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Two alternative strategies are commonly used to study protein–protein interac-
tions (PPIs) and to engineer protein-based inhibitors. In one approach, binders are
selected experimentally from combinatorial libraries of protein mutants that are
displayed on a cell surface. In the other approach, computational modeling is
used to explore an astronomically large number of protein sequences to select a
small number of sequences for experimental testing. While both approaches have
some limitations, their combination produces superior results in various protein
engineering applications. Such applications include the design of novel binders
and inhibitors, the enhancement of affinity and specificity, and the mapping of
binding epitopes. The combination of these approaches also aids in the under-
standing of the specificity profiles of various PPIs.

Engineering Protein–Protein Interactions
PPIs are crucial for all essential processes in the cell, including transcription, translation,
replication, intra- and intercellular signaling, and molecular transport. Thus, it is not surprising
that aberrant PPIs have been implicated in several types of disease, including neurodegenerative
diseases and cancers. Studies from many different laboratories have shown that it is possible to
modify various characteristics of PPIs through mutations and even to ‘create’ novel PPIs.
Therefore, PPI engineering presents an attractive strategy in synthetic biology and in the design
of biosensors, imaging agents, and novel therapeutics.

Two different approaches are commonly used in PPI engineering: the combinatorial approach
and computational protein design (CPD). In the first approach, also known as directed evolution,
large libraries of protein mutants are constructed, proteins with certain binding characteristics
are selected, and the sequences of the selected proteins are determined. This ‘irrational’
approach is used for affinity maturation [1], for identifying target-specificity profiles [2,3], and
for producing high-affinity and high-specificity PPI inhibitors from antibodies [4], natural protein
effectors [5,6], and unrelated protein scaffolds [7–9]. The main advantage of combinatorial
methods is that they require only minimal knowledge of the PPI under study. However,
combinatorial approaches do not provide much information about the nature of the created
intermolecular contacts, which often hampers an understanding of the obtained results. An
additional drawback is that the number of sequences that can be explored by such methods is
limited to several million, thus allowing the exploration of only a small fraction of the protein
sequence space.

The second approach, CPD, is a ‘rational’ methodology that relies on our understanding of the
biophysical forces that govern protein binding. This method requires a detailed knowledge of the
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structure and function of the PPI under study. As for the combinatorial approach, CPD has been
successfully applied to manipulating PPI binding specificity [10–14] and binding affinity [15–20].
More recently, it has also been used to create novel binding interactions [21–23]. The advantage
of CPD lies in its ability to explore a huge sequence space in silico and to select a few tens of
protein sequences for experimental verification. Yet, CPD is impeded by the inaccuracy of the
energy functions for calculating binding energetics and by current sampling methods that
sometimes ‘miss’ the correct conformations of the binding interface residues.

Thus, each method has its particular advantages and disadvantages. Recent studies have
shown that combining the two approaches could overcome the above limitations and produce
superior results in PPI design. In this review, we describe the application of combined compu-
tational and combinatorial methodologies to problems in PPI characterization and engineering.

Increasing the Affinity and Specificity of Binding Interactions
Combinatorial and computational methods, separately or in combination, can be used to alter
the binding characteristics of natural PPIs for various biomedical and synthetic biology appli-
cations [5,6,24–28]. All combinatorial approaches are limited in the size of the libraries that they
can explore (a maximum of 1010 mutants; Box 1), which means that, in binding selection
experiments, eight positions at most in a protein can be randomized to all 20 amino acids. Yet,
the number of protein residues that can affect binding affinity and specificity, either through direct
contacts or through allosteric effects, is usually larger than eight [29]. To overcome this limitation
and to better exploit the randomization strategy, CPD can be used to design focused libraries of
protein binders by identifying positions on the protein–protein interface at which mutations have
the highest potential for affinity and specificity improvement and the lowest potential to com-
promise the protein structure [30].

Guntas et al. [31] used such an approach to generate a photoswitchable binding protein based
on a naturally occurring photoswitch, the light-oxygen-voltage 2 (LOV2) domain, which partially
unfolds upon exposure to light. The authors embedded the SsrA peptide into the LOV2 domain
and engineered a light-sensitive binder for the natural ligand of SsrA, SspB. CPD was used to

Box 1. Principles of Combinatorial Approaches

The most commonly used combinatorial approaches for PPI engineering are phage display (PD), yeast surface display (YSD), and human surface display (HSD). In all
these techniques, large combinatorial libraries of proteins are displayed on a cell surface, and a receptor protein is used as a ‘bait’ to select for binders. Since each cell
contains the DNA for the displayed protein mutant, the sequence of the selected protein binders can easily be recovered.

