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Background: Anaphylaxis is a severe, potentially life-threatening allergic
reaction that requires rapid identification and intervention. Predicting
individuals at risk remains a clinical challenge due to its multifactorial nature
and variable presentation.

Objective: To develop and evaluate explainable machine learning models that
predict the risk of anaphylaxis using routinely collected clinical data.
Methods: We analysed a matched case-control dataset derived from
anonymised electronic health records. After applying chi-squared-based
feature selection, we trained multiple classification algorithms—including
logistic regression, decision trees, random forests, XGBoost, and a stacking
ensemble. Model performance was evaluated using AUC, sensitivity, specificity,
precision, and Fl-score. SHAP values were used to assess model explainability.
Results: The best-performing model achieved an AUC of 0.79, demonstrating
high discrimination and balanced sensitivity/specificity. Key predictors
included healthcare utilisation patterns, age, socioeconomic proxy
(copayment level), and specific diagnostic codes related to allergic conditions.
Conclusion: This study demonstrates the potential of interpretable machine
learning approaches to support the early identification of individuals at high
risk of anaphylaxis. These tools can enhance clinical risk stratification and
inform preventive strategies in routine practice.

KEYWORDS

anaphylaxis prediction, stacked machine learning model, administrative healthcare
data, elderly population, healthcare utilisation patterns, artificial intelligence, allergy
risk stratification

Anaphylaxis is a severe and potentially life-threatening allergic reaction that can
occur rapidly and demands immediate medical intervention. Despite its clinical
urgency, predicting the onset of first-time anaphylaxis (the first recorded diagnosis of
anaphylaxis) remains a significant challenge. This difficulty arises from the complex
interplay of individual risk factors, including underlying health conditions,
polypharmacy, and socioeconomic determinants, which are often not adequately
captured in current screening protocols (1, 2).

In middle-aged and elderly populations, anaphylaxis is often more severe and
associated with higher hospitalisation rates compared to younger groups. Insect
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venoms and medications, particularly analgesics and antibiotics,
are the predominant triggers, while cardiovascular comorbidities
contribute to more serious clinical presentations such as
hypotension or syncope (3-8). Despite this elevated risk,
adrenaline remains underutilised, with administration reported
in only about 30% of elderly cases. Furthermore, atypical
presentations and symptom overlap with comorbidities
contribute to frequent underdiagnosis and mismanagement (2,
, 9). These challenges underscore the urgent need for age-
specific diagnostic criteria, treatment protocols, and improved
healthcare

recognition and management in emergency settings.

education for professionals to ensure timely
Improving awareness of the unique clinical profile of
older adults and

considerations into clinical guidelines are essential steps toward

anaphylaxis in integrating  geriatric

more effective prevention and management strategies.
Advancements in Machine Learning (ML) provide promising
solutions for identifying individuals at high risk by analysing
large-scale healthcare datasets (10). ML models can uncover
hidden patterns and complex relationships within extensive and
multifaceted data, enabling accurate predictions that can inform
early intervention strategies. In the Spanish national health
system, drug co-payment levels (TSI categories) are defined by
income and pension status. Although not a direct clinical factor,
these categories provide a standardised proxy for socioeconomic
status, which may influence both healthcare access and the
likelihood of anaphylaxis being diagnosed and treated. These
administrative data, while originally collected for billing and
management purposes, also reflect patterns of access,
socioeconomic disparities (through drug co-payment levels), and
healthcare utilisation, which are directly relevant for identifying
vulnerable patients and improving care pathways in anaphylaxis.
The integration of machine learning and artificial intelligence
into allergy care offers promising avenues for improving early
risk detection and enabling personalised management strategies.

This study aims to develop a robust predictive model for
first-time anaphylaxis diagnoses in the elderly using an
ensemble machine-learning approach. By combining multiple
machine learning models, the ensemble strategy enhances
predictive accuracy and

reliability, capitalising on the

strengths of different algorithms (11). The analysis leverages a

comprehensive administrative healthcare dataset from
Catalonia, encompassing nearly 3 million elderly individuals
between 2014 and 2021.

