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Featured Application

The computational workflow developed in this study enables the identification and prioriti-
zation of candidate HLA-DRB5*01:01-restricted CD4+ T-cell epitopes from peanut allergens.
This cost-effective approach facilitates the selection of candidate peptides for experimental
validation and provides a practical framework for future studies on allergen characteriza-
tion. The approach may facilitate studies of HLA-restricted antigen presentation, allergen
characterization, and future immunological investigations.

Abstract

Peanut allergy is a major food allergy associated with severe IgE-mediated hypersensitivity
reactions and strong T-cell responses to peanut-derived epitopes. In this study, complemen-
tary computational approaches were developed to identify digestion-stable peanut peptides
binding to HLA-DRB5*01:01, an HLA class Il molecule associated with peanut allergy. A
dataset of experimentally validated binders and non-binders was used to construct one
sequence logo model and three machine learning (ML) models based on Random Forest
(RF), Support Vector Machine (SVM), and Gradient Boosting (GB) algorithms. Peptide
sequences were encoded using Wold’s z-scale descriptors representing hydrophobic, steric,
and electronic amino acid properties. All ML models showed excellent predictive perfor-
mance, with ROC AUC values between 0.978 and 0.980, while the SVM model achieved the
best overall accuracy (95.8%). Permutation-importance analysis identified the dominant
peptide properties for HLA-DRB5 binding. The developed models were applied to major
peanut allergens Arah 1, Arah 2, Ara h 3, and Ara h 6 following simulated gastrointestinal
digestion. Multiple consensus HLA-DRB5-binding peptides were identified, including
several experimentally reported allergenic epitopes. The identified peptides should be re-
garded as candidate HLA-DRB5*01:01-restricted CD4+ T-cell epitopes that warrant further
experimental validation using peptide-HLA binding assays and T-cell functional studies.

Keywords: peanut allergy; HLA-DRB5*01:01; HLA binders; peptide binding prediction;
machine learning; sequence logo analysis; food allergens; immunoinformatics; in silico
epitope discovery

1. Introduction

Peanut allergy is one of the most common and severe food allergies worldwide and
represents a major public health concern due to its early onset, persistence into adulthood,
and risk of life-threatening anaphylaxis. Its prevalence has increased markedly over the
past several decades, particularly in Western countries, affecting approximately 1-3% of
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children and up to 1% of adults, with considerable geographic variability [1-3]. Unlike
many other childhood food allergies, peanut allergy is typically lifelong, with spontaneous
resolution occurring in only a minority of patients [4].

Peanut allergy is an immunoglobulin E (IgE)-mediated hypersensitivity reaction trig-
gered by exposure to peanut proteins, leading to rapid activation of mast cells and basophils.
Clinical manifestations range from mild cutaneous symptoms to severe systemic reactions,
including bronchospasm, hypotension, and anaphylactic shock [5]. Even trace amounts of
peanut can provoke reactions in sensitized individuals, making strict dietary avoidance
challenging and significantly impacting quality of life for patients and caregivers [6].

At the molecular level, peanut allergy is driven by a defined set of allergenic proteins,
primarily seed storage proteins such as Arah 1, Arah 2, Arah 3, and Arah 6 [7]. Among
these, Ara h 2 and Ara h 6 are considered major allergens due to their high stability against
heat and gastrointestinal digestion, as well as their strong IgE-binding capacity [8-10]. This
structural resilience contributes to their potent allergenicity and explains the high risk of
systemic reactions following oral exposure.

Management of peanut allergy has traditionally focused on strict avoidance and
emergency preparedness, including the use of epinephrine autoinjectors [11]. However,
emerging therapeutic approaches, such as oral, epicutaneous, and sublingual immunother-
apy, aim to induce desensitization or sustained unresponsiveness, marking a paradigm
shift in the treatment landscape [12-14].

