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Abstract

Computational protein design has been successful in modeling fixed backbone proteins in a
single conformation. However, when modeling large ensembles of flexible proteins, current
methods in protein design have been insufficient. Large barriers in the energy landscape
are difficult to traverse while redesigning a protein sequence, and as a result current design
methods only sample a fraction of available sequence space. We propose a new computa-
tional approach that combines traditional structure-based modeling using the RoseTTa soft-
ware suite with machine learning and integer linear programming to overcome limitations in
the Rosetta sampling methods. We demonstrate the effectiveness of this method, which we
call BROAD, by benchmarking the performance on increasing predicted breadth of anti-HIV
antibodies. We use this novel method to increase predicted breadth of naturally-occurring
antibody VRC23 against a panel of 180 divergent HIV viral strains and achieve 100% pre-
dicted binding against the panel. In addition, we compare the performance of this method to
state-of-the-art multistate design in RosetTa and show that we can outperform the existing
method significantly. We further demonstrate that sequences recovered by this method
recover known binding motifs of broadly neutralizing anti-HIV antibodies. Finally, our
approach is general and can be extended easily to other protein systems. Although our
modeled antibodies were not tested in vitro, we predict that these variants would have
greatly increased breadth compared to the wild-type antibody.

Author summary

In this article, we report a new approach for protein design, which combines traditional
structural modeling with machine learning and integer programming. Using this method,
we are able to design antibodies that are predicted to bind large panels of antigenically
diverse HIV variants. The combination of methods from these fields allows us to surpass
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protein design limitations that have been seen up to this point. We predict that if we tested
these modified antibodies against HIV variants they would have greater neutralization
breadth than any antibodies seen to this point.

Introduction

Computational design has been used successfully by protein engineers for many years to alter
the physicochemical properties of proteins [1,2]. In the simplest case, protein design involves
optimizing the amino acid sequence of a protein to accommodate a desired 3-D conformation.
This approach has been extended to related tasks such as protein-protein interface design, de
novo design of protein binding molecules, design of self-assembling protein nano-cages, etc.
[3-6]. Each of these examples involves the straightforward application of design methodolo-
gies to a single, static protein conformation. However, there is a need to extend protein design
to apply to several conformations simultaneously. These approaches, referred to as multistate
design (MSD), can be used to modulate protein specificity, model protein flexibility, and engi-
neer proteins to undergo conformational changes [7-13]. Several methods have been devel-
oped to enable computationally expensive multistate design [14,15]. However, these methods
all suffer from large energetic barriers that limit sampling in sequence space, resulting in sub-
optimal designs [14]. In addition, these methods are severely limited in scale by the size and
number of states that can be included. To address these limitations, we have developed a
method that integrates structural modeling with integer linear programming to enable a fast
global search through large ensembles of target states.

Results
Experimental workflow

Our design algorithm, which we call BROAD (BReadth Optimization for Antibody Design)
incorporates RoserTa-based structural modeling with integer linear programming to more eas-
ily traverse boundaries in the energy function (Fig 1). The experimental workflow involves
generating a large training set of randomly mutated proteins, fitting a linear model (described
below) to predict binding, and using integer linear programming to find an optimal antibody
sequence balancing stability and binding with respect to a collection of target virus epitopes.

We applied this method to the problem of designing broadly binding anti-HIV antibodies.
We modeled anti-HIV antibody VRC23 [16] against a set of 180 diverse viral proteins, creating
antibody variants that were mutated randomly in the paratope region. The viral panel used
was derived from Chuang G-Y, et al [17]. Based on known binding patterns of VRC23 we cal-
culated the predicted binding energy that corresponds to observable binding, and searched
antibody space using integer linear programming to optimize stability of the unbound anti-
body while achieving predicted 100% binding breadth to the 180 target viral proteins. We then
used a non-linear Support Vector Machine classifier, trained on the entire dataset produced by
ROSETTA, to identify top sequences. Finally, we entered the top scoring sequences back into
RosEeTTA structural modeling to measure the predicted breadth of antibody variants.

Sequence-based linear classification and regression models to predict
binding and stability

Our end goal is to design broadly binding and stable antibodies by searching the sequence
space, i.e., to optimize the amino acids at each binding position of the antibody. The key
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Fig 1. Experimental workflow of the BROAD design method. The method uses RoserTa structural modeling to generate a large set of mutated
antibodies, support vector machines (SVM) to predict Roserta energy from amino acid sequence, and integer linear programming to optimize
breadth of binding across a set of viral proteins.

https://doi.org/10.1371/journal.pcbi.1005999.9001

challenge for this approach is that an exhaustive search in the combinatorial sequence space is
intractable. To address this issue, we first propose to learn sequence-based linear classification
and regression models to predict binding and stability from data. Building on these models,

we formulate an integer program to accomplish global search in the antibody sequence space.

To generate our training set, we determined three contiguous stretches on the antibody that
are in contact with the viral protein. These positions were determined to be residues 46-62,
spanning FR2-CDR2-FR3; residues 71-74 in FR3; and residues 98-100b in CDR3 (S1 Fig). We
then created randomly mutated antibody variants, modeled their binding poses using ROsETT4,
and used this data to train a binding classifier to predict RoserTa score and binding energy
from amino acid composition.

The binding classifier is based on the assumption that the amino acids at the binding posi-
tions of the antibody interact with those on the binding positions of the virus. In particular,
this model assumes that binding between an antibody and a viral protein is determined by two
factors: a) the individual amino acids in each binding position of the antibody and the virus
respectively and b) the effects of the pairwise amino acid interactions between the antibody
and the virus respectively. To capture these, we construct a sequence-based binary feature vec-
tor from the input antibody and virus pair, which explicitly represents the individual and pair-
wise amino acid contributions. Let the input antibody-virus pair represented as vectors of
amino acids, be denoted by (a, v). Let b(a, v) denote the RoseTTa predicted binding energy for
(a, v) and let ®(a, v) denote the binary binding decision. We chose a threshold 8 such that ®(a,
v) = +1if b(a,v) < 0 (i.e., a and v bind) and ®(a, v) = —1 otherwise. For evaluation of our
approach, we choose the value of 0 based on experimental neutralization data. This data is
available as the experimental neutralization IC50 (in units of pg/ml) of VRC23 with the 180
virus sequences in the panel [17]. Lower values represent better neutralization potency and val-
ues that have “>50" concentration represent a virus that is not neutralized by VRC23. Accord-
ingly, VRC23 has a neutralization breadth of 63.5% on this panel. We set 0 = -28.5 such that
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the VRC23 breadth of binding computed on the RoserTa generated data (sequences and the
corresponding RoseTTa binding scores) is consistent with the above experimental neutraliza-
tion data.

