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Purpose of review

The advent of high-throughput data generation and artificial intelligence has transformed allergy research.
Open-access database (OAD) and cohort-based database (CBD) provide essential resources for machine
learning (ML)-driven algorithms for risk stratification and decision support. It is crucial for allergologists to
understand their construction, strengths, and limitations. We review recently published databases with a
focus on how these datasets can be combined to enhance research.

Recent findings

OAD, including environmental monitoring resources, omics repositories, and electronic health records, offer
scale, diversity, and opportunities for new hypotheses, but are often limited by sparse clinical annotation,
heterogeneous data generation, and incomplete linkage to patientlevel outcomes. CBD provide well-
phenotyped patients, longitudinal follow up, and high-quality clinical and immunological measurements, yet
face constraints in sample size, population diversity, and data sharing. Studies integrating OAD breadth
with CBD label fidelity report improved predictive performance when paired with disciplined evaluation.
Federated learning and portable feature specifications are emerging to enable privacy-preserving
collaborations.

Summary

Allergologists play a central role in building ML-ready resources. By ensuring rigorous clinical annotation,
standardization of data, transparent methods, and independent validation, they can maximize the utility of
OAD and CBD and their combination to accelerate progress toward precision allergy medicine.
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the maturation of artificial intelligence (AI) methods,

Allergology is undergoing a methodological shift ~ and the clinical need for predictive tools that enable
driven by the exponential growth of biomedical data, ~ Personalized care [1,2]. Classical hypothesis-driven
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KEY POINTS

o Integrating large datasets offers a transformative
opportunity for allergy research, enabling machine
learning-driven predictive models with translational
potential.

o Open-access databases and cohort-based datasets
differ in objectives, construction principles, and
translational potential.

o Three modes dominated 2025: truly open datasets
supporting component resolved diagnostic initiatives;
regulated access to national registries or Electronic
Health Record; and algorithmic openness.

o Full open-access and federated datasets hold great
promise with careful design, standardization,
calibration, audit and rigorous clinical evaluation.

clinical and immunological approaches remain essen-
tial [3], and they are increasingly complemented by
data-driven paradigms designed to capture the com-
plexity, heterogeneity and evolution of allergic dis-
eases across multiple biological and exposomic layers.
Within this context, large-scale data resources and
purpose-built databases have become essential infra-
structure, shaping the questions that can be asked and
how answers are generated and translated into prac-
tice. Because databases reflect recruitment and meas-
urement choices, basic bias awareness and clear
provenance are required for correct interpretation.

Unlike fields where electronic health records
(EHR) and imaging repositories dominate Al appli-
cations, allergology depends on a diverse ecosystem
of data sources [1]. These include clinical pheno-
types, immunological assays, molecular allergen
characterization, environmental exposure metrics,
multi-omics profiles, and longitudinal outcomes.
Al systems, principally machine learning (ML) and
deep learning (DL), ingest high-dimensional infor-
mation to perform prediction or classification [3-7].
Models may learn from labeled examples (supervised
learning) or discover patterns in unlabeled data
(unsupervised learning). Their performances depend
on access to large, well-curated datasets and on the
relative stability of relationships among variables
over time.

In current practice, these data are aggregated
through two conceptually distinct categories of data-
base: open-access databases (OAD) and cohort-based
datasets (CBD). Both are increasingly used for ML-
driven research, but they differ in objectives, con-
struction principles, and translational potential.
OAD are designed primarily to maximize data shar-
ing, reuse and interoperability. In allergology, they
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typically arise from public health agencies [8], EHR
resources [9], drug allergy and hypersensitivity sur-
veillance [10], environmental exposure systems,
such as pollen monitoring networks [11,12], air-pol-
lution monitoring [13,14"], and climate or meteoro-
logical re-analyses [15], as well as omic repositories
[16] and allergen databases [17-20]. Their scale and
accessibility make them attractive for unsupervised
ML and exposure-response modelling. However,
they often lack detailed phenotyping, standardized
diagnostic criteria and robust links to individual
patient trajectories.

