscope revealed that all 

parasites, treated with Sept, switched to gametocytes, which is a death fate for the 

parasite, whereas the wt basigin did not show this phenotype (Fig. 12a). Next, we 

tested the direct effect on invasion by adding merozoites to red blood cells that were 

pre-treated with Sept or wt basigin, Sept was slightly more potent in invasion 

inhibition (Fig. 12b). 

  
	  	  
Figure 12. Inhibition assays show how the parasite growth is affected by different proteins. 

a. Infecting RBCs with parasites and monitoring the parasitemia levels during 2 invasion 
cycles, shows that with 5uM Sept, the parasitemia levels decrease drastically. In 1uM Sept the 
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parasitemia level also decreases to the same level as with 5uM WT. A blood smear shows that 
in the non-treated cells, there are parasites, while they are dead in 5uM Sept concentration.  
b. A direct invasion assay shows that Sept inhibits invasion compared to the positive control 
treated cells.P.falciparum merozoites were isolated and added to RBC in the presence of 
normal basigin or Sept. The experiment was performed in triplicate. Both inhibit invasion, 
with Sept slightly more potent. c. Growth inhibition assays (GIA) show that fast on rate is 
crucial to invasion inhibition.	   High concentrations of Sept are necessary to inhibit the 
parasite’s growth. 
  

Finally we performed a growth inhibitory assay (GIA), to asses the inhibitory effect 

of Sept compared to wt basigin and 3 antibodies [60], that were previously 

characterized as invasion inhibitors that hinder the basigin-RH5 interaction  (Fig 12c). 

In agreement with the previous experiments, Sept was more potent compared to wt 

basigin (IC50 of 50µM for wt basigin and 5µM for Sept) but not effective as the 

antibodies, where the difference from the best antibody 2AC7 stands on 100-fold.  

 

This result changed our point of view on the mechanism of inhibition. While our 

working hypothesis was to slow down the dissociation rate, the antibodies 

demonstrated that it would be more effective to increase the on-rate. Since the 

overshoot of the binding affinity improvement came from the off-rate we find it 

amenable to increase the on-rate on the expense of a minor reduction in the off-rate. 
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Discussion 
 

The work presented here has a direct biological application and also an impact on the 

field of computational protein design. From the biological aspect, we developed a 

fully automated computational algorithm to improve antibody properties such as 

affinity, expressibility, stability and aggregation resistance. In addition, we presented 

a promising starting point for a drug against malaria, where the rationale could be 

implemented for any host-pathogen interaction. From the computational design 

aspect, we have used deep mutational scanning data to define for Rosetta, our 

computational tool, the “tolerated” sequence space – that is, the space of single-point 

mutations that are likely to result in folded and active protein. We learnt that the 

entire tolerated space should be sampled in order to overcome a fundamental problem 

in design of backbone memory. This strategy is now being used in the lab for 

generating promiscuous enzymes, increasing binding affinity of protein-protein 

interaction and as described here, for improving the core packing of antibodies. This 

is the first time, to our knowledge, where deep mutational scanning is not used to 

solve a specific biological question, but rather used to learn new rules for design of 

function.   

 

Fuzzy-logic language defines the ground rules for tradeoffs in proteins 

 

The evolution of a biological macromolecule is subject to selection pressures that bear 

on intrinsic physical properties, such as stability, binding affinity, specificity, and 

activity. In the fuzzy-logic paper we presented a framework for encoding each 

physical constraint in separation based on the equilibrium-thermodynamic concept of 

fractional occupancy of the target state in the ensemble of states. In the example of H-

RAS multispecificity design a large number of properties, encoding ten different 

constraints on molecular stability and binding affinity, were combined using Boolean 

operators to recapitulate sequences and conformations observed in nature. By only 

changing the objective function yet without changing the underlying optimization 

algorithm, competition with alternative states can also be modeled, as seen in 

specificity-switch modeling. The result is a general language for encoding different 

physical traits, including ones that exhibit complex tradeoffs with one another, as 



	   43	  

logical expressions, which can be translated into a numerical objective function for 

optimization. In reality, the tradeoff between different physical properties extends 

beyond purely thermodynamic properties and also involves kinetics [126]; where 

structural data are available on kinetic intermediates, kinetic constraints too can be 

modeled using the same framework, as could other important properties such as 

selectivity. 