PD
In PD, the library of interest is fused to a bacteriophage coat protein and displayed on the phage surface. Thereafter, to isolate specific binders, the pool of phages is
mixed with a target protein that has been immobilized on either paramagnetic beads or microtiter plates [77]. The binding of the selected clones is verified by phage
ELISA, in which the phage-displayed protein mutant is added to the plate-immobilized target and binding is detected via colorimetric output. The library size for PD, the
largest of the cell display methods, can reach 1010 mutants. The limitation of this technique is that large proteins, proteins containing disulfide bonds, and proteins with
post-translational modifications (PTMs) are frequently not compatible with the technology.

YSD
In YSD, combinatorial protein libraries have a maximal size of 108 mutants and are displayed on the surface of Saccharomyces cerevisiae cells [78,79] (Figure IA). The
large size of yeast cells enables the selection of antigen-binding cells by flow cytometry (fluorescence-activated cell sorting; FACS) (Figure IB), thereby conferring a
major advantage over the PD technology. YSD utilizes a two-color fluorophore labeling system (Figure IC), with one fluorophore detecting expression and the other
detecting antigen binding. Thus, stability and affinity screenings are accomplished simultaneously. Once the selection process is complete, the binding affinity of the
individual protein mutants can be estimated while the protein is displayed on the yeast surface, thereby enabling rapid screening of the clones without the need for
lengthy expression and purification processes.

HSD
In HSD, a protein library (with a maximal size of 106 mutants) is expressed on the surface of human cells, and the cells carrying binding mutants are selected by FACS
(Figure ID). The particular advantage of HSD is that it facilitates correct protein folding and the display of human proteins with PTMs [80–83]. The use of HCD greatly
enhances the probability of selecting protein variants that function as agonists or antagonists of human proteins and could thus serve as future therapeutics.
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generate a focused library of LOV2 variants by identifying positions at which mutations did not
disrupt protein folding. Phase display (PD) technology (Box 1) was applied to select LOV2
variants with the highest change in Kd for binding to SspB upon exposure to light. Among the
most successful photoswitchable binders selected from the libraries, one changed the affinity for
wild-type SspB from 4.7 mM to 132 nM and the other changed the affinity for an SspB mutant
from 47 mM to 800 nM, following exposure to blue light.

Integrating combinatorial and computational tools may also predict specific positions that are
likely to improve PPI binding affinity [9,16]. This methodology was pursued by Qiao et al. to
achieve affinity maturation of the single-chain variable fragment of an antibody (scFv) of the
therapeutic MIL5 antibody (M5scFv) against the human epidermal growth factor receptor 2
(HER2), a primary target for drug design in cancer. A focused library of M5scFv was designed by
predicting positions at which mutations would produce higher affinity towards HER2. PD
technology was then used to select M5scFv variants that gave a fourfold enhancement of in
vitro binding affinity to HER2 and acted as potent inhibitors of tumor growth both in cell lines and
in vivo [32].

Several studies have shown the advantage of combining computational and experimental
techniques to select positions that are predicted to maintain protein structure while enhancing
binding specificity [29,33–36]. For example, Dutta et al. [35] used combined computational-
combinatorial approaches to design the Bim-BH3 variant that shows a marked preference for
Bcl-xL, its prosurvival binding partner, over other natural ligands, such as Bfl-1, Bcl-2, and Bcl-w.
SPOT peptide arrays that measured relative binding affinities between 180 Bim-BH3 single
mutants and five natural Bim-BH3 ligands were used to select Bim-BH3 positions for randomi-
zation on the basis of their potential to improve specificity [37]. Focused libraries of Bim-BH3
variants randomizing eight positions were constructed and selected by YSD (Box 1) for binding
to Bcl-xL, resulting in a Bim-BH3 variant with a 1000-fold preference for Bcl-xL over other
prosurvival ligands.

In summary, the design of focused combinatorial libraries greatly facilitates protein engineering
aimed at improving PPI affinity and specificity. Thus, we expect that this approach will become
widely used in future protein engineering studies.