By contrast, CBD are usually created within
clearly defined clinical or research frameworks, often
centered on academic hospitals, national networks
or disease-specific consortia. These datasets are char-
acterized by expert-validated diagnoses, standardized
immunological testing, high-quality clinical data,
and longitudinal follow-up, and may include inte-
grated omics layers. In allergology, such cohorts [21-
24] are well suited to mechanistic questions, bio-
markers discovery, and the development of clinically
interpretable predictive models, making them ideal
for supervised ML approaches. However, CBD face
several limitations, including sample sizes, limited
population diversity, high operational costs and reg-
ulatory and ethical constraints. A practical extension
of CBD is the population-based cohort, designed to
represent the general population, usually followed
over long periods. These cohorts offer larger sample
sizes, which improves statistical power, and more
diverse genetic, sociodemographic, and environ-
mental backgrounds, which can enhance model gen-
eralizability. Trade-offs include variable depth of
phenotyping and differences in linkage to special-
ized testing.

Across both models, the performance and clin-
ical credibility of ML algorithms depend on data
quality, representativeness and conceptual consis-
tency. In this review, we focus on studies published
in the last 12months, synthesizing how OAD and
CBD have been used to support clinically relevant
ML tasks. We discus opportunities, barriers, and next
steps, with the aim of clarifying the complementary
roles of OAD and CBD and providing a conceptual
framework for their open rigorous and effective use
in allergy research.

OAD aim to follow in the FAIR principles (findable,
accessible, interoperable, reusable) [25]. OAD store
data in standardized formats (as much as possible)
and ontologies and include metadata describing
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experimental conditions, analytical pipelines and,
where available, the biological or environmental
context. Three modes dominated this year: truly
open datasets supporting component resolved diag-
nostic (CRD) initiatives; regulated access to national
registries or EHR; and algorithmic openness. These
modes align with the integrative pathway summar-
ized in Fig. 1 and the practical steps listed in Table 1.
Representative articles illustrating these three modes
are summarized in Table 2.

A standout contribution this year was an open
challenge that provided standardized immunological

datainputs and a strict held-out evaluation set [26™"].
Martinroche et al. created a nationwide OAD com-
prising 4271 patients that combined allergen chip
(AC) assay results for specific immunoglobulin E
(IgE) with demographic factors and 20 expert-
selected clinical variables. The dataset underpinned
an international ML competition aimed at develop-
ing predictive allergy diagnosis algorithms. How-
ever, as noted earlier, the retrospective design and
phenotype spectrum are limiting. Respiratory and
food allergies were well represented, whereas other
conditions such as Hymenoptera venom allergies,
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FIGURE 1. Integrating open-access databases with cohortbased resources for allergy prediction. Open-access data streams
(environmental monitoring, EHR extracts, omics repositories, allergen knowledge bases) are paired with expertvalidated cohort
data to create machine-learning (ML) inputs. Hybrid pipelines fuse features, align timelines, and run internal checks before
model building. Deployment requires external or temporal validation, calibration, and ongoing monitoring to detect drift and
maintain clinical performance. The figure was created with BioRender.com. EHR, electronic health record.
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Table 1. Practical recommendations for maximizing the value of combined strategies in allergology

Topic Description Clinical and translational relevance
Define clear Clearly identify whether the primary aim is mechanistic Aligns Al development with clinically meaningful questions
objectives discovery, biomarker identification, predictive modeling, or ~ and avoids misinterpretation of model outputs.

clinical decision support, as this defermines data sources,

model design and evaluation plan.
Prioritize data

quality and

annotation

Implement robust

Combine high-fidelity cohort data for accurate clinical labels
with open-access datasefs to increase sample size,
diversity, and feature richness; ensure standardized and
complete metadata, time stamps and provenance.

Apply cross-validation with time-aware splits, external or

Improves model robustness, internal validation, and

reproducibility of findings.

Reduces overfitting and increases confidence in clinical
deployment.

Use interpretable models or feature-attribution methods to link  Facilitates clinician trust, regulatory acceptance, and

clinical adoption.

Enhances external validity and supports scalable, real-
world implementation.

validation temporal validation across independent datasets or sites,
frameworks and sensitivity analyses; include calibration metrics and
decision-curve analysis.
Focus on
explainability predictions with biological and clinical reasoning.
Encourage Promote multicenter collaborations, federated learning and
collaborative portable feature specifications under appropriate
networks governance and harmonization, to increase population

diversity while respecting ethical, legal, and privacy

constraints.