Not all evolution is explained within the context of optimality and adaptation [127]; 

yet when the physical constraints selecting biomolecules and the biomolecules’ 

structures are known, the Fuzzy-logic system can be useful for their analysis and the 

design of novel biomolecules with desired functions. The design of rewired signaling 

and metabolic networks [128], for instance, inevitably invokes complex tradeoffs 

between affinities for different molecules that can be encoded within the framework 

presented here. Recent advances in the application of deep sequencing to libraries of 

natural protein variants [129,130] and to mutants in vitro selected for complex 

combinations of physical features, including stability, binding, and specificity profiles 

[36,38,67,69,131] are generating datasets comprising thousands of mutants, which 

relate sequence changes to function at unprecedented resolution and coverage. The 

fuzzy-logic design framework described here can be used to test hypotheses relating 

sequence, structure, and energetics to function and fitness using these empirical data, 

ultimately leading to a better understanding and ability to manipulate the multiple 

physical properties and tradeoffs that underlie biomolecular function and constrain 

molecular evolution. More broadly tradeoffs in biology extend beyond the molecular 

level to the evolution of organism phenotypes [132]; the use of sigmoid functions to 

represent the levels at which individual traits reach sufficiency, and fuzzy-logic to 

integrate these into optimization objective functions that resemble natural language 

could be generalized beyond the molecular level we explored here. 

	  
We developed Fuzzy-logic language as a tool for modeling the physical traits that 

define binding and stability in proteins. There are several papers that present high 

throughput data on protein systems that address fitness effects [133] and protein 

behavior within cells [134], however they do not address basic biochemical properties 

of stability and binding, as we framed in the fuzzy logic algorithm. In order to expand 

our view of design of function, we used an experimental tool of deep mutational 

scanning in two distinct systems, where we aimed to define new rules for design.  
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AbLIFT leads to a better understanding of antibodies assembly 

	  

Deep mutational scanning is a widely used technique for increasing binding affinity in 

proteins. In most cases, this technique is used to guide a constrained sequence space 

for additional rounds of experimental displays that result in high affinity variants [67–

73]. Despite the impressive successes, no one has used this high-throughput data to 

learn new rules for rational design and this laborious procedure is repeated again and 

again for various biological systems.  

Here, we generated high quality deep mutational scanning data for an antibody 

against lysozyme (D44.1), such that sequences with less than 100 reads in the 

reference population were eliminated from analysis. This reliable data allowed us to 

guide Rosetta design towards a fully computational tool of affinity-matured 

antibodies. We trained Rosetta to distinguish between beneficial and deleterious 

mutations by tuning the thresholds for structural constraints (∆∆G) and sequence 

conservation (PSSM). 

While most experimental and computational techniques for improving antibody 

affinity focus on the paratope, the antigen-binding site and the complementarity-

determining regions (CDRs) [53], we found it intriguing to look on a region that is at 

the vL/vH interface. This region was previously described as important for structure 

preservation, folding yields and stability which altogether affect binding affinity [43]. 

In addition, this region does not involve the binding interface so we reason that both 

specificity and immunogenicity should remain as the wild-type antibody.   

We designed the vL/vH interface of the antibody against VEGF (G6) that was 

generated through phage display and was already a high affinity binder (KD=360pM), 

making this a challenging system. We saw that 5 out 18 tested designs resulted in 

higher binding affinity on YSD experiment. We expressed and purified two of them 

as Fabs and were encouraged to find that one design gained improvement in the 

association rate where in the second both kinetic measurements (association and 

dissociation rates) were improved. Thus, our computational algorithm captures 

different kinetic affinity improvements that could be selected for what is suitable in 

the relevant biological system. We have shown that the designed antibodies are less 

prone to aggregation and last but not least found that the designed IgGs resulted in 
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higher expression levels compared to the wild-type antibodies. All of the above led us 

to suggest a model (Fig. 13).  

	  
Figure 13: Schematic model of antibodies demonstrates how improved packing in the 
vL/vH interface increase binding affinity and stability. 
 
In our hypothesized model, the Fab is in equilibrium with a less favorable semi 

assembly state. This state is in equilibrium with the misfolded state, which results in 

an irreversible aggregation. In our design we shift the first equilibrium towards the 

packed form of the antibody, thus kinetically stabilizing it.  

Antibodies are routinely used in diagnostics and therapy. AbLIFT therefore holds 

promise for improving commercially used antibodies for both lower dosage and 

longer life-shelf. In addition, we proposed a model for antibodies assembly that 

should be characterized in future research. 

	  

Host-pathogen interaction could be compromised by manipulating the host protein        

	  
Many human pathogens use host receptors to attach to cells and to invade them [81]. 

Often, host-pathogen interaction affinity is low, presenting opportunities to block 

invasion by a soluble, high-affinity variant of the host protein.  We used Plasmodium 

falciparum RH5 protein as prime example: it is highly conserved, and its interaction 

with the human receptor basigin is essential for red-blood cell invasion, but is weak 

(KD>1 µM). We used deep mutational scanning of human basigin to isolate mutations 

that individually enhance basigin affinity for RH5. We then used Rosetta to design a 

variant of basigin within the sequence space of affinity-enhancing mutations. This 

design exhibited 2,500-fold higher affinity (KD<1 nM), with a very slow binding off 
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rate (half-life is 3 hours). The designed protein also showed tenfold enhanced growth-

inhibitory concentration relative to basigin. Further gains in growth inhibition will 

likely demand faster binding kinetics, and the designed protein provides an excellent 

starting point for additional engineering. Such designed inhibitors may provide 

therapeutic advantages over antibodies, since they bind to the essential surfaces on the 

target pathogen proteins, constraining the emergence of resistance mutants.  