Human leukocyte antigen (HLA) molecules play a central role in the development of
peanut allergy by governing antigen presentation and shaping CD4" T-cell responses to
peanut-derived peptides [15-17]. As peanut allergy is predominantly an IgE-mediated, T
helper 2 (Th2)-driven disease, genetic variation within HLA class II genes is thought to
influence individual susceptibility by determining which allergenic peptides are efficiently
presented to the immune system [18].

HLA class Il molecules (HLA-DR, -DQ, and -DP) are expressed on professional antigen-
presenting cells (APC) and present processed peanut allergens to CD4* T cells. Several
major peanut allergens, particularly Arah 1, Arah 2, Ara h 3 and Ara h 6, contain multiple
T-cell epitopes that bind promiscuously but with variable affinity to different HLA class II
alleles [19-21]. This differential binding affects T-cell activation, cytokine polarization, and
downstream B-cell class switching to IgE. Experimental studies have shown that peanut-
specific T-cell responses are dominated by Th2 cytokines (IL-4, IL-5, IL-13) in allergic indi-
viduals, whereas non-allergic or tolerant individuals exhibit more balanced or regulatory
responses [22]. HLA polymorphisms influence this balance by shaping the HLA-peptide-T-
cell receptor interaction. Mapping studies have identified immunodominant T-cell epitopes
within peanut allergens that are presented in an HLA-restricted manner [23]. For exam-
ple, Ara h 2-derived peptides bind efficiently to several common HLA-DR molecules and
elicit strong Th2 responses in peanut-allergic individuals [19]. These findings support the
concept that peanut allergy is driven by a limited set of HLA-restricted allergenic peptides
rather than the entire allergen repertoire.

HLA diversity may partly explain interindividual variability in responses to peanut
immunotherapy. Differences in peptide presentation can influence T-cell reprogramming,
induction of regulatory T cells, and the durability of desensitization or sustained unre-
sponsiveness. Incorporating HLA typing into clinical studies may therefore improve
patient stratification and help identify biomarkers predictive of treatment success or
adverse reactions [24].

Our research is focused on the association between HLA class II polymorphism and
food allergy, the development of computational methods for allergenicity prediction, and
the identification of HLA-restricted candidate peptides for allergy immunotherapy [25-29].
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The present study represents a continuation of this research, extending our previous work
on HLA-DRB1*03:01 to HLA-DRB5*01:01, another HLA class II molecule implicated in
peanut allergy [19,30]. Here, we employed a bioinformatic approach to identify peanut
peptides with binding affinity to HLA-DRB5*01:01. To achieve this goal, we developed
one sequence logo model and three complementary machine learning (ML) models based
on Random Forest (RF), Support Vector Machine (SVM), and Gradient Boosting (GB) al-
gorithms, which were subsequently applied to screen the amino acid sequences of the
major peanut allergens Arah 1, Arah 2, Ara h 3, and Ara h 6. ML methods have become
important tools for peptide and epitope prediction because they can identify complex
sequence-activity relationships that are difficult to capture using conventional motif-based
approaches. RF is an ensemble-learning method that combines multiple decision trees to im-
prove predictive accuracy and robustness while reducing overfitting [31]. SVM constructs
optimal decision boundaries in high-dimensional feature space and has strong generaliza-
tion performance [32]. GB sequentially combines weak learners into a powerful predictive
model by iteratively correcting previous prediction errors and has demonstrated excellent
performance in numerous bioinformatics applications [33]. These algorithms have been
successfully employed for prediction of peptide-MHC interactions [34], T-cell epitopes [34],
antimicrobial peptides [30], and other biologically active peptide classes [35,36]. Their
ability to integrate diverse physicochemical descriptors makes them particularly suitable
for modeling peptide recognition by HLA molecules.

