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B
cell epitopes–the part of an antigen recog-
nized by an antibody–are conformational
in nature; however, accurately predicting

these epitopes is difficult for proteins with-
out a known three-dimensional (3D) structure.
DNASTAR presents the NeoClone method, a
machine learning approach that improves the
ability to predict linear B cell epitopes (a pep-
tide segment) using only sequence-based infor-
mation. This method provides better overall
predictive accuracy than COBEpro and Epi-
topia, two leading epitope prediction methods.
Free trial software is available at dnastar.com.

Introduction

The state of the art in linear epitope prediction is
embodied by the application of supervised machine
learning techniques, which train algorithms using em-
pirical data to predict epitopes using probabilistic
models or combinations of protein features. Two
leading examples are COBEpro and Epitopia. COBE-
pro relies on propensities of amino acids and dipep-
tides1, an over-reduced set of sequence-only features.
Conversely, Epitopia considers a rich set of sequence
properties, including physical, chemical, structural,
and geometric properties2. In collaboration with
NeoClone R© Biotechnology International, LLC (Madi-
son, WI USA), DNASTAR presents a linear B-cell
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epitope prediction method with a better overall pre-
dictive accuracy than COBEpro and Epitopia.

The NeoClone method–a predictive model that con-
siders secondary structure, flexibility, hydropathy, and
antigenicity–is based on NeoClone’s antibody devel-
opment and bioinformatics approach and is featured
in Protean 3D, DNASTAR’s application for exploring
macromolecular structure, motion, and function. The
model benefits from the cross-disciplinary insights and
expert knowledge of both NeoClone and DNASTAR.
The result is an adaptive, interactive tool enabling
researchers to accelerate their immunological research
by focusing on a protein’s most promising antigenic
regions.

Methods

The process of implementing the NeoClone method
requires four steps: 1) assemble a data set of pep-
tides with experimentally characterized antigenicity,
2) calculate a set of features describing the localized
properties of each peptide, 3) select the most impor-
tant features and create a predictive machine learning
model, and 4) analyze the performance of the model.
The resulting model is used by Protean 3D to iden-
tify putative antigenic regions in any given protein
sequence.

Epitope Data Sets
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Data Set for Cross-Validation

The main data set is collected from the NeoClone
archive. Each peptide is used to inoculate a mouse
and each mouse is used to create many unique hy-
bridoma cultures3. The relative binding affinity of
the antibodies secreted from each culture is charac-
terized by an enzyme-linked immunosorbent assay
(ELISA) against the original peptide. The peptides
are classified using the following definitions:

• Highly antigenic: at least 5% of cultures create
tight binding antibodies (20 out of 384 cultures)

• Antigenic: at least 2.5% of cultures create tight
binding antibodies (10 out of 384 cultures)

• Not antigenic: less than 2.5% of cultures create
tight binding antibodies

where a “tight binding” antibody has a relative bind-
ing affinity fivefold over background.

The data set consists of 44 peptides from 18 proteins
where 19 peptides (with 331 total residues) are highly
antigenic, 9 (with 172 residues) are antigenic, and 16
(with 245 residues) are not antigenic. The proteins
group into 15 clusters where the members between
clusters have less than 30% sequence identity.

Independent Test Set

A second data set–independent of the previous set–is
collected from Bcipep4 to further validate our method.
Each peptide is experimentally characterized; however,
the peptides are not characterized by the frequency
of producing tight binding antibodies. Instead, the
relative antigenicity is listed in Bcipep as either highly
antigenic, antigenic, or not antigenic. The test set
consists of 285 peptides from 110 proteins where 129
peptides (with 1591 total residues) are highly anti-
genic, 128 (with 1799 residues) are antigenic, and 28
(with 406 residues) are not antigenic. Each protein
has less than 30% sequence identity to every other
protein.

Sequence Features

The features used to train our method are inspired
from the NeoClone bioinformatics approach3. We
characterize the biochemical properties within a pro-
tein using ten sequence-based bioinformatics analyses

describing beta turns, antigenicity, hydrophobicity,
flexibility, and transmembrane propensity. Each anal-
ysis produces a score describing the local sequence
environment for each residue in each protein.

Machine Learning Approach

We use a supervised machine learning approach to
search for subsets of features that generate robust
and predictive models. The approach is set up to
predict whether individual residues are part of an
antigenic peptide. The considered algorithms include
decision trees5–7, random forests5, and support vector
machines8. In practice, all combinations of the ten
bioinformatics analyses are screened using all machine
learning algorithms.

The NeoClone method is comprised of two models:
an antigenic predictor and a highly antigenic predic-
tor. The antigenic model is trained using features
describing beta turns, antigenicity, hydrophobicity,
and flexibility. The highly antigenic model is trained
using features describing beta turns and hydrophobic-
ity. For each model, an exhaustive search guarantees
we identify the optimal features and algorithm for
describing an antigenic signature.