Key predictive factors in the model include the frequency and
variability of healthcare visits, specific medical diagnoses, and
socioeconomic indicators such as drug co-payment levels. This
healthcare

policymakers in implementing targeted prevention strategies and

model aims to support professionals  and
optimising healthcare resource allocation by identifying patterns
associated with increased anaphylaxis risk. As highlighted by
Indolfi et al. (12), artificial intelligence has strong potential to
enhance allergy management throughout the lifespan, from
childhood to adulthood, especially by improving early detection
and enabling stratified care. Ultimately, this research contributes

to advancing proactive and data-driven healthcare management,
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aiming to improve outcomes for vulnerable populations at risk
of severe allergic reactions.

Recent bibliometric analyses have highlighted the growing
interest in artificial intelligence applications across allergy and
immunology, underscoring both emerging opportunities and
persistent challenges in the field (13).

Data collection and study cohort

This study utilises an extensive administrative dataset
provided by the Agency for Health Quality and Assessment of
Catalonia (AQuAS), incorporating healthcare information from
multiple providers across various timeframes. The dataset
focuses on the Catalan population born before January 1, 1965,
forming a retrospective cohort of 2,924,590 individuals. That is,
we considered those individuals who reached the age of 60 at
any time over the considered period. Data spans from January
2014 to October 2021, encompassing records from primary care,
hospitalisations, and emergency services. Each record includes a
unique patient identifier, visit dates, age, primary and secondary
diagnoses, and medical procedures. Additionally, these records
are linked to demographic variables, including gender, birth
date, drug co-payment level (as a proxy for socioeconomic
status), nationality, date of death, and the individual’s assigned
healthcare region.

All records coded in ICD-9 up to 2017 were converted to ICD-
10 to standardise diagnostic information. A patient was classified
as an anaphylaxis case if at least one medical visit was coded with
specific ICD-10-CM codes for anaphylaxis, including T78.0,
T78.2, T80.5, and T88.6.

To enhance comparability between groups, we implemented a
coarsened exact matching (CEM) algorithm to refine the selection
of the control group. This matching method minimises the
imbalance between cases and controls, ensuring more accurate
comparisons. The resulting dataset comprised 8,250 individuals,
of whom 4,051 had experienced at least one anaphylaxis
diagnosis during the study period. This reflects a 1.22%
prevalence rate of anaphylactic episodes in the elderly population.

Model configuration and data preparation

The primary outcome of this study was the first-time diagnosis
of anaphylaxis, framed as a classification task due to its binary
nature. Each patient in the dataset was represented as a single
observation, incorporating demographic attributes such as sex,
socioeconomic  status, co-payment level, nationality, and
healthcare region. Additionally, all diagnoses and medical
procedures unrelated to anaphylaxis were retained to capture the
broader clinical context. Anaphylaxis was recorded using a
dichotomous variable (1 for diagnosis, 0 for no diagnosis).

Following the methodology of Roche, Mora, and Cid (14), we

structured the dataset so that each row contained patient
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identifiers, recorded medical visits (including diagnoses and
procedures), and sociodemographic variables. Two new variables
were generated for everyone: the total number of healthcare
visits and the standard deviation of visit dates. These variables
offer insights into healthcare utilisation patterns.

To refine feature selection, we created dummy variables for
drug consumption using the Anatomical Therapeutic Chemical
(ATC3) classification, which organises substances into chemical,
pharmacological, or therapeutic categories. Age was treated as a
continuous variable to preserve data granularity. We applied
Lasso regression and frequency encoding for diagnosis and
procedure variables to minimise noise and irrelevant data that
could hinder model accuracy.

The dataset initially contained 9,803 dichotomous variables,
covering 6,842 diagnoses, 2,363 medical procedures, 69 ATC3
drug categories, and 522 healthcare providers. We employed a
Chi-square test for feature selection to reduce dimensionality
and enhance performance. This test identified the most
significant predictors by measuring the association between each
feature and the target variable. This process narrowed the
dataset to 200 highly
model performance.

relevant  variables, optimising
All data preprocessing and structuring tasks were performed
using Stata 18.0, while model computations and analysis were

executed with Python 3.9.13.