2. Datasets and Methods
2.1. Datasets Used in the Study

A set of 180 experimentally validated nonamer peptides binding to HLA-DRB5*01:01,
identified by ligand presentation mass spectrometry on cellular MHC, together with 215 ex-
perimentally confirmed non-binding peptides of varying lengths, was retrieved from the
Immune Epitope Database (IEDB) [34] (https://www.iedb.org/, accessed on 10 February
2026, settings: assay: MHC Ligand, outcome: Positive and Negative, MHC Restriction:
HLA-DRB5*01:01). Each non-binding peptide was further represented as a set of overlap-
ping non-binding nonamers. Duplicate sequences within and between the binding and
non-binding datasets were removed. From the resulting pool, 180 non-binding nonamers
exhibiting the greatest dissimilarity in amino acid composition from the 180 binding pep-
tides were selected. Furthermore, the peptides were divided into training and test sets at
a 4:1 ratio. The test set was selected to be maximally representative of the training set by
including peptides with the highest similarity to the compositional centroid of the training
set. The training set was used for model development, whereas the test set served for
independent validation of model performance.

2.2. Logo Protocol

The amino acid frequencies at each of the nine positions in the sets of binders and
nonbinders were mean-normalized across all positions, producing values in the range from
—1 to 1. Positive values indicated residues favored at a given position, whereas negative
values corresponded to disfavored residues. The normalized frequencies were arranged
into a 9 x 20 quantitative matrix (QM), representing nine sequence positions and the
twenty natural amino acids. This QM representation, referred to as a logo model [29,37-39],
was designed to capture residue preference patterns in a manner analogous to sequence
logos, in which the relative abundance of amino acids at aligned positions reflects sequence
conservation [40]. Separate logo models were generated from the training data for binding
and non-binding peptides. The derived QMs were applied to calculate BSs and NBSs for
each nonamer in the test set. Classification was performed by comparing the two scores:
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peptides with BS values exceeding NBS values were assigned as binders, while peptides
with BS values equal to or lower than NBS values were classified as non-binders.

2.3. Machine Learning Protocols

The peptide sequences were transformed into numerical representations using Wold’s
z-scale descriptors, which encode three major physicochemical characteristics of amino
acids: hydrophobicity (z1), steric properties (z2), and electronic effects (z3) [41]. Each
residue in the nonamer sequence was represented by these three parameters, yielding a
27-dimensional feature vector for every peptide (9 sequence positions x 3 descriptors).

These datasets were subsequently used for the development of supervised machine
learning (ML) classification models implemented with ChatGPT-5.2 [42]. Three ML ap-
proaches were evaluated: RF [31], SVM [32], and GB [33]. Model training was performed
on the training datasets, while predictive performance was assessed using the independent
test sets.

The RF model was configured using 300 decision trees with Gini impurity as the
splitting criterion, feature subsampling, and unrestricted tree depth to efficiently capture
nonlinear relationships while reducing variance. The SVM classifier employed a radial
basis function (RBF) kernel with optimized C and y parameters following standard feature-
scaling procedures. For the GB model, optimization included adjustment of tree depth,
learning rate, number of estimators, and loss function to balance predictive accuracy against
overfitting. Hyperparameter tuning followed a controlled performance-based strategy
rather than exhaustive grid-search or Bayesian optimization. Considering the moderate
size of the datasets and the availability of external validation sets, this approach was
selected to reduce the likelihood of overfitting associated with overly aggressive parameter
optimization. The complete source codes for the ML models used in this study are provided
in Supplementary Files 51-53.

To interpret model predictions, permutation-importance analysis [43] was carried out.
Permutation-importance violin plots were employed to visualize the distribution of feature
contributions across the test datasets. Broad distributions correspond to features exerting
strong and variable effects on peptide-binding predictions, whereas distributions centered
near zero indicate features with limited predictive importance.

2.4. Model Validation Metrics

The performance of the derived models was evaluated in terms of true positives
(TP = binders predicted as binders), true negatives (TN = non-binders predicted as
non-binders), false positives (FP = non-binders predicted as binders), false negatives
(FN = binders predicted as non-binders), sensitivity (true binders/all binders), specificity
(true non-binders/all non-binders), accuracy ((true binders and true non-binders)/all
peptides), and the area under the receiver operating characteristic curve (ROC AUC).