We learn the classifier ®(a, v) as a linear Support Vector Machine (SVM) [18] using the
binary feature set comprised of actual antibody and virus sequences along the corresponding
binding sites, as well as all pairwise interactions of antibody and virus amino acids. The SVM
classifier uses the RoseTTa binding energy as the ground truth, and allows more efficient sam-
pling by approximating the RoseTTa score function by sequence alone. To optimize the L2 reg-
ularization parameter of the SVM, we performed 10-fold cross-validation on the full dataset,
using 80% of the data for training and 20% for testing. Smaller parameter values enforce higher
regularization and higher values lead to overfitting. The average prediction accuracy is shown
in Fig 2A for different values of the L2 regularization parameter. We also plot the prediction
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Fig 2. Training results for the linear classification: (a) 10-fold cross validation results. (b) Correlation between predicted score
and RoserTa energy score in linear regression. (c) Interaction strength of each pairwise interaction between antibody and virus
binding positions.

https://doi.org/10.1371/journal.pcbi.1005999.9002
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the test set using the optimized parameter (a random predictor would be at 50%). We observe
that even if the prediction accuracy is relatively low, it provides reasonable signal within the
subsequent breadth optimization step (discussed in the results section). Since the final decision
is determined by solving the breadth optimizing integer linear program, our approach does
not rely on a highly accurate classification model. In previous research [19], a similar model
was introduced to predict AG values for interaction between PDZ domains and peptide
ligands. The result was a 0.69 correlation coefficient in 10-fold cross validation. This model
can also be interpreted to identify the important binding position pairs that contribute signifi-
cantly to the final prediction. We plot this interaction strength for each pairwise interaction in
Fig 2C (please refer to the methods section for details).

Next, we learned a linear regression model to predict the thermodynamic stability, using
only the antibody amino acids as features. The prediction of thermodynamic stability is neces-
sary to ensure that our designed antibodies can be expressed stably. To simplify the approach,
we predicted the stability of the antibody-virus complex as a function of the antibody sequence
only (note that we do not make this assumption during evaluation). Specifically, we con-
structed a binary feature vector restricted to amino acids in the antibody binding positions. Let
s(a, v) denote the RoseTTA stability for the pair (a, v). We learn a linear model ¥(a) to predict s
(a, v) for an antibody a (i.e., independent of the virus). To measure the accuracy of prediction,
we computed the correlation coefficient between the true scores and the predicted scores.
Interestingly, our assumption that stability scores are only weakly dependent on the virus pro-
tein sequence is borne out: we found a correlation of 0.85 between the predicted and actual sta-
bility energy score on the test set (Fig 2B).

Algorithm

Given the classification and regression model learned from data, we formulate an integer lin-
ear program (ILP) to optimize the amino acids in the antibody sequence space to achieve both
breadth and stability. The variables are the amino acids in the antibody binding positions. The
objective function optimizes the predicted stability score (i.e., minimizes ¥'(a)). The con-
straints represent the condition that the designed antibody should bind to all the viruses in the
panel, using binding predictions from ®(a, v). We found that this problem was always feasible:
there always existed some antibody sequence that could bind to all viral proteins based on our
learned binding model. More generally, we can impose a minimal binding breadth criterion.
This algorithm is outlined in S2 Fig.

Armed with these tools, we used the following protocol to generate a collection of candidate
antibodies to be evaluated using RoseTTA. First, we took a random subsample of the full train-
ing data corresponding to 100 out of the 180 virus sequences. Using only this subsample, we
trained the binding and stability models, ®(a, v) and ‘¥'(a) respectively. We then solved the
ILP described above to compute a stable, broadly-binding antibody sequence, considering
only the 100 out of 180 selected virus sequences (that is, we only constrain the ILP to bind to
these 100 virus proteins, rather than the full set of 180). We repeated this procedure 50 times,
to obtain 50 candidate antibody sequences. To validate these optimized antibody candidates,
we predicted binding and stability scores using a model trained on all the data. In case of sta-
bility prediction, we used a linear model as described above (since the model is reasonably
accurate). For binding prediction however, we trained a non-linear (radial basis function ker-
nel) SVM for improved prediction accuracy. Each of the 50 candidate antibodies were scored
using these models trained on all data, in terms of predicted binding breadth and stability, and
10 best candidates were then chosen for RoseTTa evaluation using the full panel of 180 virus
proteins. This procedure is outlined in S3 Fig.
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Redesign of VRC23 improves predicted breadth

After generating redesigned antibody sequences with predicted increases in breadth, we
threaded these sequences onto the VRC23-gp120 complexes and subjected them to structural
modeling to measure the change in predicted breadth. We refined the complexes using the
RoserTa relax protocol-to test the accuracy of the RoserTa relaxed models, we compared the
relaxed models to solved structures of gp120 viral variants and computed the root mean
squared deviation (RMSD) over Co. atoms on gp120. We observed that the relax protocol reca-
pitulates the gp120 conformations with an average RMSD of 2.2 A, whereas the pairwise
RMSD between gp120 conformations, representing the intrinsic flexibility of these molecules,
is 1.8 A (S1 Table). Considering that we substituted only residues at the binding site of the
gp120 variants, and not the entire gp120 sequence, we consider that the variant gp120 confor-
mations are recapitulated with sufficient accuracy for this experiment. As a control, we gener-
ated sequences using structure-based multistate design with the RECON method [14]. The
RECON method uses RoseTTa design combined with coordination between differing states to
generate an antibody sequence with increased affinity for all target states. Using RECON to
redesign antibody-antigen complexes has been benchmarked and been shown to generate
germline-like, broadly binding antibodies [14]. We compared the 10 sequences created by
BROAD to 10 sequences generated by RECON multistate design to compare the change in
breadth to alternate approaches. We found that the BROAD method resulted in a significant
increase in predicted breadth over the RECON multistate design method (Fig 3A). The
BROAD-designed antibodies were able to achieve predicted breadth ranging from 86.1-100%
of viruses, whereas multistate designed antibodies reached a predicted breadth of 62.8-85.6%
of viruses. Notably, both methods were able to increase predicted breadth from the starting
value of 53.3% for wild-type VRC23. This finding suggests that the wild-type VRC23 sequence
is sub-optimal for breadth, which is supported by the observation that other known broadly
neutralizing antibodies bind in a similar mode to VRC23 but with breadths exceeding 85%
[20-23]. In addition, we observed that the BROAD method samples sequence space that is not
sampled in multistate design (Fig 3B). We hypothesize that the BROAD method is able to
cross energetic barriers that restrict sampling in traditional structure-based design methods,
and is thereby able to generate antibodies with greater predicted breadth and lower energy. To
support this hypothesis we analyzed the difference in score and binding energy for antibodies
designed by BROAD and multistate design over the panel of viral proteins (Fig 4). BROAD
was consistently able to generate lower energy antibody-antigen complexes, with a marked
decrease in binding energy. This finding supports the hypothesis that BROAD is able to search
sequences that are unavailable to multistate design, and that these new sequences have favor-
able score and binding energy.

