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Al-powered surveillance of bronchiolitis in the
Nirsevimab era: comparative performance

of machine learning, deep learning, and large
language models on free-text ED records
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Abstract

Background Bronchiolitis remains a frequent reason for hospitalization in infants during the winter season.
Epidemiologic surveillance remains crucial in the era of widespread immunoprophylaxis for the leading viral agent
causing bronchiolitis. We investigated the performance of classical machine learning (ML) models, Deep Learning
(DL), and a pre-trained large language model (LLM) in classifying bronchiolitis diagnosis from the free-text-diagnosis
field of the emergency department electronic health records (EHRs). As a secondary aim, we evaluated the diagnostic
accuracy of the actual official administrative ICD-9 encoding for Bronchiolitis diagnosis.

Methods 28,557 records of infants < 1 year with complete discharge diagnoses fields were retrieved between

the years 2007-2018 and manually classified by an expert pediatrician to create the gold standard diagnosis set

for training the algorithm. After data pre-processing, classical ML models (Random Forest, Decision Tree, Gradient
Boosting Machine, Linear Discriminant Analysis, Support Vector Machine), a Deep Learning (DL) tool, and a pre-trained
LLM (GPT-5) were evaluated using balanced accuracy, sensitivity, and F1 scores. The official administrative ICD-9
encoding classification accuracy was compared to the gold standard.

Results Overall, 1,903 of 28,557 records (6.7%) were classified as bronchiolitis by the gold standard approach. The

DL model and GPT-5 outperformed traditional ML models, achieving higher sensitivities (0.97, 95%C| 0.96-1.00, and
0.98, 95% Cl 0.98-0.99, respectively), F1 scores (0.96, 95% Cl 0.95-0.99, and 0.99, 95% Cl 0.98-0.99, respectively), and
balanced accuracy (0.98, 95%CI 0.98-1.00, and 0.99, 95% Cl 0.99-0.99, respectively). Traditional ML models showed
sensitivities between 0.77 and 0.98, F1 scores between 0.86 and 0.96, and balanced accuracies between 0.88 and 0.96.
ICD-9 codes showed sensitivity of 85.9% (95% Cl 84.27-87.45), and specificity of 98.5% (95% Cl 98.36-98.65).

Conclusion To our knowledge, this is the first study directly comparing an LLM, deep learning, and multiple classical
ML models for bronchiolitis surveillance in the post-Nirsevimab era. DL and GPT-5 outperformed traditional ML-based
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tools in identifying bronchiolitis diagnoses and ICD-9 diagnosis coding. Al-based tools hold significant potential for
improving epidemiologic surveillance of bronchiolitis from emergency department EHRs.

Clinical trial number Not applicable.

Keywords Bronchiolitis, Pediatric Emergency Department, Electronic Health Records, Free-text Diagnosis,
Epidemiologic Surveillance, Machine Learning, Deep Learning, Large Language Models, Artificial Intelligence, ICD-9

Coding, Respiratory Syncytial Virus, Nirsevimab

Introduction

Respiratory Syncytial Virus (RSV) is the leading cause of
bronchiolitis, a lower respiratory tract infection that can
be severe, especially in infants younger than 12 months
of age. Bronchiolitis is responsible for high yearly hos-
pitalization rates worldwide [1-3]. A recent systematic
review has shown that, in industrialized countries, hos-
pital admissions for RSV-associated bronchiolitis are
approximately 298,000 (227 000—391 000) per year [4].

A prospective population-based study found that RSV-
associated hospitalizations among children under 24
months of age account for 26% of hospitalized pediatric
patients with acute respiratory infections [5].

In the past years substantial progress has been made
in the development of effective long-lasting pharma-
cologic prevention strategies for RSV-associated infec-
tions [6, 7]. Until recently, prophylaxis could only count
on monthly intramuscular injections of the Palivizumab
monoclonal antibody, for use in high-risk infants only
[8-10]. The implementation of Nirsevimab, a longer-last-
ing monoclonal antibody providing a passive immuniza-
tion coverage after a single intramuscular administration,
is expected to change the landscape of RSV-associated
infections in the near future [11, 12]. It is recommended
during the first RSV season for all newborns or infants
younger than eight months and children aged eight to
nineteen months at increased risk for severe RSV [13].

This prophylaxis, which has been approved in the US
and Europe, has been shown to be highly effective in
reducing RSV-associated infections in phase three tri-
als, and has been introduced in several industrialized
countries, leading to an estimated 80% reduction in hos-
pitalizations [14—16]. Recent clinical study results have
confirmed that Nirsevimab immunoprophylaxis reduced
by approximately 80% RSV hospitalized and medically
attended lower respiratory tract infections [17-19].

In this changing landscape, automatic and accurate
surveillance strategies for bronchiolitis-related Emer-
gency Department (ED) visits, which reflect a substan-
tial healthcare burden of RSV-related infections, is
going to be particularly valuable in strictly monitoring
this evolving panorama [9]. Although the ED electronic
health records (EHR) provide a precious monitoring
source [20]. accomplishing this goal is hindered by fre-
quently inaccurate diagnosis coding, which results from

the time pressure typical of pediatric emergency settings
and the highly variable styles used in free-text diagnosis
reporting.

Recently, machine learning (ML), deep learning (DL)
and large language models (LLMs) have demonstrated
substantial potential in accurately classifying clinical
notes [21] and diagnoses from unstructured free-text
fields in electronic health records. These models offer a
promising solution to overcome limitations in traditional
coding approaches within pediatric emergency settings
[22, 23].

We aimed to compare Al-based methods for auto-
mated classification of bronchiolitis diagnoses from pedi-
atric ED free-text records and to evaluate the accuracy
of ICD-9 coding, to inform real-time surveillance in the
context of widespread RSV immunoprophylaxis.