Leverage hybrid
infegration for
translation

frameworks linked to decision support.

Integrate open-access data (scale), cohortbased clinical data
(precision), and omics (mechanistic insight) through data
fusion and transfer learning strategies within unified Al

Enables patient stratification, disease trajectory prediction,
and personalized therapeutic strategies, advancing
precision allergy medicine.

oral syndromes and mastocytosis were poorly repre-
sented. Therefore, it lies in hypothesis generation
and clustering to identify a minimal informative set
of specific IgE components for phenotyping and risk
stratification, similar to prior work in asthma endo-
typing [27].

Structured exposure inputs aligned to temporally
precise outcomes has been essential for short-hori-
zon forecasts that generalize across regions and sea-
sons [28]. Sofiev et al. recently published a
meteorological reanalysis based on ERAS data and
used the System for Integrated Modeling of Atmos-
pheric Composition (SILAM), to predict flowering
periods and simulate Europe-wide pollen dispersion
patterns [29]. The authors integrated open data from
the European Aeroallergen Network (EAN) and
designed outputs explicitly as inputs for downstream
ML studies. These points demonstrate the value of
national open datasets such as those recently made
available [30]. In this setting, ML-based pollen assess-
ment complement physical sampling by extending
spatial coverage and improving forecasting capabil-
ities [31].

Omics made measured progress. Polygenic risk
scores for asthma and atopic disease improved via
multi-ancestry training, and initial multi-omic com-
binations refined endotype definitions [32%,33-
36,37"]. Translational value strengthened when

1473-6322 Copyright © 2026 The Author(s). Published by Wolters Kluwer Health, Inc.

omics were combined with CRD, clinical variables,
and exposures rather than treated as stand-alone
predictors. Good practice (pre-registered analyses,
hold-out cohorts, and code availability) became
more visible, although the field still needs clear
decision thresholds that specify when omics-aug-
mented scores should change management.

Digital health data (symptom trackers, mobile
apps, ecological momentary assessment) are relevant
to improving precision medicine. Tsang et al. [38]
carried out a 2-phase observational study to monitor
asthma using three smart-monitoring devices (peak-
flow meter/inhaler and smartwatch), and daily
symptom questionnaires on the open-source
Mobistudy platform [39]. Combined with localized
weather, pollen, and air-quality reports, they col-
lected a rich longitudinal dataset to explore the
feasibility of passive monitoring and asthma attack
prediction [40] within the next days. The database
was built on three previous mobile-health studies in
asthma management: the Asthma Mobile Health
Study (AMHS) [41,42], myAirCoach [43] and Bio-
medical Real-Time Health Evaluation (BREATHE)
[44].

This year consolidated gradient boosting and
regularized Generalized Linear Models (GLMs) as
robust baselines for case-finding and risk stratifica-
tion in asthma. Where national and open EHR
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Table 2. Representative 2025 studies illustrating data backbones and openness modes for ML-ready allergy research. Each
row summarizes one original study and reports what was done (backbone, design, validation, headline metrics) and why it

matters for prediction or decision support

Author (ref)

Mode

What the study did

Why it matters

Martinroche
et al. [26™"]

Frau et al. [64"]

Bagct
[46

Pattarakiatjaroen
etal. [57"]

Xie et

Ding et al. [52%]

Turcatel et al.

Open CRD dataset/

challenge

Regulated-access
EHR/registry

etal.

Regulated-access
-.]

EHR/registry
(single system)

Cohortbased dataset
(CBD)

al. [45™"]  Regulated-access

EHR/registry

Regulated-access
EHR/registry

(multicenter)

Regulated-access

[78% EHR/registry
Liliendahl et al.  Regulated-access
[49%] EHR/registry
142 www.co-allergy.com

Built a nationwide, open database that links allergen-chip
IgE results with 20 clinician-defined variables and 5
demographic factors across 11 French university
hospitals, 2014-2023. Final dataset: n = 4271
patients, ~700 000 sIgE measurements, chips up to
~295 allergens (ISAC 112i, ISAC E112i, ALEX v2).

