
REPORT

Accurate determination of epitope for antibodies with unknown 3D structures
Shifa Tahira, Thomas Bourquarda,b, Astrid Musniera,b, Yann Jullianb,c, Yannick Cordeb, Zakaria Omahdib, Laetitia Mathiasa, 
Eric Reitera,d,e, Pascale Crépieuxa,d,e, Gilles Bruneaua, and Anne Poupona,b,d,e

aPRC, INRAE, CNRS, Université De Tours, Nouzilly, France.; bMAbSilico SAS, 1 Impasse Du Palais; cCaSciModOT, UFR De Sciences Et Techniques, 
Université De Tours; dFrance Inria, Inria Saclay-Île-de-France, Palaiseau, France; eUniversité Paris-Saclay, INRAE, MaIAGE, Jouy-en-Josas, France

ABSTRACT
MAbTope is a docking-based method for the determination of epitopes. It has been used to successfully 
determine the epitopes of antibodies with known 3D structures. However, during the antibody discovery 
process, this structural information is rarely available. Although we already have evidence that homology 
models of antibodies could be used instead of their 3D structure, the choice of the template, the 
methodology for homology modeling and the resulting performance still have to be clarified. Here, we 
show that MAbTope has the same performance when working with homology models of the antibodies as 
compared to crystallographic structures. Moreover, we show that even low-quality models can be used. 
We applied MAbTope to determine the epitope of dupilumab, an anti- interleukin 4 receptor alpha 
subunit therapeutic antibody of unknown 3D structure, that we validated experimentally. Finally, we 
show how the MAbTope-determined epitopes for a series of antibodies targeting the same protein can be 
used to predict competitions, and demonstrate the accuracy with an experimentally validated example.

3D: three-dimensionalRMSD: root mean square deviationCDR: complementary-determining regionCPU: 
central processing unitsVH: heavy chain variable regionVL: light chain variable regionscFv: single-chain 
variable fragmentsVHH: single-chain antibody variable regionIL4Rα: Interleukin 4 receptor alpha chainSPR: 
surface plasmon resonancePDB: protein data bankHEK293: Human embryonic kidney 293 cellsEDTA: 
Ethylenediaminetetraacetic acidFBS: Fetal bovine serumANOVA: Analysis of varianceEGFR: Epidermal 
growth factor receptorPE: PhycoerythrinAPC: AllophycocyaninFSC: forward scatterSSC: side scatterWT: 
wild type
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Introduction

Antibodies play an essential role in the immune system of 
living organisms. Their ability to bind their target with high 
affinity and specificity allows the detection of foreign mole
cules, which are then dealt with by other components of the 
immune system. The specific region on the surface of the 
foreign molecule is known as the epitope. When developing 
antibodies, either for therapeutic or diagnostic use, knowledge 
of the epitope is important because it gives clues about the 
antibody biological effect. Knowledge of the epitopes of a series 
of antibodies targeting a unique protein also allows prediction 
of the competitions between them. Finally, the epitope is an 
important element to be precisely determined for patent 
protection.

In the case of protein antigens, these epitopes can be of two 
types: linear (continuous) or conformational (discontinuous).1 

A linear epitope is composed of 6 to 10 adjacent amino acids in 
the primary structure, whereas a conformational epitope is 
composed of 10 to 20 amino acids that are in close proximity 
in the 3D structure, but scattered in the linear sequence.2–4 

This second category represents 90% of the known epitopes.5,6

Because antibodies are used as therapeutic agents in 
a growing number of diseases, including cancers, rheumatoid 

arthritis, and infections, it is very important to know how and 
where they bind to their targets. Conventional methods for 
determining the epitope are experimental, e.g., peptide arrays, 
hydrogen-deuterium exchange, the gold standard being the 
determination of the 3D structure of the antibody-antigen 
complex.7 However, these methods require many experimental 
manipulations, specialized equipment and skills, and conse
quently are time consuming and costly. Moreover, non- 
structural methods are error-prone, and structural methods 
cannot always be applied, especially when the target is 
a membrane protein.