Designed residues recapitulate known binding motifs

A frequent problem in computational protein design is false positives—that is, sequences that
are predicted to be favorable according to the score function, but are unable to recapitulate
that activity in vitro. The RosETTA score function uses many approximations of energetic terms
to enable faster simulations, and these approximations can introduce inaccuracies [24,25]. To
reduce the possibility that the redesigned VRC23 variants are scored favorably due to inaccura-
cies in the score function, we compared the designed residues introduced by BROAD to struc-
tural motifs of known broadly neutralizing antibodies (Fig 5). In several cases, the residues
introduced by BROAD mimicked a known interaction of an existing antibody. For example,
position 61 was mutated from proline in VRC23 to arginine (Fig 5, top left). The broadly neu-
tralizing antibody VRCO1 has an arginine that occupies similar space to the designed arginine
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[20]. This phenomenon can be observed for several different broadly neutralizing antibodies,
such as VRC-CH31, 3BNC117, and NIH45-46, all of which target the CD4 binding site, but at
slightly different orientations [20-22,26]. We observed several examples of this type of recapit-
ulation. Mutation Q62R on VRC23 placed an arginine residue to fill space that is occupied

by a tyrosine on VRC-CH31 (Fig 5, top right)—this mutation fills a void at the interface to
improve antibody-antigen packing. Mutation L73Y places an aromatic group overlapping with
the position of a tyrosine in antibody 3BNC117, which also improves packing with the antigen
(Fig 5, bottom left). Lastly, the D102E mutant on the CDRH3 places a carboxylic acid group in
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the same position as a glutamic acid on NIH45-46, improving electrostatic interactions with
the antigen (Fig 5, bottom right). This observation is remarkable due to the fact that the anti-
body loops occupy different space, but redesigned residues are able to mimic the interactions
of the broadly neutralizing antibody side chains. In addition, it is worthwhile to note that out
of these four mutants that recapitulate known broad motifs, three were unobserved in the
sequences sampled by multistate design (Fig 3B).

As an additional comparison, we identified 1,041 sibling sequences of known broadly neu-
tralizing antibody VRCO1, that were isolated in a previous study [27]. These siblings presum-
ably represent the sequence space accessible to VRCO01, and are a good test case to compare
how well our design algorithms are capturing natural sequence variation in a broad HIV anti-
body. Since these sequences have CDRH3 loops of different lengths we were not able to
include the portion of the binding site corresponding to the CDRH3 loop-however we com-
pared the rest of the binding site to the sequences seen in the VRCO1 lineage (Fig 6). We
observe that at several positions, BROAD samples sequences that are present in the VRC01
lineage but absent from MSD-sampled sequences (Fig 6, blue boxes). For example, at the third
position in the binding site isoleucine is sampled at a high frequency in BROAD and VRCO01
lineage sequences, but is never sampled by MSD (Fig 6). We highlight a total of five positions
where BROAD outperforms MSD in sampling sequences that are seen in the VRCO1 lineage.
To quantify the sequence similarity we computed a sum of squared difference between the two
matrices and normalized the values to 100% [14,28]. According to this metric the sequences
sampled by BROAD are 79.5% similar to those from the VRCO1 lineage, whereas those sam-
pled by MSD are only 76.3% similar. We conclude that BROAD more accurately recapitulates
motifs known in broadly neutralizing antibodies.

Discussion
Summary of results

In this paper we describe the development of a new protein design method that we call
BROAD. This method uses structural modeling with Roserta combined with integer linear
programming optimization techniques to rapidly search through sequence space for broadly
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binding antibodies. We validated this method by computationally optimizing the amino acid
sequence of the broadly neutralizing anti-HIV antibody VRC23. After modeling VRC23 vari-
ants in silico we were able to generate VRC23 variants with a predicted breadth of 100% over
the simulated viral panel, compared to a predicted 53% breadth for the wild type antibody.
This outcome represents a substantial step forward in protein design, and our methodologies
can be used to address a wide variety of protein design problems in which traditional structural
models are insufficient.

Although we did not test antibody variants in vitro in this study, we predict that the compu-
tationally designed variants will have greater breadth against the HIV viral panel. However, we
note several caveats with respect to experimental validation of these antibodies. Since this
experiment was designed as a computational proof of principle, we modeled only the amino
acids at the antibody binding interface of gp120, and not the entire gp120 sequence. This led to
gp120 models with ~2 A accuracy (S1 Table), which we consider sufficient for validating our
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design principles but not necessarily for experimental validation. Future directions in this
work include optimizing protocols for gp120 homology modeling to reduce this discrepancy
and enable experimental validation.

Backbone optimization in protein design

A distinct advantage of the BROAD method is the ability to truly incorporate backbone move-
ment into protein design. Many protein design methods have been developed that incorporate
backbone ensembles to some degree [11,14,29,30]-however, this work typically involves either
pre-generating large backbone ensembles, many of which may be redundant, or introducing
backbone movement iteratively after steps of sequence design. In our approach, since we are
relaxing the backbone of all mutants before fitting the sequence-based predictor, we were able
to design sequences that may be slightly sub-optimal on the starting backbone coordinates, but
can be highly favorable when a slight backbone relaxation is applied. This approach allows us
to search sequence space that is not accessible to other methods, which are highly constrained
to the initial backbone coordinates. We observed that the BROAD-generated sequences are
not sampled by RoserTa design using the RECON method, and indeed are more favorable
according to the RoseTTA energy function. Therefore, we conclude that we are searching a
“blind spot” in the sequence space that is missed by traditional design.
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Application to HIV immunology

This approach to research could be of great utility to the field of HIV immunology. A long-
standing goal of the field is discovering broadly neutralizing antibodies as the basis of a ratio-
nal structure-based vaccine strategy [31-33]. Much work has gone into redesigning existing
antibodies to increase their breadth and potency [3,21]. However, HIV is known for its vari-
ability, and with this variability comes a difficulty in generating a single antibody with potent
neutralization against all possible variants. The BROAD method addresses this problem by
enabling rapid redesign of known antibodies against viral panels of arbitrary size. This technol-
ogy can be used in the future as part of the antibody discovery and characterization process, by
rapidly searching sequence space for variants for greater breadth. In addition, protein design
also has been used on the reverse side of the vaccination problem, namely, to design a vaccine
with high affinity for antibodies of interest [34-36]. We can foresee the application of the
BROAD method to this problem as well, by optimizing immunogens for recognition of germ-
line precursors of known broadly neutralizing antibodies.

