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Repurposing adult AI radiograph models for 
neonatal care through continual learning: an 
international multicentre study

 

Despite growing clinical adoption of artificial intelligence in radiology, 
fewer than one in five commercially available models are cleared for 
paediatric use. Existing systems are trained predominantly on adult data and 
generalize poorly to neonates, yet efficient strategies for repurposing them 
without data sharing or large-scale local data curation are lacking. Here we 
present an international retrospective study of neonatal chest radiographs 
from 30 neonatal intensive care units across 20 countries and territories, 
evaluating continual learning as a privacy-preserving approach to adapt a 
deep learning model for adult endotracheal tube assessment to neonatal 
care. Each hospital contributed 50 radiographs for sequential model 
retraining without centralized data pooling. Continual learning achieved 
lower anatomical landmark localization error (0.67 cm versus 1.29 cm for 
hospital-specific fine-tuning and 4.30 cm for adult-only models) at 29 of  
30 sites, with improved detection of deep intubations at 27 of 30 sites.  
These findings demonstrate that privacy-preserving collaborative learning 
can address critical gaps in paediatric AI deployment.

Current medical artificial intelligence (AI) models predominantly focus 
on adults, and only 17% of commercial models have received US Food 
and Drug Administration (FDA) approval for use in paediatric patients1,2. 
Within radiology, AI tools intended for adults may be difficult to directly 
apply to neonatal patients, as differences in physiology and imaging 
protocols can cause substantial drops in performance3,4. While some 
studies have attempted to adapt models originally trained on adult 
data to neonates, this research has historically been limited by a lack 
of neonatal data5,6. Assembling large, annotated paediatric imaging 
datasets is particularly challenging: curating and labelling clinical 
data requires substantial effort, data sharing across institutions is 
constrained by privacy regulations, and children represent less than 1% 
of public medical imaging datasets5,7. As a consequence, the majority 
of paediatric AI models rely on single-centre data, with few reporting 
external validation and many experiencing substantial performance 
degradation in cross-institutional settings8,9. These barriers underscore 
the need for data-efficient adaptation techniques that can leverage 
existing adult AI models for paediatric settings and validate them across 
diverse environments.

To address these challenges, we conducted an international ret-
rospective study across 30 neonatal intensive care units (NICUs) in 
20 countries and territories to validate a collaborative, multihospital 
approach for adapting an adult AI model to neonatal patients using only 
small amounts of locally curated data from each site, without requiring 
any institution to share patient data. We focused on endotracheal tube 
(ETT) assessment as a proof-of-concept clinical application, as it is a 
task for which multiple AI tools have received FDA clearance for adult 
radiographs10,11, yet no commercial solutions exist for neonatal popu-
lations. While some paediatric studies have used clinical and demo-
graphic variables to predict ETT size or inappropriate ETT depth12,13, 
no previous work has performed radiograph-based ETT screening in 
neonates. Commonly used in both intensive care unit (ICU) and NICU 
settings, ETTs are crucial for treating respiratory issues, yet correct 
placement of ETTs in neonates can be a challenging task with little mar-
gin for error14. Identifying incorrectly placed tubes is time sensitive, and 
if left unaddressed, abnormal intubations can lead to serious complica-
tions. Deep intubations risk single lung ventilation and lung collapse15, 
while false alarms may prompt unnecessary re-intubation attempts 
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Results
Continual learning for paediatric radiograph interpretation
To evaluate whether adult AI models could be efficiently adapted for 
neonatal care through multihospital collaboration, we established an 
international consortium of 30 NICUs across 20 countries and territo-
ries, each contributing ~100 chest radiographs with expert annotations 
of endotracheal tube tip and carina positions (Fig. 1a). We implemented 
a continual learning framework in which a pre-existing model trained 
on adult ICU radiographs was sequentially passed between hospitals, 
with each site performing local retraining on 50 radiographs within its 
own computing environment before forwarding the updated model 
to the next institution. Concretely, the first hospital in the sequence 
received the adult-trained model, fine-tuned it on its local dataset, 
and passed the updated weights to the second hospital; this process 
was repeated through every site within the continual learning training 
sequence, with each hospital’s contribution building upon the cumu-
lative knowledge of all preceding institutions. Because only model 
parameters are transferred between sites, this approach preserves data 
privacy by eliminating the need for centralized data pooling while ena-
bling collaborative model adaptation across diverse clinical settings.

We compared continual learning against two baseline approaches: 
direct prediction, in which the original adult-trained model was applied 
to neonatal radiographs without adaptation, and hospital-specific 
fine-tuning, in which the adult model was retrained using the 50 local 
training radiographs from each target hospital (Fig. 1b). For each of 
the 30 test sites, we constructed continual learning models using data 
from all other hospitals in the training sequence (not including train 
data from the hospital being evaluated), averaging results across 10 
random hospital orderings to account for potential ordering effects. 
Model performance was evaluated on anatomical landmark localiza-
tion accuracy and the downstream clinical task of identifying deep 
intubations requiring expedited review. Detailed descriptions of the 
training approach, baseline comparisons and evaluation metrics are 
outlined in the Methods.