3. Results
3.1. Logo Models for HLA-DRB5 Binding Prediction

The datasets used to derive the logo models are presented in Tables S1-S4. The amino
acid frequencies at each peptide position in the training set of 144 binders were normalized
towards the mean frequency over all positions and arranged into a quantitative matrix
(QM) (Table S5). Amino acids with positive coefficients favor binding to HLA-DRB5*01:01,
while those with negative coefficients do not. Amino acids with coefficients around zero
are neutral. Similarly, a QM was generated for the training set of 144 non-binders (Table S6).
The two QMs were validated by the external test sets of 36 binders and 36 non-binders.
The binding and non-binding scores for each peptide were calculated by the corresponding
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QM. If the BS is higher than the NBS, the peptide is classified as a binder, otherwise—-as a
non-binder. The results from the validation are summarized in Table 1.

Table 1. Model validation metrics on the external test set of 36 binders and 36 non-binders to
HLA-DRB5*01:01. The training set contains 144 binders and 144 non-binders.

. Support Vector Random Forest (RF) Gradient Boostin
Metrics Logo Model Maching (SVM) Model Model (GB) Model =
Optimal threshold BS > NBS! 0.5 0.5 0.5
True positives 36 33 31 32
True negatives 36 36 36 35
False positives 0 0 0 1
False negatives 0 3 5 4
Sensitivity 1.000 0.917 0.861 0.889
Specificity 1.000 1.000 1.000 0.972
Accuracy 1.000 0.958 0.931 0.931
F1 score 1.000 0.957 0.925 0.928
MCC 1.000 0.920 0.870 0.864
ROC AUC 1.000 0.978 0.980 0.979

LIf the BSis higher than the NBS, the peptide is classified as a binder, and otherwise, it is classified as a non-binder.

The sequence logo for peptides binding to HLA-DRB5*01:01 is given in Figure 1A. Both
logo model and sequence logo reveal that p9 is the dominant anchor position, displaying
strong enrichment of bulky hydrophobic, aromatic and positively charged residues. Among
the remaining anchor positions, only p6 showed a noticeable preference for hydrophobic
amino acids, whereas p1 and p4 exhibited minimal sequence conservation. This suggests
that peptide binding is primarily driven by interactions within the p9 pocket, with p6
providing an additional hydrophobic stabilization contribution. However, the observed
motif may also be influenced by the selective analysis of exact nonamers extracted from
a larger set of variable-length binders. Because MHC class II molecules accommodate
multiple binding registers and peptide flanking regions, restricting the dataset to fixed-
length cores may reduce detectable preferences at other anchor positions and accentuate the
apparent dominance of the p9 anchor. The identified preferences at p6 and p9 are consistent
with known the known binding motif for HLA-DRB5 [44,45]. The observed motif does not,
by itself, validate peptide presentation, T-cell recognition, or allergenic relevance.
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Figure 1. The derived sequence logo for peptides binding (A) and not binding (B) to HLA-DRB5*01:01.
The peptide positions are shown along the X-axis. The sequence logos were generated by Seq2Logo
(https:/ /services.healthtech.dtu.dk, accessed on 7 May 2026).

Unlike the logo model for binders, which is defined by strong, position-specific anchor
residues, the logo model (Table S6) and sequence logo (Figure 1B) for non-binders are
dominated by broadly tolerated, low-information amino acids and lack the positional
specificity required for stable HLA-DRB5 engagement.