Materials and methods
Structural modeling

The VRC23-gp120 complex used for modeling was from the Protein DataBank (PDB ID:
4j6r). The structure was downloaded from the PDB (www.rcsb.org) and processed manually
to remove water and non-protein residues. The CH1 and CL1 domains of the antibody
structure were removed from the structure manually, and the structure was renumbered
starting from residue 1. To select binding sites on the antibody and virus, we applied a distance
cutoff of 4 A from the opposing protein chain, where any residue with a heavy atom within 4
A of a heavy atom on the opposing protein was considered to be at the binding site. Distance
calculations were done using PyMol visualization software [37]. We expanded this binding
site to several neighboring residues to include contiguous stretches of at least four residues to
constitute a binding site. A total of 27 residues on the antibody were included in the binding
site. We similarly determined a viral binding site to use for structural modeling. This site
included 5 contiguous stretches that were determined to be in contact with VRC23 (32 posi-
tions total). These positions were 276-282; 365-371; 425-430; 455-462; and 473-476 (HXB2
numbering). To model gp120 variants, we performed a multiple sequence alignment using
ClustalW [38] of the variant sequences with the gp120 in the crystal structure (Q23.17), and
substituted the corresponding amino acids at the binding site using RoserTa side chain optimi-
zation [24].

Training set

To generate a training set of structural models, we made random antibody substitutions in the
previously defined binding site. Each antibody variant had five randomly selected amino acid
mutations. Viral variants were taken from a set of 180 known HIV gp120 sequences [17]. We
chose random combinations of antibody variants and viruses, as well as the native antibody
sequence with all 180 viruses, for a total of 2200 antibody-virus pairs to serve as the training
set. All antibody-virus pairs were subjected to an energy minimization via the RoseTTA relax
protocol, which involves iterative rounds of side chain repacking and backbone minimization
with an increasing repulsive force [39]. 50 models of each antibody-virus pair were generated
by RoseTTA relax, and the lowest scoring model was used for further evaluation. The talaris2013
score function was used for all RoserTa simulations.
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Linear classification and regression

Our data-driven sequence-based model to learn amino acid contributions to binding and
stability is similar to the graphical model approach proposed in [19]. Let N, and N, de-

note the number of binding positions on the antibody and the virus respectively. Let A =

{A,, A, ... Ay, } beasetof discrete variables representing the amino acids in the binding
positions of the antibody. Each A, takes values in the set of M = 20 amino acids. Similarly, let
V ={V,,V,...Vy } represent the variables for the virus-binding positions. The inputs for
binding prediction are the antibody sequence a = {a,, a, ... ay } and virus sequence v =

{¥1, ¥, ... vy, } where a; and v; are the amino acid values for the variables A, and V}. Amino acid
contributions to binding can be modeled as a bipartite graph in which nodes for A and V rep-
resent the amino acids and the edges Q C A x V represent the pairwise amino acid interac-
tions. Each node a; and v; has associated weight vector x;and y; € R™. The edge (i, j) between
nodes a; and v; has an associated weight matrix Q; € RM*M to represent the position specific
contribution to binding for each amino acid pair, where g;;" is the umth entry of matrix Qj;.
Consequently, given a and v, the binding score varies as the sum of individual amino acids and

pairwise interaction effects. Given this setting, a and v are predicted to bind, i.e., ®(a, v) = +1
(b(a,v) <0),if

N M Ny M Na Ny, M M
szijaij + Zzyijvﬁ + ZZZZakuq;‘,’” v, +¢c<0 (1)
=l j=1 i=1 j=1 k=1 =1 u=1 m=1

where c is the intercept term and a;; and v;; are binary indicator variables that take the value 1 if
amino acid j is present at position i (¥; a; = 1, ¥; v;; = 1V i). The g;;" term represents Qg(u, m).
These weights can be learned efficiently using a linear support vector machine (SVM) classifier.
The feature vector f consists of N, x M binary antibody features, N, x M binary virus features
and N, x N, x M x M binary pairwise interaction features corresponding to x, y and Q respec-
tively. Given a set of d training instance-label pairs (f;, [,), i=1...d, [; = {+1, -1}, a L2-regular-
ized linear SVM generates a weight vector w by solving the following unconstrained optimization:
min, ;w' w-+ 2574 (max(1 — Lw"f,, 0))*, where A > 0 is the L2 regularization parameter.
Smaller A values enforce higher regularization. The second term is the squared hinge loss function.
The decision function is given by sign (w'f). We used the LIBLINEAR SVM implementation [40]
to learn the classifier. Finally, the weights x, y and Q are retrieved from the combined weight vec-
tor w.

On each training set of the viruses, we trained this classifier and saved the weights and the
intercepts for future use in optimization. In our example, N, = 27 and N, = 32. To tune the reg-
ularization parameter A of SVM, we performed 10-fold cross-validation on the full dataset,
using 80% of the data for training and 20% for testing. The average prediction accuracy is
shown in Fig 2 for different values of the L2 regularization parameter A. As expected, higher A
values lead to overfitting. We simultaneously plot the prediction error on the two classes: bind-
ers (+1) and non-binders (-1). We chose 4 = 0.001 for our experiments based on the bias-vari-
ance trade-off (corresponding to 33% test error).

The above model can be interpreted to identify the important binding positions on the anti-
body and the virus side, i.e., the pairs that contribute significantly to the final prediction. Spe-
cifically, we denote the Euclidean norm of the coefficient matrix of interactions Qj;, for each
position pair as the strength of interaction between those positions. We plot this interaction
strength for each pairwise interaction in Fig 2C.
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The linear regression model ¥(a) predicts the stability scores as a function of the antibody
sequence features:

P(a) = izx;jaij +c ()

i=1 j=1

where x* € R is the weight vector in regression and ¢’ is the intercept. Given a set of d train-
ing instance-score pairs (a;, s;) i =1 ... d, (s; = s(a;, v;), so there are multiple scores for the same
antibody feature vector), the regression objective with I; (sparse) regularization is given by:
min,, & (]|(x)"a, + ¢ — 5,[|,)* + o[|x‘||,, where the first term is the least squares penalty, a is
the regularization parameter and || x° ||; is the /;-norm of the weight vector. We used the Lasso
implementation in scikit-learn [41] to learn this model. To measure the effectiveness of the
prediction, we computed the correlation coefficient between the RoseTTa calculated stability
scores (in RoseTTA energy units, or REU) and the scores predicted by regression. We per-
formed a 10-fold cross validation experiment similar to linear classification, with 80% of the
data for training and 20% for testing. Based on this parameter tuning, we chose a = 0.01 with
an average correlation of 0.85 between predicted and actual stability energy score. Again, for
each training set of viruses, we learn this model and save the weights and the intercept for the
optimization in the next step.