Facing such issues, substantial efforts have been expended 
on developing efficient in silico methods. These methods can be 
divided in two main types: antigen specific and antibody- 
antigen specific. Antigen-specific approaches, such as 
DiscoTope,6 BePro,8 ElliPro,9 SEPPA,10 FRODOCK,11 

PPiPP,12 only consider antigen information, whereas antibody- 
antigen-specific approaches, such as ASEP,13 Cluspro,14 and 
EPiPred,15 also integrate antibody information.7 Comparison 
of their respective performances shown that the antibody- 
antigen-specific methods clearly outperform antigen-specific 
approaches.7
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Our team developed PRIOR,16 a protein-protein dock
ing method that had very good accuracy. One of the 
conclusions of this work was that using scoring functions 
optimized for different categories of protein-protein com
plexes (enzymes, antibody-antigen and others) clearly 
increased the performance. Another important conclusion 
was that, although it was sometimes difficult to efficiently 
select one docking pose with low RMSD with the crystal
lographic complex, the highest ranked poses shared, in 
most cases, the same interaction regions, which was 
always correct. Thus, we slightly modified the objective 
function of the machine-learning to optimize the selection 
of the correct interaction region, rather than the RMSD 
with the crystallographic solution. Indeed, knowledge of 
the precise arrangement of the two partners within 
a complex is a critical source of functional information. 
However, optimizing the procedure on this criterion led 
to sometimes completely missing the correct interaction 
region.

This led to the development of the antibody-dedicated 
method MAbTope.17 On a benchmark of 129 antibody- 
antigen complexes of known 3D structure, for which the 
isolated 3D structure of the antibody and of the antigen 
was known, the epitope was correctly determined in all 
cases. MAbTope also allowed us to determine the epitopes 
of numerous different antibodies whose structure was pre
viously unknown, including golimumab and certolizumab, 
which target tumor necrosis factor,17 eculizumab, which 
targets the complement protein C5,18 5B9, which targets 
platelet factor 4 complexed with heparin,19 4C3, which 
targets the proteinase 320 or C6 and D5, which target 
HER4 JMa/CYT1 isoform.21

In all these studies, the 3D structures of the antibodies were 
unknown, as it is usually the case when working on new 
antibodies. Therefore, these studies, although successful since 
experimentally validated, raise the question of antibody mod
eling, and the performance of the method when relying on such 
models.

Here, we sought to evaluate the performances of 
MAbTope when working with homology models of anti
body 3D structure, depending on the method chosen for 
homology modeling. Accurate homology modeling of anti
bodies 3D structures remains difficult, essentially because 
of the high variability in both sequence and structure of 
the complementary-determining regions (CDRs), espe
cially CDR H3. Different studies22–24 have shown that 
state-of-the-art methods, such as BIOVIA tools,25 

RosettaAntibody26,27 and SAbPred,28 lead to high-quality 
models. But, compared to more basic tools such as 
Modeler,29 these methods are consume a considerable 
central processing units (CPUs), and cannot be used at 
high throughput.

Another question was the choice of the template for 
homology modeling. Indeed, the known 3D structure dis
playing the highest sequence identity with the protein to 
be modeled is often preferred. However, in the particular 
case of antibodies, this choice might not be the wisest, 
since sequence identity relies mostly on the frameworks, 
whereas antibody specificity is mostly due to CDRs.

Results

Selecting templates with identical CDR length

Since antibodies bind their cognate antigen mainly through the 
CDRs, for modeling a given variable domain (query) we first 
chose a template fulfilling the following criteria: 1) query and 
template have CDRs of identical length; and 2) the template is 
an antibody of known 3D structure which has the highest 
sequence identity with the query. Models of the 3D structures 
of each antibody were built using Modeler29 and different 
templates for VH and VL (see material & methods).

For 291 complexes of 292 in the test set, the epitope was 
correctly predicted by MAbTope (Table 1, Figure 1, Table S1), 
meaning that at least one of the top 4 ranked regions contains 
at least one residue belonging to the crystallographic epitope. 
An example is given in Figure 2 that illustrates the relationship 
between the ES score, the designed interfering peptides and 
shows the comparison between the predicted and the crystal
lographic epitopes.

It should be noted that for 2 of the 292 complexes for which 
the prediction is correct (4I9W30 and 4HG431), the four best- 
ranked regions contain less than 30% of the epitope, which 
could be considered as low. However, the prediction still gives 
the approximate position of the epitope on these rather large 
targets (309 and 501 residues, respectively, Figure S1). On the 
complete dataset, on average 83% of epitope residues are pre
dicted, meaning that they belong to one of the top 4 regions 
(Figure 1). For 199 complexes, more than 80% of the amino 
acids belonging to the crystallographic epitope belong to one of 
the top 4 regions. It is easier to predict the correct epitope for 
small targets than for large ones, since the surface ratio covered 
by the top 4 peptides is larger for small proteins. However, for 
the 50 smallest proteins of our dataset, the predicted epitope 
covers only 30% of the total accessible area. This ratio falls to 
6% for the 50 largest targets of the benchmark. The total 
accessible surface area of targets and that of predicted epitope 
are given in Table S1.