Labels included confirmed allergy and severity.

Built a framework that maps routine EHR phenotypes in
atopic dermatitis to a biomedical KG to connect clinical
features with molecular entities and pathways—
supporting the discovery of clinically relevant molecular
endotypes from real-world records. Proof-of-concept
demonstrates how KG-enhanced features can bridge
from patient trajectories to mechanistic hypotheses.

Extracted data on 31 795 asthma patients from a health-
system EHR; 1112 met inclusion for analysis. Used PCA
to derive 3 principal components (lung function; blood
inflammatory markers; systemic corticosteroid receipt)
and a Gaussian mixture model to identify 5 subject
clusters with distinct clinical/inflammatory profiles.

Retrospective pediatric OFC cohort (n=179, Thailand;
2014-2022). Built a logistic-regression score using
routine variables (female sex, history of anaphylaxis,
positive SPT). Internal validation via bootstrapping;
ROC = 0.71. Risk groups: low (0-1 points) vs. high (2—
3 points) with 6.7% vs. 29.5% reaction rates during
OFC, respectively. Reported calibration and
classification metrics.

Large integrated health-system study (Kaiser Permanente
Southern California). Built a hybrid NLP pipeline
(dictionary/regex + BERT) to identify four asthma-
related symptoms (cough, dyspnea, wheeze, chest
tightness) from >11 million clinical notes (2013-2018
and 2021-2022). Used double-annotated reference
sets (29600 notes) with adjudication. The hybrid
system achieved PPV ~96-97%, sensitivity ~94-99%,
F1 > 0.

Refrospective, multicenter outpatient cohort across three
tertiary hospitals (China) using routine clinical +
laboratory data to differentiate eczema vs. psoriasis.
Trained 8 ML models; XGBoost selected. Performance:
AUC 0.891 (train), 0.830 (internal test), 0.812
(external test). Used SHAP for feature attribution (top
features: dNLR, neutrophil count, SIRI, RDW,
eosinophils).

Retrospective EHR study using Optum Panther (USA),
adults with physician-diagnosed asthma (2016-2023).
Cohort n=1331934; 16 279 (1.2%) had >1
exacerbation. Baseline windows of 6 months used to
predict exacerbation risk in the following 6 months.
Compared XGBoost, LSTM, and Transformer models;
train/test on independent datasets. Best performance:
XGBoost AUROC 0.964, PR-AUC 0.647, precision
0.729, recall 0.529, F1 0.613, accuracy 0.

Retrospective registry study linking multiple Danish
national registers (1994-2021). Adults who redeemed
dermatology prescriptions were grouped as “Known
AD” (ICD-10 L20 in hospital records), “Other skin
disease,” or “Uncertain AD status.” Features: health-
service contacts and prescriptions from the prior 2
years; ~8990 candidate variables reduced via
variance filtering, univariate screening, and recursive
feature elimination.

Provides the first open national AC+clinical resource with
physician-confirmed outcomes, enabling fair, apples-to-
apples benchmarking, feature selection, endotype
clustering, and calibration studies across respiratory
and food dllergy. The database is publicly available
under an open license, and the paper explicitly calls for
external validation and longitudinal extensions to
reduce bias and improve generalizability.

Provides a practical path to “algorithmic openness” by
enriching EHR signals with curated biological
knowledge, improving interpretability and hypothesis
generation for endotyping and potential target
prioritization in AD. It exemplifies how open
algorithms/knowledge resources can add value even
when raw patient data cannot be shared.

Shows how time-aware, lab-augmented EHR features can
uncover clinically coherent severe asthma phenotypes
and support actionable prediction of severity—moving
beyond simple code-based casefinding. The
combination of unsupervised clustering with a
supervised severity model provides a path from
discovery to triage, with performance reported
(accuracy/precision) and phenotypes interpretable via
PCs (physiology, inflammation, steroid exposure).

Provides a simple, clinic-ready triage tool for OFC risk
using data available at intake; transparent methods
and calibration reporting make it easy to replicate and
refine externally, and to embed in scheduling/
monitoring workflows where OFC resources and safety
planning matter.