Breadth maximization integer program

We leverage the weights in the binding and stability prediction models ®(a, v) and ¥(a) to for-
mulate an ILP for optimization in the antibody sequence space. The objective is to minimize
stability score. The constraints enforce the condition that the designed antibody should bind
to each virus sequence in the training set. Finally, we add the constraint that the binary vari-
ables at each antibody binding position should sum to 1, i.e., each position admits one amino
acid. The ILP is given by the following:

N, M
minimize ZZ(xfm)aku

P v
subject to

N, M N, M N, M

ZZ <ZZqﬁ’mv;n + xku> a,, + ZZyijvi'; +c< —¢ Vnel,... t
=1 u=1 \ =1 m=1 =1 j=1

M
Za,m =1, vk, a,, € {0,1}
u=1

where € = 0.0001 (which constrains that the antibody binds to all virus variants in the dataset,
with a slight margin to ensure that binding is strictly below the 0 threshold). We used CPLEX
version 12.51 to solve the above ILP. We solve this optimization problem for each binding and
stability model learned for data obtained from randomly chosen 100 virus variants (from the
dataset in which all 180 are represented).

Non-linear classification for binding prediction

Our final step is to take 50 antibodies generated using the integer program above from 50 ran-
dom subsets of data, and choose the top 10 candidates to evaluate with RoserTa. This decision
is based on a non-linear model of binding learned on the full dataset which includes all 180
viral variants, combined with a full-dataset linear model of stability. The top 10 most stable
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antibodies from all which are predicted to have 100% binding breadth are then chosen for eval-
uation. The linear model of stability is identical to what we had described above.

For the non-linear model of binding we use a kernel support vector machine with the radial
basis function (RBF) kernel. This model uses the same feature set as the linear model. The ker-
nel function enables learning in a high-dimensional, implicit feature space without explicitly
computing the coordinates of the data in that space. The RBF kernel of two feature vectors f

and f' is defined as:
_ f1I12
K(£,£) = exp (— ”ff”) ,

202

where || f - £ ||* is the squared Euclidean distance between the two feature vectors, and ¢ is a
free tunable parameter. Consequently, we have two free parameters to tune: the regularization
parameter A, and the RBF kernel parameter . Similar to the earlier set-up, we used 80% data
for training and 20% for testing in a 10-fold cross validation experiment to tune these. We per-
formed a grid-search over all pairwise combinations of ¢ and 4 values in 107> to 10% The
LIBSVM implementation in scikit-learn was used to train the RBF SVM. We chose the model
with 0=0.01 and A = 1 corresponding to the prediction accuracy of 68%.

All learning and ILP experiments were performed on a 2.4GHz hyper threaded 8-core
Ubuntu Linux machine with 16 GB RAM.

RECON multistate design

VRC23 was placed in complex with all 180 viruses and designed via RECON multistate design
to increase predicted breadth across the panel. Models of viral variants were created as previ-
ously described, by substituting amino acids at the binding site. All VRC23-gp120 pairs were
refined by RoseTTA relax with constraints to the starting coordinates to prevent the backbone
from making substantial movements. Constraints were placed on all Co. atoms with a standard
deviation of 0.5 A. All residues at the binding site of VRC23 were included in design, for a
total of 27 residues. The RECON protocol was run in parallel over 180 processors (manuscript
describing parallelization in preparation), with four rounds of design and a ramping conver-
gence constraint [14]. The binding sites on both the antibody and gp120 chain was subjected
to backrub movements between rounds of design to increase sequence diversity [42]. A total of
100 designs were generated. Sequences generated by both BROAD and RECON methods were
visualized using the WebLogo tool [43].

Sequence validation

To compare sequences generated by BROAD optimization and RECON multistate design, we
threaded the optimized antibody sequences over the unprocessed VRC23-gp120 complexes,
and subjected these complexes to RoseTTa relax to determine the score and binding energy of
optimized antibodies vs. wild-type. 50 models were generated for each complex, and the lowest
scoring model was used for evaluation. To compare native and optimized VRC23 sequences,
we compared the total energy of the VRC23-gp120 complex as well as the binding energy
(DDG), defined below:

DDG = Ecomplex - (EAb + EAg)

where E,p, and E 4 are the energies of the antibody and antigen alone, respectively. Structures
of modeled VRC23-gp120 complexes were visualized using Chimera software [44].
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Comparison to VRCO1 lineage sequences

VRCO1 lineage sequences were derived from a previous study [27]. The 1,041 curated heavy
chain sequences we used in this analysis are available in GenBank with accession numbers
KP840719-KP841751. To compare sequence profiles we used a modified Sandelin-Wasserman
similarity score, as described in [14,28]. Briefly, this score was calculated by computing the
sum of squared difference for each amino acid frequency at each position, which was then sub-
tracted from two and normalized to yield a percent similarity for each position and summed
over all designed positions to give an overall similarity score.

Supporting information

S1 Fig. Binding site of VRC23 shown in context of the antibody-antigen complex. The
binding site encompasses FR2, CDR2, FR3 and CDR3 regions of the antibody heavy chain.
(TIF)

S2 Fig. Pseudocode describing the Integer Linear Program.
(TIF)

$3 Fig. Pseudocode describing the BROAD algorithm for design of broadly binding anti-
bodies.
(TIF)

S1 Table. RoserTa relaxed models used in BROAD optimization were compared to solved
structures of gp120 viral variants and the root mean squared deviation (RMSD) was com-
puted over Ca atoms on gp120. The relax protocol recapitulates the gp120 conformations
with an average RMSD of 2.2 A.

(DOCX)

S1 File. Protocol capture to run all relevant protocols described in the manuscript.
(DOCX)

Author Contributions

Conceptualization: Alexander M. Sevy, Swetasudha Panda, James E. Crowe, Jr, Jens Meiler,
Yevgeniy Vorobeychik.

Data curation: Alexander M. Sevy, Swetasudha Panda, Yevgeniy Vorobeychik.

Formal analysis: Alexander M. Sevy, Swetasudha Panda, Jens Meiler, Yevgeniy Vorobeychik.
Funding acquisition: James E. Crowe, Jr.