Very comparable results are obtained on the different tested 
subsets (Table 1), antigen-binding fragments (Fabs) (or single- 
chain variable fragments (scFvs)) and VHH, but also com
plexes that belong or not to the learning dataset (see Material 
and Methods). Finally, when using the negative controls data
set, on average only 42% of the crystallographic epitope is 
correctly predicted, which is significantly different from the 

Table 1. Epitope prediction accuracy of different subsets. All: complete test 
dataset; VH+VL: Fab and scFv; VHH: single-chain antibodies; In learn: complexes 
that belong to the learning dataset of MAbTope; Not in learn: complexes that are 
not part of MAbTope learning dataset; NC: negative control. Epi Res: average 
number of residues in the crystallographic epitope; P1 to P4: number of residues 
of the crystallographic epitope belonging to regions ranked 1 to 4; Top-4: number 
of epitope residues present in one of the top-4 regions, Overall: top-4/Epi Res, i.e., 
proportion of epitope residues predicted in one of the top-4 regions. a and b 

indicate statistically different values (Student test).

Subset Epi Res P1 P2 P3 P4 Top-4 Overall

All 15.73 5.91 3.48 2.12 1.32 12.80 82.68a

VH+VL 16.06 5.96 3.40 2.25 1.39 12.96 81.67a

VHH 14.54 5.71 3.79 1.65 1.06 12.22 86.38a

In learn 15.09 5.76 3.30 2.16 1.31 12.45 83.55a

Not in learn 16.31 6.05 3.65 2.08 1.33 13.11 81.90a

NC 15.86 3.06 1.27 1.28 1.01 6.62 41.74b
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results obtained on the test datasets. Supplementary Figure S2 
shows the same average values as indicated in Table 1, together 
with the standard deviations and the results of pairwise statis
tical tests. All the differences between series and negative con
trols are significant for peptides 1 and 2. Surprisingly, for 
peptide 3, only the “in learn” series is not significantly different 
from the controls. For peptide 4, only “All” and “VH+VL” are 
significantly different from control. This is less surprising 
because these are the two largest categories.

Since MAbTope is a docking-based method, we also wanted 
to evaluate its pure docking performances. For 259 of the 

complexes of the test set, one of the top 30-ranked poses satisfy 
the CAPRI criteria, and can thus be considered as near- 
native.32

Impact of sequence identity

To evaluate the effect of sequence identity between query and 
template sequences, for a given query variable domain, we built 
models using as templates antibodies with known 3D structure, 
having the same CDR lengths, and decreasing overall sequence 
identities. We built a dataset of 20 randomly selected 

Figure 2. Prediction of the epitope of the therapeutic antibody IMC-11F8 on epidermal growth factor receptor (PDB: 3B2V]). (a): crystal structure of the antibody- 
EGFR complex. (b): predicted epitope (violet: ES>20, blue: ES in 15–20, cyan: ES in 10–15, light cyan: ES in 5–10). C: top 30 docking poses. (d): crystallographic epitope. 
(e): regions involved in the epitope (dark red to yellow for regions ranked 1 to 4). (f): overlap between predicted and crystallographic epitope.

Figure 1. Percentage of correctly predicted epitope residues within the 292 complexes of the dataset. Bar chart illustrating the percentage of epitopic residues 
correctly predicted.
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complexes of our dataset for which the epitope was correctly 
predicted in our first experiment, and for which we were able to 
find more than one possible template. It should be noted that 
even though the different templates have different sequences 
(as compared to the query and between each other), the query 
always has the same sequence. The number of models gener
ated for each antibody varied from 2 to 107, accounting for 
a total of 767 models (Table S2). The lowest overall sequence 
identity between query and template is 60%, which is very low 
for variable domains of antibodies. Indeed, CDRs represent 
only around 22% of the sequence (25 residues of 115), and 
are more variable than the frameworks. Thus, 50.8% sequence 
identity corresponds to antibodies that have similar frame
works, but completely different CDRs (Figure S3). 
Nevertheless, MAbTope was able to predict the correct epitope 
in all cases, and a near-native conformation was present in the 
top 30 ranked docking poses for 752 of the 767 test cases.

Templates with insertions or deletions

In some cases, it is not possible to find a template having 
identical CDR lengths for homology modeling. Thus, we eval
uated the impact of using templates having different CDR 
length. To this aim, we randomly selected 26 complexes in 
our test set, for which we were able to correctly determine 
the epitope in the first experiment. For each antibody VH 
domain, we searched for templates having 1 to 5 insertions or 
deletions in the CDRs, as compared to the CDRs of the query. 