Study cohort
Our study cohort reflected the clinical diversity of global NICU popula-
tions. This international multicentre study contained 2,965 NICU chest 
X-rays from 2,960 unique patients across 30 participating centres, 
outlined in Supplementary Fig. 1 and Extended Data Table 1. The median 
age at radiography was 2 days (IQR, 1–11 days), indicating that most 
infants were imaged within the first few days of life. The mean birth 
weight was 2,195 grams (s.d., 1,234 grams) and mean gestational age 
was 32.9 weeks (s.d., 5.3 weeks), reflecting a predominantly preterm 
population. Male infants comprised 55.9% (n = 1,654) of the cohort, 
while 43.6% (n = 1,291) were female and 0.5% (n = 15) had unknown or 
unreported sex. Race/ethnicity was distributed as Asian (31.9%, n = 943), 
White (25.9%, n = 767), Other (3.2%, n = 95), Black or African American 
(2.6%, n = 78), American Indian/Alaska Native (0.2%, n = 6) and Pacific 
Islander (0.1%, n = 3), with the remaining patients having unreported 
race/ethnicity (36.1%, n = 1,068). Notably, both Children’s Hospital 
Colorado and Sidra Medicine had substantially older infants at imag-
ing (median ages 36 and 28 days respectively) and higher birth weights 
(means 3,558 g and 3,263 g, respectively). Gestational age distributions 
were consistent across hospitals. A full summary of the demographics 
stratified between train and test sets is shown in Extended Data Table 2 
and Supplementary Table 1. Of the 2,965 radiographs, 31 (1.0%) dem-
onstrated bronchial intubation, defined as cases where the ETT tip 
bounding box was positioned entirely below the carina bounding box 
with no vertical overlap.

Performance of continual learning across 30 NICUs
We first evaluated whether continual learning improved anatomical 
landmark localization compared to baseline approaches. For each 
hospital, we measured the distance between model-predicted and 

that increase procedural risk and haemodynamic instability15,16. Some 
evidence suggests that females and younger children are especially 
susceptible to low intubations17.

An AI model capable of flagging concerning radiographs at the 
bedside and triaging them for radiologist review could shorten the 
time to radiographic confirmation for the most critical cases. Clinicians 
often interpret radiographs during initial assessment, and incorrect 
placements may be missed until further radiology review17–19. Previous 
work suggests that less experienced interpreters are more likely to 
misidentify the position of tubes, and even the most experienced read-
ers may occasionally overlook inaccurate placements20. Furthermore, 
annotating the anatomical landmarks relevant to classifying abnormal 
intubations could assist health providers in determining the adequacy 
of placement. ETT screening models have already demonstrated effi-
cacy in this clinical setting21,22.

We hypothesized that continual learning could effectively and 
efficiently adapt an adult ETT assessment model to neonatal settings. 
Continual learning is a machine learning paradigm in which a model 
sequentially learns from a stream of data, without access to previously 
seen data, with the objective of accumulating and retaining knowledge 
across all encountered tasks23–25. This paradigm is well suited to our 
task, where a model can be sequentially exposed to diverse neonatal 
data, progressively building a more generalizable representation with-
out requiring centralized data pooling. Several related approaches 
for privacy-preserving multi-institutional collaboration have been 
proposed. Federated learning is an aggregation-based approach in 
which a central server coordinates training by collecting and averaging 
parameter updates from multiple sites across iterative communication 
rounds26–28. Serial weight transfer, also referred to as the ‘travelling 
model’ paradigm, is a sequential approach in which a model is passed 
between institutions, with each site fine-tuning the model on its local 
data before forwarding the updated weights to the next site; variants 
include single-pass transfer and cyclical transfer, where the model is 
passed through participating sites multiple times29. Our approach is 
methodologically based on single-pass serial weight transfer, but we 
frame and evaluate it as continual learning: in addition to assessing over-
all model performance, we explicitly evaluate whether the model retains 
and accumulates knowledge by assessing whether the final model 
retains or improves performance on every previously seen hospital30.