Interestingly by using the same protocol as described above for calibrating ∆∆G and 

PSSM for a guided Rosetta design resulted in similar thresholds. This lay the 

groundwork for implementing a rational computational design to compute designs 

with different kinetic affinity properties.  
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Experimental procedures 
Fuzzy-logic  

 

Sequence optimization 
 

For both multispecificity and orthogonal-specificity design we start from wild-type 

complexes of solved molecular structure, relaxed using procedures described in 

Supplemental Experimental Procedures, and compute the binding and stability energies 

of each component in the natural system. For each design objective the o and s 

parameters of the fractional-occupancy equation (Eq. 6) are computed to reflect the 

desired energies of each modeled state (see Results and Supplemental Experimental 

Procedures). Each design task is assigned a different objective function (e.g., Eqs. 9 and 

10) to reflect its unique biomolecular constraints. We then select a set of interface 

residues for stochastic sequence optimization. At each step of the optimization trajectory 

a single position is chosen at random out of the set of positions allowed to optimize 

(including on both sides of the interface in the case of orthogonal-specificity design), and 

a substitution to a randomly chosen identity is introduced in all modeled protein states 

(i.e., unbound for stability calculations, and bound to each of the partners in the case of 

binding calculations); each state is then subjected to the same energy-relaxation protocol, 

including combinatorial sidechain packing and sidechain and rigid-body minimization. 

All energies are computed with the Rosetta all-atom energy function, which is dominated 

by contributions from van der Waals packing, hydrogen bonding, and solvation [135]. A 

new state is accepted subject to the Metropolis criterion and the mutation and selection 

process is repeated. Additional implementation details are provided in Supplemental 

Experimental Procedures, including complete RosettaScripts [136] and execution 

instructions for each design task. 

 

Binding and stability calculations 
 

Binding energies are computed as the difference in system energy between the bound 

repacked model and the repacked monomers when taken apart from one another, and are 

substituted for x in Eq. 6 to produce the bound fractional occupancy (B in Equations 7-
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10). Monomer stability is the system energy of the monomer in its bound conformation 

but dissociated from the ligand, and is likewise substituted for x in Eq. 6 to produce the 

folded fractional occupancy (S in Equations 7-10). For example, B(H-RASpartner*,partner) 

of Eq. 9 is the fractional occupancy as a function of the binding energy of the H-RAS 

mutant for its partner and S(H-RASpartner*) is the fractional occupancy as a function of the 

stability of the H-RAS mutant monomeric form modeled on the backbone observed in the 

partner-bound molecular structure. 

 

Antibodies and Malaria 

 
Library construction for yeast display 
 

Forward and reverse primers were generated for all chosen positions on the protein 

(135 positions for the antibody against lysozyme and 60 for basigin) as described in 

[137] Briefly, forward and reverse DNA oligos of lengths 40–85 base pairs, were 

designed such that the central codon is replaced by the degenerate codon NNS, where 

N is any of the four nucleotides (ATGC) and S is G or C, encoding all possible 

natural amino acids. Resulting primers were ordered from Sigma (Sigma-Aldrich, 

Rehovot, Israel). Each pair of oligos was then cloned into the wild type (90ng of 

pETCON plasmid with wild-type scFv of the antibody against lysozyme or basigin) 

by restriction-free (RF) [137].  

 
PCR program: 
95 degrees 3’ 
98 degrees 20’’ 
60 degrees 15’’ 
72 degree 7’ 
repeat steps 2-4 17 times 
72 degrees 7’ 
4 degrees forever 
 
Next, the PCR product of each position was transformed into yeast (EBY100 cells) 

and plated on SD-trp plate{nature protocols}. Plates with more than 400 colonies 

were scraped with 1ml SDCAA (20 g dextrose, 6.7 g Difco yeast nitrogen base, 5 g 

bacto casamino acids, 5.4 g Na2HPO4, 8.56 g NaH2PO4*H2O, in 1L H2O, sterilized 

by filtration), 50ul were added to 5ml SDCAA tube and cells were then grown at 30 

degrees over night. Next, all point mutations were combined to 6 (antibody against 

lysozyme) or 4 (basigin) tubes, such that each tube holds a different point mutations 
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set that spends no more than 130bp due to deep mutational scanning threshold (150bp 

reads). This way, other amino acids that were not sequenced are wild type identities. 
 

Yeast surface display selection for libraries 

 
Yeast-display experiments were conducted essentially as described [45]. 