The second objective is to evaluate the actual diag-
nostic accuracy of the “Bronchiolitis” diagnosis encoded
using the ninth revision of the International Classifica-
tion of Diseases (ICD-9) compared with the description
of the free-text diagnosis. We hypothesize that ED EHR
ICD-9 coding information, based on coding attribution
by ED physicians upon discharge, could be less accurate
than administrative coding. This is because the primary
focus is on clinical conditions rather than diagnosis cod-
ing due to working under time pressure.
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Methods

Data selection

This retrospective study was conducted at the Padova
University Hospital with a pediatric ED accounting for
approximately 25,000 visits per year. Overall, between
the years 2007 and 2018 an amount of 221,175 EHRs with
completed discharge diagnoses field were elected.

Of these, 28,557 records of infants under one year of
age with complete diagnosis data fields were selected
(Fig. 1). Data extracted did not include patient-identi-
fiable information. Available data only included patient
age (in categories), sex, triage urgency code (emergency,
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Fig. 1 Study flow chart. PED selection, Gold Standard identification, and a manual bronchiolitis classification procedure. The bronchiolitis classification
task was performed with different classical Machine learning models, Deep learning, and pre-trained large language models (LLMs) on the Gold Standard
cases. EHR: Electronic Health Records; PED: Pediatric Emergency Department; CMLTs: Classic Machine Learning Tools; DL: Deep Learning; LLM: Large Lan-
guage Models. *An expert pediatric emergency physician performed classifications

urgent, semi-urgent, non-urgent) at presentation, season
of presentation (spring, summer, autumn, winter) free-
text diagnoses and corresponding ICD-9 codes and visit
outcome in terms of discharge versus hospital admis-
sion. For bronchiolitis classification based on adminis-
trative ICD-9 discharge codes, the following codes were
included: 4661 (Acute Bronchiolitis), 46,611 (Acute RSV
Bronchiolitis), 466 (Acute Bronchitis and Bronchiolitis)
and 46,619 (Acute Bronchiolitis from other infectious
agents). The study was conducted according to the guide-
lines of the Declaration of Helsinki and approved by the
Ethics Committee of Azienda Ospedale-Universita of
Padova (Hospital Ethics Committee; 0022925) on April 8,
2021.

Data description

Continuous data are reported as medians (first and third
quartiles); categorical data are reported as percentages
and absolute frequencies. Wilcoxon-type tests were per-
formed for continuous variables; Pearson chi-square test
or Fisher exact test, as appropriate, were performed for
categorical variables.

Gold standard development

An expert pediatric emergency physician manually clas-
sified the free-text diagnosis data fields from the selected
ED EHRs to identify diagnosis of “Bronchiolitis” To
develop a gold standard for bronchiolitis from the free-
text field, we conducted a two-round process. In the first
round, we sampled all rows containing the term “bronch”
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in the free-text field. These samples were carefully
reviewed and classified as bronchiolitis “yes” or “no” by
an expert pediatrician. In the second round, we selected
5,000 additional rows, which were also reviewed and clas-
sified as bronchiolitis “yes” or “no” by the same expert.
Both the stages of bronchiolitis classification were super-
vised by senior expert from PED. Prior to developing
the gold standard, the dataset was restricted to children
under one year of age. While the diagnosis of bronchi-
olitis is predominantly based on clinical basis, there is
variability in these criteria across different regions. Given
the lack of consensus regarding age thresholds (e.g., <1
year vs. <2 years), we have followed the age definitions
outlined in the national clinical practice guidelines for
bronchiolitis.

The manual classification was reviewed and verified by
a supervising expert. The manually classified bronchiol-
itis diagnosis from the free-text diagnosis data field was
used as the gold standard (Fig. 1).

Al-based free-text classification

Classical machine learning techniques and deep learning

To develop machine learning-based classification tools
for bronchiolitis, we first created a training set using the
manually classified gold standard described above. The
text data underwent pre-processing before training both
classical machine learning models and a deep learning
(DL) model.

Our study explored multiple classical machine learn-
ing techniques (CMLTs) [24] including random for-
est (RF), decision tree (DT), gradient boosting method
(GBM), linear discriminant analysis (LDA), and support
vector machine (SVM). Additionally, we implemented a
convolutional neural network (CNN)-based deep learn-
ing model [25] leveraging a sequential CNN architecture
combined with trainable word embeddings.

The proposed classification model utilizes sequential
1D CNN begins with a trainable embedding layer that
maps input tokens into dense vectors. Feature extrac-
tion is performed using a 1D convolutional layer config-
ured with 64 filters and a kernel size of 3 to capture local
trigram-level dependencies. To ensure training stabil-
ity and mitigate overfitting, the convolutional output is
processed through Batch Normalization, followed by a
Dropout layer with a rate of 0.5. A global max pooling
operation is then applied to down-sample the representa-
tion, retaining only the most salient features. A second-
ary dropout layer (rate of 0.3) is applied to the hidden
layer to further regularize the network. The final output
layer consists of two neurons utilizing sigmoid activation
to generate class probabilities. The model is compiled
using the adamax optimizer and trained to minimize cat-
egorical cross-entropy loss, with performance evaluated
via accuracy, precision, and recall metrics.
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Data pre-processing ML tools and DL require pre-
processing the free-text diagnosis field. Data were pre-
processed by turning free-text into lowercase, removing
punctuations, white spaces, and numbers, and keeping
only word stems. To reduce noise, standard Italian stop-
words were filtered out and porter stemming algorithm to
reduce inflected words to their root forms. After clean-
ing the text corpus, the free-text data were vectorised into
a document-term matrix (DTM) using term frequency-
inverse document frequency (TF-IDF) weighting to
emphasize discriminative terms. Finally, to mitigate the
curse of dimensionality and sparsity, terms appearing in
less than 1% of the documents were pruned from the fea-
ture space., and for DL model text data, went through the
tokenization process. Several classical ML algorithms and
DL models were trained to classify bronchiolitis diagno-
sis.

Machine learning computations were performed using
R 4.4.0 (R Foundation for Statistical Computing), while
deep learning computations were conducted in Python
3.10.13 using the TensorFlow 2.17.0 framework.

LLM model

The pre-trained large language model (LLM)-GPT-5 was
also considered for the classification of free-text diagno-
ses. The LLM tool was directly used on the gold standard
dataset without pre-processing.

