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Synthetic biology now produces precision-fermented dairy proteins and
engineered enzymes at rates exceeding the capacity of existing safety
assessment pipelines. These novel ingredients may introduce immunogenic-
ity risks undetectable by conventional methods. Regulatory frameworks such
as the Food and Agriculture Organization of the United Nations/World Health
Organization (FAO/WHO) sliding window approach classify proteins as
potential allergens when sequence identity exceeds 35% over 80 amino acids,
with animal testing providing supplementary validation." Such homology-
based rules can miss novel proteins with limited similarity to known aller-
gens and can also over-flag proteins containing incidental sequence motifs.!
Wet-lab validation offers definitive results, but limited throughput restricts its
use in early-stage screening of large candidate libraries. In this commentary,
immunogenicity is used broadly to include classical allergenicity and autoim-

Protein allergenicity database

mune cross-reactivity, whereas allergenicity refers specifically to IgE-medi-
ated allergenicity.

Current protein allergenicity prediction faces systemic limitations: outdated
reference databases underrepresent emerging protein families, feature engi-
neering approaches generalize poorly across diverse sequences, and predic-
tion frameworks exclude autoimmune cross-reactivity from consideration.
Simply evaluating IgE-mediated allergenicity is no longer adequate for
modern safety assessment. We therefore argue that future frameworks
should move toward multi-class prediction distinguishing allergens, autoim-
munity-related proteins, and non-allergenic proteins, coupled with residue-
level outputs that generate localized immunogenicity hypotheses rather than
only aggregate risk scores. Figure 1 summarizes this proposed next-genera-
tion framework.
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Figure 1. Conceptual framework for next-generation immunogenicity prediction

The future protein allergenicity prediction framework includes three stages:
data integration, model construction, and interpretability evaluation. Multi-
database data are preprocessed to build a benchmark allergenic protein
dataset; one or a hybrid of algorithms (machine learning, deep learning,
protein language models) is used for allergenicity classification; the frame-
work finally outputs classification results and identifies key allergenic
domains via interpretability analysis to improve the biological reliability of
predictions.

DATA RESOURCE DEFECTS: STALENESS, HOMOLOGY LEAKAGE, AND
LENGTH BIAS

Many recent predictors still rely on legacy datasets assembled several
years earlier, introducing severe data staleness and homologous leakage into
model evaluation. For example, AllergenAl (2025) still relies on AlgPred 2.0
(2021) for dataset construction.”” Primary repositories like UniProt update
daily, but published allergen benchmarks are typically static and are not
routinely refreshed with newly curated annotations. Many benchmark
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datasets also retain highly similar sequences from the same protein families,
inflating apparent model accuracy through homologous leakage between
training and test sets.

Sequence length filtering during preprocessing may also exclude biologi-
cally relevant proteins. AlgPred 2.0 excludes peptides shorter than 50 amino
acids.” AllergenAl uses a fixed input length of 1,000 amino acids, padding
shorter proteins and truncating longer chains.” Long-chain storage proteins
and bioactive peptides therefore fall outside these boundaries, limiting appli-
cability across the full spectrum of food-derived proteins. More broadly, stal-
eness and leakage arise because benchmark datasets are often assembled
as static snapshots and split randomly at the sequence level rather than by
homology cluster or annotation time. As a result, newly curated allergens
remain excluded, while near-identical family members can leak across train-
ing and test partitions and inflate apparent model performance. Time-
stamped updates, exact deduplication, and family-aware external holdouts
are therefore essential.

Current prediction frameworks classify proteins as allergens or non-aller-
gens without considering autoimmune cross-reactivity. Gliadin illustrates this
limitation: food-protein immunogenicity can extend beyond IgE-mediated
allergenicity to autoimmune pathology, including celiac disease and tissue-
transglutaminase-associated autoimmunity. More tentative associations
have also been proposed for other food proteins, including milk proteins in
type 1 diabetes-related autoimmunity, although causality remains debated.
These examples suggest that some food-protein risks may extend beyond
classical allergenicity and are not captured by binary allergen/non-allergen
frameworks. Incorporating autoimmunity-related data may therefore broaden
exploratory risk assessment, although benchmark design and label definition
remain challenging.