Yeast cells were grown in selective medium SDCAA over-night at 30°C. From the 

over-night culture, another 1ml culture in 5ml SDCAA was inoculated and grown at 

30°C to OD(600)=0.6. The cells were then harvested and resuspended in 10ml 

induction medium (SG/RCAA: 20g galactose, 20 g raffinose, 6.7 g Difco yeast 

nitrogen base, 5 g bacto casamino acids, 5.4 g Na2HPO4, 8.56 g NaH2PO4*H2O, in 

1 L H2O, sterilized by filtration) and incubated at 20°C for 20 h. 

107 cells were then used for yeast-cell surface display experiments: Cells were 

harvested, washed twice in ice-cold PBS-F (1 g bovine serum albumin, 100 ml 

Dulbecco’s phosphate buffered saline X10, in 1 L H2O, sterilized by filtration), and 

subjected to primary antibody (mouse monoclonal IgG1 anti-c-Myc (9E10) sc-40, 

Santa Cruz Biotechnology) for expression monitoring and biotinylated ligand at the 

desired concentration (90nM lysozyme or 725nM Rh5) in PBS-F for 30 min at room 

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

staining with fluorescently labeled secondary antibody (AlexaFluor488 - goat-anti-

mouse IgG1 (Life Technologies) for scFv labeling, Streptavidin-APC 

(SouthernBiotech) for ligand labeling) for 10 min at 4°C. After another wash in ice-

cold PBS-F, the cell fluorescence was measured and cells were collected under 

sorting conditions of varying stringency. The gating for  (i) expressed cells, (ii) top 

15% binders, (iii) top 50% binders and (iv) top 90% binders were set according to the 

wild type protein (antibody against lysozyme or basigin) and were applied on the 

library constructs. Following FACS sorting, cells were grown in SDCAA for 1-2 days 

and plasmids were extracted using Zymoprep Yeast Plasmid Miniprep II kit (Zymo 

Research). 
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Deep sequencing preparations 
 
DNA	  preparation 
In	   order	   to	   connect	   the	   adaptors	   for	   deep	   sequencing,	   the	   plasmids	   extracted	  

from	  the	   libraries	  were	  amplified	  using	  Phusion	  High-‐‑Fidelity	  DNA	  Polymerase	  

(ThermoFisher)	  using	  a	  two-‐‑step	  PCR.	  

PCR 1:  
(the barcode sequence is indicated in red) 

D44.1 antibody against lysozyme: 
>forward (seg1):  
CTCTTTCCCTACACGACGCTCTTCCGATCTAGGGTCGGCTAGCCATATG 
>forward (seg2):  
CTCTTTCCCTACACGACGCTCTTCCGATCTGGATCGAATGGGTTAAACAACGT 
>forward (seg3):  
CTCTTTCCCTACACGACGCTCTTCCGATCTACACCTCCTCTAACACCGC 
>forward (seg4):  
CTCTTTCCCTACACGACGCTCTTCCGATCTCTGGTGGCGGTGGCTC 
>forward (seg5):  
CTCTTTCCCTACACGACGCTCTTCCGATCTGCCGTGCGTCTCAGTCTATT 
>forward (seg6):  
CTCTTTCCCTACACGACGCTCTTCCGATCTCCATCTCGTTTCTCCGGC 
>reverse:  
CTCTTTCCCTACACGACGCTCTTCCGATCTGGATCGAATGGGTTAAACAACGT 

 
Basigin: 
>forward (seg1):  
CTCTTTCCCTACACGACGCTCTTCCGATCTAGGGTCGGCTAGCCATATG 
>forward (seg2):  
CTCTTTCCCTACACGACGCTCTTCCGATCTGCCGGGTCAGAAAACCGAA 
>forward (seg3):  
CTCTTTCCCTACACGACGCTCTTCCGATCTATCCAACTGCACGGTCCG 
>forward (seg4):  
CTCTTTCCCTACACGACGCTCTTCCGATCTGGTTCCGAATCTCGTTTCTTTG 
>reverse: 
CTGGAGTTCAGACGTGTGCTCTTCCGATCTCATCTACACTGTTGTTATCAGATCT 
 
 
Protocol for PCR1: 
 
dNTPs (2mM)- 2ul 
5XHF-  4ul 
Phusion-  0.5ul 
DNA-  2ul (from zymoprep II- column) 
fr 10uM - 1ul 
rev 10uM -  1ul 
DDW -  up to 20ul 
 
 
PCR program pcr1: 
98 30’’ 
98 10’’ 
56 30’’ 
72 30’’ 
Go to step2 30 times 
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72 5’ 
10 forever 
 
The PCR product from each population (Expressed; 15%; 50% and 90% for each 6 or 

4 segments of D44.1 antibody against lysozyme and basigin respectively) were 

cleaned using Agencourt AMPure XP ( Beckman Coulter, Inc.) and 1ul from a 1:10 

dilution was taken to the next PCR step for index labeling using KAPA Hifi DNA-

polymerase (Kapa Biosystems, London, England): 