A subscription-based version was used for ChatGPT
(GPT-5). The database with the free text diagnostic
field was uploaded in the system on 18/Aug/2025; sub-
sequently, GPT-5 was asked to classify each record as
either bronchiolitis or not, using the following prompt:
“Please read column A (diagnosi’) of the Excel sheet and
classify whether each entry indicates bronchiolitis. Report
the classification results for each record in column B’ The
Excel sheet uploaded contained exclusively only a free-
text field column and was fully anonymized, with no
additional patient information attached.

Performance evaluation

The performance of CMLTs, DL models, and GPT-5 was
assessed using sensitivity, F1-score, and balanced accu-
racy, comparing results to a gold-standard dataset. This
dataset, also used for training ML models, was suffi-
ciently large for bronchiolitis classification.

Due to severe class imbalance (minority class<8%),
balanced accuracy was used to prevent performance bias
toward the majority class. Sensitivity measured the ability
to detect positive cases, crucial in clinical settings, while
the Fl-score balanced precision and recall, assessing
overall relevance.

To optimize the possibility that the models could gen-
eralize well to new cases and not just memorize the train-
ing data, a problem known as overfitting, we tested the
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classical machine learning models using five repeated
4-fold cross-validation [26]. This technique repeatedly
trains and tests the models on different subsets of the
data to check for consistent performance. The DL model
was trained over 50 epochs, a cycle through the entire
dataset, to optimize learning and then evaluated on a
separate validation set. For GPT-5, we directly compared
its predictions to the expert-reviewed gold-standard
diagnoses. We used the same performance metrics for all
models to ensure a fair and consistent comparison.

ICD-9 administrative-based classification

To evaluate the accuracy of ICD-9 codes for bronchiol-
itis compared with free text-diagnosis, we constructed a
contingency table analysing the diagnosis of Bronchiol-
itis and the codes attribution. We calculated sensitivity
as the rate of True Positives (TP) among all bronchiolitis
patients, and specificity as the proportion of True Nega-
tives (TN) among all bronchiolitis patients. Additionally,
we evaluated the positive predictive value (PPV) of the
codes by determining the rate of TP among all patients
assigned the ICD-9 codes 4661, 46,611, 466, and 46,619,
as well as the negative predictive value (NPV), defined
as the rate of TN among patients who were not assigned
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these codes. 95% confidence intervals (CI) were also cal-
culated for accuracy measures.

Results

The manual classification of bronchiolitis discharge
diagnosis was performed on the gold standard dataset
(N=28,557), as shown in Table 1.

The 93.2% of overall patients with bronchiolitis were
infants with a significant distribution of cases in the first
trimester of life (52.9%) and a male gender predominance
(61.8%).

Bronchiolitis cases were mostly triaged with urgent
(41.9%) and semi-urgent (49.1%) codes; 31.6% of overall
cases of bronchiolitis were hospitalized.

The performance of the CMLTSs was evaluated for clas-
sifying bronchiolitis from raw text data. Each model’s
effectiveness was assessed based on three metrics: sensi-
tivity, F1 score, and balanced accuracy, as shown in Fig. 2.

The results indicate that all models perform reason-
ably well, with sensitivity values ranging between 0.77 [CI
95% 0.75-0.79] and 0.93 [CI 95% 0.92—0.94], suggesting
that most models are reliable in identifying bronchiolitis
cases. F1 scores, which range from 0.86 [CI 95% 0.85—
0.88] to 0.96 [CI 95% 0.95-0.99], show that these models

Table 1 Patient characteristics (< 1 year) in pediatric emergency and gold standard data

Gold standard dataset

Population characteristics All patients Bronchiolitis- No Bronchiolitis- Yes p-value
N=28 557 N=26 654 N=1903

Age class: <0.001

1to 28 days 2927 (10.2%) 2797 (10.5%) 130 (6.83%)

29 days to 1 year 25,630 (89.8%) 23,857 (89.5%) 1773 (93.2%)

Age (3 months category): <0.001

0-3 10,063 (35.2%) 9056 (34.0%) 1007 (52.9%)

3-6 6057 (21.2%) 5538 (20.8%) 519 (27.3%)

6-12 12,437 (43.6%) 12,060 (45.2%) 377 (19.8%)

Sex: <0.001

Female 12,721 (44.5%) 11,995 (45.0%) 726 (38.2%)

Male 15,836(55.5%) 14,659 (55.0%) 1177 (61.8%)

Season: <0.001

Autumn 6720 (23.5%) 6466 (24.3%) 254 (13.3%)

Spring 7117 (24.9%) 6736 (25.3%) 381 (20.0%)

Summer 6221 (21.8%) 6165 (23.1%) 56 (2.94%)

Winter 8499 (29.8%) 7287 (27.3%) 1212 (63.7%)

Triage code: <0.001

Non-urgent 6063 (21.3%) 5954 (22.3%) 109 (5.7%)

Semi-urgent 15,723 (55.1%) 14,789 (55.5%) 934 (49.1%)

Urgent 6532 (22.9%) 5735 (21.5%) 797 (41.9%)

Emergent 231 (0.81%) 168 (0.63%) 63 (3.31%)

Outcome: <0.001

Discharge 25,393 (88.9%) 24,099 (90.4%) 1294 (68.0%)

Hospitalization 2911 (10.2%) 2309 (8.66%) 602 (31.6%)

Others* 253 (0.89%) 246 (0.92%) 7 (0.37%)

* The “"Others” category could include any of the following: ‘Left against medical advice’, ‘Death’, ‘Left without being seen, ‘Left before returning from specialist

consultation’, ‘Refused admission’, ‘Transfer’
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Fig. 2 Performance evaluation of Al based tools. From Left: Selected metrics for performance evaluation. (A) Sensitivity, (B) F-1 score and (C) Balanced
Accuracy of classical machine learning models, Deep learning and Large Language Model with 95% Confidence Interval. DT = Decision Tree; RF =Random
Forest; LDA = Linear Discriminant Analysis; SVM = Support Vector Machine; GBM = Gradient Boosting Machine; DL =Deep Learning; LLM =Large Language

Model

Table 2 Accuracy of ICD-9 bronchiolitis diagnosis compared to gold standard

Gold Standard Dataset

ICD-09 Code Bronchiolitis No Bronchiolitis Total

Bronchiolitis 1635 397 2032 PPV=80.5% (78.67%-82.17%)
No Bronchiolitis 268 26,257 26,525 NPV =99.0% (98.86%- 99.12%)
Total 1903 26,654 28,557

Sensitivity =85.9% (84.27%-87.45%)

Specificity = 98.5% (98.36%-98.65%)

*ICD-9 codes (466, 4661, 46611, 46619) clubbed as ICD-09 classified Bronchiolitis; PPV- Positive Predictive Value; NPV- Negative Predictive Value

maintain strong precision-recall balance, avoiding both
false positives and false negatives effectively. Balanced
accuracy values, between 0.88 [CI 95% 0.87-0.89] and
0.96 [CI 95% 0.95-0.97], suggest that the classifiers gen-
erally handle the binary classification task with high reli-
ability across classes despite the presence of a significant
amount of imbalance.