ML algorithms

After data preprocessing phase, we
implemented four machine learning algorithms to predict first-

completing  the

time anaphylaxis diagnoses: Logistic Regression (LR), Decision
Tree (DT), Random Forest (RF), and Extreme Gradient
Boosting (XGB). The dataset was divided into 80% for training
and 20% for testing to evaluate model performance effectively.
During the data transformation stage, all variables in the
training set were standardised using z-score normalisation,
ensuring that each feature had a mean of zero and a standard
deviation of one. This standardisation was applied to the test set
to maintain consistency and prevent data leakage.

We fine-tuned hyperparameters to optimise each model’s
performance using accuracy as the primary evaluation metric.
This optimisation process involved conducting five-fold cross-
validation within the training set, which systematically split the
data into five subsets to ensure robust performance and prevent
overfitting. Recognising the potential for improved accuracy, we
then implemented a stacked ensemble learning approach. This
method combined the predictive outputs of four distinct base
learners (LR, DT, RF, and XGB), rather than multiple versions
of a single model type. It utilised Logistic Regression as a meta-
learner to aggregate the predictions, following best practices
commonly cited in the literature (11). This ensemble strategy
aimed to leverage the strengths of each model while
compensating for its weaknesses.

We calculated standard classification performance metrics for

model evaluation, including the Area Under the Curve (AUC),
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Accuracy, Precision, Specificity, Sensitivity, and the F1-Score.
These metrics provided a comprehensive understanding of the
model’s predictive capabilities. Additionally, we assessed the
importance of features to identify which variables had the
most significant influence on the stacked model’s predictions.
This was achieved by ranking features according to their
impact, with each model’s contribution weighted by its
coefficient within the final logistic regression meta-model.
This approach ensured a balanced interpretation of how
individual features across different algorithms influenced the
overall model output.

provides the descriptive statistics for the entire
population, the matched sample, and the groups disaggregated
by anaphylaxis diagnosis. Statistically significant differences were
identified for variables typically associated with a higher
prevalence of anaphylaxis, such as age, mortality rate, chronic
). The
matched sample effectively reduced disparities across these

comorbidities, nationality, and drug co-payment levels (

variables, ensuring comparability between the groups. The
average age of individuals diagnosed with anaphylaxis was
marginally lower compared to those without it. At the same
time, the presence of chronic comorbidities, as reflected in the
AMG (Adjusted Morbidity Group) index, was notably higher in
the anaphylaxis group. Although the proportion of females in
the population was similar across groups, no significant gender-
based differences were observed. Differences were observed
across co-payment categories between groups.

further illustrates the age-based prevalence of
anaphylaxis, revealing an apparent increase in prevalence among
older age groups. This trend highlights the greater vulnerability
of elderly individuals, likely due to cumulative health risks and
the impact of comorbid conditions. Regarding nationality, small
but statistically significant variations were detected for certain
groups, including those from South America and Eastern
Europe, which may reflect broader environmental, social, or
genetic factors influencing the likelihood of anaphylactic
Overall, the
importance of considering demographic and clinical variables

episodes. descriptive statistics emphasise the
when analysing the prevalence of anaphylaxis in the elderly
population. This analysis supports the development of predictive
models to identify individuals at high risk and inform public
health strategies.

illustrates the prevalence of anaphylaxis (in %) across
different ages for men (blue line) and women (red line) in the
elderly population. While both genders exhibit some fluctuations
across age groups, no consistent sex-based pattern was
identified. Age showed statistically significant associations with
prevalence, but given the considerable sample size, even minor
absolute differences reached significance. Overall, the prevalence
of anaphylaxis remained low and relatively stable, with modest
increases in older age groups. These findings suggest that while

age-related variations exist, their clinical relevance should be
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TABLE 1 Descriptive statistics of the selected sample.