Concretely, in our approach, a model would be passed from hos-
pital to hospital, and each hospital would retrain the model on a small 
amount of data within its own information technology (IT) environ-
ment. Thus, hospitals can collaboratively adapt a model to NICU set-
tings in a straightforward, data-efficient manner. Importantly, this 
approach does not require any hospital to share their private data, 
curate a large dataset, or use sophisticated distributed learning tech-
niques. To test our hypothesis, we evaluated models across 30 NICUs 
in 20 countries and territories on two objectives: anatomical landmark 
localization accuracy of the ETT tip and carina, and downstream triag-
ing of abnormal intubations, and we compared continual learning to 
conventional fine-tuning and direct prediction approaches. These 
baselines represent the realistic alternatives currently available to 
individual hospitals: applying the adult model without adaptation 
(direct prediction) or adapting it using only local data (fine-tuning). 
We focused on detecting deep intubations given their clinical severity, 
higher prevalence31,32 and relatively clear correspondence with shorter 
ETT–carina distance. Ultimately, we demonstrate a proof of concept for 
continual learning as an effective data-efficient approach for adapting 
adult AI image interpretation models to paediatric settings, and we 
systematically characterize the conditions under which this paradigm 
succeeds, including the role of adult pretraining, scaling behaviour 
with the number of contributing sites, and sensitivity to data quality, 
providing an evidence base applicable to multisite model adaptation 
beyond this specific clinical task. An overview of our approach is out-
lined in Fig. 1.
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ground-truth positions for both the ETT tip and the carina. Example 
predictions are shown in Fig. 2.

Continual learning models consistently outperformed both 
fine-tuning and direct prediction baselines across nearly all partici-
pating sites, visualized in Fig. 3. For ETT tip localization, median error 
decreased from 2.35 (1.59–3.10) cm using direct prediction to 0.94 
(0.70–1.17) cm using fine-tuning, and further to 0.40 (0.35–0.45) cm 
using continual learning. Similarly, carina localization error improved 
from 1.62 (1.06–2.18) cm with direct prediction and 0.27 (0.25–0.30) cm 
with fine-tuning to 0.20 (0.19–0.22) cm with continual learning. These 
improvements yielded a combined tip and carina localization error of 
0.67 (0.61–0.73) cm on average using continual learning, with 29 of 30 
hospitals exhibiting improvement in localization error and 27 of 30 
reaching statistical significance (Fig. 3a, Supplementary Table 2 and 
Extended Data Fig. 1).

We next assessed whether continual learning reduced clinically 
consequential prediction failures. We defined extreme errors as com-
bined localization errors exceeding 5 cm that could mislead clinical 
decision-making. Continual learning substantially reduced the preva-
lence of extreme errors compared to direct prediction across all 30 
hospitals, and reduced or matched fine-tuning’s rate at 24 of 30 sites 
(Fig. 3b). On average across hospitals, >5 cm errors occurred in 2.6% of 
cases under continual learning, compared to 8.2% under fine-tuning 
and 37.4% under direct prediction.

Finally, to evaluate potential demographic disparities in 
model performance, we stratified localization errors by patient 
race, sex, age at radiography, birth weight and gestational age. 
Performance remained largely consistent across demographic 

subgroups (Supplementary Tables 3 and 4), with no significant 
pairwise differences.

Clinical relevance of localization improvements
To assess whether improved anatomical localization translates to better 
identification of concerning ETT placements, we evaluated whether 
continual learning models could more effectively triage radiographs 
with abnormal intubations. We computed ETT–carina distances from 
model predictions, converting pixel distances to centimetres using the 
annotated ETT width as an internal calibration reference (see Supple-
mentary Methods) and ranked radiographs by predicted distance, with 
shorter distances indicating concern for deep placement and longer 
distances indicating concern for high placements. We then evaluated 
the proportion of the top k concerning scans ranked by the models that 
contained abnormal intubations, separately for low and high intuba-
tions. We calculated precision@k and recall@k scores, focusing on a 
k value of 15 due to the distribution of the number of abnormal intuba-
tions present within each hospital’s test set (Extended Data Table 1) and 
also reporting results for a k value of 5 in Supplementary Tables 5–7. 
We further measured false positive rates to assess the potential burden 
of unnecessary alerts.

To first validate that ground-truth ETT–carina distances are con-
cordant with clinical placement labels, we computed Kendall’s tau 
correlations between these distances and the clinician-assigned low/
normal/high labels (Supplementary Fig. 2) and visualized the distribu-
tion of ETT–carina distances across these labels (Supplementary Fig. 3). 
For low intubations, the correlation was strong and significant across 
all 30 hospitals (mean τ = 0.64, P < 0.05 for 30/30), confirming that 
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Fig. 1 | Summary of continual learning paradigm and benchmark 
comparisons. a, Overview of continual learning paradigm used to repurpose 
adult radiograph interpretation models to paediatric settings through a 
collaboration among 30 NICUs across 20 countries and territories.  

b, Visualization of the methodology for continual learning compared to  
the fine-tuning and direct prediction baselines. N refers to the number of 
hospitals in the continual learning collaboration. Created in BioRender: Rao, V. 
https://BioRender.com/ecupfdy (2026).
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shorter ETT–carina distances reliably correspond to clinically labelled 
deep intubations, although lower correlations at certain sites probably 
reflect imprecision in the pixel-to-centimetre conversion using the 
ETT width. While we primarily focused on low intubations, we found 
that the correlation was substantially weaker for high intubations 
(mean τ = 0.39, P < 0.05 for 28/29), reflecting the inherent difficulty 
of identifying high placements from distance measurements alone.