The GBM and SVM models achieved the highest
scores across all three metrics, indicating their suitabil-
ity for this classification task. RF and LDA models also
performed well, showcasing their robustness for similar
classification tasks. Although DT achieved slightly lower
sensitivity and balanced accuracy metrics, it still provides
an interpretable and straightforward solution that may
be valuable in specific contexts. These results reflect that
advanced models like GBM and SVM are highly effective
for text classification tasks.

The DL model and GPT-5 demonstrated superior
performance compared to traditional machine learn-
ing approaches, achieving a sensitivity of 0.97 [CI 95%
0.96-1.00], 0.98 [CI 95% 0.98-0.99], an Fl-score of 0.96
[CI 95% 0.95—0.99], 0.99 [CI 95% 0.98—0.99], and a bal-
anced accuracy of 0.98 [CI 95% 0.98-1.00], 0.99 [CI 95%

0.99-0.99] respectively (Fig. 2). DL and GPT-5 offer sub-
stantial performance improvements, making them highly
reliable models for diagnosing bronchiolitis.

The evaluation of ICD-9 diagnosis accuracy in Table 2
demonstrates a sensitivity of 85.9% [(1 635/1 903), CI
95% 84.27-87.45)], specificity of 98.5% [(26 257/26 654),
CI 95% 98.5 (98.36-98.65)]; PPV is 80.5% (1 635/2 032)
[CI 95% 80.5 (78.67—82.17)]and NPV is 99% (26 257/26
525) [CI 95% 99.0 (98.86-99.12)].

Discussion

This study is, to our knowledge, the first to directly com-
pare a large language model, deep learning, and multiple
classical machine learning approaches for bronchiolitis
surveillance in the context of widespread Nirsevimab use.
Our study found that the LLM and DL models tested for
classifying bronchiolitis free-text discharge diagnoses
were more accurate than the classical machine learning
techniques used (RF, GBM, LDA, SVM). The GPT-5 LLM
could thus represent a practical and easily implementable
tool for verifying the future epidemiological surveillance
of bronchiolitis that may be significantly impacted by
effective large-scale prophylaxis interventions, such as
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Nirsevimab. In addition, we showed that the agreement
between free text diagnosis classification and administra-
tive ICD-9-based encoding was not optimal, with ICD-9
coding performing more poorly. Consequently, the best
approach to enhance epidemiological surveillance of
bronchiolitis from real-world ED data appears to be
using LLM applied to the free-text diagnosis fields within
the electronic medical records, rather than using ICD-9
coding.

The use of ML models to enhance exploitation of
unstructured free-text data for proper diagnosis classifi-
cation has been previously investigated in the adult and
pediatric ED setting. Within this context, ML models
have shown good accuracy in processing unstructured
text data, such as free text data fields within the electronic
medical records, and their use was found to be feasible
and practicable [21, 22, 24, 27, 28]. The ability of classify-
ing free-text diagnosis through ML-based tools is useful
especially in the ED setting where the diagnosis categori-
zation through ICD-9 coding may not be accurate.

Recent literature has assessed the performance of
open-source LLM in various information extraction tasks
in the emergency medicine field without proceeding with
further algorithm training [29-31]. Several studies have
consistently found a very high performance of the LLM
models assessed.

Similarly, in our study, we found that although the
tested CMLTs (RF, GBM, LDA, SVM), DL, and LLM,
such as GPT-5, were highly accurate in recognizing bron-
chiolitis diagnoses in pediatric ED electronic medical
records, DL and LLM showed a higher sensitivity and
balanced accuracy.

The descriptive analysis of the gold standard definition
within the study dataset has revealed that our results are
in linealign with recent national and international epi-
demiological data preceding the wide implementation
of Nirsevimab prophylaxis. Specifically, the distribution
of patient sex, age group, seasonality of bronchiolitis
outbreak and bronchiolitis hospitalization rate [32, 33]
mirrors trends observed in these broader datasets. The
observed concordance in epidemiological features
strengthens confidence in the validity of the applied
models. Moreover, because the analysis relied exclusively
on free-text data, the generalizability of the model should
be maintained despite the despite seasonal fluctuations
and shifts in disease incidence that occurred during and
after the COVID-19 pandemic.

However, the accuracy of ICD-9 coding showed a sub-
optimal sensitivity in identifying bronchiolitis cases based
on the gold standard classification defined by an expert
paediatrician using the free-text diagnosis data field. If
we consider the total amount of bronchiolitis diagnoses
as defined by the gold-standard, just 85.9% had a proper
ICD-9 Bronchiolitis codification (4661,46611,466, 46619)
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with a precision rate of 80.4%. An imprecise ICD-9 diag-
nosis classification can undermine the analysis of real-
world data for surveillance purposes and the subsequent
healthcare resource planning [34]. Our results are com-
parable with previous studies that have focused on ED
data [35] and reflect the difficulties of providing accurate
and consistent ICD-9 coding of diagnostic information
for monitoring purposes in the ED setting.

Indeed, the overcrowded environment, the limited
available time for diagnosing and managing patients,
and the stress among medical staff may affect the proper
ICD-9 coding attribution at discharge from the pediatric
EDs, when this information must be provided before the
ED discharge letter can be printed out for patients and
their families.