F1 Score, Precision, and Recall

Our data sets contain an uneven distribution of anti-
genic peptides; as such, a näıve prediction that all
residues are part of an epitope leads to an arbitrarily
high statistical accuracy, or the fraction of correctly
classified residues. To avoid this situation, we evalu-
ate model performance in terms of the widely used F1
score (F1)–a robust metric of overall accuracy defined
in terms of precision and recall:

F1 =
2PR

P + R
(1)

where precision (P ) is the fraction of predicted anti-
genic residues that belong to true epitopes and recall
(R) is the fraction of true epitope residues that are
predicted as antigenic. Each measure’s worst value is
0 and its best value is 1.

Cross-validation

To guarantee that our models are not overtrained
on a single data set, the F1 score for the NeoClone
method is estimated by cross-validation–a resampling
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technique that averages the analysis over a series of
training and testing events on different subsets of
the same data set9;10. This approach guards against
calculating overly optimistic F1 scores for models
suggested from the data.

A 15-fold “leave one protein cluster out” cross-
validation is performed to estimate the accuracy of
the NeoClone method when presented with a new
sequence. This method is more logical than a typical
tenfold cross-validation (where residues are randomly
divided into 10 equal partitions) given the inherent
dependencies between residues in the same protein.

Results and Discussion

In this section, we compare the accuracy of our new
knowledge-based B cell epitope prediction model–the
NeoClone method–against two leading sequence-based
methods, COBEpro and Epitopia. It is important
to emphasize that the F1 score for a random model
represents the practical baseline when analyzing per-
formance. The following results illustrate that the
NeoClone method performs considerably better than
randomly guessing and consistently outperforms both
COBEpro and Epitopia. We conclude by discussing
how to use the NeoClone method in Protean 3D.

DNASTAR vs. COBEpro and Epitopia

The NeoClone method from DNASTAR more accu-
rately predicts linear B cell epitopes than COBEpro
and Epitopia using two different data sets (Figure 1).
This analysis defines an epitope as the set of residues
belonging to a peptide classified as antigenic or highly
antigenic (see Epitope Data Sets for definitions). Ta-
ble I summarizes the precision, recall, and F1 Score
for each method as it performs on the NeoClone and
Bcipep data sets. We used the NeoClone antigenic
model for this analysis. In both cases, our model’s
precision (predicted epitope residues are correctly
classified) remains high and its recall (true epitope
residues are correctly classified) leads across all data
sets. This indicates that the NeoClone method has
the greatest likelihood of discovering new linear epi-
topes and its high precision will keep false positive
predictions low.

Figure 1: DNASTAR outperforms COBEpro and Epitopia.
The dotted line represents the expected F1 score when
guessing randomly (NeoClone set: 0.57, Bcipep set: 0.64).

NeoClone Bcipep

P R F1 P R F1

DNASTAR 0.75 0.90 0.82 0.90 0.65 0.76
COBEpro 0.64 0.59 0.62 0.90 0.59 0.72
Epitopia 0.68 0.58 0.63 0.92 0.56 0.70

Table I: Performance of DNASTAR, COBEpro, and Epi-
topia on two different data sets

Using the NeoClone Method in Protean 3D

It is easy to predict linear B cell epitopes for any
given protein sequence or structure in Protean 3D.
After the NeoClone method is activated from the
Methods Panel, the results from the antigenic and
highly antigenic models are instantaneously displayed
in the Analysis View (Figure 2). A confidence score
is assigned to each residue, where a value of 1 indi-
cates high confidence the residue is part of an epi-
tope and a value of 0 indicates high confidence the
residue is not part of an epitope. By default, residues
with confidence ≥ 0.5 are predicted to be antigenic;
however, that threshold can be changed using the
Parameters Bar.
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Figure 2: BRCA1 analyzed by the NeoClone method in Protean 3D. The largest predicted linear epitope is highlighted
in pink on the solvent accessible surface of the breast cancer type 1 susceptibility protein. In the Analysis View,
antigenic predictions are highlighted in light pink and highly antigenic predictions are highlighted in dark pink.

Conclusions

This study demonstrates our success in using ma-
chine learning to select features that best predict
the identity of linear B cell epitopes, thus limiting
the complexity of the problem. Benefiting from the
strong cross-disciplinary knowledge of NeoClone and
DNASTAR, the NeoClone method clearly outper-
forms COBEpro and Epitopia, two leading epitope
prediction methods. In addition, our method demon-
strates the ability to keep false positive predictions
low as well as the greatest aptitude for discovering
new linear epitopes compared to other surveyed meth-
ods. The NeoClone method is automated, precise,
and instantaneously fast–making it a valuable tool for
the interactive exploration of protein immunogenicity.
Requests for a fully-functional free trial of Protean 3D
featuring the NeoClone method can be submitted at
www.dnastar.com.
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