In other words, the template was considered to have 1 insertion 
or deletion if one of its CDR was, respectively, one residue 
longer or shorter than the corresponding CDR of the query, the 
other CDRs having the same length. The templates we selected 
had the insertions mostly at the CDRH3, as this is the most 
variable CDR. As above, even though the templates have dif
ferent sequences and different CDR lengths (as compared to 
the query and between each other), the resulting 3D models of 
the query antibody always have the same sequence and CDR 
lengths (sequence and CDR lengths of the query).

It must be noted that increasing the number of insertions or 
deletions in the template decreases the quality of the 3D model 
of the query. Indeed, if the template is longer than the query, 
the residues missing from the query are removed during the 
modeling process, and the flanking residues must be brought 
closer to reconstitute the protein skeleton. On the contrary, if 
the template is shorter than the query the skeleton has to be cut 
to accommodate for the residues present in the query and 
absent from the template. The flanking residues have to be 
moved apart and the inserted residues modeled from scratch. 
In both cases, this type of modeling involves deformations of 
the template skeleton, which is a well-known source of 
imprecision.

Despite this, we found that, on average, 91% of the residues 
of the crystallographic epitope belong to one of the top 4 
regions. Moreover, this percentage is not significantly corre
lated to the number of insertions or deletions, and is not 
significantly different from the percentage obtained when 

Figure 3. Impact of insertions or deletions in the template. Each dot represents the ratio of correctly predicted epitope residues when using templates having 1 to 5 
deletions or 1 to 5 insertions as compared to the query sequence. The dots at abscissa 0 are the predictions obtained when using templates having the same CDR 
lengths as compared to query sequence, and variable overall sequence identities. The line shows the averages. The differences between averages were never significant.
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using templates with CDRs having the same length as the query 
antibody (Figure 3, Figure S2, Table S3, Table S4).

Determining the epitope of dupilumab

To further demonstrate the ability of MAbTope to determine 
the epitope of modeled antibodies, we chose to work on dupi
lumab, which targets an unknown epitope on the interleukin 4 
receptor α subunit (IL4Rα). Marketed as DUPIXENT®, dupi
lumab is approved for therapeutic use in eczema, atopic der
matitis and several forms of severe asthma.

Dupilumab’s structure was modeled using templates 6AZM 
for heavy chain and 5BK533 for light chains, targeting circum
sporozoite protein NANP 5-mer and circumsporozoite protein 
663, respectively. For IL4Rα, we used the 3D structure given in 
PDB entry 1IAR.34 Dupilumab’s epitope was determined using 
MAbTope (Figure 4(a) and 4(b)). This epitope appears to be 
scattered among 4 regions of IL4Rα: P1 from T56 to P86, P2 
from H87 to Q107, P3 from L103 to P123, and P4 from S193 to 
S113. In order to validate the determined epitope, 4 mutant 
IL4Rα were designed, P1m, P2m, P3m and P4m, each contain
ing from 4 to 7 alanine mutations in one of the 4 regions 
predicted (Figure 4(c) and 4(d)). These mutations are chosen 
as to have as little impact as possible on the global folding of the 
protein (see Materials and Methods). Membrane protein fold
ing and subsequent stability being correlated with their expres
sion at the plasma membrane,35 the surface expression of wild- 
type (WT) IL4Rα was compared with the ones of each of the 
mutants (Figure S4). Receptor overexpression is assessed in the 
phycoerythrin (PE) channel and the % of PE+ cells were 

measured by cytometry. Except for IL4Rα_P2m, for which 
a decrease in the % of PE+ cells was observed but which reaches 
the membrane, the mutants are expressed at the membrane as 
much as the WT, showing their stability.

The binding of dupilumab to each of the constructs was 
assessed by cytometry in the allophycocyanin (APC) channel 
(Figure 4(e)). An IgG4 isotype was used as a control (Figure 
S4). The percentages of APC+PE+ double positive cells in each 
cell lines were collected and normalized over the PE+ cells total 
subset. A significant decrease in dupilumab binding was 
observed for all the 4 mutants when compared to the WT 
IL4Rα (Figure 4(e-f)). Interestingly, the amplitude of the bind
ing inhibition was variable from one set of mutations to the 
other, being more important for P1m than for P4m, for exam
ple. This suggests that the proportion of actual epitope residues 
mutated varies from one mutant IL4Rα to the other. This is 
also corroborated by the scattering of mutated residues over 
the structure of IL4Rα as shown in Figure 4(d). It is hence 
tempting to speculate that dupilumab core epitope is located at 
the intersection of the 4 regions described, which is visible in 
the middle panel of Figure 4(d).