Shows that hybrid, auditable NLP can convert unstructured
EHR text into MLready symptom trajectories with high
precision/recall—an essential building block for asthma
casefinding, trajectory modeling, and shorthorizon risk
prediction. Strong methods (large scale, double
annotation, temporal hold-out, transparent rule
components) make it a reusable blueprint for allergy
phenotypes in trusted research environments.

Shows that non-imaging, routine labs can support an
interpretable, deployable classifier for a common
dermatology dilemma, with external validation and a
usable interface. Provides a portable feature set and a
pragmatic pathway (OCR + EHR integration) for wider
outpatient decision support beyond image-heavy
pipelines.

Demonstrates real-world feasibility of short-horizon
exacerbation prediction at national scale with
transparent feature attributions. Highlights
generalization limits (single commercial EHR, no causal
inference) and underlines the need for external/
temporal validation and calibration reporting before
clinical deployment.

Provides a pragmatic, transportable workflow to identify
mildto-moderate AD cases that are invisible to hospital-
only coding, using routine primary-care and
prescription signals. Reports both discrimination and
calibration, and compares outputs against a validated
pediatric algorithm as a face-validity check—useful for
casefinding, burden estimation, and cohort assembly in
allergy research.
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Table 2 (Continued)

Author (ref) Mode What the study did Why it matters

Mora et al. [81™] Regulated-access

EHR/registry

Demonstrates population-scale risk modeling for firsttime
anaphylaxis in the elderly using routinely collected
data, with transparent ensemble methods and
explainability. Results support triage/risk-stratification
pathways and highlight interpretable predictors (e.g.,
healthcare-utilization patterns, socioeconomic proxy,
allergy-related codes) that could inform prevention and
earlier recognition.

Retfrospective, matched case—control study using
anonymized administrative health records from
Catalonia, Spain. Built a stacked ensemble (logistic
regression, decision tree, random forest, XGBoost) with
chisquared feature selection to predict a first recorded
diagnosis of anaphylaxis in older adults. Matched
dataset size: n = 8398 (anaphylaxis n = 4199;
matched non-anaphylaxis n = 4199); broader source
population also described.

Wong et al. Regulated-access Built and validated an NLP pipeline to measure clinician  Provides a scalable, pragmatic method to quantify
[84% EHR/registry adherence to NIAID 2017 peanut-prevention guidance guideline adherence from unstructured EHR fext across
(multicenter) using EHR clinical notes and patient instructions from health systems, a prerequisite for auditing population-
the iREACH cluster-randomized trial (4- and é-month level prevention efforts and embedding decision
well-child visits; 30 practices across 3 networks in support. Results also flag documentation gaps (eczema
lllinois). Three-phase development (exploratory — severity), guiding pipeline refinement and improving the
training — validation) with chartreview gold standards. reliability of downstream ML models that depend on
Performance for documenting peanut-introduction accurate risk stratification.
recommendations: precision 0.
Tawfik et al. Algorithmic openness Prospective/experimental model paper building a Demonstrates an audio-signal pipeline for asthma
[379 (code/model respiratory-sound asthma classifier. Data backbone: two  classification using shared datasets and a portable
cards/portable public/benchmark respiratory sound datasets—the architecture, enabling reproducibility and comparison
features) Asthma Detection Dataset (ADD) and ICBHI 2017. on common benchmarks. Cross-institution testing

Proposed E-RespiNet, a triple-stream CNN with LLM- highlights domain-shift issues that matter for real-world

ELECTRA-guided feature extraction and feature fusion.
Reported accuracy improvements of 4.82% (ADD) and
0.52% (ICBHI) over prior methods; on cross-institutional

deployment (performance drop across sites), directly
relevant to generalization and monitoring in clinical
decision support.

validation, accuracy 75.

Hu et al. [32®]  Regulated-access
EHR/registry

(multicenter)

Shows that adding IOS and FeNO to basic clinical
features improves early asthma prediction in
preschoolers and can generalize across sites. Reports
calibration and net-benefit analyses, supporting
movement from algorithmic performance to decision
support in pediatric pathways.