Engineering of Novel Binders
Over the past decade, it has been shown that protein-based inhibitors or novel binding domains
(NBDs) can be created from a range of protein scaffolds that display secondary and tertiary
structures of different sizes. Moreover, similar to an antibody, a single scaffold protein can be
evolved to bind to many different unrelated targets. Several NBDs have been evolved using
combinatorial approaches [38–40], although not all attempts to isolate novel binders have been
successful. CPD approaches to NBD design have proved to be challenging, mainly due to the
difficulty of creating the initial structure of the NBD–target complex without prior knowledge of
the NBD sequence. For this reason, the initial computationally designed NBDs suffered from low
specificity and low affinity [41]. More recently, however, an attractive strategy has been proposed

Figure I. Principles of the Experimental Display Approaches. (A) Yeast surface display (YSD) system. The library of the protein of choice is fused to the yeast cell
wall and is monitored via a c-Myc epitope tag. Binding of the target protein to the displayed protein, followed via a secondary FITC-labeled antibody, enables detection
of binding, while binding to an anti c-Myc antibody, followed via a secondary phycoerythrin (PE)-labeled antibody, allows detection of expression. (B) The process of
YSD library sorting. First, the library is transformed into yeast to generate diversity of approximately 107 clones. The constructed library is expressed and several rounds
of sorting (for affinity maturation) are performed using fluorescence-activated cell sorting (FACS). (C) FACS density dot plots of the libraries. Different receptor
concentrations are used during the different sorting rounds. The X-axis represents the level of expression, while the Y-axis represents the level of binding. The cells with
highest level of binding normalized to expression are collected in each round, as shown by a black gate. The first two panels show the sorting process and the
rightmost panel shows FACS analysis of an affinity-matured library. (D) Human surface display (HSD) system. The desired protein library is inserted into human cells by
using a lentivirus, with a single clone being integrated into the genome of each cell. The protein is then presented on the surface of the cell and is sorted in a similar way
to that shown in (C). Adapted from [51] (A).
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in which CPD design is used to obtain an initial low-affinity NBD, which is subsequently subjected
to affinity maturation via combinatorial approaches.

Several different computational approaches have been suggested for the creation of the initial
structure of the NBD–target complex. In the hot-spot approach [42], a few energetically
favorable interactions between the target and disembodied amino acids are first created. These
interactions are then grafted onto candidate scaffold proteins, and the best scaffold is selected
on the basis of its ability to interact with the target. Thereafter, the residues surrounding the
binding hot-spot interactions on the NBD are redesigned. Using this approach, Fleishman et al.
designed NBDs for a conserved region of influenza hemagglutinin and scanned them for binding
by using YSD [22,43]. Of 88 experimentally tested designs, two showed a detectable affinity for
hemagglutinin. The NBDs were further optimized by scanning the effect of all single mutations on
the binding affinity with YSD and next-generation sequencing (NGS) and incorporating the best
mutations into the NBD; two variants with Kd values of 900 and 600 nM were obtained.
Karanicolas et al. [23] set their goal to design a novel binding interface between two non-
interacting proteins. Initially, they searched for the best potential binding partner for an ankyrin
repeat protein among 37 different thermostable proteins and chose PH1109, a Pyrococcus
horikoshii coenzyme A-binding protein, as a scaffold for NBD design. Then, they grafted frequent
hot-spot interactions between Trp or Tyr and Asp residues at various places in the novel PPI and
redesigned the residues surrounding the hot-spot interactions. Their best PPI design exhibited a
Kd of 100 nM and was further optimized through YSD to a Kd of 180 pM. The X-ray structure
confirmed the designed hot-spot interaction in the novel PPI, but revealed that the actual binding
interface was rotated by 1808 with respect to the original model, pointing to the need to further
improve the CPD methodology for designing peripheral interface contacts.

In an alternative grafting approach, a protein epitope known to bind to a specific target is grafted
onto a scaffold protein. Then, the backbone structures of the grafted and the connecting regions
are modeled, and the residues surrounding the grafted region are computationally optimized to
enhance NBD stability and affinity [44,45]. Azoitei et al. [44] used this approach to computa-
tionally graft a noncontinuous, two-segment HIV gp120 epitope onto an unrelated protein
scaffold, endoglucanase. Selection from the designed library by YSD identified several binding
clones. Out of 62 designs that showed binding by YSD, 25 could be expressed as isolated
soluble proteins. While the affinity of the computationally designed binder was weak (300 mM),
affinity maturation by YSD yielded a mutant with a Kd of 10.3 nM. In a similar approach, Azoitei
et al. [45] grafted the epitope of the HIV1-neutralizing antibody 2F5 onto an unrelated scaffold.
The best-selected NBD exhibited a Kd of 400 pM.