In an attempt to more precisely define the epitope of dupi
lumab, slightly less mutated constructs were generated (Figure 
S5). One mutation was removed from IL4R_P1m (R69A), 2 
mutations from IL4R_P3m (H120A and K122A), and 4 muta
tions from IL4R_P4m (R202A, W204A, N209A and W212A). 
ILR4_P2m was unchanged. The surface expression levels of the 
3 new constructs (still evaluated as the % of PE+ cells) were 
a little decreased when compared to the WT, and similar to the 
expression of IL4Rα_P2m shown before (and reported on the 

Figure 4. MAbTope-based determination of dupilumab’s epitope. (a) top-30 ranked docking poses. (b). Predicted epitope of dupilumab on IL4Rα (purple: ES ≥ 20, 
blue: 20 > ES ≥ 15, cyan: 15 > ES ≥ 10, light cyan: 10 > ES ≥ 15). (c to f). Experimental validation. (c-d). Mutations introduced in the 4 mutants of IL4Rα (IL4R_P1m, 
IL4R_P2m, ILR4_P3m, and IL4R_P4m, see complete sequences in Figure S5). The actual epitope residues from the crystallographic structure (PDB:6WGL) solved after the 
submission of this study are shown by stars. (e). HEK293 cells were transiently transfected with the IL4Rα WT or mutated. IL4Rα expression at the membrane was 
monitored with a PE-coupled anti-Flag antibody (y-axis) and dupilumab binding was measured in APC (x-axis). An isotype IgG was used as a control (Figure S6). (f). APC 
+PE+ double positive cells percentages were collected from 3 independent experiments and normalized by the total PE+ cells. Results are shown as mean ± sem. 
Different letters indicates statistical difference at p ≤ 0.05.
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graph in Figure S6), indicating a little instability even though 
they reach the membrane. The 3 new mutants showed 
a decrease in dupilumab binding, but the inhibition was 
lower than with the first series of mutants, indicating that 
epitope residues remain present in all the regions and confirm
ing that the epitope is scattered across the 4 mutants.

To conclude, here it is shown that: 1) Dupilumab’s epitope 
is conformational since it is located over 4 discontinuous 
regions of IL4Rα; and 2) MAbTope efficiently predicted epi
tope residues of a modeled antibody.

As the structure of the complex between dupilumab and 
IL4Rα (PDB:6WGL36) was published after we performed our 
prediction and validation, we compared the crystallographic 
epitope with the one we predicted. Peptides 1 and 2 indeed 
constitute the core of the crystallographic epitope (Figure 4c). 
They are also those most impairing binding of the antibody 
when mutated.

Application to epitope binning

Epitope binning consists in determining, for a series of anti
bodies binding to the same target, those that are in competi
tion, and those which can bind the target simultaneously.16,37,38 

The conventional methods for epitope binning consist in mea
suring the pairwise competition between the antibodies, for 
example by ELISA or surface plasmon resonance (SPR). 
However, these methods require the availability of both 

antibodies and their targets. Moreover, depending on the num
ber of antibody pairs to test, the process can require 
a substantial amount of time. Since MAbTope epitope predic
tion are very accurate and can be obtained in minutes, we 
hypothesized that they could also be used for epitope binning.

To validate this hypothesis, we predicted the epitope bin
ning of 20 anti-hen egg lysozyme antibodies, based on the 
epitope determination through MAbTope. To evaluate the 
accuracy of the predicted competitions, we compared with 
crystallographic structures of the antibody-antigen complexes 
available in the PDB, and with results from Sivasubramanian 
et al,39 who measured the competition between 7 different anti- 
lysozyme antibodies using high-throughput SPR.

As shown in Figure 5(a) and 5(b), there is a very good 
concordance between the crystallographic overlap Xo and the 
value of the RawS score, which measures the overlap between 
the predicted epitopes. Over the 21 possible pairs, the average 
error, defined as the absolute difference between Xo and RawS 
is only 0.14. There is only one case, for the pair (D1.3, HyHEL- 
10), where this error leads to the incorrect prediction of an 
overlap (Figure 5(c) and 5(d)). Similarly, on the 20 antibodies 
dataset, the average error between Xo and RawS is 0.12 (Figure 
S7). There are only 31 pairs of antibodies over 190 for which 
the error is greater than 0.25, and among these cases, only 2 are 
greater than 0.5. Thus, the RawS score is a good predictor of 
epitope overlap. Good prediction of epitope overlap also 
enables the prediction of competition. If RawS values greater 