Investigation: Alexander M. Sevy, Swetasudha Panda, Jens Meiler, Yevgeniy Vorobeychik.
Methodology: Alexander M. Sevy, Swetasudha Panda.

Resources: James E. Crowe, Jr, Jens Meiler, Yevgeniy Vorobeychik.

Software: Alexander M. Sevy, Swetasudha Panda, Jens Meiler, Yevgeniy Vorobeychik.
Supervision: James E. Crowe, Jr, Jens Meiler, Yevgeniy Vorobeychik.

Validation: Alexander M. Sevy, Swetasudha Panda.

Writing - original draft: Alexander M. Sevy, Swetasudha Panda, Yevgeniy Vorobeychik.

Writing - review & editing: Alexander M. Sevy, Swetasudha Panda, James E. Crowe, Jr, Jens
Meiler, Yevgeniy Vorobeychik.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005999 February 16, 2018 15/18


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005999.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005999.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005999.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005999.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005999.s005
https://doi.org/10.1371/journal.pcbi.1005999

©-PLOS | sotoer o

Antibody design using machine learning

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Kuhlman B, Dantas G, Ireton GC, Varani G, Stoddard BL, Baker D. Design of a novel globular protein
fold with atomic-level accuracy. Science. American Association for the Advancement of Science; 2003;
302: 1364—-1368. https://doi.org/10.1126/science.1089427 PMID: 14631033

Dahiyat Bl, Mayo SL. De novo protein design: fully automated sequence selection. Science. 1997; 278:
82-87. PMID: 9311930

Willis JR, Sapparapu G, Murrell S, Julien J-P, Singh V, King HG, et al. Redesigned HIV antibodies
exhibit enhanced neutralizing potency and breadth. J Clin Invest. 2015;: 1-9.

Fleishman SJ, Whitehead TA, Ekiert DC, Dreyfus C, Corn JE, Strauch E-M, et al. Computational design
of proteins targeting the conserved stem region of influenza hemagglutinin. Science. American Associa-
tion for the Advancement of Science; 2011; 332: 816—821. https://doi.org/10.1126/science.1202617
PMID: 21566186

Strauch E-M, Bernard SM, La D, Bohn AJ, Lee PS, Anderson CE, et al. Computational design of trimeric
influenza-neutralizing proteins targeting the hemagglutinin receptor binding site. Nat Biotechnol. 2017;
48: 52—-24. https://doi.org/10.1038/nbt.3907 PMID: 28604661

King NP, Sheffler W, Sawaya MR, Vollmar BS, Sumida JP, André |, et al. Computational design of self-
assembling protein nanomaterials with atomic level accuracy. Science. 2012; 336: 1171-1174. https://
doi.org/10.1126/science.1219364 PMID: 22654060

Shifman JM, Mayo SL. Modulating calmodulin binding specificity through computational protein design.
J Mol Biol. 2002; 323: 417-423. PMID: 12381298

Willis JR, Briney BS, DeLuca SL, Crowe JE, Meiler J. Human germline antibody gene segments encode
polyspecific antibodies. PLoS Comput Biol. Public Library of Science; 2013; 9: €1003045. https://doi.
org/10.1371/journal.pcbi. 1003045 PMID: 23637590

Guntas G, Hallett RA, Zimmerman SP, Williams T, Yumerefendi H, Bear JE, et al. Engineering an
improved light-induced dimer (iLID) for controlling the localization and activity of signaling proteins. Proc
Natl Acad Sci USA. National Acad Sciences; 2015; 112: 112—117. https://doi.org/10.1073/pnas.
1417910112 PMID: 25535392

Howell SC, Inampudi KK, Bean DP, Wilson CJ. Understanding thermal adaptation of enzymes through
the multistate rational design and stability prediction of 100 adenylate kinases. Structure. 2014; 22:
218-229. https://doi.org/10.1016/j.str.2013.10.019 PMID: 24361272

Davey JA, Chica RA. Improving the accuracy of protein stability predictions with multistate design using
a variety of backbone ensembles. Proteins. 2014; 82: 771-784. https://doi.org/10.1002/prot.24457
PMID: 24174277

Lewis SM, Wu X, Pustilnik A, Sereno A, Huang F, Rick HL, et al. Generation of bispecific IgG antibodies
by structure-based design of an orthogonal Fab interface. Nat Biotechnol. Nature Publishing Group;
2014; 32: 191-198. https://doi.org/10.1038/nbt.2797 PMID: 24463572

Havranek JJ, Harbury PB. Automated design of specificity in molecular recognition. Nat Struct Biol.
20083; 10: 45-52. https://doi.org/10.1038/nsb877 PMID: 12459719

Sevy AM, Jacobs TM, Crowe JE, Meiler J. Design of Protein Multi-specificity Using an Independent
Sequence Search Reduces the Barrier to Low Energy Sequences. Peters B, editor. PLoS Comput Biol.
Public Library of Science; 2015; 11: €1004300. https://doi.org/10.1371/journal.pcbi.1004300 PMID:
26147100

Leaver-Fay A, Jacak R, Stranges PB, Kuhlman B. A generic program for multistate protein design.
Uversky VN, editor. Public Library of Science; 2011; 6: €20937. https://doi.org/10.1371/journal.pone.
0020937 PMID: 21754981

Georgiev IS, Doria-Rose NA, Zhou T, Kwon YD, Staupe RP, Moquin S, et al. Delineating antibody rec-
ognition in polyclonal sera from patterns of HIV-1 isolate neutralization. Science. American Association
for the Advancement of Science; 2013; 340: 751-756. https://doi.org/10.1126/science.1233989 PMID:
23661761

Chuang G-Y, Acharya P, Schmidt SD, Yang Y, Louder MK, Zhou T, et al. Residue-level prediction of
HIV-1 antibody epitopes based on neutralization of diverse viral strains. J Virol. American Society for
Microbiology; 2013; 87: 10047—-10058. https://doi.org/10.1128/JV1.00984-13 PMID: 23843642

Cortes C, Vapnik V. Support-vector networks. Machine learning. 1995. https://doi.org/10.1007/
BF00994018

Kamisetty H, Ghosh B, Langmead CJ, Bailey-Kellogg C. Learning sequence determinants of protein:
protein interaction specificity with sparse graphical models. J Comput Biol. 2015; 22: 474—486. https://
doi.org/10.1089/cmb.2014.0289 PMID: 25973864