Continual learning models exhibited significantly higher preci-
sion@15 and recall@15 scores for detecting abnormally low ETT place-
ments compared to fine-tuning for 18 of 30 hospitals, with positive 
improvements in 27 of 30 hospitals (Fig. 4). At the best-performing 
hospitals, continual learning models achieved precision scores over 
80%. Continual learning models also achieved significantly lower false 
positive rates at 18 of 30 hospitals. More in-depth precision, recall and 
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Fig. 2 | Visualization of the improvements in ETT and carina localization 
conferred by continual learning. Predictions displayed on sampled images 
across six hospitals from different countries. Rows alternate between normal 
and abnormally low ETT placements. Placement labels (normal or low) are 

shown at the top left of each image, and prediction errors for the ETT tip and 
carina are shown at the bottom left of each prediction panel. Ground-truth 
markers represent centres of the annotated bounding boxes. Predictions are 
representative examples from 6 of the 30 NICU sites.
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false positive rate (FPR) analysis at different k values as well as compari-
sons to direct prediction are reported in Supplementary Tables 5 and 6, 
and Extended Data Fig. 2. These findings suggest that the localization 

accuracy gains conferred by continual learning could translate into 
clinically meaningful improvements in triaging ability for low intuba-
tions. Despite the weaker concordance between ETT–carina distances 
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Fig. 3 | Continual learning anatomical localization performance. a, Per-site 
combined ETT and carina localization error for continual learning versus 
fine-tuning across the 30 NICU sites (each row is one site). For each method, the 
point shows the site’s median combined ETT and carina error, averaged across 
10 training simulations (n = 10 simulations per site; random hospital orderings 

for continual learning, random training seeds for fine-tuning); error bars are 95% 
confidence intervals across the 10 simulations. Dashed vertical lines indicate the 
mean of the per-site values across all 30 sites for each method. b, Rate of extreme 
prediction errors (combined localization error >5 cm) conferred by continual 
learning relative to fine-tuning and direct prediction (n = 30 sites).
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and high placement labels, continual learning models still achieved 
significantly higher precision@15 and recall@15 than fine-tuning 
at 8 of 29 hospitals (positive improvements in 23/29) for triaging 
high intubations, demonstrating that continual learning remains 
the superior adaptation strategy even for this more challenging task 
(Supplementary Table 7). To provide further interpretability into these 
results, we report the mean predicted and ground-truth ETT–carina 
distances for true positive and false positive cases within the top 15 
flagged radiographs by continual learning models for each hospital 
(Supplementary Table 8).

Maintenance of performance on previously seen hospitals
To determine whether the sequential training process led to cata-
strophic forgetting, where performance on earlier hospitals degrades as 
additional sites are incorporated, we conducted a backward evaluation 

comparing each hospital’s performance at two timepoints: immedi-
ately after the model was trained on that hospital’s data (intermediate 
evaluation) and after the model completed the full training sequence 
(final evaluation). Across 100 random orderings, the final model con-
sistently outperformed the intermediate models at hospitals encoun-
tered early in the sequence, with a mean improvement of 0.48 cm in 
combined localization error at position 0 (Extended Data Fig. 3). This 
improvement decreased for hospitals later in the sequence (Spearman 
ρ = −0.85, P < 0.001), consistent with the expectation that fewer subse-
quent training steps provide less opportunity for additional refinement. 
Importantly, performance improvements remained positive or stable 
at nearly all sequence positions, indicating that the sequential training 
process does not degrade performance on previously seen hospitals but 
rather continues to improve it through exposure to additional institu-
tional data. These findings provide direct evidence that the sequential 
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Fig. 4 | Improvement conferred by continual learning versus fine-tuning on 
identifying the most concerning scans for radiologist confirmation. Each 
bar represents 1 of the 30 NICU sites and stacks the precision@15 and recall@15 
improvements for detecting abnormally low intubations. For each metric, 
continual learning and fine-tuning are first averaged across their 10 simulations 

(random hospital orderings for continual learning, random training seeds for 
fine-tuning), and the bar shows the difference (continual learning−fine-tuning). 
Sites are ordered by total improvement. Per-site 95% confidence intervals and 
significance are reported in Supplementary Tables 5 and 6.
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training framework supports cumulative knowledge acquisition for 
ETT and carina localization, suitable for broad deployment.

Extents and limits of continual learning
To better understand the factors contributing to continual learning’s 
effectiveness, we conducted three analyses examining the roles of adult 
pretraining, the number of hospitals in the training sequence and the 
quality of radiographs contributed by participating sites.