Prospective model-development/validation across multiple
hospitals in China. Trained on preschool children with
cough (n = 14 709) using routine clinical variables plus
I0S and FeNO; primary outcome was early asthma
diagnosis. Compared models using single modalities
(clinical-only, 10S-only, FeNO-only) vs. combined. In an
external validation cohort (n = 4146), the combined
model achieved AUC = 0.90, sensitivity = 0.82,
specificity = 0.

Chushak et al. Algorithmic openness

Curated two datasets from public sources and literature Provides portable, feature-based models that can be

[14% (code/model for respiratory irritation (final set n = 1241; 624 applied to screen chemicals for respiratory irritation/
cards/portable irritants, 627 nonirritants) and respiratory sensitization sensitization before human exposure. Uses publicly
features) (final set n = 419; 208 sensitizers, 211 non- sourced data and shareable structural alerts, making

the approach transferable to regulatory or occupational
seftings and complementary to clinical allergy
surveillance.

sensitizers). Built and compared multiple classifiers
(including ASNN, Random Forest, XGBoost, neural
networks) using structural-alert fingerprints in OCHEM/
SARpy; created consensus models. Reported AUC =
0.931 for irritation and AUC = 0.

Chen et al. [47™] Regulated-access

Demonstrates that routine-note NLP can surface symptom
EHR/registry

burden at scale and link it to prospective exacerbation
risk in a large, realworld system. Supports integration
of symptom extraction into EHR-based prediction/triage
pipelines for mild asthma, extending beyond coded
data while working within a trusted research
environment.

Retrospective cohort, Kaiser Permanente Southern
California (USA). Identified 198 873 adults (18-85 y)
with mild asthma (2013-2018). Used a validated
hybrid NLP algorithm (rule-based + transformer) to
extract cough, wheeze, dyspnea, chest tightness from
clinical notes in the 12 months before the index visit
(t0); prior validation of the NLP tool reported sensitivity
> 93% and PPV > 96%.

Bashir et al.

(53

Cohortbased dataset Population-based cohort analysis using data from the

(CBD) West Sweden Asthma Study: 3101 adults clinically
investigated, of whom 1895 with ever-asthma were
included. Forty-four clinical, biological and
epidemiological variables were analyzed; missing data
were imputed with random forests. Deep Embedded
Clustering identified four phenotypes; the number of
clusters was selected using NbClust, M3C, and ARI
indices in combination with clinical judgment.

Provides a transparent, data-driven phenotyping of adult
asthma in a representative population sample, aligning
clusters with recognizable clinical patterns (e.g., early-
onset atopic, adult-onset high-T2 inflammation). The
approach illustrates how unsupervised ML on regulated
cohort data can surface clinically interpretable
subgroups that may inform future risk-stratification or
targeted management pathways; highlights current

gaps.

Notes: Modes. Open CRD dataset/challenge = truly open component-resolved diagnostics resources or open ML challenges with public inputs and held-out scoring;
regulated-access EHR/registry (trusted environment) = national or health-system records and linked registries accessed under approvals; cohortbased dataset (CBD)
= prospectively or retrospectively assembled, expert-phenotyped clinical cohorts (often with standardized immunology/omics), shared under consent-governed
access; algorithmic openness (code/model cards/portable features) = public code/model cards/feature specs that enable replication or transfer without moving
raw patient data. Selection. We ran a structured PubMed search limited to the most recent 12 months and original research in English. The operational query
combined (i) allergic-disease terms, (i) Al/ML terms, and (iii) backbone terms (e.g., nationwide, registry, EHR). From 169 records, we extracted a standardized
template (disease area, backbone, task, validation, calibration, sample size/diversity, transparency, and a brief clinical/methodological note) and applied a
weighted rubric prioritizing external/temporal validation and calibration, dataset scale/openness, clinical actionability, and transparency. We retained 15
exemplars to balance modes, backbones, and clinical coverage.
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meaningful signal, Natural language processing
improved capture of symptom dynamics and treat-
ment intent in asthma [45",46"",47",48], atopic der-
matitis [49%] and adverse events [50]. Two
outstanding articles by Bagci et al. [46™] and Xie
et al. [45""] addressed generalization with external
or temporal validation. These time-aware approaches
predicted exacerbations, emergency visits, or hospi-
talization. Gains were most evident when recent
medication changes, rescue use, and short-term envi-
ronmental fluctuations were modeled explicitly
rather than averaged away. These most convincing
studies went beyond internal cross-validation, vali-
dating across hospitals or calendar time, thus assess-
ing the impact of change in clinical coding practice,
prevalence, and seasonal baselines on model per-
formance. Crucially, the authors reported calibration
(slope, calibration-in-the-large, Brier) and decision-
curve analysis, turning statistical discrimination into
clinically actionable net benefit at decision thresh-
olds relevant for treatment step-up or targeted fol-
low-up. Operationally, these steps are organized in a
validation-and-monitoring pipeline summarized in
Fig. 2.