Figure 5. Prediction of epitope overlap and competition of 7 anti-lysozyme antibodies. (a): overlap of crystallographic epitopes. (b): RawS scores. In A and B, 
values between 0.75 and 1 are colored dark violet, values between 0.5 and 0.75 medium violet and values between 0.25 and 0.5 light violet. (c): competitions, measured 
by SPR (Surface Plasmon Resonance) from Sivasubramanian et al.39 are colored in green. (d): RawS scores, values above 0.25 are colored in green. (e-h): Focus on two 
competing antibodies: D1.3 and D11.15 (e): cartoon and surface view of the predicted epitope of antibody D1.3 on lysozyme (purple: ES ≥ 20, blue: 20 > ES ≥ 15, cyan: 
15 > ES ≥ 10, light cyan: 10 > ES ≥ 15). (f): crystallographic epitope of antibody D1.3. G: cartoon and surface view of the predicted epitope of antibody D11.15. (h): 
crystallographic epitope of antibody D11.15. (i): MAbTope-predicted overlap of epitopes of antibodies D1.3 and D11.15. The residues are colored as a function of their 
contribution to the RawS score (dark red: >400, red: 300–400, orange: 200–300, yellow: <200). J: overlap of crystallographic epitopes.
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than 0.25 are considered predictive of a competition, almost all 
competitions within the 7 antibodies were correctly predicted 
by MAbTope. It should be noted that even an overlap of one 
residue between the epitopes of two antibodies leads to 
a competition between them. However, MAbTope always pre
dicts an epitope that is larger than the actual one. Thus, two 
antibodies with an overlap of 25% between the predicted epi
tope might not have any common amino acids in their actual 
epitopes.

Discussion

Antibody structure modeling has been a major challenge in 
bioinformatics for many years. Despite decisive improvements, 
it is still a challenging task, mainly because of the very high 
diversity in sequence and structure of the CDRs, especially 
CDR H3, which is the most variable, and also the most impor
tant for antibody binding.40 However, since our MAbTope 
method is based on a coarse-grained description of protein 
3D structures, we hypothesized that high-quality models of 
antibody 3D structures would not be necessary for accurate 
epitope prediction.

Indeed, in the first part of this work we demonstrated that, 
for a given query antibody, we were able to determine the 
correct epitope, and, using as template the 3D structure of an 
antibody having CDRs of the same length, models obtained 
using MODELER27 were sufficient to accurately determine the 
epitope. We also show that the sequence identity of the tem
plate is not a crucial parameter, and that the epitope is correctly 
determined even when this identity is low, as long as the CDRs 
of query and template have the same length. In our examples, 
the epitope was still correctly predicted even when sequence 
identity went down to 60%.

To go further, we also demonstrated that despite a few 
insertions or deletions in the template as compared to the 
query, the epitope could still be correctly determined. This is 
very important since it is not always possible to find a template 
with CDRs of the same length as those of the query, especially 
when working with camelid single-chain antibodies. Indeed, 
these antibodies have very long CDRH3 and there are not yet as 
many structures available as for conventional antibodies. There 
again, MAbTope is able to correctly predict the epitope, even 
when there are as many as 5 insertions or deletions in the 
modeled antibody as compared to the closest available 
template.

There was only one complex for which we could not cor
rectly predict the epitope, i.e., a complex between a nanobody 
and the Bloom’s syndrome helicase (4CDG41). When compar
ing the DNA helicase’s 3D structure between the complex and 
the isolated protein (4CGZ42), on which we docked 
a nanobody, we observed that the interaction with DNA pro
vokes large movements of one sub-domain of the protein, 
completely burying the epitope. However, when using 
MAbTope with the isolated sub-domain to which the nano
body binds, the epitope was correctly predicted (Figure S8). 
However, this cannot be entirely anticipated when the struc
ture of the complex is unknown, even though some knowledge 
can be acquired through the prediction of epitope using differ
ent 3D structures of the target when available.

We also show that MAbTope can accurately predict epitope 
binning. Indeed, the RawS score is a good predictor of epitope 
overlap, and can consequently be used to predict which anti
body pairs are in competition for a common target. This 
method presents great advantages over experimental binning 
methods, since, being a purely in silico method, it is applicable 
to large numbers of antibodies. Moreover, it can be done as 
soon as the sequences of the antibodies are available, for 
example just after bio-panning. This can be essential for the 
choice of leads to be further characterized. It can lead to 
increasing the epitope coverage of the target, by choosing 
a set of antibodies having different epitopes. Conversely, for 
a given epitope, this methodology allows selection of a larger 
number of unrelated antibodies.