Imprecisions on administrative data also concern stud-
ies referring to hospitalized patients. A recent cross-sec-
tional study has demonstrated a low-quality recognition
of infectious agents leading to pneumonia because of the
low sensitivity of the diagnosis codes used, which may
limit specific pneumonia prevalence estimation derived
from administrative data [36]. With this respect, ED data
have intrinsic limitations with regard to identification
of the etiologic infectious agents in those settings where
point of care viral testing is not available. RSV detection
by traditional nasal swabs often requires a prolonged
reporting time, and results may not be available during
discharge/hospital admission from the ED. Therefore,
encoded ICD-9 diagnosis of Acute RSV Bronchiolitis
(46611) has been generally low in number in our dataset,
as well as in other studies conducted in the ED setting
[37].

The suboptimal agreement between ICD-9 and free-
text diagnosis supports the need to rely on free-text diag-
nosis data fields combined with Al-based tools to ensure
optimal accuracy in epidemiological surveillance. This
study underscores the feasibility and value of leveraging
advanced Al tools, particularly deep learning and LLM,
for real-time, high-accuracy classification of pediatric
ED diagnoses from free-text records. This offers a scal-
able solution to enhance disease surveillance and inform
timely public health responses in the evolving landscape
of RSV prophylaxis.

The results of our study should be interpreted con-
sidering its limitations. We utilized a database based on
ICD-9 discharge diagnosis codes. Although the ICD-
10 classification system adopted by many international
healthcare institutions and offering enhanced granularity
could have potentially facilitated comparison of the auto-
mated surveillance performance across a broader coding
framework, the requirement for coding in emergency
settings remains a challenge common to both ICD-9 and
ICD-10. Nevertheless, the ICD-9 system continues to be
in widespread national use and remains an appropriate
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and relevant tool for the objectives of our study. More-
over, our data extraction has occurred in a confined text
field that is the discharge diagnosis; we have assumed all
the diagnosis of bronchiolitis formulated by clinician are
appropriate, not analyzing additional clinical informa-
tion (medical history, physical examination) contained
within the EHR which might have been helpful for a rig-
orous disease definition. However, using these additional
data fields opened privacy-related challenges in terms
of potential re-identification of patients, which was not
possible for this study. Lastly, although generative AI
demonstrated to be a promising approach to clinical sur-
veillance, its integration is hindered by several obstacles,
including challenges in interpreting model reasoning,
which may undermine scientific reproducibility.

Conclusions

LLM and DL models proved more accurate than the clas-
sical machine learning techniques for identifying bron-
chiolitis diagnoses within the ED electronic medical
records’ free-text discharge diagnosis field. The sensitivity
of bronchiolitis diagnosis classification based on ICD-9
coding was suboptimal. In evolving RSV prevention
strategies, this study demonstrates that DL and LLM can
effectively bridge the gap between unstructured clinical
free-text encoding and reliable disease surveillance. Our
data offers baseline estimates of the hospital burden of
disease prior to the introduction of Nirsevimab providing
a critical reference point for monitoring the subsequent
evolution of epidemic cycles and their inherent charac-
teristics in the context of RSV immunization. In con-
clusion Al tools offer a practical and scalable approach
to support timely monitoring and informed healthcare
planning by enabling accurate and automated classifica-
tion of bronchiolitis diagnoses from free-text ED records.

Supplementary Information
The online version contains supplementary material available at https://doi.or
9/10.1186/512873-025-01468-6.

[ Supplementary Material 1 ]

Author contributions

SB and DA conceived the idea for this paper. MRK and DA extracted and
curated the data, did the internal computing analysis, and created figures and
tables. MRK and MC drafted the manuscript; DA, SB and LV, assisted with the
investigation and writing. DA and SB supervised the study. DA and DG verified
the underlying data reported in the manuscript. All authors had full access to
all the data, critically reviewed and approved the content of the manuscript,
and had final responsibility for the decision to submit for publication.

Funding

MRK, DA and SB research is funded by the PRIN 2022 “Connecting and
Analyzing Electronic Health Records of Pediatric Emergency Departments in
Italy: towards new frontiers from prevention to delivery of best care and health
service organization strategies (ConnAEctH PED)’, funded in the framework of
the National Recovery and Resilience Plan (NRRP), Mission 4, Component 2,
Investment 1.1, funded by the European Union - Next Generation EU, Project

Page 8 of 9

2022TPLLS5A, CUP C53D23006230006. MC research is funded by the Ministry
of University and Research within the Complementary National Plan PNC-.1
“Research initiatives for innovative technologies and pathways in the health
and welfare sector’, D.D. 931 of 06/06/2022, PNCO000002 DARE - Digital
Lifelong Prevention CUP: B53C22006440001.

Data availability

The datasets analyzed during the current study are available for the
researchers from the corresponding author on reasonable request. All relevant
data supporting the findings of this study are included within the article and
its supplementary information files.

Declarations

Consent to participate
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Paediatric Emergency Division, Department of Women's and Children’s
Health, University of Padova, 35128 Padova, Italy

Unit of Biostatistics, Epidemiology, and Public Health, Department of
Cardiac, Thoracic, Vascular Sciences, and Public Health, University of
Padova, 35131 Padova, Italy

3Biostatistics and Clinical Trial Biometry, Clinical Research Center DEMeTra,
Department of Translational Medicine, University of Naples Federico |,
80138 Naples, Italy

Received: 20 August 2025 / Accepted: 29 December 2025
Published online: 10 March 2026

References

1. Assad Z, Romain A-S, Aupiais C, Shum M, Schrimpf C, Lorrot M, Corvol H,
Prevost B, Ferrandiz C, Giolito A, Valtuille Z, Bendavid M, Cohen JF, Toubiana
J, De Pontual L, Delande CF, Levy M, See P, Cohen R, Levy C, Angoulvant F,
Lenglart L, Gits-Muselli M, Biran V, Diallo K, Alemede O, El Hebil MM, Dur-
rmeyer X, Labouret G, Casanovas N, Hallak B, Maréchal O, Jung C, Bréhin C,
Quldali N. Nirsevimab and hospitalization for RSV bronchiolitis. N Engl J Med.
2024;391:144-154. https://doi.org/10.1056/NEJM0a2314885.