We first evaluated the core premise underlying our approach: 
whether initializing the continual learning sequence with a model 
pretrained on adult ICU radiographs provides meaningful benefit 
compared to initializing with a generic object detection model without 
previous radiograph exposure. We hypothesized that task-relevant 
features learned from adult data might transfer beneficially to neo-
natal populations despite anatomical differences. Continual learning 
models initialized with adult ICU pretraining exhibited improved per-
formance compared to models without such pretraining: anatomical 
localization was superior at 25 of 30 test sites, and precision@15 and 
recall@15 improved at 27 of 30 sites (Extended Data Fig. 4). These 
results support the premise that continual learning can effectively 
leverage adult-derived representations for paediatric application.

Having established that continual learning can effectively build 
upon adult-derived representations, we next investigated whether 
increasing the number of contributing hospitals, and thus exposure 
to more diverse paediatric data, would yield further improvements. 
Across 300 held-out-site and ordering combinations (30 sites × 10 
random orderings), we averaged the improvements in localization 
accuracy conferred by continual learning models at each step within the 
29-hospital training sequence (all sites except the held-out site) com-
pared to fine-tuning. Performance improvements increased steadily 
with additional hospitals across the full training sequence (Spearman 
ρ = 0.74, P < 0.001), with no evidence of a plateau (Extended Data Fig. 5). 
This indicates that continual learning continues to benefit from each 
additional institutional contributor, suggesting the approach scales 
favourably with broader participation rather than saturating at a small 
number of sites.

Lastly, given that additional hospitals generally improved perfor-
mance, we sought to determine whether the quality of scans provided 
by individual sites influences the benefit of their inclusion, and whether 
hospitals contributing lower-quality data should be incorporated into 
the training sequence at all. One hospital (31st NICU site) contributed 
radiographs with notably lower resolution than other sites and was 
accordingly not included within the main experiments. We compared 
continual learning models trained with and without data from this hos-
pital. Models including this hospital in the training sequence exhibited 
higher combined localization error (0.75 cm vs 0.67 cm) and achieved 
positive improvements in precision@15 and recall@15 at only 20 of 30 
sites compared to fine-tuning, versus 27 of 30 sites for models exclud-
ing these data (Extended Data Fig. 6). These findings suggest that data 
quality heterogeneity could constrain continual learning benefits, 
and that quality thresholds for contributing sites may be warranted 
in future implementations.

Discussion
We present a proof-of-concept framework for repurposing adult radiol-
ogy AI models to neonatal patients through multihospital collaboration 
among 30 hospitals across 20 countries and territories, representing 
one of the most geographically diverse imaging cohorts assembled for 
neonatal AI development, in a field where most models are developed 
and validated on single institutions and large-scale multisite datasets 
remain scarce3,33. Our findings suggest that this approach represents 
a promising and practical paradigm for model adaptation that does 
not require hospitals to gather large datasets, share patient data, or 
enlist specialized AI teams, consistent with previous work on continual 
learning for medical image interpretation34. Beyond demonstrating 

that continual learning improves neonatal ETT assessment, this study 
systematically characterizes the operating conditions of sequential 
multisite model adaptation, including the role of adult pretraining, 
the relationship between the number of contributing sites and perfor-
mance gains, the impact of data quality heterogeneity, and the retention 
of cumulative knowledge across the training sequence, providing an 
evidence base for deploying this paradigm across paediatric imaging 
tasks more broadly.

A central challenge in multi-institutional AI development is ena-
bling model improvement across sites without compromising patient 
privacy or requiring prohibitive data governance infrastructure. Other 
approaches such as centralized data pooling and federated learning 
each carry substantial operational requirements. Centralized data shar-
ing requires individual data transfer agreements, institutional review 
board approvals across jurisdictions and compliance with heterogene-
ous regulatory frameworks, creating practical barriers26,35. Federated 
learning preserves data locality, but introduces its own complexity: 
participating sites must maintain synchronized compute infrastruc-
ture, sustain communication across training rounds and coordinate 
heterogeneous local environments, all of which present substantial 
hurdles to real-world deployment26,27. Our continual learning framework 
offers a simpler alternative. Although we performed all experiments 
centrally in this study for practicality, this continual learning frame-
work is designed to allow model training and evaluation locally at each 
hospital without data exchange. In future implementations, we envision 
that each hospital could receive a self-contained training container and 
preprocessing script. Clinical involvement would be limited to curating 
and annotating a modest dataset, a task that does not require special-
ized AI expertise. Local IT departments could execute the training 
pipeline by directing the container to a standardized data directory, 
verify model performance against pre-set acceptance criteria, and 
submit the updated model weights and evaluation results to a shared 
ledger with version control. No dedicated AI team would be required at 
any individual site. Importantly, ensuring that sequential updates do 
not degrade performance at previously seen hospitals requires ongo-
ing monitoring. The backward evaluation methodology introduced in 
this study could serve as the basis for this: after each sequential update, 
performance on all previously seen hospitals could be assessed against 
pre-set acceptance criteria, with the shared ledger enabling rollback to 
previous model versions if regressions are detected.