10.3389/falgy.2025.1655662

Variables (2) No anaphylaxis ) anaphylaxis (4) anaphylaxis
matched (N = 4,199) prevalence
Average age 71.87 70.02 70.01* -
% Passed away 0.17 0.17 0.16* 0.013854
Average AMG 13.02 17.88 18.28* -
% Female 0.54 0.55 0.55 0.015213
Drug copayment levels (%)
Exempted 19.10 20.05 20.26 0.0016136
10% copayment 53.71 54.68 54.27 0.0015371
40% copayment 14.42 14.22 14.29 0.0015071
50% copayment 9.92 8.98 9.02 0.0013846
60% copayment 1.14 1.02 1.08 0.0014411
Mutualists 1.71 1.05 1.08* 0.0009603
Nationality (%)
Spain 95.33 96.59 95.89* 0.015301
Maghreb 0.88 0.64 0.78 0.0013337
South America 0.97 0.55 0.66** 0.0010290
East Europe 0.69 0.64 0.73 0.0016057
Europe 1.13 0.88 0.99 0.0013268
East Asia 0.22 0.19 0.19 0.0013038
South Asia 0.18 0.17 0.19 0.0016158
Central/Western Asia 0.13 0.02 0.02** 0.0002827
Central America/Caribbean 0.21 0.10 0.16 0.0011769
Middle West 0.09 0.05 0.12 0.0020602
North America 0.05 0.02 0.07 0.0019868
South-East Asia & Oceania 0.07 0.14 0.16* 0.0038398
East/Central/South Africa 0.02 0.00 0.02 0.0021459
No identified 0.03 0.00 0.02 0.0011261
Av. std dev. dates visits over 79.49 68.32% 59.62* -
rank period
Av. No of visits over rank 1.002 1.002%* 1.001* -
period

*and ** represent statistical significance at 1% and 5%, respectively.
Columns (2) and (3) were compared statistically.

interpreted with caution when assessing anaphylaxis risk in
elderly populations.

In the final stacked model (Figure 2), most performance
metrics surpassed 74%, except for the Logistic Regression (LR)
model, which consistently underperformed compared to other
algorithms (16). Specifically, the stacked model achieved an
accuracy of 78.6%, with a specificity of 82.3% and a sensitivity
of 74.9%. The Area Under the Curve (AUC) score of 78.6%
reflects a moderate yet robust predictive capacity, aligning well
with the results of other performance indicators. Additionally,
the model’s Fl-score, which balances precision and sensitivity,
reached 80.7%, highlighting its effectiveness in managing the
trade-off between correctly identifying true positives and
minimising false positives.

As illustrated in Figure 2, the stacked model consistently
outperformed individual models, such as Decision Tree (DT),
Random Forest (RF), Extreme Gradient Boosting (XGB), and
(LR), all
particularly in terms of specificity and precision, where it

Logistic Regression across evaluated metrics,
demonstrated superior reliability. These results confirm that the
ensemble approach significantly enhances the model’s predictive

performance, and the metrics obtained from the test set
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reinforce the model’s strong generalisation capability (see
Supplementary Table 1 for the stacked model’s confusion matrix).
We subsequently calculated the contribution of each machine
learning model within the stacked ensemble to evaluate its
influence on the final prediction. The Random Forest (RF)
algorithm made the most significant contribution to the overall
performance of the models. In comparison, the contributions
from Logistic Regression (LR), Decision Tree (DT), and Extreme
Gradient Boosting (XGB) were 14.7%, 10.7%, and 12.3%,
respectively. This distribution highlights the dominant role of
RF in enhancing predictive accuracy within the stacked model.

-

Figure 3 presents the ranking of variable importance, where
higher values (up to a maximum of 100) indicate greater
the this ranking,

importance values are based on the absolute contribution of

influence on model’s predictions. In
each variable to model predictions, meaning they capture the
magnitude of influence irrespective of direction. The analysis
identified four key factors as the most significant predictors of a
first-time diagnosis of anaphylaxis in the elderly. The most
influential variable was the standard deviation of visit dates,
reflecting irregular patterns of healthcare utilisation. This was

followed closely by the total number of healthcare visits, which

frontiersin.org
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FIGURE 1
Anaphylaxis prevalence according to individuals' age. Prevalence of first-time anaphylaxis (%) across age groups, stratified by sex (men, blue line;
women, red line).
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FIGURE 2
Performance metrics (AUC, accuracy, precision, sensitivity, specificity, F1-score) for logistic regression (LR), decision tree (DT), random forest (RF),
extreme gradient boosting (XGB), and the stacked ensemble model. Confidence intervals for the stacked model are provided in the note. The ClI