3.2. Machine Learning Models for HLA-DRB5 Binding Prediction

The datasets used to derive the ML models are presented in Tables S7-510. The
training set of 144 binders and 144 non-binders was used to derive the ML models, while
the test set of 36 binders and 36 non-binders was used to validate them. The RF model was
constructed with 300 decision trees (n_estimators = 300), while the SVM model employed
a radial basis function (RBF) kernel with probability estimation enabled. The GB model
was generated using the default GradientBoostingClassifier settings. For all models, the
random_state parameter was set to 42 to ensure reproducibility. Binder probabilities > 0.5
were classified as binders. The validation metrics are given in Table 1.

All three ML models showed excellent predictive performance, indicating that the
peptide encoding with z-scales effectively captured the physicochemical determinants of
DRB5 peptide binding. The SVM model showed the best overall performance, achieving
the highest accuracy (95.8%), sensitivity (91.7%), F1 score (0.957), and MCC (0.92), while
maintaining perfect specificity (100%) with no false positives. The RF and GB models also
performed very well, both reaching an accuracy of 93.1% and MCC values around 0.87,
indicating strong predictive stability and balanced classification. The very high AUC values
for all models (0.978-0.980) demonstrate excellent discrimination between binders and
non-binders. All models produced extremely low numbers of false positives, suggesting
reliable identification of true binders, which is particularly important for binder screening
applications. Overall, the results indicate that the developed ML models are robust, highly
predictive, and suitable for virtual screening of DRB5-binding peptides.

The permutation-importance violin plots revealed that the three ML models relied
predominantly on a limited subset of Wold’s z-scale descriptors for peptide classifica-
tion. In all models, the descriptor p9_z1 exhibited the highest importance, indicating
that hydrophobicity-related properties at peptide p9 play a dominant role in DRB5 bind-
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ing prediction. In the SVM model (Figure 2A), p9_z1 showed both the highest mean
importance and the broadest distribution, while additional descriptors, including p2_z1,
p4_z1, p6_z1, p7_z2, and p8_z3, also contributed moderately, suggesting a more distributed
classification strategy involving multiple physicochemical variables. In contrast, the RF
model (Figure 2B) displayed a sparser importance profile dominated mainly by p9_z1, with
secondary contributions from p7_z3, p6_z1, and p2_z2, whereas most other descriptors
exhibited near-zero importance and very narrow violin distributions, indicating stable
importance estimates across permutation repeats. Similarly, the GB model (Figure 2C)
showed an exceptionally strong dominance of p9_z1 together with smaller contributions
from p7_z3, p6_z1, and p8_z2, while the majority of descriptors contributed minimally
to classification. The analyses indicate that hydrophobicity at peptide p9 represents the
most influential physicochemical determinant across all three ML models, although the
SVM classifier distributes predictive importance more broadly than the tree-based RF and
GB approaches.
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GB Descriptor Importance (SHAP-like Violin Plot)
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Figure 2. Permutation-importance violin plots of the 27 Wold’s z-scale descriptors used in the SVM
(A) RF (B) and GB (C) models for HLA-DRB5*01:01 peptide-binding prediction. In all three models,
p9_z1 displayed the highest importance, indicating a dominant contribution of hydrophobicity-
related properties at peptide p9, while the SVM model showed a broader distribution of contributing
descriptors compared with the sparser RF and GB importance profiles.

3.3. Identification of Peanut Peptides Binding to HLA-DRB5

The amino acid sequences of peanut allergens were retrieved from UniProt [46] and
subjected to in silico gastrointestinal (GI) digestion using PeptideCutter [47], applying
cleavage rules for pepsin (pH 1.3 and pH > 2), trypsin, and chymotrypsin (high and low
specificity). Digestion products shorter than nine amino acid residues were excluded from
further analysis. The resulting digestion-stable peptides longer than nine amino acids were
further fragmented into overlapping nonamer sequences. Binding to HLA-DRB5*01:01 was
predicted using the developed computational models, and peptides identified as binders by
the logo model and all three ML models were classified as binders. Table 2 summarizes the
digestion-stable peptides and the consensus HLA-DRB5*01:01-binding nonamers derived
from them. Where available, experimental evidence supporting the predicted binders is
also included in Table 2.