Our study addresses a critical gap in the paediatric AI literature. 
Despite the substantial clinical burden of neonatal critical care, pae-
diatric patients are systematically underrepresented in medical AI 
research3. Adult-trained models consistently demonstrate reduced 
performance in children, with the greatest deficits in the youngest 
patients, particularly those under 2 years of age9. Furthermore, of the 
paediatric AI models that have been proposed, the majority rely on 
single-centre retrospective data; only a small fraction report external 
validation, and many experience substantial performance drops in 
cross-institutional settings8,33,36. This lack of rigorous multisite eval-
uation represents a fundamental barrier to clinical translation, as 
models that appear accurate on local data may fail when deployed 
across diverse clinical environments with different imaging equip-
ment, patient demographics and acquisition protocols. Our study 
demonstrates a proof-of-concept approach validated across 30 NICUs 
in 20 countries and territories, representing a scale and diversity of 
evaluation that, to our knowledge, is unprecedented in the paediatric AI 
literature. Importantly, our underlying approach, using small amounts 
of locally curated data to sequentially adapt an existing adult model 
without data sharing, is broadly applicable to any paediatric imaging 
task for which adult AI models exist but paediatric solutions do not, 
potentially opening pathways for paediatric AI development that were 
previously constrained by data scarcity and privacy barriers.

We applied our framework to ETT placement assessment, a task 
with extensive adult-focused AI models22,37–39 yet limited paediatric 
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solutions. While existing paediatric studies have used clinical and 
demographic variables to predict ETT size or inappropriate ETT 
depth12,13, no previous work has performed radiograph-based ETT 
screening in neonatal populations validated across diverse interna-
tional settings. We found that continual learning models significantly 
outperformed fine-tuned and direct prediction models for ETT and 
carina localization across almost every test site and were more con-
sistently accurate, indicating that continual learning can effectively 
repurpose a model trained on adult data to neonates for this task. 
The localization accuracy achieved by continual learning models in 
our neonatal cohort is comparable to the original model on adult ICU 
radiographs40, despite the substantial anatomical differences between 
populations. Our backward evaluation confirmed that these improve-
ments did not come at the cost of degraded performance on previously 
seen hospitals, and instead, reflected a cumulative knowledge built 
through the continual learning process. In our precision/recall analysis, 
we found that continual learning models exhibited improved precision 
and recall and lower false positive rates for isolating low ETT place-
ments compared with baseline methods across the majority of test 
sites, suggesting that the increase in ETT and carina localization ability 
conferred by continual learning could translate into clinical predictive 
benefits. Prospective validation will be essential to confirm these ben-
efits in practice; we envision this to involve integrating the continual 
learning model into NICU clinical workflows at a subset of participating 
sites to measure time-to-confirmation for abnormal ETT placements, 
clinician agreement with model-flagged cases, and downstream impact 
on re-intubation rates. Such studies could determine whether these 
models can assist clinicians in prioritizing the most concerning scans 
for expedited radiologist confirmation, or even trigger communication 
alerts from the bedside to a radiologist on service.

Several factors may affect the generalizability and clinical appli-
cability of our findings. Our study design required hospitals to provide 
class-balanced datasets to ensure adequate representation of abnormal 
tube placements41, but the performance of continual learning models 
could change depending on the true prevalence of abnormally placed 
ETTs. In addition, variability in image quality across participating sites 
emerged as a constraint on model training, with lower-resolution scans 
appearing to hinder performance gains from continual learning. Our 
precision/recall analysis also faces important constraints. The con-
version from pixel measurements to centimetre distances relied on 
estimated ETT tube widths, which probably contributed to imperfect 
correlations between ETT–carina distances and clinical placement 
labels, even for low placements where the distance-label correspond-
ence is conceptually direct. While short ETT–carina distances reliably 
indicate deep intubation, this metric serves as only an indirect proxy 
for high placements, which are clinically defined by the position of 
the ETT tip relative to the level of the first thoracic vertebra (estimate 
of thoracic inlet)42. As confirmed by our correlation analyses, the rela-
tionship between ETT–carina distance and high placement labels was 
substantially weaker than for low placements. Future models incor-
porating localization of additional anatomical landmarks, such as the 
first thoracic vertebra, could enable more direct assessment of high 
ETT placements, and the continual learning framework demonstrated 
here would be directly applicable to such models.