for the stack figures was AUC (0.77-0.80), Accuracy (0.77-0.80), F1 (0.76-0.79), Precision (0.78-0.83), Sensitivity (0.72-0.77), and Specificity
(0.80-0.85).
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Relativized std dev of visits' dates
Relativized No of visits
Insufficient social insurance-Z597
Presence artificial knee joint-Z96659
Intestinal bypass & anastomosis-Z980
Sequelae nutritional deficiency-E649
Alkalosis-E873
Unspecified intestinal obstruction-K5660
Other problems related to lifestyle-Z7289
Individual's age
Alcohol abuse with intoxication-F10129
Examination without abnormal findings-Z0000
Basal cell carcinoma skin other part trunk-C44519
Examination without reported diagnosis-Z01
Traumatic hemorrhage of left cerebrum no loss consciousness-S06350A
Tobacco use-Z720
Igualada Hospital-UP916
Sarcoidosis of other sites-D8689
Allergy, unspecified, subsequent encounter-T7840XD
Female 53
Examination with abnormal findings-Z0001 4.5
Non-smoker 3.7
TSI1 Non-contributory pensions and beneficiaries 3.6
TSI2 Income <18k€ per year 3.5
Epigastric pain-R1013 3.4
Asymptomatic varicose veins left lower extremity-18392 15
Long term (current) use of insulin-Z794 1.2
Morbid (severe) obesity due to excess calories-E6601 1.2

98.4
96.8
65.8
62.2
60.4
54.5
52.3
47.6
445
43.3
40.9
36.3
33.8
31.2
27.5
24.4
235
23.4
226

FIGURE 3

codes, and socioeconomic indicators

Variable importance rank for the stacked model. Variable importance ranking for the stacked model. Higher scores (0-100) indicate a greater
absolute influence on model predictions, regardless of the directionality. The top predictors include healthcare utilisation patterns, diagnostic

T
20 40 60 80 100

that medical consultations

underlying health issues related to anaphylaxis risk. Whether a

suggests frequent may signal
greater or smaller value of a given predictor increases risk is

determined by the directionality of model coefficients or SHAP

distributions ( ), rather than by
itself.
Additionally, specific diagnoses, such as nutritional

deficiencies (E649) and intestinal bypass procedures (Z690),
emerged as critical predictors, highlighting possible health
complications that could predispose individuals to severe allergic
reactions. Another crucial factor was socioeconomic status,
approximated through drug co-payment levels, which may
indicate disparities in healthcare access and preventive care.
Lastly, specific medical procedures, including the presence of
artificial knee joints (Z9659), were also associated with a higher
likelihood of anaphylaxis, potentially due to post-surgical
complications or heightened sensitivity to medications.

These findings highlight the combined impact of healthcare
utilisation  patterns, underlying health conditions, and
socioeconomic factors on predicting anaphylaxis risk. The
stacked model effectively integrates these diverse predictors,
improving its ability to identify high-risk individuals and
supporting proactive healthcare interventions.

The SHAP (Shapley Additive explanations) summary plot
illustrates the most influential features impacting the model’s
prediction  of  first-time (see

anaphylaxis  diagnoses

). Variable importance was derived

Frontiers in 06

from the absolute mean SHAP values, reflecting overall
influence irrespective of direction. Each point represents an
individual data instance, with colour intensity reflecting feature
values (blue for low and red for high values) and the x-axis
showing the direction and magnitude of each feature’s impact
on the prediction. The most impactful predictor was the
Relativised Number of Visits, where more healthcare visits
strongly increased the likelihood of an anaphylaxis diagnosis.
Similarly, the Relativised Standard Deviation of Visits’ Dates was
highly significant, suggesting that irregular healthcare visit
patterns may be linked to increased risk.