Several of the consensus HLA-DRB5*01:01 binders identified in the present study over-
lap with experimentally reported peanut T-cell epitopes, providing independent support
for the biological relevance of the developed prediction models. In Ara h 1, the digestion-
stable fragment IVQIEAKPNTL (214-224) contains the predicted binder QIEAKPNTL,
which overlaps a previously reported T-cell epitope identified by tetramer-guided epitope
mapping [19]. Similarly, the Ara h 3 fragment RRNALRRPFYSNAPLE (77-92) yielded
the predicted binder RPFYSNAPL, while the fragment EQGAIVITVKGGLRILSPDEED
(296-316) generated the predicted binders AIVTVKGGL and TVKGGLRIL; both regions
have been reported as immunologically active peanut T-cell epitopes [30]. These find-
ings demonstrate that the computational workflow successfully recovered peptide regions
previously identified by experimental studies. Importantly, the current approach further
prioritizes digestion-stable peptide fragments that are more likely to survive gastrointesti-
nal processing and become available for HLA presentation in vivo. The agreement between
computational predictions and experimentally validated epitopes supports the utility of the
developed models for identifying candidate peptides for peanut allergy immunotherapy.
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Table 2. Digestion-stable peanut allergen fragments and their binders to HLA-DRB5*01:01 predicted

by logo and ML models.
Peanut Allergens Positions Digestion-Stable Peptide Sequence HLA-DRB5*01:01 Binders
18-26 ASVSATHAK ASVSATHAK
214-224 IVQIEAKPNTL ** QIEAKPNTL
237-253 VIQQGQATVTVANGNNR QGQATVTVA
288-298 ISMPVNTPGQF no binder
357-367 SSENNEGVIVK ENNEGVIVK
Arahl 387-400 GSEEEGDITNPINL EEEGDITNP, GDITNPINL
E5G076 * 452-460 AMVIVVVNK AMVIVVVNK
481-495 EEEEDEDEEEEGSNR ** no binder
511-526 IMPAAHPVAINASSEL no binder
548-556 DNVIDQIEK no binder
562-572 AFPGSGEQVEK AFPGSGEQYV, PGSGEQVEK
605-615 EDQEEENQGGK QEEENQGGK
3342 CQSQLERANL QSQLERANL
Arah? 43-51 PCEQHLMOQK PCEQHLMOQK
A571Q9 * 109-117 CMCEALQQI CMCEALQQI
129-139 RQQEQQFKREL QEQQFKREL
150-164 APQRCDLEVESGGRDR no binder
46-58 RIESEGGYIETWN SEGGYIETW
59-72 PNNQEFQCAGVALS EFQCAGVAL
7792 RRNALRRPFYSNAPLE *** RPFYSNAPL
96-116 IYVOQQGSGYFGLIFPGCPSTY no binder
140-163 FQVGQDDPSQQQQDSHQKVHRFDE DSHQKVHRF
184-203 DEDTDVVTVTLSDTSSIHNQ DTDVVTVTL
Arah3 252-270 GDEQENEGSNIFSGFAQEF no binder
E5G077 * 273-293 LOHAFQVDRQTVENLRGENERE AFQVDRQTV, VDRQTVENL
296-316 EQGAIVTVKGGLRILSPDEED *** AIVTVKGGL, TVKGGLRIL
317-340 ESSRSPPNRREEFDEDRSRPQQRG SSRSPPNRR, SPPNRREEF
361-379 ASVKKNLGRSSNPDIYNPQ ASVKKNLGR, LGRSSNPDI
381403 AGSLRSVNELDLPILGWLGLSAQ DLPILGWLG, LPILGWLGL
446466 YDEELQEGHVLVVPQNFAVAA GHVLVVPQN
487-507 ANQAGENSIIDNLPEEVVANS no binder
Arah6 3345 SSCERQVDRVNLK SSCERQVDR, RQVDRVNLK
AOASQOV3Y4 * 46-54 PCEQHIMQR PCEQHIMQR
109-121 LODROMVQQFKRE ROMVQQFKR

* UniProt/GenBank Protein number; ** [19]; *** [30].

