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Introduction

In the context of organ transplantation, recipient’s antibodies against donor-specific HLA antigens are the main reason for transplant loss.
The prediction of B-cell (antibody) epitopes on HLA antigens is therefore a key challenge on the way to improving the matching step
between donor and recipient from a structural point of view. Here, we present HLA-EpiCheck, a B-cell epitope prediction tool that relies on
an unprecedented dataset of short Molecular Dynamics (MD) simulations of 207 HLA antigens. We use hydrophobic properties, electrostatic
charges, flexibility and solvent accessibility as descriptors calculated on patches sampled from MD trajectories. Then, we train an Extremely
Randomized Trees machine learning model. This model outperforms the state-of-the-art DiscoTope 3.0 tool [1] for B-cell epitope prediction

on HLA antigens.

MD data :

207 HLA antigens (the most prevalent in the
European population).

* Initial templates for MD simulations were
obtained from PDB [3] or Alphafold2 [4].
*10ns MD simulations performed for each
HLA antigen and 500 frames extracted from
the last bns of the trajectory.

*NAMD3 software [5], CHARMMS36 [6] force
field and TIP3P explicit solvent model were
used for MD runs.

Patch (in blue) used
for computing
descriptors for
residue 43 (in red)

Dataset generation
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Dataset :
Patch Descriptors Dictionary (18) . e e
re— Patch definition
Name Description (per patch) L B - Calculated for each frame of each MD run of each
HLA antigen
H_central Hydrophobicity of central residue | x [4.5,45* . .
; — ; — Centered on every surface accessible residue
H_patch_min Minimum residue hydrophobicity | x [45 45" *
= - . (RSASA* > 20%)
H_patch_max | Maximum residue hydrophobicity | x [-4.5,4.5]
H_pelch_ovg Average of all residue . 45, 45" Composed of the surface accessible residues within
paten.J hydrophobicit e : i
_TCTOpOBCes a radius of 7A from the central residue (centers of
Pos_central Positive charge of central residue | x [0,1] .
Pos_patch Sum of positive charges of all | 0.1 mass where used to measure dlstances).
- residues ! . . .
Neg_central Negative charge of central residue | x [-1,0] 18 descrlptors' (8 static and 10 dynamlc)'
Neg_patch | Sumornegae chargesfall ), [1,0] 2 classes: epitope and non-epitope.
S central min | Minimum RSASA of central « | oonae Epitope labels = confirmed eplets in the HLA
- - id| MD ' .
_[eoTue e Eplet Registry database [2].
Maximum RSASA of central 5
S_central_max . x |21, 138] A . o . X .
residue over MD Non epitope = neither confirmed nor putative
Average RSASA of central residue 2
S_central_avg o Vb x |10, 116] A eplet.
S patch_min | Weighted" average of al resicue v | g Patches composed solely of conserved residues
minimum RSASAs over MD . .
_ : (with respect to the locus) were discarded.
S patch max Weighted average of all residue x| [ 907 A2
palch.| maximum RSASAs over MD !
- - A B 4 DP | DQ | DR | Total
S_patch_avg Weighted average of all residue x| 665142
- - average RSASAs over MD # antigens 4| 59 17 [ 3 30 | 36 207
F_central N-RMSF*™” of ceniral residue *x | k219 #epitopeclass | 435 | 542 | 174 | 179 | 464 | 308 | 2102
F_patch_min Minimum residue N-RMSF X [-2,3] Dataset P "
non-epitope
F_patch_max Maximum residue N-RMSF X [-2,15] clags P | 1002 3072 | 793 | 535 | 1646 | 626 | 7974
Weighted average of all residue #epit
F_patch_Avg X [2,6] epitope
N-RMSFs Training samples 349 | 434 | 133 | 137 [ 377 | 243 [ 1673
*RSASA : Relative Accessible Surface Area. set (80%) # non-epitope
** Weights (ofre:iduevalu:es)correspond to the frequency of presence of each residue in the class 1047 2458 | 605 432 1335 | 472 6349
patch over MD (% frames)
** N-RMSF : Normalized-Root Mean Square Fluctuation during MD [7]. #epitope class | 81 | 101 44 47 88 66 427
* Kyte-Doolittle hydrophobicity scale was used. Test set -
(20%) | #ronepiore | x50 | 621 | 185 | 98 | 310 | 153 | 1627

—_———— -

Feature Importance

Model selection
on Training set

F1-score for 10 repetitions of 10-fold
cross-validations

With Dynamic features Only static features
Algorithm Class Class Class Class
i nol pitop i nol pitope 4

2

Logistic regression 0.17 +/-0.05 | 0.88 +/- 0.01 | 0.05 +/- 0.01 | 0.76 +/- 0.002 s
'S

Decision trees 0.57 +/-0.08 | 0.88 +/-0.03 | 0.48 +/- 0.06 | 0.74 +/- 0.07

Random Forest 0.64 +/-0.11 | 0.92 +/-0.03 | 0.50 +/- 0.06 | 0.83 +/- 0.05

Extremely

Randomized Trees | 0.74 +/-0.10 | 0.93 +/- 0.03 | 0.67 +/- 0.08 | 0.92 +/- 0.04

(Extra Trees) [8]

v Modest contribution of MD descriptors on prediction

performance.

v Poor performance of DiscoTope 3.0 : no HLA antigen in

the dataset used to train DiscoTope.

References

for the Extra Trees model

Comparison with DiscoTope 3.0
(on Test set)

F_central B Dynamic feature
S_patch_max n W Static feature
F_patch_min —
S_central_max I
F_patch_max I i i
s com o] HLA-EpiCheck DiscoTope
S_patch_avg)  — Class Class Class Class
S_central_min I i nol i i i
F_patch_avg|  n— - — — —
S_patch_min|  E—— Precision 0.94 0.94 0.41 0.79
H_patch_avg I
I
Pos_central Recall 0.78 0.99 0.05 0.98
Neg_central I
i I
H_patch_min Fl-score | 0.85 0.97 0.09 0.88
Neg_patch
Pos_patch
H_central
H_patch_max-
X » S} ) o Py
o o o o oV oV

Mean decrease in Fl-score

e Conclusion and Perspectives

Conclusion and Perspectives

v Find better descriptors for MD

epitopes.

analyse false negative

v Try instance-based predictors such as K-NN.
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