Procko et al. [46] used two approaches to design an NBD for BHRF1, a homolog of the human
Bcl-2 protein. In the first approach, they grafted Bim-BH3 side chains onto various three- and
four-helical bundle proteins and optimized the interactions with BHRF1 to produce a BHRF1
NBD with a Kd of approximately 60–80 nM. In the second approach, they designed a BHRF1
NBD based on a helical bundle through several rounds of sequence design and structure
minimization, resulting in a binder with a Kd of approximately 60 nM. The NBD was then
subjected to affinity maturation using error-prone PCR and YSD, and specificity was optimized
by incubating the NBD library with unlabeled Bcl-2 proteins as competitors during the YSD
selection. The obtained NBD exhibited a Kd of 220 pM and high specificity towards BHRF1.

In a different study, Procko et al. [47] used two approaches to design an NBD to hen egg
lysozyme. In the first approach, a scaffold with high surface complementarity to the target was
chosen, and the interface was directly redesigned using the CPD approach. All interfaces
resulting from this approach were largely hydrophobic and contained a few specific contacts.
Among the 24 experimentally tested NBDs, only one showed binding to lysozyme by YSD, but
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exhibited no specific binding when tested in isolation. Designs using the second, hot-spot-
based approach yielded more polar binding interfaces compared with those designed with the
first approach. Twenty-one variants were experimentally characterized, and one NBD showed
specific binding to lysozyme as a purified protein. The initial hen egg lysozyme inhibitor, with a Kd
of 7 mM, was further optimized by YSD, producing an inhibitor with a Kd of 1.4 nM.

In yet another approach for NBD design, a novel binding interface is created through an
extension of a complementary secondary structure element. In such an approach, a homodimer
was designed by Kuhlman and colleagues by pairing exposed beta strands of various candidate
proteins, removing backbone clashes, and computationally redesigning interfacial positions [48].
The designed homodimer, based on the g-adaptin appendage domain, exhibited a Kd of 1 mM.
The X-ray structure revealed high similarity with the computational model, with a RMSD of 1.0 Å.
In a recent study, an /-helix-mediated homodimer based on a monomeric Drosophila engrailed
homeodomain scaffold was designed using the CPD methodology and confirmed by its NMR
structure [49]. In that study, 128 computationally designed variants were screened using a
Förster Resonance Energy Transfer assay between identical fluorophores (homo-FRET) to
select soluble and stable homodimer variants.

In summary, several computationally designed NBDs have been reported over the past few
years. Nonetheless, purely computational design of NBDs remains a difficult task with a relatively
low success rate. All the above studies showed that combinatorial techniques, such as YSD,
could be used to facilitate NBD engineering through quick assessment of the designed
interactions and through affinity maturation.

Epitope Mapping and Analysis of PPIs
To better understand and manipulate PPIs, one first needs to identify the set of amino acids that
are directly involved in the interactions; that is, the PPI binding interface or the binding epitope. It
is possible to extract the binding epitope from a high-resolution PPI structure, but in many cases
structure determination presents a major challenge. An additional problem is that, while residues
in the direct binding interface can be easily identified from the structure, other residues that
contribute to binding energetics through allosteric effects cannot be directly inferred. An efficient
method for epitope mapping using YSD has been established [50]. In this method, a library of
single point mutants that span the sequence of a particular ligand protein is screened for
decreased affinity to the protein target. Sequencing of the selected clones allows identification of
particular mutations that reduce binding affinity to the target. Computational modeling of
experimentally identified mutations is then applied to explain the effect of such mutations.
For example, this modeling may be used to predict whether these mutations reduce affinity
through protein unfolding, through elimination of favorable intermolecular interactions, or
through allosteric effects. Recently, several studies used such integrated approaches to
map binding epitopes of a few therapeutically important PPIs [51–53].

Rosenfeld et al. used YSD to map residues important for interactions between the macrophage
colony-stimulating factor (M-CSF) and its receptor c-FMS [51]. Since there is no available
structure for the M-CSF�c-FMS complex but structures for the unbound components have
been solved, the researchers used homology modeling to produce a structure of the M-CSF�c-
FMS complex and to infer the location of the binding interface residues. They then computed the
effect of experimentally identified mutations on M-CSF stability and on its binding affinity to c-
FMS and divided the mutations into two groups; namely, those that significantly destabilized the
protein and those that eliminated favorable interactions with the receptor. Three selected M-CSF
mutants were expressed and purified and their in vitro affinities to c-FMS were measured,
confirming both YSD selection results and the computational predictions regarding the effect of
the mutations.