REPRESENTATION LIMITATIONS: HOMOLOGY DEPENDENCY AND
STATIC FEATURE EXTRACTION

Allergenicity prediction methods span sequence alignment, handcrafted
feature extraction, and deep representation learning, each with distinct trade-
offs in coverage and computational requirements.

Sequence similarity approaches such as the FAO/WHO linear rule classify
proteins using identity thresholds to known allergens. These methods depend
on reference database completeness: proteins with low homology to cata-
logued allergens may escape detection, whereas proteins from the same
family as known allergens may trigger false positives despite lacking immuno-
genic epitopes.

Second-generation methods introduced machine learning algorithms.
AlgPred 2.0 and related tools extract amino acid composition and physico-
chemical descriptors as input features for support vector machines or
random forests.” This bypasses direct sequence alignment but requires
multiple external descriptor-calculation steps, increasing computational over-
head for large-scale screening. Representing proteins as fixed-length numer-
ical vectors also discards residue positional information and long-range
sequence dependencies that may contribute to allergenicity.

Third-generation methods integrate deep learning with protein language
models (PLMs).® Recent allergenicity predictors such as AllergenAl have
begun to combine PLM-derived representations with downstream neural
architectures for feature extraction.” However, most strategies still treat
PLMs largely as fixed feature extractors and train only downstream shallow
heads. This setup limits task-specific adaptation and may leave immuno-
genicity-relevant features underused.

STRUCTURAL BLINDNESS: NEGLECT OF CONFORMATIONAL EPITOPES
IN SEQUENCE MODELS

Sequence-only models retain a structural blind spot because many aller-
genic determinants are conformational rather than purely linear. Experimen-
tal structures deposited in the Protein Data Bank (PDB) cover only a fraction
of known allergen sequences, and although AlphaFold and related tools can
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generate models for uncovered proteins, full-structure prediction remains
computationally challenging at library scale. A practical near-term strategy is
therefore to augment full-length sequence models with low-cost structural
surrogates, such as predicted secondary structure, solvent accessibility,
disorder, conformational epitope propensity, or coarse surface descriptors.
Some models partially adopt this logic through predicted 3D similarity and
surface-epitope comparison within a weight-of-evidence workflow, while
AllergenAl suggests that coarse structure-derived descriptors may modestly
improve  performance®  Lightweight predictors, including ESMFold,
OmegaFold, and hybrid sequence-plus-local-structure pipelines, may there-
fore make structural embedding more feasible for large-scale library screen-

ing.

FRAMEWORK RECONSTRUCTION: MULTI-CLASS TARGETS, FULL-
LENGTH INPUTS, AND INTERPRETABILITY

Framework reconstruction should be defined at the level of prediction
target, input granularity, and output interpretability rather than by model depth
alone. One practical implementation would couple a long-context protein
language model encoder with lightweight structure-aware features and a
residue-attribution head trained jointly for three-class prediction. First,
benchmark design should move from binary allergen/non-allergen labels to a
three-class setting comprising allergens, autoimmunity-related proteins, and
non-allergenic proteins. Such a benchmark should prioritize experimentally
supported entries, apply family-aware de-redundancy and train/test separa-
tion, and use confidence tiers or manual curation to reduce label noise,
particularly for autoimmunity-related assignments.

Second, models should accept full-length proteins instead of excluding
short peptides or truncating long chains, because both short immunogenic
fragments and multi-domain proteins may contain relevant risk signals. This
can be implemented with long-context or hierarchical sequence encoders
that preserve whole-chain information while remaining computationally
tractable.

Third, interpretability should be residue-resolved rather than score-only.
Integrated Gradients, attention rollout, or SHAP (SHapley Additive exPlana-
tions) can generate residue-level hypotheses that can be compared with
known epitopes and used to prioritize experimental redesign, for example by
targeting surface-exposed high-attribution residues while preserving core
functional regions. Taken together, these elements outline a testable frame-
work for future method development in safe-by-design protein engineering.
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