Finally, we provide a proof-of-concept case, with the 
MAbTope determination of epitope of the therapeutic anti
body dupilumab, which was unknown when we started the 
work, and the experimental validation. As shown on this 
example, MAbTope not only provides accurate prediction of 
the epitope, but it also allows facile design mutants of the target 
that can then be used for experimental proof. Unsurprisingly, 
the determined epitope overlaps with the interaction region of 
the IL4Rα with its cognate ligand, IL4, thereby explaining its 
functional effect. In a recent study, Kim et al.43 identified V93 
and D97 as being part of dupilumab’s epitope, which belong to 
region 2 of our predictions. Thus, our results are in agreement 
with theirs, but MAbTope allows the complete epitope to be 
defined, whereas only two residues were defined in the work of 
Kim et al. Indeed, as shown by the experimental results 
obtained, the four regions defined by MAbTope are part of 
the epitope.

In conclusion, MAbTope is able to predict conformational 
epitopes even from homology models of antibody 3D struc
tures. Moreover, MAbTope can accommodate moderate qual
ity models resulting either from low sequence identity 
templates or from templates having insertions or deletions 
in CDRs as compared to the query antibody, and does not 
require the use of CPU-consuming modeling methods. As 
a consequence of this work, epitopes can now be reliably 
predicted from nucleotide sequences of Abs variable regions, 
which are easy to obtain very early in the discovery process. 
This robustness allows use of MAbTope for high-throughput 
epitope binning of antibodies. A remaining limitation is 
access to a structure (or a good-quality model) of the antigen. 
Despite the high accuracy, it is still crucial that the predic
tions be experimentally validated. Moreover, further experi
mental validation of the determined epitope is notably 
facilitated by the prediction of involved regions using 
MAbTope.

Materials and methods

Test datasets

Antibody-antigen complexes of known structure were 
extracted from the PDB (www.rcsb.org; version of 
January 2017). A test dataset was built gathering the antibody- 
antigen complexes fulfilling the following criteria: 1) Unbound 
3D structure of antigen is available; 2) Unbound 3D structure 
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of antibody is not available; 3) No missing residues in paratope 
and epitope of 3D structure.

The third criterion is very important. From different tests 
we concluded that missing residues are an important cause in 
failure of prediction (data not shown). The dataset used for this 
study contained 292 complexes, 245 were Fabs or scFv and 47 
were VHH (Table S1).

Importantly, some of the complexes of this test dataset are 
also present in the learning dataset, as shown in the last column 
of Table S1. Results obtained in the study presented here are 
given for the complete dataset, as well as for complexes of the 
test dataset that are or are not present in the learning dataset.

Negative controls

Our previous dataset17 was used. Within this dataset, we 
selected only one complex for each target, so that all the 
remaining complexes have different antigens. For negative 
controls, we docked each of the 129 antibodies on the 128 
targets of the other complexes selected, and we compare the 
epitope predicted with the non-cognate antibody with the 
crystallographic epitope of the cognate antibody.

Template Selection

In order to find templates for homology modeling, we used 
Blastp28 with all the parameters kept default, except database, 
which was set as PDB. Templates for modeling of the VH and 
VL are treated separately.

Model Generation

Homology models were generated using MODELER.29 For 
each variable domain, five different models were generated 
and the best model was selected using DOPE score, which is 
a pairwise atomistic statistical potential used to assess quality of 
structure model.44 VH and VL models were computed sepa
rately, and then assembled using the relative orientations of 
VH and VL domains in the template used for VH modeling. 
The resulting H-L orientations were in accordance with 
ABangle methodology.45

Epitope Prediction

Epitope determination was made using MAbTope. Briefly, 
MAbTope consists of three consecutive stages: docking, scor
ing and epitope identification. In the docking step, the top-500 
docking poses generated by Hex are retained,46–51then differ
ent functions are used to re-rank Hex’s top-500 docking pose,16 

and the 30 best ranked ones are retained. Based on the top-30 
ranked docking poses, an epitope score ES is computed for 
each residue i of the target: 

ES ið Þ ¼
X

p2top30
es i; pð Þwherees i; pð Þ ¼

1ifi 2 epitope pð Þ
0ifi‚epitope pð Þ

�

(1) 

In other words, ES(i) is the number of poses within the top 30 
in which amino acid i belongs to the epitope. For each possible 

region j consisting of 15 consecutive amino acids of the target, 
a region score PS is then computed: 

PS jð Þ ¼
X

i2j
ES ið Þ 33 

All the regions are then ranked according to this score, and 
regions that overlap by more than 5 residues with a better- 
ranked region are removed. As previously described,17 the 
choice of 15-mers results from empirical observations we 
have made along the development of this method: shorter 
peptides tend to give a poor signal and longer peptides tend 
to span over more than one loop, making the results more 
difficult to interpret.

A corrected region score CES(i) can then be computed for 
each amino acid i. CES(i) is equal to ES(i) if i belongs to one of 
the top 4 ranked peptides, and 0 if not. These scores depend on 
the antibody considered, since two antibodies binding to the 
same target might have different epitopes: for an antibody A, 
they will be noted ES(i,A), PS(j,A) and CES(i,A).