426 Trends in Biochemical Sciences, May 2016, Vol. 41, No. 5



A similar approach was applied by Traxlmayr et al. to identify the residues responsible for the
stability of the CH3 domain of human IgG1 [54]. In that study, a library of CH3 domain point
mutants was screened by YSD for increased stability, which was determined according to the
capability of the protein to bind its binding partners, an anti-CH2 antibody and FcgRI, following
heat incubation. The resultant libraries were sequenced using NGS, enabling construction of the
entire stability landscape of the CH3 domain and identifying the binding epitope of the CH2
domain to anti-CH2 and FcgRI. Experimentally observed stability landscapes agreed well with
the evolutionary sequence conservation profiles and with CPD-based calculations of changes in
protein stability due to mutation.

In another example, Mata-Fink et al. [53] used YSD to analyze the direct binding epitopes of the
broadly neutralizing anti-gp120 antibody VRC01 and two VRC01-competitive antibodies, b12
and b13. In addition to using a random library of gp120 mutants, the authors constructed a
rationally designed library of a stripped-core gp120 based on a homology model of this protein.
The library contained gp120 mutants with highly disruptive amino acid substitutions based on
differences in polarity, charge, and size, and restricted to mutations that are observed in HIV
viruses with at least 0.1% frequency. The resulting epitope map was consistent with the map
produced using the random stripped-core gp120 library and with crystallographic data available
for the homologous complex. The study revealed energetic differences in b12 and b13 epitopes
that had not been obvious from the existing crystal structures of the antibody�gp120
complexes.

As shown in these examples, combining computational and combinatorial methods permits
more efficient mapping of PPI binding epitopes and reveals the effect of each protein position on
binding energetics.

Computational Modeling for Understanding the Selection Results and for
Substrate Prediction
Advances in PD and YSD technologies combined with NGS have enabled experimentalists to
generate an unprecedented amount of data on protein sequences that are compatible with
high-affinity binding. In such experiments, binding selection from a large combinatorial library of
mutants is followed by sequencing of multiple binding clones. Alignment of the sequences is
converted into a position weight matrix (PWM), in which each column contains an amino acid
frequency observed at each ligand position, thus generating binding specificity profiles [55].
This experimental approach can be utilized for the prediction of ligands for homologous
domains or for the design of proteins with altered binding specificity. However, to convert
the large amounts of data that are generated with this approach into useful information,
computational modeling is necessary. Here, two distinct approaches have been applied:
one is based on machine learning (ML) techniques and the other on the CPD approach
(Box 2).

It has been shown that ML approaches are especially powerful for predicting interactions of small
domains with their linear peptide ligands, such as in the case of SH3 and PDZ domains [55–62].
Structure-based methods have been also used to predict binding specificity profiles for SH2
[63], SH3 [64], and PDZ domains [65,66]. In addition to predicting binding specificity profiles,
computational modeling can assist in explaining binding selection results and in designing
proteins with altered specificity. In many binding selection experiments, it is not clear why a
particular amino acid is preferred at a certain position and what mutations are crucial for the
desired function. Since it is frequently important in protein engineering studies to keep the
number of mutations to a minimum, it is necessary to distinguish the truly beneficial mutations
from neutral mutations. For these purposes, various computational methods have been utilized,
including CPD, MD simulations, and homology modeling (Box 2).
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Several studies have utilized slightly different CPD approaches to simulate observed sequence
profiles obtained in PD binding selections [67–70]. In all the explored protocols, an ensemble of
backbone structures was first generated, either using computational approaches [71] or taken
from an NMR structure. The backbone ensemble was used to design multiple amino acid
sequences compatible with binding, and sequence profiles were then constructed from these
designed sequences. The above studies revealed that CPD calculations faithfully reproduce the
most prominent features of the experimental sequencing profiles. Furthermore, they could
explain certain selection features by focusing on specific intermolecular interactions. For exam-
ple, a Thr at position –2 of peptides that bind to PDZ domains is highly conserved in all PD
selections, since Thr forms a hydrogen bond to a His on the PDZ domain; removal of this His
results in a loss of Thr conservation [70]. All the above CPD studies reproduced experimental
results more accurately if backbone flexibility was incorporated and intermolecular interactions
were emphasized in the scoring function. Minor disagreements between computational pre-
dictions and experimental results could be due to limitations of CPD methods (e.g., inaccuracy in