For diagnosing drug allergy, particularly to pen-
icillin, ML-based decision algorithms have been
developed using large retrospective databases to facil-
itate treatment and reduce inappropriate alternative
antibiotic use. Ghiordanescu et al. assessed the safety
and efficacy of four such algorithms in 1884 patients
referred for allergy evaluation, using data from the
Drug Allergy and Hypersensitivity Database [10]. The
work resulted in the development of a fifth algorithm
indicating promise for triage.

CBD adopt a fundamentally different approach to
data collection than open-access resources. CBD are
particularly well suited for ML - especially DL -
models aimed at early phenotype discovery
[32%,51,52%,53%,54], endotype stratification [55,56],
risk assessment [57%] and treatment-response predic-
tion [58]. To unlock their full value, we encourage
models of access that make de-identified CBD data
and portable feature specifications available to quali-
fied researchers while respecting consent and gover-
nance constraints. Where direct sharing is not
feasible, privacy-preserving options (e.g., federated
learning) allow multicenter validation without mov-
ing data. From an historical perspective, between
1990 and 2010 more than 100 population-based
birth cohorts focused on asthma and allergy were
initiated worldwide. After 2000, many of these
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scattered efforts were at least partly coordinated
under transnational initiatives, notably within the
EU Framework Programmes FP6-FP7, including the
Global Allergy and Asthma FEuropean Network
(GA2LEN) and the Mechanisms of the Development
of ALLergy (MeDALL) project [59]. These programs
were key milestones that established a federative,
collaborative model based on common goals and
harmonization. However, no large-scale popula-
tion-based or patient-based cohort in allergy is yet
fully open-access; most operate under controlled-
access policies that limit broad reuse.

Population-based longitudinal cohorts are par-
ticularly valuable for studying natural history [60],
risk factors [61], and early pathogenesis [62] of aller-
gic disease, and for integrating causal frameworks
useful for population-level risk prediction, early
detection, and public-health interventions. A major
opportunity going forward would be to align these
cohorts with open-science practices, under appropri-
ate ethical and legal frameworks.

Although OAD and CBD are increasingly used for
ML-focused research, their construction and
intended use differ. However, their strengths can
be combined [63,64%,65]. OAD scale and diversity
make them particularly well-suited to exploratory
ML approaches, including unsupervised learning
and DL, and hypothesis generation [66,67]. OAD
should be viewed as powerful tools for exploration
and hypothesis generation. This potential should be
promoted because of its central role in precision
allergology. The literature also offers practical guid-
ance for clinicians on how to conduct and use such
resources [68]. This integrative perspective is sum-
marized in Fig. 1.

Although not easily accessible in open access, the
strength of CBD lies in the precision and reliability of
their labels. For ML applications, this translates into
the ability to develop supervised models that can
predict clinically meaningful outcomes, identify dis-
ease endotypes, and discover novel biomarkers.
Moreover, CBD integrate longitudinal biomarkers
and symptom diaries that allow researchers to model
the temporal dynamics of allergic inflammation and
to evaluate treatment effects. By contrast, models
derived exclusively from open data may demonstrate
impressive technical performance while remaining
disconnected from clinically meaningful endpoints.
Despite their strengths, CBD face several intrinsic
limitations that constrain their scalability and gen-
eralizability [69,70]. First, sample sizes are often
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limited, particularly for rare allergic phenotypes or
complex multimorbid conditions [71]. They may be
insufficient for training high-dimensional ML mod-
els or for capturing the full spectrum of disease
variability in diverse populations. Second, popula-
tion diversity is frequently restricted. Many cohorts
are single-center or regionally confined, reflecting
the demographic characteristics of the participating
hospital or research network. Population cohorts can
help to mitigate these constraints. Third, CBD are
resource-intensive to maintain.