The path towards clinical implementation presents additional 
challenges. While this study uses retrospective data to establish contin-
ual learning as a proof of concept for multi-institutional collaborative 
model adaptation, prospective trials testing continual learning models 
integrated directly into clinical workflows will be essential to robustly 
evaluate their real-world efficacy and potential impact on patient out-
comes43. In addition, while our study simulated decentralized training 
by restricting information transfer to model weights alone, future work 
should validate this framework under true decentralized execution, 
where differences in local computing environments and capabilities 
may introduce additional variability. Furthermore, the evolving nature 

of continual learning models may complicate regulatory oversight, as 
each participating hospital may face unique governance requirements, 
including institutional review board oversight for using clinical data in 
model training and internal approval processes for adopting clinical 
decision-support tools35, that need reconciliation with FDA approval 
processes. Finally, our study encompassed a diverse international 
population, and while we did not observe significant pairwise differ-
ences in performance stratified across demographic groups, further 
demographic discrepancies require additional investigation. Relat-
edly, although model localization accuracy did not significantly differ 
across gestational age groups in pairwise comparisons, the clinical 
margin for acceptable ETT positioning is substantially narrower in 
extremely premature neonates44,45; prospective validation in this popu-
lation will be essential to determine whether the observed accuracy is 
clinically sufficient.

Ultimately, this study provides a proof of concept for using con-
tinual learning to repurpose adult AI models for neonatal radiograph 
interpretation, validated across one of the most geographically diverse 
multi-institutional paediatric imaging cohorts assembled so far. To 
our knowledge, no previous study has proposed and evaluated a 
privacy-preserving model adaptation framework across this number 
of international paediatric sites, or demonstrated head-to-head per-
formance comparisons on neonatal data from such diverse clinical 
sources. Our results suggest that continual learning offers a practi-
cal, data-efficient alternative to centralized training and federated 
learning for multi-institutional adult to paediatric model adaptations. 
These findings support further investigation into continual learning 
as a paradigm to improve the real-world performance of paediatric AI 
algorithms across different point-of-care settings.

Methods
Data source and patient population
This retrospective study utilized chest radiographs from NICU patients 
obtained from a global multi-institutional collaboration, approved by 
the Harvard Longwood Campus Institutional Review Board (HLC IRB) 
at Harvard Medical School (IRB22-0400), to develop a privacy-focused 
and data-efficient approach for adapting adult radiograph interpreta-
tion models to a paediatric setting. Methodological reporting followed 
the CLAIM 2024 checklist46, attached as a supplement. Each participat-
ing institution ensured that data sharing complied with an appropriate 
consent or policy and obtained institutional review board approval for 
the data collection and sharing protocol. Patients or the public were 
not involved in the design, conduct, reporting or dissemination of this 
research. Every participating institution collected ~100 studies with 
chest radiographs from NICU patients. A formal sample size calculation 
was not performed, as no established power analysis frameworks exist 
for sequential multisite model adaptation studies where performance 
depends on numerous interacting factors including the number of 
contributing sites, intersite data heterogeneity and task difficulty. The 
target of ~100 radiographs per hospital was determined collaboratively 
with participating institutions as a pragmatic collection target balanc-
ing acquisition feasibility across 30 international sites with sufficient 
data for local model training and evaluation.

Eligible NICU patients were aged 0–6 months, including prema-
ture births, and underwent single bedside chest-, chest–abdomen- or 
anteroposterior-view radiographs. We restricted samples to those 
collected in 2021, the year data collection began, to reduce temporal 
shifts and ensure consistency across the geographical sites. When insuf-
ficient cases were available from 2021, studies from 2020 and earlier 
years were included. All clinical indications for imaging were included. 
Given the small target sample size per institution, each site aimed to 
collect a balanced representation of ETT positioning for stable learning 
and reliable evaluation41: ~50% of cases with correctly positioned ETTs 
and 50% with incorrectly positioned ETTs, as determined by radiologist 
interpretation in the original reports or by collaborating physicians 
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during data collection. Data from each hospital were split into train 
and test sets, balanced on the basis of the number of correctly and 
incorrectly positioned ETTs. Supplementary Fig. 1 contains a flowchart 
that outlines exclusions and the final train and test sets.

While image acquisition protocol varied per institution, for each 
case, the following data elements were requested: chest radiograph 
images, technical imaging parameters (including manufacturer, pixel 
spacing and imaging modality such as computed radiography or digital 
radiography), radiology reports, patient sex, clinical indication for 
radiography, gestational age and patient weight. For this study, only the 
chest radiograph images and ETT and carina annotations were used for 
object detection. When submitted data had missing elements, institu-
tions were contacted and asked to provide the missing information; 
cases with persistently unavailable data elements were retained in the 
study and handled as described in the ‘Data splitting and preprocessing’ 
section of the Methods and the Supplementary Methods (for example, 
estimation of ETT width from gestational age when weight was unavail-
able). To minimize the influence of data-entry errors, demographic 
fields submitted in heterogeneous free-text formats (for example, 
gestational age recorded as completed weeks plus days, or weights in 
differing units) were normalized to common numerical units where 
unambiguously interpretable; continuous demographic variables were 
restricted to biologically plausible ranges for summary statistics (birth 
weight from 0 to 10,000 g and gestational age from 20 to 44 weeks), 
and free-text values that could not be parsed numerically (for example, 
‘Premature’, ‘no records’) were not included.