Box 2. Principles of Computational Approaches

Computational protein design
The CPD methodology is implemented in several programs [84–86] that all use the same basic principles to compute the amino acid sequences most compatible with
a given 3D protein structure. As the input for the CPD calculations, a high-resolution structure or an ensemble of structures for a PPI is required. Movements of the
amino acid side chains are modeled by representing them using low-energy conformations or rotamers that are taken from a rotamer library [87]. In CPD calculations,
the protein backbone is either fixed or allowed small movements [71] and side chain–side chain and side chain–backbone interactions are evaluated using an atomic-
based energy function representing physical interactions, such as van der Waals energy, electrostatic interactions, hydrogen bonds, or solvation [88]. Various fast
search algorithms are then used to predict the amino acid sequences corresponding to the lowest energy conformation [89]. For PPI engineering, the change in the free
energy of binding (DDGbind) is calculated and is then used to predict changes in PPI affinity and specificity (Figure I) [12].

Machine-learning methods
ML approaches use a set of experimental data to train an algorithm to predict a certain physical parameter (e.g., Kd of binding) or to discriminate between binding and
nonbinding protein sequences [55]. The advantages of ML methods are that they are rapid and have the ability to predict binding based on sequence information alone.
Thus, ML methods do not require knowledge of PPI structures, although incorporation of structure-based features frequently increases prediction accuracy [64,90].
The main disadvantage of these methods lies in the large amount of data required to train the algorithm, including data on nonbinding sequences. Such data are
sometimes difficult to obtain in high-throughput experiments.

Molecular dynamics simulations
Molecular dynamics (MD) uses atomic-based molecular force fields and Newtonian equations of movement to simulate structural changes in proteins. In PPI
engineering, MD is applied to model substantial backbone changes that are associated with binding, to generate structural ensembles of proteins for subsequent
design calculations, or to evaluate the designed proteins [91,92]. Based on these structural ensembles, DDGbind values could be calculated using CPD or different
methodologies (Figure I).
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the energy function and limited sampling) as well as due to a bias in the PD selection towards
highly expressed and stable clones.

CPD methods are limited in the degree of conformational changes they can sample and, thus,
MD simulations are utilized when modeling of medium- to large-scale conformational changes is
necessary. For example, Murciano-Calles et al. used short MD simulations to understand how
the same residues in the vicinity of the C-terminal ligand residue in two different PDZ domains
gave rise to different peptide specificity profiles observed from PD results. These differences
were attributed to conformational changes caused by more distant mutations in the adjacent
loop of the PDZ domains [70].

In a recent study, Ratnikov et al. used PD to design proteolytic substrates of eight homologous
matrix metalloproteinases (MMPs) and measured catalytic parameters for more than 10 000
MMP–substrate pairs [72]. Structural modeling of MMP–substrate interactions together with
analysis of sequential differences between different MMPs revealed a remarkable correlation
between the MMP substrate preference and the sequence identity of 50–57 discontinuous
residues surrounding the catalytic groove. Furthermore, structure-based modeling allowed the
authors to convert one type of MMP into another type by grafting just a few key residues at
positions that contacted specificity-determining residues on the substrate.

Overall, computational modeling could be useful in explaining complicated experimental selec-
tion results, predicting substrates, and redesigning binding specificities. Yet, it cannot replace
experiments that produce highly valuable data on binding affinity preferences.

Concluding Remarks and Future Directions
In this review, we have demonstrated how computational and combinatorial techniques are not
mutually exclusive and how their combination can solve PPI engineering problems that would be
difficult to solve by either of the approaches alone [22,23]. In the combined methodology,
computational modeling is applied to narrow down the choices (for the construction of smaller
and focused combinatorial libraries) and in vitro evolution methods are used to quickly assay the
binding of millions of protein variants and validate computational results [73] (Figure 1, Key
Figure). In addition, computational methods can be applied after the experimental selection
results are obtained to better understand how each mutation contributes to binding energetics.
Furthermore, based on experimental results, predictions can be made for the design of proteins
with altered affinity and specificity. Conversely, computational designs can be optimized through
combinatorial selections, as was shown for NBD designs. Thus, we foresee that the integration
of computational and combinatorial methodologies will become a common approach in future
PPI engineering studies.