 
>forward 
AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGC 
>reverse <index>  
CAAGCAGAAGACGGCATACGAGAT <index>GTGACTGGAGTTCAGACGTGTGC 
 
15% - index -10F - CAATAGTC 
50% - index -3B - TCTGGCGA 
90% - index -9B - CTAACTCG 
Expressed - index-1H - TTGAGCCT 
 
PCR2: 
Reaction mix:  
25ul Kapa mix 
1ul DNA 
4ul forward and reverse indexing primers 
20ul ddw 
 
PCR program PCR2: 
98 30’’ 
98 20’’ 
69 15’’ 
72 4’’ 
Go to step2 13 times 
72 30’’ 
10 forever 

All the primers were ordered as PAGE-purified oligos. The concentration of the PCR 

product was measured using Qu-bit assay (Life Technologies, Grand Island, New 

York). 

Deep-sequencing runs 

DNA samples were run on an Illumina MiSeq using 150-bp paired-end kits. The 

FASTQ sequence files were obtained for each run and customized python scripts 

were used to generate the selection heat maps from the data. Briefly, the script starts 

by translating the DNA sequence to amino acid sequence; it then eliminates 

sequences that harbor more than one amino acid mutation relative to wild type and 

also sequences where their QC is smaller than 30. Then counts each variant in each 
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population; and eliminates variants with fewer than 100 counts in the reference 

population (to reduce statistical uncertainty).  

Sequencing analysis 

To derive the mutational landscapes we compute the frequency Pi,j of each mutant 

relative to wild-type in the selected and reference pools, where i is the position 

and j is the substitution, relative to wild-type: 

(1)   𝑃𝑖,𝑗 =
𝑐𝑜𝑢𝑛𝑡𝑖,𝑗

𝑐𝑜𝑢𝑛𝑡𝑤𝑖𝑙𝑑	  𝑡𝑦𝑝𝑒
 

where count is the number of reads for each mutant. The selection coefficients are 

then computed as the ratio 

2 	  𝑆𝑖,𝑗 =
𝑃𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑
𝑖,𝑗

𝑃𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
𝑖,𝑗  

 
where selected refers to the selected population (15% ,50%,90% binding population) 

and reference refers to the reference population (Expression). The resulting Si,j values 

are then transformed to enrichment fold values by: 

  
	  	  	  	  	  	  	  	  	   3 	  𝐸𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡	  𝑓𝑜𝑙𝑑 = −ln( 𝑆`,a) 

 
Fabs production and purification  
 

1)   For SPR measurements: 

BL21 cells were transfected with RH2.2 plasmid containing the light chain 

following the heavy chain with frameshift (heavy chain fused to C-terminal 

His tag). The cells were grown at 37ºC and when they reached O.D 0.6, 1mM 

IPTG was added and cells were moved to 20ºC. After 20h the culture was 

harvested and the pellet was frozen at -20 ºC. Next, cells were sonicated in 

pulses of 30 seconds on and off cycles for 6 minutes. Following sonication 

cells were centrifuged and the supernatant was loaded on 1ml talon column 

(GE Healthcare).   

The column was washed with buffer A and eluted with buffer B 

(Buffer A: 20mM phosphate buffer 150mM NaCl pH 6.2 

Buffer B: 20mM phosphate buffer 150mM NaCl, 150mM Imidazole pH 6.2). 
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Next, the protein was purified by gel filtration on superdex 200 column with 

buffer 20mM Hepes, 50mM NaCl pH 7. 

 

2)   For crystallization of Des_Lys: HEK293T cells in suspension were co-

transfected with the heavy and light Fabs (heavy chain fused to C-terminal His 

tag) using linear PEI as a transfection reagent. 6 days post transfection the 

medium was collected (500ml). The filtered medium was concentrated to 

200ml using a diafiltration device (QuixStand Benchtop System, GE 

Healthcare). The medium composition was exchanged to buffer containing 

20mM Tris pH 8.0 and 150mM NaCl using the same device. This was loaded 

on 5ml Nickel column. The column was washed with buffer A and eluted with 

buffer B (Buffer A: 20mM Tris pH8, 150mM NaCl, 10mM Imidazole. Buffer 

B: 20mM Tris pH8, 150mM NaCl, 250mM Imidazole). Next, the protein was 

purified by gel filtration on superdex 200 column with buffer 20mM Hepes, 

50mM NaCl pH 7. 

3)   For nanoDSF experiments (production of D44.1 and VEGF antibodies (G6, 

Des1_vegf and Des13_vegf): adherent HEK293T cells were co-transfected 

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

linear PEI as a transfection reagent. 3 days post transfection the medium was 

collected (250ml). and the same procedure as described above (in 2) was 

applied.  

 
Basigin and Sept production and purification 
	  
After transformation of E. coli strain Origami B(DE3) with recombinant vector pet21 

H-Tev, the bacteria were grown overnight in 30 ml LB broth (with 100 mg/ml 

ampicillin) at 37ºC. This overnight culture was used to inoculate 3L of fresh LB 

medium. 