Another critical predictor was the Examination without
Abnormal Findings (Z0000) diagnosis, indicating that frequent
check-ups without reported issues might still precede severe
allergic events. Individuals’ age also contributed significantly,
with older individuals being more susceptible to anaphylaxis.
Socioeconomic status, as captured by TSI1 Non-contributory
Pensions and Beneficiaries and TSI2 Income <€18,000 per Year,
showed that lower-income groups face higher risks, potentially
due to disparities in access to preventive healthcare. Additional
variables like Alcohol Abuse with Intoxication (F10129), Non-
smoker status, and Tobacco Use (Z720) were also influential,
although with a differential influence. Diagnoses such as Morbid
(Severe) Obesity due to Excess Calories (E6601) and Epigastric
Pain (R1013), as well as Allergy, unspecified, subsequent
encounter (T7840XD), further contributed to the prediction,
highlighting the role of underlying health conditions. While
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neither alcohol nor tobacco is a primary trigger of anaphylaxis,
their presence may indirectly influence the severity and
complexity of clinical presentations. In particular, cardiovascular
comorbidities—frequently exacerbated by tobacco use—can
heighten the risk of severe anaphylactic reactions in elderly
individuals. Similarly, alcohol consumption may alter immune
responses or interact with medications, potentially complicating
management (17). These findings suggest that lifestyle factors,
although not direct causes, should be considered in risk
stratification and patient in older

counselling, especially

populations with multiple comorbidities.

A stacked machine learning model combining four predictive
algorithms—Logistic Regression (LR), Decision Tree (DT), Random
Forest (RF), and Extreme Gradient Boosting (XGB)—was developed
to predict short-term, first-time diagnoses of anaphylaxis in the
elderly. This model leveraged a comprehensive population-based
administrative dataset from Catalonia, which included detailed
information on demographics, socioeconomic status, medical
diagnoses, prescribed medications, and medical procedures. By
stacked model
demonstrated superior performance compared to individual models,
with the Random Forest (RF) algorithm making the most significant

integrating these diverse data sources, the

contribution to the final predictive outcome. The model achieved a
promising AUC of 0.79, indicating a strong capacity to detect first-
time anaphylaxis cases in the general population. These findings
underscore the potential of explainable machine learning models to
not only predict anaphylaxis risk but also to support clinical
decision-making and  optimise  resource allocation in
healthcare systems.

These findings also resonate with prior evidence highlighting
clinical inertia in emergency care. Anaphylaxis is frequently
). Early

identification through predictive models could improve recognition

underdiagnosed and, therefore, also undertreated (3,

and reduce delays in epinephrine administration, ultimately
improving outcomes, especially in elderly patients who are more
likely to experience atypical symptoms (3, 4, 18). Presentations may
mimic cardiovascular, respiratory, or gastrointestinal disorders,
leading to diagnostic uncertainty and treatment delays. This is
especially problematic in elderly patients, who are more likely to
have comorbidities that obscure the clinical picture (3). Our findings
underscore the importance of age-adapted clinical protocols and
training to enhance the recognition of anaphylaxis in older adults.
Our model, which incorporates healthcare utilisation patterns,
comorbidity profiles, and socioeconomic indicators, offers a valuable
tool to support early identification. By flagging individuals with
irregular visit patterns, frequent consultations, or specific diagnostic
histories, the model can prompt clinicians to consider anaphylaxis
as a differential diagnosis even in ambiguous cases.

The model also highlights the importance of socioeconomic
context. The association with drug co-payment levels suggests
that socioeconomic inequalities may influence patterns of
healthcare utilisation and diagnosis in anaphylaxis. As TSI
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categories are defined by income and pension status, they
provide a proxy for socioeconomic position in the Catalan
population. This finding should be interpreted cautiously, as co-
payment is an indirect measure rather than a direct determinant
of anaphylaxis risk. Drug co-payment levels, used as a proxy for
income, were among the most influential predictors. While
lower co-payment levels in Spain are associated with lower
income, they may also reflect differences in health literacy or
familiarity with navigating the healthcare system. These
disparities could affect both exposure to allergens and access to
timely care, reinforcing the need to integrate social determinants
into clinical risk assessment.