An example of the future application of combined approaches is the mapping of energetic
binding landscapes for various PPIs, thereby providing a better understanding of PPI evolution
and facilitating the design of high-affinity and highly specific PPIs. Such binding landscapes can
be constructed in silico by scanning each binding interface position with all 20 amino acids and
determining the change in free energy of binding due to all the single mutations (see Figure I in
Box 2) [12,74]. The binding landscape can then be used for the selection of protein mutants with
enhanced binding affinity and binding specificity. In addition to predicting single mutations, the
generated binding landscapes can also be utilized for the construction of focused combinatorial
libraries that contain multiple mutants with desired binding properties.

Similarly, binding landscapes can be generated experimentally [43] by constructing combina-
torial libraries that contain all the single mutants for one binding partner, thereby probing all
binding interface positions with 20 amino acids. These single-mutant libraries can then be

Outstanding Questions
How can we use large data sets from
directed evolution experiments and
computational modeling to better
understand the principles of binding
energetics?

How can we map binding landscapes
that explore multiple simultaneous
mutations and use these landscapes
to study epistasis in binding? NGS of
the selected pools of variants with mul-
tiple mutations could facilitate the con-
struction of such landscapes. High-
throughput structural data are also
needed to better understand changes
associated with mutations.

How can we quickly and accurately
measure the binding affinity and speci-
ficity of millions of protein variants and,
thus, facilitate PPI design?

How can computational and combina-
torial methods contribute to under-
standing the evolution of natural PPIs
and binding specificity?

How can we improve computational
methods to design novel high-affinity
binders from scratch without the help
of directed evolution? Analysis of
extensive binding affinity data would
assist the optimization of the energy
function for PPI design.
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displayed using any of the display technologies and selected for binding. In YSD, for example,
the cells expressing mutants belonging to several affinity groups can be collected and
sequenced through Sanger- or NGS-based methods [75] (Figure 2). Several studies have
shown that the enrichment of each amino acid in the selected pool vis-à-vis the naive,
nonselected library correlates with the energetic contribution of that amino acid to binding
[76]. Energetic binding landscapes can be used for the selection of protein mutants with
enhanced binding affinity and binding specificity, for optimization of protein therapeutics,
and for identification of PPI spots that should be targeted in inhibitor design. Comparison of

Key Figure

Schematic Representation of the Combined Computational-Combina-
torial Approach
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Figure 1. The funnel in the background represents the number of protein sequences explored at each stage. (A) The
structure of the protein–protein interaction (PPI) is either taken from the Protein Data Bank (PDB) or modeled using structural
information on homologous complexes and unbound components. The binding interface is defined according to the actual
or modeled structure (PDB: 1GVL). (B) An in silico saturated mutagenesis protocol is performed on all the binding interface
residues to compute the changes in the free energy of binding due to all possible mutations. (C) Based on the results
obtained in (A) and (B), the positions for the construction of the combinatorial libraries are selected (N-A/G/C/T. S-C/G, K-G/
T, B-C/G/T). Further reduction in library diversity is possible by restricting certain positions to the amino acids that produce
the most favorable DDGbind according to (B). (D) The resultant library is then sorted according to the levels of expression and
binding to the target. It is possible to enrich both the high-affinity (blue gate) and the low-affinity (red gate) clones. (E) After the
sorting process, individual variants are isolated, expressed on the yeast surface and tested for binding using fluorescence-
activated cell sorting (FACS; red, low-affinity clones; black, wild type; blue, high-affinity clones). (F) The best variants are
purified as soluble proteins, and their binding affinity is determined in vitro. Alternatively, computational methods can be
used to better understand the nature of the mutations selected in the directed evolution experiments.
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computational and experimental binding landscapes could be used to improve computational
methods and to reveal some biases associated with the various display technologies (see
Outstanding Questions).

To better understand how PPIs are created and destroyed in nature, future studies should be
extended to generating binding landscapes for double and higher-order mutants, thereby reveal-
ing the nature of molecular epistasis. To conduct such studies, advances in both combinatorial and
computational approaches are necessary. We suggest that progress in both computation and
experimentation can be highly synergistic, greatly enhancing our understanding of PPI evolution
and paving the way towards the all-rational design of novel binding molecules.
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