2. Piedimonte G, Perez MK. Respiratory syncytial virus infection and bronchiol-
itis. Pediatr Rev. 2014;35:519-30. https://doi.org/10.1542/pir.35.12.519.

3. Zhang X-L, Zhang X, Hua W, Xie Z-D, Liu H-M, Zhang H-L, Chen B-Q, Chen,
Sun X, XuY, Shu S-N, Zhao S-Y, Shang Y-X, Cao L, Jia Y-H, Lin L-N, Li J, Hao C-L,
Dong X-Y, Lin D-J, Xu H-M, Zhao D-Y, Zeng M, Chen Z-M, Huang L-S. Expert
consensus on the diagnosis, treatment, and prevention of respiratory syncy-
tial virus infections in children. World J Pediatr. 2024;20:11-25. https://doi.org/
10.1007/512519-023-00777-9.

4. LiY.Global, regional, and National disease burden estimates of acute lower
respiratory infections due to respiratory syncytial virus in children younger
than 5 years in 2019: a systematic analysis. Lancet. 2022;399:2047-64.

5. Hall CB,Weinberg GA, Blumkin AK, Edwards KM, Staat MA, Schultz AF, Poeh-
ling KA, Szilagyi PG, Griffin MR, Williams JV, Zhu Y, Grijalva CG, Prill MM, Iwane
MK. Respiratory syncytial Virus—Associated hospitalizations among children
less than 24 months of age. Pediatrics. 2013;132:¢341-8. https://doi.org/10.15
42/peds.2013-0303.

6. Garattini L, Clavenna A. RSV prevention options for infants and older adults: A
specific expanding competitive arena. Health Policy. 2024;150:105187. https:/
/doi.org/10.1016/j.healthpol.2024.105187.

7. Venkatesan P. First RSV vaccine approvals. Lancet Microbe. 2023;4:577.

8. Garegnani L, Roson Rodriguez P, Escobar Liquitay CM, Esteban |, Franco
V. Palivizumab for preventing respiratory syncytial virus (RSV) infection in
children. Cochrane Database Syst Rev. 2020. https://doi.org/10.1002/1465185
8.CD013757.

9. Halasa NB. RSV Prevention — Breakthroughs and challenges. N Engl J Med.
2023;389:2480-1. https://doi.org/10.1056/NEJMe2312934.

10.  Schepp RM, Kaczorowska J, Van Gageldonk PGM, Rouers EDM, Sanders EAM,
Bruijning-Verhagen PCJ, Berbers GAM. Effect of Palivizumab prophylaxis on


https://doi.org/10.1186/s12873-025-01468-6
https://doi.org/10.1186/s12873-025-01468-6
https://doi.org/10.1056/NEJMoa2314885
https://doi.org/10.1542/pir.35.12.519
https://doi.org/10.1007/s12519-023-00777-9
https://doi.org/10.1007/s12519-023-00777-9
https://doi.org/10.1542/peds.2013-0303
https://doi.org/10.1542/peds.2013-0303
https://doi.org/10.1016/j.healthpol.2024.105187
https://doi.org/10.1016/j.healthpol.2024.105187
https://doi.org/10.1002/14651858.CD013757
https://doi.org/10.1002/14651858.CD013757
https://doi.org/10.1056/NEJMe2312934

Costa et al. BMC Emergency Medicine

20.

21.

22.

23.

(2026) 26:109

respiratory syncytial virus infection in very preterm infants in the first year of
life in the Netherlands. Vaccines. 2023;11:1807. https://doi.org/10.3390/vaccin
es11121807.

Griffin MP, Yuan Y, Takas T, Domachowske JB, Madhi SA, Manzoni P, Simbes
EAF, Esser MT, Khan AA, Dubovsky F, Villafana T, DeVincenzo JP. Single-

Dose nirsevimab for prevention of RSV in preterm infants. N Engl J Med.
2020;383:415-25. https://doi.org/10.1056/NEJMoa1913556.
Scruggs-Wodkowski EA, Malani PN, Linder KA. Therapies to decrease severe
respiratory syncytial virus illness. JAMA. 2024;331:2127-8. https://doi.org/10.1
001/jama.2024.7406.

Moline HL, Tannis A, Toepfer AP, Williams JV, Boom JA, Englund JA, Halasa NB,
Staat MA, Weinberg GA, Selvarangan R, Michaels MG, Sahni LC, Klein EJ, Stew-
art LS, Schlaudecker EP, Szilagyi PG, Schuster JE, Goldstein L, Musa S, Piedra
PA, Zerr DM, Betters KA, Rohlfs C, Albertin C, Banerjee D, McKeever ER, Kalman
C, Clopper BR, Collaborators ML, McMorrow FS, Dawood, Link-Gelles R, Payne
A, Wiegand R, Correa XA, Pulido CG, Grioni H, Strelitz B, Avadhanula V, Munoz
FM, Fregoe W, Peri S, Sasidharan A, Johnson M, Dauer K. Early estimate of
nirsevimab effectiveness for prevention of respiratory syncytial virus—Associ-
ated hospitalization among infants entering their first respiratory syncytial
virus Season — New vaccine surveillance Network, October 2023-February
2024, MMWR Morb. Mortal Wkly Rep. 2024;73:209-14. https://doi.org/10.1558
5/mmwr.mm7309a4.

Andina Martinez D, Claret Teruel G, Gijén Mediavilla M, Cémara Otegui A,
Barios Lopez L, De Miguel Lavisier B, Ferrero Garcia-Loygorri C, Sénchez Tatay
V, Pavlovic Nesic S, Clerigué N, Arrieta V, Gimeno-Hernandez Garza JL, Guerra
Diez A, Ranera Mélaga S, Escalada Pellitero C, Barrueco Ramos JA, Alonso-
Cadenas. Impact of universal respiratory syncytial virus prophylaxis in Spain
working Group, nirsevimab and acute bronchiolitis episodes in pediatric
emergency departments. Pediatrics. 2024;154:2024066584. https://doi.org/1
0.1542/peds.2024-066584.