4. Discussion

This study demonstrates that HLA-DRB5*01:01 peptide binding can be predicted
with high accuracy using complementary computational approaches based on sequence
logos and machine learning. By combining residue-frequency-based quantitative matrices
with physicochemical descriptor-driven ML models, we identified a set of digestion-stable
peanut-derived peptides with strong predicted affinity for HLA-DRB5*01:01. Several of the
predicted binders correspond to experimentally reported allergenic epitopes, supporting
the biological relevance of the developed models and confirming the utility of in silico
approaches for epitope discovery in food allergy research.

The study confirmed the dominant contribution of the p9 anchor position in the HLA-
DRB5*01:01 binding motif [44,45]. Both the sequence logo and the quantitative matrix
revealed a strong enrichment of bulky hydrophobic, aromatic, and positively charged
residues at p9. This pattern is consistent with the structural organization of HLA class II
peptide-binding grooves, where specific pockets contribute differently to peptide stabi-
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lization and T-cell receptor recognition. The observed preference at p9 suggests that the
corresponding pocket in HLA-DRB5*01:01 imposes a major selectivity filter for peptide
binding. In contrast, the relatively weak conservation at p1 and p4 may reflect greater
permissiveness of these pockets or the existence of multiple compatible binding registers.
Because MHC class Il molecules bind peptides in an open-ended groove, peptides longer
than the canonical nine-residue core may shift within the groove and adopt alternative
registers. Consequently, restriction of the analysis to exact nonamers may emphasize the
strongest anchor positions while underestimating weaker but still biologically relevant
preferences at other sites. The differences between the binder and non-binder logos are
also informative. While the binder dataset exhibited clear positional enrichment patterns,
the non-binder sequences were characterized by diffuse amino acid distributions lacking
strong positional specificity.

The three ML approaches evaluated in this work—RF, SVM, and GB—all showed
excellent predictive performance, with ROC AUC values close to 1.0. Among them, the SVM
model achieved the best balance between sensitivity and specificity. These results indicate
that Wold’s z-scale descriptors successfully captured the physicochemical determinants
underlying HLA-DRBS5 peptide recognition. Hydrophobicity, steric effects, and electronic
properties are known to play major roles in peptide-MHC interactions, particularly in
determining compatibility with anchor pockets and stabilizing intermolecular contacts.
The strong performance of the models therefore supports the relevance of these descriptors
for representing HLA-binding peptides in compact numerical form.

An important advantage of the current strategy is the use of complementary modeling
approaches rather than reliance on a single predictor. The logo model provides mechanistic
interpretability by directly visualizing amino acid preferences at each peptide position,
whereas ML models capture nonlinear relationships and interactions between residues that
may not be evident from sequence frequencies alone. The consensus strategy requiring
agreement between the logo and ML models likely reduced false-positive predictions and
increased confidence in the identified binders. This is particularly relevant for allergen
epitope discovery, where high specificity is essential to avoid unnecessary experimental
validation of irrelevant candidates.

Application of the models to the major peanut allergens Ara h 1, Arah 2, Ara h
3, and Ara h 6 identified numerous digestion-stable peptides predicted to bind HLA-
DRB5*01:01. Several of these peptides are derived from regions previously implicated in
peanut allergenicity and T-cell activation [19,30]. T-cell epitopes from peanut allergens have
been experimentally identified using tetramer-guided epitope mapping (TGEM), in which
the complete allergen sequence was synthesized as overlapping 20-mer peptides with
a 12-amino-acid overlap [19,30]. Peptide pools were loaded onto recombinant HLA-DR
molecules to generate class II tetramers, and PBMCs from peanut-allergic subjects were
stimulated with these pools and screened for tetramer-positive T cells. This methodology,
however, does not account for gastrointestinal digestion of the proteins, and many of the
predicted T-cell epitopes are unlikely to survive transit through the gastrointestinal tract.
Consequently, a substantial proportion of the identified epitopes may never be generated
in vivo or become available for presentation by HLA class II molecules, potentially limiting
their physiological relevance.