Cells were grown at 37ºC with shaking at 250 rpm. When the culture OD600 reached 

0.6, protein expression was induced by adding 1M IPTG to a final concentration of 

0.2mM (1mM for wt basigin).The culture temperature was reduced to 16ºC (20ºC for 

wt basigin). following induction. After additional ~20h cultivation, cells were 

harvested by centrifugation at 5000 rpm for 30 min and the pellet was freezed at -

20ºC. Cells were sonicated at 20 mM HEPES pH 7.5 and 150 mM NaCl, following a 
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centrifugation at 20,000g for 1hour. Next, the supernatant was loaded on nickel 

gravity column, washed with 20 mM HEPES pH 7.5 ,150 mM NaCl and 20mM 

imidazole and eluted with 20 mM HEPES pH 7.5, 150mM NaCl and 300mM 

imidazole. The eluted sample wad dialyzed over night at 4ºC in 20 mM HEPES pH 

7.5, 150mM NaCl. To remove the His-tag we added Tev-His at 4ºC over night. At the 

following day the protein with Tev-His was loaded on nickel gravity column, and 

eluted with 20 mM HEPES pH 7.5 ,150 mM NaCl and 20mM imidazole. A final 

purification step was loading the protein on gel filtration column Hiload 26/260 

superdex 75 PG. 

 
Apparent Tm measurements 
	  
The apparent melting temperature of the antibodies was determined by nanoDSF 

(nanoTemper), a label free method. Briefly, in this technique the binding fluorescence 

of tryptophan is monitored during a thermal gradient, in which the protein undergoes 

unfolding which leads to changes in the fluorescence intensity.  

Fabs were diluted to 0.2mg/mL (in 20mM Hepes, 50mM NaCl, pH 7 for lysozyme 

antibodies and in 20mM Hepes, 150mM NaCl, pH 7.5 for VEGF antibodies . The 

temperature was ramped from 25°C to 100°C at 0.05 ºC/s. The maximal fluorescence 

occurred at 60°C for D44.1, at 76°C for Des_Lys. 64°C for G6 , 82.5°C for 

Des1_vegf and 83°C Des13_vefg respectively. 

 
NanoDSF for aggregation onset measurements 
 
The aggregation onset temperature of the antibodies was determined by nanoDSF 

(nanoTemper), at the same conditions, as described above for apparent Tm 

measurements.  

Briefly, in this technique the instrument can detect changes in the colloidal stability 

and temperature-induced aggregation by monitoring the backreflection intensity of a 

light beam that passes the sample twice.  

 
Surface-plasmon resonance 
 
SPR experiments on the Fabs and RH5 binders were carried out on a Biacore T200 

(GE Healthcare) at 25°C with HBS-N EP+ (10mM HEPES, 150mM NaCl, 3mM 

EDTA, 0.005% 
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v/v Surfactant P20, pH 7.4). For binding analysis, 1000 response units (RU) of 

Rh5, lysozyme or VEGF were captured on a CM5 sensor chip. Samples of different 

protein concentrations [Basigin: 8uM, 4uM, 2uM, 1uM, 0.5uM, 0.25uM, 0.125uM, 

0.0625uM. Sept: 111nM, 37nM, 12nM, 4nM, 1.4nM, 0.15nM. Fabs against 

lysozyme,D44.1:333nM,111nM,37nM,12.3nM,4.11nM,1.37mM,0.45nM, 

Des_Lys:37nM,12.3nM,4.11nM,1.37nM,0.45nM, Fabs against vegf: 12 

concentrations, starting from 100nM in 2-fold dilutions] were injected over the 

surface at a flow rate of 30 l/min for 240 s (Fabs) or 500s (basigin) and the chip 

washed with buffer for 2000s. Surface regeneration was performed with the injection 

of 4M Urea (Sept), 10mM NaOH (all vegf antibodies) and 50mM NaOH (Des_Lys) 

at a flow rate of 30 ul/min. One flow cell contained no ligand and was used as a 

reference. The acquired data were analyzed using the device’s software using kinetic 

fits.  