Drysdale SB, Cathie K, Flamein F, Knuf M, Collins AM, Hill HC, Kaiser F, Cohen
R, Pinquier D, Felter CT, Vassilouthis NC, Jin J, Bangert M, Mari K, Nteene R,
Wague S, Roberts M, Tissiéres P, Royal S. Faust, nirsevimab for prevention of
hospitalizations due to RSV in Infants, N. Engl. ] Med. 2023;389:2425-35. https
;//doi.org/10.1056/NEJM0a2309189.

Hutton DW, Prosser LA, Rose AM, Mercon K, Ortega-Sanchez IR, Leidner

AJ, McMorrow ML, Fleming-Dutra KE, Prill MM, Pike J, Jones JM. Cost-Effec-
tiveness of nirsevimab for respiratory syncytial virus in infants and young
children. Pediatrics. 2024;154:€2024066461. https://doi.org/10.1542/peds.202
4-066461.

Brault A, Pontais I, EnoufV, Debeuret C, Bloch E, Paireau J, Rameix-Welti M-A,
White M, Baudemont G, Lina B, Parent Du |, Chatelet J-S, Casalegno S, Vaux S,
Cauchemez. Effect of nirsevimab on hospitalisations for respiratory syncytial
virus bronchiolitis in France, 2023-24: a modelling study. Lancet Child Ado-
lesc Health. 2024;8:721-9. https://doi.org/10.1016/52352-4642(24)00143-3.
Jones JM, Fleming-Dutra KE, Prill MM, Roper LE, Brooks O, Sdnchez PJ, Kotton
CN, Mahon BE, Meyer S, Long SS, McMorrow ML. Use of nirsevimab for the
prevention of respiratory syncytial virus disease among infants and young
children: recommendations of the advisory committee on immunization
Practices — United States, 2023, MMWR Morb. Mortal Wkly Rep. 2023;72:920-
5. https://doi.org/10.15585/mmwr.mm7234a4.

Simoes EAF, Madhi SA, Muller WJ, Atanasova V, Bosheva M, Cabanas F, Baca
Cots M, Domachowske JB, Garcia-Garcia ML, Grantina |, Nguyen KA, Zar HJ,
Berglind A, Cummings C, Griffin MP, Takas T, Yuan Y, Wahlby Hamrén U, Leach
A, Villafana T. Efficacy of nirsevimab against respiratory syncytial virus lower
respiratory tract infections in preterm and term infants, and Pharmacokinetic
extrapolation to infants with congenital heart disease and chronic lung dis-
ease: a pooled analysis of randomised controlled trials. Lancet Child Adolesc
Health. 2023;7:180-9. https://doi.org/10.1016/52352-4642(22)00321-2.

Yu G. The role of artificial intelligence in identifying asthma in pediatric
inpatient setting. Ann Transl Med. 2020;8:1367-1367.

Choi A, Kim C, Ryoo J, Jeon J, Cho S, Lee D, Kim J, Lee C, Bae W. A pediatric
emergency prediction model using natural Language process in the pediat-
ric emergency department. Sci Rep. 2025;15:3574. https://doi.org/10.1038/s4
1598-025-87161-X.

Lorenzoni G, Analysis of Unstructured Text-Based Data Using Machine Learn-
ing Techniques. The case of pediatric emergency department records in
Nicaragua, med. Care Res Rev. 2021;78:138-45.

Lorenzoni G, Gregori D, Bressan S, Ocagli H, Azzolina D, Da Dalt L, Berchialla P.
Use of a large language model to identify and classify injuries with free-text
emergency department data. JAMA Netw Open. 2024;7:e2413208. https://do
i.0rg/10.1001/jamanetworkopen.2024.13208.

24.

25.

26.

27.

28.

29.

30.

31.

32,

33.

34.

35.

36.

37.

Page 9 of 9

Azzolina D, Bressan S, Lorenzoni G, Baldan GA, Bartolotta P, Scognamiglio F,
Francavilla A, Lanera C, Da Dalt L, Gregori D. Pediatric injury surveillance from
uncoded emergency department admission records in italy: machine Learn-
ing-Based Text-Mining approach. JMIR Public Health Surveill. 2023;9:e44467.
https://doi.org/10.2196/44467.

Kim'Y. Convolutional neural networks for sentence classification. In: Proceed-
ings of the 2014 Conference on Empirical Methods in Natural Language
Processing (EMNLP). Doha, Qatar: Association for Computational Linguistics;
2014. p. 1746-1751. https;//doi.org/10.3115/v1/D14-1181.

Moss H, Leslie D, Rayson P, Using J-K. Validation To Reduce Variance When
Tuning NLP Models, in: EIM. Bender, L. Derczynski, P. Isabelle, editors. Proceed-
ings of the 27th International Conference on Computational Linguistics
(COLING). Santa Fe (NM): Association for Computational Linguistics; 2018. p.
2978-2989. https://www.aclanthology.org/C18-1252/.

Iscoe M, Socrates V, Gilson A, Chi L, Li H, Huang T, Kearns T, Perkins R, Khand-
jian L, Taylor RA. Identifying signs and symptoms of urinary tract infection
from emergency department clinical notes using large Language models.
Acad Emerg Med. 2024;31:599-610. https://doi.org/10.1111/acem.14883.
Liang H, Tsui BY, Ni H, Valentim CCS, Baxter SL, Liu G, Cai W, Kermany DS, Sun
X, Chen J,He L, Zhu J, Tian P, Shao H, Zheng L, Hou R, Hewett S, Li G, Liang

P, Zang X, Zhang Z, Pan L, Cai H, Ling R, Li S, Cui Y, Tang S, Ye H, Huang X, He
W, Liang W, Zhang Q, Jiang J, Yu W, Gao J, Ou W, Deng Y, Hou Q, Wang B, Yao
C, Liang Y, Zhang S, DuanY, Zhang R, Gibson S, Zhang CL, Li O, Zhang ED,
Karin G, Nguyen N, Wu X, Wen C, Xu J, Xu W, Wang B, Wang W, Li J, Pizzato B,
Bao C, Xiang D, He W, He S, Zhou Y, Haw W, Goldbaum M, Tremoulet A, Hsu
C-N, Carter H, Zhu L, Zhang K, Xia H. Evaluation and accurate diagnoses of
pediatric diseases using artificial intelligence. Nat Med. 2019;25:433-8. https/
/doi.org/10.1038/541591-018-0335-9.