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005999 February 16, 2018 16/18


https://doi.org/10.1126/science.1089427
http://www.ncbi.nlm.nih.gov/pubmed/14631033
http://www.ncbi.nlm.nih.gov/pubmed/9311930
https://doi.org/10.1126/science.1202617
http://www.ncbi.nlm.nih.gov/pubmed/21566186
https://doi.org/10.1038/nbt.3907
http://www.ncbi.nlm.nih.gov/pubmed/28604661
https://doi.org/10.1126/science.1219364
https://doi.org/10.1126/science.1219364
http://www.ncbi.nlm.nih.gov/pubmed/22654060
http://www.ncbi.nlm.nih.gov/pubmed/12381298
https://doi.org/10.1371/journal.pcbi.1003045
https://doi.org/10.1371/journal.pcbi.1003045
http://www.ncbi.nlm.nih.gov/pubmed/23637590
https://doi.org/10.1073/pnas.1417910112
https://doi.org/10.1073/pnas.1417910112
http://www.ncbi.nlm.nih.gov/pubmed/25535392
https://doi.org/10.1016/j.str.2013.10.019
http://www.ncbi.nlm.nih.gov/pubmed/24361272
https://doi.org/10.1002/prot.24457
http://www.ncbi.nlm.nih.gov/pubmed/24174277
https://doi.org/10.1038/nbt.2797
http://www.ncbi.nlm.nih.gov/pubmed/24463572
https://doi.org/10.1038/nsb877
http://www.ncbi.nlm.nih.gov/pubmed/12459719
https://doi.org/10.1371/journal.pcbi.1004300
http://www.ncbi.nlm.nih.gov/pubmed/26147100
https://doi.org/10.1371/journal.pone.0020937
https://doi.org/10.1371/journal.pone.0020937
http://www.ncbi.nlm.nih.gov/pubmed/21754981
https://doi.org/10.1126/science.1233989
http://www.ncbi.nlm.nih.gov/pubmed/23661761
https://doi.org/10.1128/JVI.00984-13
http://www.ncbi.nlm.nih.gov/pubmed/23843642
https://doi.org/10.1007/BF00994018
https://doi.org/10.1007/BF00994018
https://doi.org/10.1089/cmb.2014.0289
https://doi.org/10.1089/cmb.2014.0289
http://www.ncbi.nlm.nih.gov/pubmed/25973864
https://doi.org/10.1371/journal.pcbi.1005999

©-PLOS | sotoer o

Antibody design using machine learning

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.

Zhou T, Georgiev |, Wu X, Yang Z-Y, Dai K, Finzi A, et al. Structural basis for broad and potent neutrali-
zation of HIV-1 by antibody VRCO1. Science. American Association for the Advancement of Science;
2010; 329: 811-817. https://doi.org/10.1126/science.1192819 PMID: 20616231

Diskin R, Scheid JF, Marcovecchio PM, West AP, Klein F, Gao H, et al. Increasing the potency and
breadth of an HIV antibody by using structure-based rational design. Science. American Association for
the Advancement of Science; 2011; 334: 1289—-1293. https://doi.org/10.1126/science.1213782 PMID:
22033520

Klein F, Diskin R, Scheid JF, Gaebler C, Mouquet H, Georgiev IS, et al. Somatic mutations of the immu-
noglobulin framework are generally required for broad and potent HIV-1 neutralization. Cell. 2013; 153:
126-138. https://doi.org/10.1016/j.cell.2013.03.018 PMID: 23540694

Scheid JF, Mouquet H, Ueberheide B, Diskin R, Klein F, Oliveira TYK, et al. Sequence and structural
convergence of broad and potent HIV antibodies that mimic CD4 binding. Science. American Associa-
tion for the Advancement of Science; 2011; 333: 1633—-1637. https://doi.org/10.1126/science.1207227
PMID: 21764753

Leaver-Fay A, O'Meara MJ, Tyka M, Jacak R, Song Y, Kellogg EH, et al. Scientific benchmarks for guid-
ing macromolecular energy function improvement. Meth Enzymol. Elsevier; 2013; 523: 109-143.
https://doi.org/10.1016/B978-0-12-394292-0.00006-0 PMID: 23422428

Bender BJ, Cisneros A, Duran AM, Finn JA, Fu D, Lokits AD, et al. Protocols for Molecular Modeling
with Rosetta3 and RosettaScripts. Biochemistry. American Chemical Society; 2016; 55: 4748—4763.
https://doi.org/10.1021/acs.biochem.6b00444 PMID: 27490953

Zhou T, Zhu J, Wu X, Moquin S, Zhang B, Acharya P, et al. Multidonor Analysis Reveals Structural Ele-
ments, Genetic Determinants, and Maturation Pathway for HIV-1 Neutralization by VRC01-Class Anti-
bodies. Immunity. 2013; 39: 245-258. https://doi.org/10.1016/j.immuni.2013.04.012 PMID: 23911655

Wu X, Zhang Z, Schramm CA, Joyce MG, Do Kwon Y, Zhou T, et al. Maturation and Diversity of the
VRCO01-Antibody Lineage over 15 Years of Chronic HIV-1 Infection. Cell. 2015; 161: 470—485. https://
doi.org/10.1016/j.cell.2015.03.004 PMID: 25865483

Sandelin A, Wasserman WW. Constrained binding site diversity within families of transcription factors
enhances pattern discovery bioinformatics. J Mol Biol. 2004; 338: 207-215. https://doi.org/10.1016/j.
jmb.2004.02.048 PMID: 15066426

Allen BD, Nisthal A, Mayo SL. Experimental library screening demonstrates the successful application
of computational protein design to large structural ensembles. Proc Natl Acad Sci USA. National Acad
Sciences; 2010; 107: 19838-19843. https://doi.org/10.1073/pnas.1012985107 PMID: 21045132

Leaver-Fay A, Froning KJ, Atwell S, Aldaz H, Pustilnik A, Lu F, et al. Computationally Designed Bispeci-
fic Antibodies using Negative State Repertoires. Structure. 2016; 24: 641-651. https://doi.org/10.1016/
j.str.2016.02.013 PMID: 26996964

Wu X, Yang Z-Y, Li Y, Hogerkorp C-M, Schief WR, Seaman MS, et al. Rational design of envelope iden-
tifies broadly neutralizing human monoclonal antibodies to HIV-1. Science. American Association for
the Advancement of Science; 2010; 329: 856—861. https://doi.org/10.1126/science.1187659 PMID:
20616233

Walker LM, Phogat SK, Chan-Hui P-Y, Wagner D, Phung P, Goss JL, et al. Broad and potent neutraliz-
ing antibodies from an African donor reveal a new HIV-1 vaccine target. Science. American Association
for the Advancement of Science; 2009; 326: 285-289. https://doi.org/10.1126/science.1178746 PMID:
19729618