The focus on digestion-stable peptides is biologically important. Proteins susceptible
to rapid gastrointestinal degradation are less likely to reach the intestinal immune system in
an immunologically intact form. In contrast, digestion-resistant fragments may persist long
enough to be taken up by antigen-presenting cells and processed for HLA presentation.
The combination of simulated gastrointestinal digestion with HLA-binding prediction
therefore represents a rational strategy for prioritizing physiologically relevant allergenic
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peptides. This approach may also have applications beyond peanut allergy, including
prediction of immunogenic food peptides, assessment of novel food proteins, and design of
peptide-based immunotherapies. Although simulated gastrointestinal digestion provides
a practical approximation of proteolysis, it does not account for interindividual differ-
ences in digestive physiology or food-matrix effects, and the resulting digestion-stable
peptides should therefore be considered computational candidates pending validation by
standardized in vitro digestion assays.

Despite the strong predictive performance of the models, several limitations should be
considered. First, the datasets used for model development were relatively moderate in size,
reflecting the limited number of experimentally validated HLA-DRB5 ligands currently
available in public databases. Although the use of external test sets reduced the risk of
overfitting, larger and more diverse datasets would likely improve model generalizability.
Second, the current analysis focused exclusively on HLA-DRB5*01:01, whereas peanut
allergy is influenced by multiple HLA class II alleles. Because allergen presentation often
involves promiscuous peptide binding across several HLA molecules, extension of the
approach to HLA-DQ and HLA-DP alleles associated with peanut allergy would provide a
more comprehensive view of population-level susceptibility. Third, peptide-HLA binding
alone does not fully determine allergenicity. T-cell receptor recognition, antigen processing
efficiency, cytokine polarization, and immune regulatory mechanisms also contribute
critically to the development of allergic responses. Consequently, the peptides identified
in this study should be regarded as candidate HLA-DRB501:01-restricted CD4+ T-cell
epitopes rather than confirmed allergenic or immunotherapeutic peptides. Experimental
validation using HLA-typed PBMCs from peanut-allergic donors, peptide-induced CD4+ T-
cell activation assays, Th2/Treg cytokine profiling, serum IgE-binding assays, and basophil
activation studies will be required to establish their biological significance.

5. Conclusions

This study demonstrates that computational modeling can effectively identify HLA-
DRB5*01:01-binding peptides from major peanut allergens and provides a practical frame-
work for systematic in silico epitope discovery in food allergy research. The combination of
interpretable sequence-based models with ML approaches offers both mechanistic insight
and strong predictive power, supporting their future application in allergen characteriza-
tion. The identified peptides represent candidate HLA-DRB5*01:01-restricted CD4+ T-cell
epitopes that provide a basis for future experimental studies aimed at validating their
immunological relevance and potential utility in allergy research.
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of the logo models; Table S4: Negative test set of non-binders to HLA-DRBS for validation of the
logo models; Table S5: Logo model for binders to HLA-DRB5; Table S6: Logo model for non-binders
to HLA-DRBS5; Table S7: Positive training set for development of ML models for peptide binding
to HLA-DRBS; Table S8: Negative training set for development of ML models for peptide binding
to HLA-DRBS5; Table S9: Positive test set of binders to HLA-DRB5 for validation of the ML models;
Table 510: Negative test set of non-binders to HLA-DRBS5 for validation of the ML models; File S1:
Source code of the RF model; File S2: Source code of the SVM model; File S3: Source code of the
GB model.
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