Chiang C-C, Luo M, Dumkrieger G, Trivedi S, Chen Y-C, Chao C-J, Schwedt TJ,
Sarker A, Banerjee . A large language model-based generative natural lan-
guage processing framework finetuned on clinical notes accurately extracts
headache frequency from electronic health records. medRxiv. 2023. https://d
0i.0rg/10.1101/2023.10.02.23296403.

Kumarapeli P, Haddad T, Lusignan S. Unlocking the potential of free text

in electronic health records with large Language models (LLM): enhanc-

ing patient safety and consultation interactions. Stud Health Technol Inf.
2024;316:746-50.

Le Guellec B, Lefévre A, Geay C, Shorten L, Bruge C, Hacein-Bey L, Amouyel

P, Pruvo J-P, Kuchcinski G, Hamroun A. Performance of an Open-Source large
Language model in extracting information from Free-Text radiology Reports,
radiol. Artif Intell. 2024;6:6230364. https://doi.org/10.1148/ryai.230364.
Barbieri E, Cavagnis S, Scamarcia A, Cantarutti L, Bertizzolo L, Bangert M,
Parisi S, Cantarutti A, Baraldi E, Giaquinto C, Baldo V. Assessing the burden of
bronchiolitis and lower respiratory tract infections in children < 24 months of
age in Italy. Front Pediatr. 2023;11:1143735. https://doi.org/10.3389/fped.202
3.1143735.

Vihikangas T, Palmu S, Koivisto A-M, Heikkild P. Changes in bronchiolitis inci-
dence during the last two decades in Tampere, finland: A retrospective Study,
pediatr. Infect Dis J. 2022;41:867-71. https://doi.org/10.1097/INF.0000000000
003662.

Reardon JM, Harmon KJ, Schult GC, Staton CA, Waller AE. Use of diagnosis
codes for detection of clinically significant opioid poisoning in the emer-
gency department: A retrospective analysis of a surveillance case definition.
BMC Emerg Med. 2016;16:11. https://doi.org/10.1186/512873-016-0075-4.
Furlan L, Solbiati M, PacettiV, Dipaola F, Meda M, Bonzi M, Fiorelli E, Cernuschi
G, Alberio D, Casazza G, Montano N, Furlan R, Costantino G. Diagnostic accu-
racy of ICD-9 code 780.2 for the identification of patients with syncope in the
emergency department. Clin Auton Res. 2018;28:577-82. https://doi.org/10.1
007/510286-018-0509-z.

Higgins TL, Deshpande A, Zilberberg MD, Lindenauer PK, Imrey PB, Yu P-C,
Haessler SD, Richter SS, Rothberg MB. Assessment of the accuracy of using
ICD-9 diagnosis codes to identify pneumonia etiology in patients hospital-
ized with pneumonia, JAMA Netw. Open. 2020;3:e207750. https://doi.org/10.
1001/jamanetworkopen.2020.7750.

Florin TA, Plint AC, Zorc JJ. Viral bronchiolitis. Lancet. 2017;389:211-24. https://
doi.org/10.1016/50140-6736(16)30951-5.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.3390/vaccines11121807
https://doi.org/10.3390/vaccines11121807
https://doi.org/10.1056/NEJMoa1913556
https://doi.org/10.1001/jama.2024.7406
https://doi.org/10.1001/jama.2024.7406
https://doi.org/10.15585/mmwr.mm7309a4
https://doi.org/10.15585/mmwr.mm7309a4
https://doi.org/10.1542/peds.2024-066584
https://doi.org/10.1542/peds.2024-066584
https://doi.org/10.1056/NEJMoa2309189
https://doi.org/10.1056/NEJMoa2309189
https://doi.org/10.1542/peds.2024-066461
https://doi.org/10.1542/peds.2024-066461
https://doi.org/10.1016/S2352-4642(24)00143-3
https://doi.org/10.15585/mmwr.mm7234a4
https://doi.org/10.1016/S2352-4642(22)00321-2
https://doi.org/10.1038/s41598-025-87161-x
https://doi.org/10.1038/s41598-025-87161-x
https://doi.org/10.1001/jamanetworkopen.2024.13208
https://doi.org/10.1001/jamanetworkopen.2024.13208
https://doi.org/10.2196/44467
https://doi.org/10.2196/44467
https://doi.org/10.3115/v1/D14-1181
https://www.aclanthology.org/C18-1252/
https://doi.org/10.1111/acem.14883
https://doi.org/10.1038/s41591-018-0335-9
https://doi.org/10.1038/s41591-018-0335-9
https://doi.org/10.1101/2023.10.02.23296403
https://doi.org/10.1101/2023.10.02.23296403
https://doi.org/10.1148/ryai.230364
https://doi.org/10.3389/fped.2023.1143735
https://doi.org/10.3389/fped.2023.1143735
https://doi.org/10.1097/INF.0000000000003662
https://doi.org/10.1097/INF.0000000000003662
https://doi.org/10.1186/s12873-016-0075-4
https://doi.org/10.1007/s10286-018-0509-z
https://doi.org/10.1007/s10286-018-0509-z
https://doi.org/10.1001/jamanetworkopen.2020.7750
https://doi.org/10.1001/jamanetworkopen.2020.7750
https://doi.org/10.1016/S0140-6736(16)30951-5
https://doi.org/10.1016/S0140-6736(16)30951-5

	﻿AI-powered surveillance of bronchiolitis in the Nirsevimab era: comparative performance of machine learning, deep learning, and large language models on free-text ED records
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Data selection
	﻿Data description
	﻿Gold standard development
	﻿AI-based free-text classification
	﻿Classical machine learning techniques and deep learning
	﻿Data pre-processing



	﻿LLM model
	﻿Performance evaluation
	﻿ICD-9 administrative-based classification
	﻿Results
	﻿Discussion
	﻿Conclusions
	﻿References