The prediction of the epitope is considered successful when 
at least one of the top 4 regions contain at least one residue 
belonging to the crystallographic epitope, which is defined as 
the ensemble of amino acids of the target that have at least one 
atom distant by less than 4 Å from an atom of the antibody.

It is essential to note here that the test dataset has been 
extracted from the 2017 version of the PDB, whereas 
MAbTope has been trained on a set extracted from the 
January 2015 version of the PDB. Consequently, 153 complexes 
of the test set are not part of the learning set, whereas 139 
belong to the learning set.

Epitope overlap

The predicted overlap of the epitopes recognized by two dif
ferent antibodies A and B on the same target T is estimated by 
the score RawS(A,B): 

RawS A;Bð Þ¼

P
i2TCES i;Að Þ�CES i;Bð Þ

min
P

i2TCES i;Að Þ�CES i;Að Þ;
P

i2TCES i;Bð Þ�CES i;Bð Þ
� �

34 

Consequently, if no overlap is predicted, RawS(A,B) = 0, if the 
overlap if perfect, RawS(A,B) = 1.

Similarly, the crystallographic overlap is defined as: 

Xo A;Bð Þ ¼
1

min A;Bð Þ

X

i
2 Tepi i;Að Þ � epi i;Bð Þ (4) 

where min(A,B) is the minimum overlap between the number of 
residues in the epitope for antibodies A and B, and epi(i, A) is 
equal to 1 if i belongs to the crystallographic epitope of anti
body A.

Design of IL4Rα and mutants

The 3D structure of dupilumab antibody was modeled 
using MODELER with the aforementioned criteria. Then, 
by using MAbTope, dupilumab’s epitope was predicted to 
be located over 4 regions of interleukin 4 receptor α 
subunit (IL4Rα) extracellular domain, named P1 to P4. 
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Within each of these regions, amino acids having solvent- 
exposed side-chains were mutated to alanines in the full- 
length IL4R. We thus designed one mutated IL4Rα con
struct for each region initially predicted (full-length 
sequences in Figure S5). In order to avoid affecting 
IL4Rα’s correct folding, only amino acids with solvent- 
exposed side-chains were mutated, except those making 
interactions with other amino acids of the target. We also 
avoid mutating prolines, as those are usually essential in 
correct folding. The constructs were named IL4R_WT, 
IL4R_P1m, IL4R_P2m, IL4R_P3m and IL4R_P4m. The 
constructs were Flag-tagged at their N-termini in order 
to monitor antigen expression in cells. Gene synthesis and 
cloning into pcDNA3.1+ were performed by Twist 
Bioscience (San Francisco, CA, USA).

Flow cytometry analysis of wild-type and mutated 
IL4R-transfected HEK293 cells

HEK293 cells were seeded into 10 cm dishes in 10% fetal 
bovine serum (FBS)-medium and incubated for 24 h at 37°C. 
Cells were then transiently transfected with 5 μg of each 
mutated construct using Metafectene (Biontex Lab.; 
München, Germany) according to the manufacturer’s 
instructions. Twenty-four hours after transfection, cells 
were collected and processed in cytometry. Five µg of dupi
lumab, or a human IgG4 control isotype (BioLegend, ref BLE 
403702), were incubated with 2 × 105 cells/tube into 100 μl 
of phosphate-buffered saline (PBS) supplemented with 2 mM 
EDTA and 1% FBS for 1 h at 4°C. Cells were washed in 2 ml 
of the same buffer. The cell pellets were suspended in 100 μl 
of PBS-EDTA-SVF containing 0.03 µg of PE-coupled rat 
anti-Flag antibody (BioLegend, BLE637310) and 0.15 µg of 
biotinylated mouse anti-human IgG4 antibody (Invitrogen, 
MH1542)- and left 45 min at 4°C. After a wash in PBS- 
EDTA-SVF, cells were incubated with 0.03 µg of APC- 
coupled streptavidin (BioLegend, BLE405207) for 15 min. 
Cells were firstly washed with 2 ml PBS-EDTA-FBS, and 
secondly washed with 2 ml PBS- EDTA before final suspen
sion in 150 μl PBS-EDTA. Samples were run in 
a MACSQuant Analyzer 10 (Miltenyi Biotec). Cytometry 
data from 4 independent experiments were analyzed using 
FlowJo.35 The number of APC+PE+ double-positive cells was 
collected from every sample and normalized on the total PE 
+ cells within the sample. Histograms and ANOVA statisti
cal analyses were realized with Prism software (GraphPad 
Software, San Diego, CA).
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