Recent clinical perspectives have highlighted the urgent need
to refine diagnostic techniques to improve early identification
and reduce morbidity (19). ML models trained on historical
patterns of utilisation and comorbidity profiles, such as the one
presented in this study, could complement clinical judgement by
flagging high-risk individuals based on historical data and
prompt earlier suspicion in ambiguous cases (20). This approach
could be particularly valuable in emergency departments, where
time and information are limited. However, given the relatively
low prevalence of anaphylaxis, immediate clinical application in
such settings remains limited, and translation into practice
should be regarded as a future goal. Further prospective studies
and clinical validation are warranted to translate these models
into real-world clinical tools, ensuring integration with
electronic health records and acceptance by healthcare providers.
It is worth noting that many of the top-ranked predictors
identified, such as demographic or administrative indicators, are
not directly modifiable at the clinical level. Others, such as
healthcare utilisation patterns, may serve as proxies for broader
than

include

status rather actionable
did not

perioperative exposures (e.g., antibiotic or analgesic use in

underlying health targets.

Moreover, the dataset information on
patients with joint prostheses or intestinal anastomoses) or
concomitant treatments, such as beta-blockers, which may also
influence the risk of anaphylaxis. These limitations underscore
that the variables highlighted by the model should be
interpreted as markers of risk rather than causal factors.

Despite these positive results, several limitations must be
acknowledged. First, the dataset exclusively covered individuals
utilising public healthcare services in Catalonia, excluding those
who rely solely on private healthcare providers. This limitation
may restrict the model’s generalisability, as healthcare access and
Second, the
identification of anaphylaxis relied on direct diagnostic coding,

utilisation patterns could differ across sectors.

which is known to underestimate true incidence in administrative
datasets and may have led to conservative prevalence estimates.
Third, the dataset lacked access to clinical biomarkers and
environmental exposure data, which are known to influence
allergic reactions and could enhance predictive accuracy. Fourth,
while anaphylaxis events could be identified, information on their
specific causes or triggers (e.g., food, drug, or venom) was not
consistently available, preventing stratified analyses by aetiology.
Fifth, the study period spanned the transition between ICD coding
versions, and although diagnostic categories were harmonised for
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analysis, residual inconsistencies cannot be entirely excluded.
Additionally, ICD-9 coding is less granular than ICD-10 for the
Although  ICD-9
harmonised to ICD-10 before analysis, this may have limited case

diagnosis of anaphylaxis. records were
ascertainment in the earlier study period (21). Sixth, the
retrospective design may introduce biases related to evolving
healthcare practices or changes in diagnostic coding.

In terms of clinical translation, our model should currently be
regarded as an exploratory predictive framework rather than a
deployable tool. Nonetheless, there are clear potential pathways for
integration into practice. One option is embedding the model into
electronic health records as a decision-support alert, flagging
patients at higher risk to prompt clinician review. Alternatively, it
could inform screening protocols in primary care, guiding referrals
to allergy specialists or targeted preventive counselling.
Importantly, some of the strongest predictors, such as healthcare
utilisation and socioeconomic indicators, are indirect proxies that
may reflect healthcare-seeking behaviour rather than underlying
biological risk. This introduces potential bias, as frequent attenders
may appear to be at higher risk independently of their true allergy
propensity. Predictions should therefore be interpreted cautiously
and always in conjunction with clinical judgement. Finally,
although the dataset included drug consumption at the ATC3
category level, it lacked detail on specific prescription classes (e.g.,
beta-blockers, ACE inhibitors), as well as laboratory parameters,
biomarkers, and measures of allergen exposure. The absence of
these mechanistic variables constrains precision. Future iterations
should therefore integrate richer clinical and biochemical datasets
to enhance both accuracy and generalisability of risk estimation.

In conclusion, this study proves that machine learning models,
particularly stacked ensemble methods, can effectively predict first-
time anaphylaxis diagnoses using large-scale administrative
healthcare data. To our knowledge, this is the first study to apply
machine learning techniques for the early detection of anaphylaxis
by analysing patients’ historical diagnoses and medical procedures
from administrative records. Beyond predictive accuracy, the
model offers clinical value by supporting early identification,
guiding targeted interventions, and informing resource allocation,
and ultimately reducing morbidity and mortality associated with
anaphylaxis in ageing populations. Future research should focus on
incorporating data from private healthcare systems and integrating
clinical biomarkers to improve prediction models further and

support timely interventions for high-risk individuals.
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