 
 
Yeast surface display selection for VEGF binders 

 
18 designs of improved binding affinity antibodies against VEGF and the wild-type 

antibody were ordered from Twist. These, as described before, were amplified by 

PCR, cloned into pETCON using homologous recombination in yeast [138].The 

plasmids were extracted by zymoprep kit II, transformed to bacteria for sequencing 

validation and back to yeast for YSD [45].  The wildtype and designed antibodies 

were tested for binding by YSD with 8nM biotinylated VEGF (Recombinant Human 

VEGF 165, Biotinylated Protein R&D systems).  
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Supplemental Data  
A ‘fuzzy’-logic language for encoding multiple physical traits in biomolecules 

 
Parameterization of sigmoidal functions 
	  
To determine s and o parameters for each individual fractional-occupancy function 

(e.g., for binding and stability) of Eq. 6, we linearize Eq. 6 as: ln 7)b
b

= 𝑠(𝑥 − 𝑜) 

[Eq. S1]. The linear relationship between ln 7)b
b

 and x can be used to determine s 

and o uniquely when at least two constraints relating x to f are known (examples 

below). In a majority of cases the s and o parameters are not known a priori and it 

might not be possible to compute them from natural structures. In those cases we 

recommend using o values that are within 3 – 7 Rosetta energy units (R.e.u.) of the 

binding energy computed for the target state and values ranging from 5 to 20 R.e.u. 

for stability. Assuming 1R.e.u.=0.57kcal/mole [2] a slope (s) value of 1R.e.u.-1 is 

equivalent to 1/RT at room temperature, and depending on the application, slopes in 

the range 0.4-2.5 are well behaved in simulations. As noted in the main text, in some 

scenarios, where the biological response is a sharp function of fractional occupancy, 

such as when the molecule has irreversible effects on cell fate, a step-function is 

desirable, and can be implemented using large slope values; yet in other cases a more 

gradual response discriminates more finely between models and is ultimately more 

useful in choosing the ones that best conform to the constraints embodied in the 

fuzzy-logic function.  

 

Physical traits in biomolecular systems plateau 
	  
Receptor-ligand affinities evolve up to a limit and protein engineering has been used 

to increase affinities by several orders of magnitude relative to their natural affinities 

[139]. Antibodies provide a particularly striking example: the dissociation constants 

of many naturally evolved antibodies for their targets typically peak at ~0.1nM 

leading to the so-called concept of an ‘affinity ceiling’ for antibodies [140,141]; yet 

natural antibodies can be artificially evolved in the laboratory for tighter binding, in 

one case by more than 3 orders of magnitude relative to the highest-affinity natural 
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binder [47]. This contrast between natural and laboratory evolution indicates that 

higher antibody affinities are physico-chemically possible, but that natural affinity 

maturation reaches saturating fractional occupancy (or biological activity), above 

which the immune system experiences no selective pressures to increase affinity 

[141]. Conversely, the sigmoidal relationship of Eqs. 5 and 6 predicts that 

destabilizing mutations could accumulate without immediately harming fitness, 

whereas close to the sigmoid-inflection point (DG =DGo) any additional destabilizing 

mutations would severely undermine fitness (Fig. 1a); such nonlinear relationships 

have indeed been observed in laboratory-evolution experiments (Bloom et al., 2005; 

Tokuriki and Tawfik, 2009; Tokuriki et al., 2008). Thus sensitivity and robustness to 

mutation in diverse biomolecular systems can be readily explained by the properties 

of fractional occupancy at thermodynamic equilibrium. 

 

Multistate design with two states is a special case of the fuzzy-logic design 
  
Multistate design is a widely used strategy to design energy gaps between a target 

state and competitor states [32]. Here we show that in certain cases the fuzzy-logic 

strategy described in the main text can be used to define exactly the energy gap 

between two states as in multistate design. Assuming two states, where one is the 

target and the other is its competitor, let x and y represent their free energies, 

respectively.  

According to the multistate design the probability that a protein will adopt a target 

conformation or state is given by:  

        

Pefgh%e =
;=E/9:

;=E/9:5;=i/9:
= 7

75;(E=i)/9:   [Eq. S2] 

 

Which is equivalent to the fuzzy-logic definition using Eq. 6 of the main text to define 

a sigmoidal transformation of the energy gap x – y:  

 

f(x-y)=	   7
75;(E=i)/9:

  [Eq. S3] 

 

Typical applications of multistate design define one positive and several negative 

states. If the negative states have largely different energies, only the negative state 
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with the lowest energy makes an appreciable contribution to the denominator of the 

Boltzmann distribution. Hence, multistate design with more than one negative state 

often resembles the two-state scenario described here. As noted in the main text, the 

fuzzy-logic framework provides advantages over multistate design. 

	  
	  

                   
          Threaded  
                  on  
  
Designed     
protein      
sequence 

	  
	  
	  
	  
	  
	  

SOS1	   RAS-‐‑
GAP	  

PI3K	   BRY-‐‑
2RBD	  

Ral-‐‑
GDS	  

Natural	   Stability	  	   -‐‑195	   -‐‑149	   -‐‑127	   -‐‑125	   -‐‑221	  
Binding	  	   -‐‑49	   -‐‑16	   -‐‑12	   -‐‑15	   -‐‑20	  

SOS1	   DStability	   -‐‑6	   +1	   +3	   +1	   +2	  
DBinding	  	   0	   -‐‑5	   +3	   +2	   +5	  

RAS-‐‑GAP	   DStability	   +24	   -‐‑6	   -‐‑6	   -‐‑2	   -‐‑15	  
DBinding	  	   +1	   -‐‑7	   -‐‑1	   0	   +2	  