Huang J, Ofek G, Laub L, Louder MK, Doria-Rose NA, Longo NS, et al. Broad and potent neutralization
of HIV-1 by a gp41-specific human antibody. Nature. Nature Publishing Group; 2012; 491: 406—412.
https://doi.org/10.1038/nature11544 PMID: 23151583

Jardine J, Julien J-P, Menis S, Ota T, Kalyuzhniy O, McGuire A, et al. Rational HIV immunogen design
to target specific germline B cell receptors. Science. American Association for the Advancement of Sci-
ence; 2013; 340: 711-716. https://doi.org/10.1126/science.1234150 PMID: 23539181

Ofek G, Guenaga FJ, Schief WR, Skinner J, Baker D, Wyatt R, et al. Elicitation of structure-specific anti-
bodies by epitope scaffolds. Proc Natl Acad Sci USA. National Acad Sciences; 2010; 107: 17880—
17887. https://doi.org/10.1073/pnas.1004728107 PMID: 20876137

Correia BE, Bates JT, Loomis RJ, Baneyx G, Carrico C, Jardine JG, et al. Proof of principle for epitope-
focused vaccine design. Nature. Nature Publishing Group; 2015; 507: 201-206. https://doi.org/10.
1038/nature12966 PMID: 24499818

Schrodinger, LLC. The PyMOL Molecular Graphics System, Version 1.7. 2015.

Larkin MA, Blackshields G, Brown NP, Chenna R, McGettigan PA, McWilliam H, et al. Clustal W and
Clustal X version 2.0. Bioinformatics. Oxford University Press; 2007; 23: 2947—2948. https://doi.org/10.
1093/bioinformatics/btm404 PMID: 17846036

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005999 February 16, 2018 17/18


https://doi.org/10.1126/science.1192819
http://www.ncbi.nlm.nih.gov/pubmed/20616231
https://doi.org/10.1126/science.1213782
http://www.ncbi.nlm.nih.gov/pubmed/22033520
https://doi.org/10.1016/j.cell.2013.03.018
http://www.ncbi.nlm.nih.gov/pubmed/23540694
https://doi.org/10.1126/science.1207227
http://www.ncbi.nlm.nih.gov/pubmed/21764753
https://doi.org/10.1016/B978-0-12-394292-0.00006-0
http://www.ncbi.nlm.nih.gov/pubmed/23422428
https://doi.org/10.1021/acs.biochem.6b00444
http://www.ncbi.nlm.nih.gov/pubmed/27490953
https://doi.org/10.1016/j.immuni.2013.04.012
http://www.ncbi.nlm.nih.gov/pubmed/23911655
https://doi.org/10.1016/j.cell.2015.03.004
https://doi.org/10.1016/j.cell.2015.03.004
http://www.ncbi.nlm.nih.gov/pubmed/25865483
https://doi.org/10.1016/j.jmb.2004.02.048
https://doi.org/10.1016/j.jmb.2004.02.048
http://www.ncbi.nlm.nih.gov/pubmed/15066426
https://doi.org/10.1073/pnas.1012985107
http://www.ncbi.nlm.nih.gov/pubmed/21045132
https://doi.org/10.1016/j.str.2016.02.013
https://doi.org/10.1016/j.str.2016.02.013
http://www.ncbi.nlm.nih.gov/pubmed/26996964
https://doi.org/10.1126/science.1187659
http://www.ncbi.nlm.nih.gov/pubmed/20616233
https://doi.org/10.1126/science.1178746
http://www.ncbi.nlm.nih.gov/pubmed/19729618
https://doi.org/10.1038/nature11544
http://www.ncbi.nlm.nih.gov/pubmed/23151583
https://doi.org/10.1126/science.1234150
http://www.ncbi.nlm.nih.gov/pubmed/23539181
https://doi.org/10.1073/pnas.1004728107
http://www.ncbi.nlm.nih.gov/pubmed/20876137
https://doi.org/10.1038/nature12966
https://doi.org/10.1038/nature12966
http://www.ncbi.nlm.nih.gov/pubmed/24499818
https://doi.org/10.1093/bioinformatics/btm404
https://doi.org/10.1093/bioinformatics/btm404
http://www.ncbi.nlm.nih.gov/pubmed/17846036
https://doi.org/10.1371/journal.pcbi.1005999

©-PLOS | sotoer o

Antibody design using machine learning

39.

40.

41.

42,

43.

44,

Combs SA, DelLuca SL, Deluca SH, Lemmon GH, Nannemann DP, Nguyen ED, et al. Small-molecule
ligand docking into comparative models with Rosetta. Nat Protoc. Nature Publishing Group; 2013; 8:
1277-1298. https://doi.org/10.1038/nprot.2013.074 PMID: 23744289

Fan R-E, Chang K-W, Hsieh C-J, Wang X-R, Lin C-J. LIBLINEAR: A Library for Large Linear Classifica-
tion. Journal of Machine Learning Research. 2008; 9: 1871-1874.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine
Learning in Python. Journal of Machine Learning Research. 2011; 12: 2825-2830.

Smith CA, Kortemme T. Backrub-like backbone simulation recapitulates natural protein conformational
variability and improves mutant side-chain prediction. J Mol Biol. 2008; 380: 742—756. https://doi.org/
10.1016/j.jmb.2008.05.023 PMID: 18547585

Crooks GE, Hon G, Chandonia J-M, Brenner SE. WebLogo: a sequence logo generator. Genome Res.
Cold Spring Harbor Lab; 2004; 14: 1188—1190. https://doi.org/10.1101/gr.849004 PMID: 15173120

Pettersen EF, Goddard TD, Huang CC, Couch GS, Greenblatt DM, Meng EC, et al. UCSF Chimera—a
visualization system for exploratory research and analysis. J Comput Chem. John Wiley & Sons, Inc;
2004; 25: 1605—1612. https://doi.org/10.1002/jcc.20084 PMID: 15264254

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005999 February 16, 2018 18/18


https://doi.org/10.1038/nprot.2013.074
http://www.ncbi.nlm.nih.gov/pubmed/23744289
https://doi.org/10.1016/j.jmb.2008.05.023
https://doi.org/10.1016/j.jmb.2008.05.023
http://www.ncbi.nlm.nih.gov/pubmed/18547585
https://doi.org/10.1101/gr.849004
http://www.ncbi.nlm.nih.gov/pubmed/15173120
https://doi.org/10.1002/jcc.20084
http://www.ncbi.nlm.nih.gov/pubmed/15264254
https://doi.org/10.1371/journal.pcbi.1005999