Currently, too little research data, models and
derived resources are freely accessible due to con-
cerns about data misuse, preservation of intellectual
property and lack of appropriate acknowledgement
for data creators [72,73]. Such open publications and
data descriptors should be encouraged, properly val-
ued, and credited in the same way as original research
articles. Federated or multicenter cohort initiatives
are emerging as solutions to support cross-site model
development and validation, although important
logistical, regulatory and standardization challenges
remain [74-76]. Beyond cohorts, large EHR-based
infrastructures developed at local or national levels
provide another backbone for large-scale ML tools in
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asthma [46"%,51,77,78%,79], atopic dermatitis [9] or
drug-reaction diagnosis [80,81%,82,83] and clinician
adherence monitoring [84",85]. In practice, restricted
access to CBD contrasts with the relatively unre-
stricted nature of OAD and can impede rapid external
validation or cross-cohort comparisons.

The scientific validity of ML-based tools depends
critically on external validation [86], as recommended
[87] and already demonstrated for prediction algo-
rithms in hospital settings [88] and for asthma and
eczema [33,89]. Models developed using restricted
datasets may exhibit hidden biases, limited general-
izability and reduced clinical robustness when applied
to new populations [32%,90]. Broad access to data and
models enables peer-driven evaluation, reproducibil-
ity of findings and systematic assessment of perform-
ance across independent clinical settings, disease
phenotypes and demographic contexts [91]. This
external validation is needed both to confirm model
accuracy and to identify failure modes [92]. Another
route to validation is experimental corroboration, as
shown by in vitro confirmation after a ML prediction
of food allergen epitopes [93].

Although OAD and CBD each offer advantages,
neither alone is sufficient to realize the full potential
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of ML in allergology. Integrative strategies can com-
bine these complementary resources into heteroge-
neous multimodal data that can be exploited to build
unified multimodal models [94]. Several strategies
can be implemented, including data fusion (fea-
ture-level and model-level), multimodal modeling
approaches (multi-view learning, graph-based mod-
els, deep neural networks) and transfer learning
[95,96]. In transfer learning, high-dimensional
open-access datasets (e.g., proteomics) can be used
to pre-train models, whose informative features are
then applied for supervised training in cohorts. This
approach can mitigate the dimensionality — sample
size challenge commonly encountered in omics
research and may improve predictive performance
while preserving interpretability, when appropriate
modeling is applied. Hybrid approaches require
multi-level validation: internal consistency within
cohorts, generalizability across independent datasets
and clinical relevance. These strategies may help
limit the need for large-scale cohort expansions
but require transparency [91], explainability and
adequate computational resources. Crucially, their
success hinges on close collaboration among aller-
gists, immunologists and data scientists to ensure
that models are clinically grounded and robust.

The next months should include the following
five key actions: standardize reporting: every study
should present at least one external or temporal
validation and report calibration metrics; expand
open benchmarks: add EHR case-finding tasks, envi-
ronment-to-symptom forecasting with fixed inputs
and public scoring, and reference tasks for multi-
modal fusion; make federation widely usable:
develop standard methodological frameworks for
federated or privacy-preserving analytics, so net-
works can learn across borders while keeping data
protected; audit equity by design: pre-specify sub-
groups, define acceptable performance gaps and plan
remediation (recalibration, reweighting and domain
adaptation), and report the results; invest in prospec-
tive evaluation: embed models in clinical pathways
or public-facing tools and measure outcomes that
matter to patients and clinicians.

Integrating large datasets offers a transformative
opportunity for allergy research, enabling ML-driven
predictive models with translational potential.
Open-access and federated datasets hold great prom-
ise, but without careful design, standardization, cal-
ibration and rigorous clinical evaluation there is a
risk of producing findings that are difficult to trans-
late in routine [97]. Allergologists play a central role
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in shaping the future of data-driven allergy research
by ensuring rigorous methods.
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