PI3K	   DStability	   +173	   -‐‑1	   -‐‑6	   -‐‑8	   -‐‑5	  
DBinding	  	   +11	   -‐‑3	   -‐‑4	   -‐‑4	   +2	  

BRY-‐‑2RBD	   DStability	   +126	   -‐‑5	   -‐‑3	   -‐‑11	   -‐‑5	  
DBinding	  	   +9	   -‐‑7	   -‐‑3	   -‐‑4	   0	  

Ral-‐‑GDS	   DStability	   +8	   -‐‑2	   -‐‑6	   -‐‑8	   -‐‑19	  
DBinding	  	   +15	   +1	   +1	   0	   -‐‑2	  

Table S1: Designing H-RAS to bind any of its natural partners separately leads, in 
almost all cases, to an improvement in both stability and binding affinity in the target 
complex but to destabilization of one or more of the others. All values are given in 
Rosetta energy units (R.e.u). For each complex the H-RAS binding surface was 
sequence optimized to bind to one of its partners using RosettaDesign [135]. This 
sequence was then threaded on to the other H-RAS complexes and the stability and 
binding energies were compared to the values of the original complex structure, 
namely DStability and DBinding respectively. 
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Figure S1: Code architecture for the fuzzy-logic design framework.	   The fuzzy-logic 

framework is implemented as a set of filters within RosettaScripts [136] and can 

interface with existing filters or with new filters yet to be written. Most filters in 

RosettaScripts report rational numbers, such as free energies. In the example provided 

in the figure, the bottom-most layer comprises the RosettaScripts filters, Ddg and 

ScoreType, which report on the binding energy and the protein stability, respectively. 

The RelativePose filter keeps a static record of a starting pose (read from disk in PDB 

format); it then applies to this copy the mutations observed in the pose currently being 

optimized (for instance, mutations at the binding surface),relaxes the copy-pose, and 

applies the relevant filter (Ddg or ScoreType) to this copy-pose; values from these 

filters are then transferred to the Sigmoid filters, which implement the fractional 

occupancy (Eq. 6 of the main text). Each Sigmoid filter is defined with user-

determined slope and offset parameters. The Sigmoid filter further defines a 

parameter, negate, which if applied, takes the Boolean complement of the Sigmoid 

value, e.g., if the Sigmoid evaluates to x then negate produces 1 – x; Negate is used to 

implement the NOT operator in the design of specificity. Values from the Sigmoid 

filters are combined into a fuzzy-logic statement using the Operator filter, which 

defines the operators (AND and OR) to be applied to the combined Sigmoid values. 

Operator filters can be combined hierarchically within other Operator filters, 

providing a complete framework to define any combination of Boolean operators 

acting on computed fractional occupancies. Finally, the Operator filter is fed into the 
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GenericMonteCarlo mover. At each iteration, GenericMonteCarlo invokes the 

RandomMutation mover, which defines the set of allowed positions and the amino 

acid identities allowed at each position. When RandomMutation Mover is invoked a 

random point mutation is introduced according to the user-defined definitions for 

allowed positions and identities and side chains with 6Å of the mutation are subjected 

to combinatorial repacking. GenericMonteCarlo then calls the Operator filter, and 

compares the value obtained from Operator filter with the value of the currently 

accepted pose. GenericMonteCarlo also keeps in memory the pose with the best 

Operator evaluation and at the end of the trajectory returns this best pose. To 

implement a simulated annealing policy we break the Monte Carlo simulation into 

three separate Monte Carlo steps starting with high temperature and ending with zero 

temperature. Complete RosettaScripts implementations for the trajectories reported in 

the paper are available below. Further implementation details and updates are 

available in the RosettaCommons website.	  
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AbLIFT: simultaneous optimization of antibody stability and affinity by 

computational design of the variable light-heavy chain interface 

	  

 
 
Fig S2. a. Mutational landscape of vL (top) and vH (bottom), where the change of the abundance of 
each mutation is presented. Selection for binding antigen Lysozyme is calculated as negative natural 
log and depicted in the heat maps with a scale of blue (enriched) to red (depleted) and below detection 
limit (gray). CDR positions in vL or vH are boxed in green or yellow respectively (CDRs were 
localized according to the crystal structure of D44.1 (PDB:1MLC), disulfide bonds positions are 
marked in black triangles. vL/vH interface positions that are above  threefold are marked in purple 
triangles. b. Experimental binding affinities of scFv measured on yeast:  H47 Trp-to-Tyr,L89 Gln-to-
Gly, H102 Asn-to-Tyr, H104 Gly-to-Lys, H37 val-to-Met, H43 His-to-Gly, L43 Ser-to-Pro, dD44.1, 
D44.1. Binding fluorescence intensities are relative to the highest concentration of 1uM lysozyme.  
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