Data splitting and preprocessing
Every train split across the hospitals had exactly 50 images to ensure 
standardization across the continual learning process, whereas the 
test set contained the rest of the images, which was between 43 and 53 
images based on the number of viable samples provided by the institu-
tion. To accomplish this while maintaining a consistent label distribu-
tion, the data were first stratified by ETT placement classification (low/
normal/high). For every hospital, the proportion of normal, low and high 
ETT placements was calculated out of the initial ~100 samples. Each ETT 
placement group was allocated training samples proportional to its 
representation in the full set of samples from the hospital (for example, 
if 50% of images contained normal placements, then ~25 out of the 50 
samples in the train set for the hospital of interest would be normal). To 
ensure that there were exactly 50 images in each train set, initial num-
bers of normal, high and low samples were allocated on the basis of these 
ratios. If this initial allocation was less than 50 images, images would be 
added from ETT placement groups with available samples, prioritizing 
groups with more samples. In the rarer cases where the initial allocation 
is greater than 50 images, images would be removed starting from the 
groups with the smallest training allocations while maintaining at least 
one sample per ETT placement category. This approach allowed for the 
creation of class-balanced train/test splits across every hospital with the 
exact same number of train scans, as shown in Extended Data Table 1. 
Samples from the 31st NICU site were not included in the final analysis 
due to low-resolution radiographs: the native image dimensions were 
smaller than the 640 × 640 pixel model input size, requiring upscaling 
rather than the downscaling applied to all other sites, and the radio-
graphic field of view occupied a substantially smaller proportion of the 
image area compared with radiographs from other institutions. The 
impacts of this hospital’s inclusion on continual learning are outlined 
in the ‘Evaluating the extents and limits of continual learning’ subsec-
tion below, and more information on this hospital is provided in the 
Supplementary Methods. In addition, there were 5 patients with two 
different radiograph samples, meaning that there were 1,499 and 1,461 
unique patients included in the train and test sets respectively.

Once split into train/test groups, data across the different sites 
were pooled and preprocessed using a single script to ensure that all 
of the data preprocessing and quality control steps were performed 

identically across sites and demographic subgroups. Image annota-
tions were processed as bounding boxes adhering to the standardized 
COCO format47. The images were normalized using histogram equali-
zation to standardize contrast variations48 across imaging equipment 
and acquisition parameters from different sites, and were subsequently 
resized to 640 × 640 pixels via cubic interpolation to match the input 
resolution of the model architecture49, with zero padding applied 
to preserve the image’s original aspect ratio. Greyscale images were 
converted to 3-channel RGB format by duplicating the single channel 
to allow compatibility with the pretrained model used. The bounding 
boxes were also scaled accordingly using the same scaling factor, with 
out-of-bounds bounding box coordinates clamped to fit in the new 
image dimensions. A full implementation of this preprocessing can 
be found in the released source code.

Standard chest radiographs embed pixel spacing metadata in 
DICOM headers to enable conversion of pixel distances to physical 
measurements. However, pixel spacing values were inconsistently 
reported across our 30 international sites and the ones that were 
reported did not result in reliably accurate distance measurements. 
To address this, we used the ETT itself as an internal calibration refer-
ence. During annotation, annotators marked the width of the ETT 
in pixels. Since ETT diameter is known and selected on the basis of 
patient weight, this pixel width was used to derive a patient-specific 
pixel-to-centimetre conversion factor. In cases where the weight was 
not reported, we used the gestational age as an estimate for the weight, 
and if that was also not reported, we used an estimate of 3.5 mm for the 
ETT width. Further correlation analysis was conducted to verify that 
this conversion method is reasonably consistent with the delineation 
between low and normal/high ETTs. These annotations were scaled in 
the same manner as the other anatomical landmark annotations, and 
our process for these conversions is formalized in the Supplementary 
Methods. All data underwent rigorous de-identification procedures, 
including manual removal of personal identifiers from radiology 
reports and automated removal of protected health information from 
imaging metadata. Images containing identifiable features such as 
dental structures, partial skull views or jewelry were cropped.

Annotation protocol
Image annotation was performed in two rounds with an additional 
verification step. Six medical students completed the initial round of 
annotation, with each assigned a non-overlapping subset of approxi-
mately one-sixth of the total samples. A third-year radiology resi-
dent and a physician with more than 10 years of clinical experience 
then reviewed and refined all annotations in a second round, with any 
disagreements resolved by deferring to this higher level of expertise. 
Finally, a board-certified radiologist with more than 10 years of experi-
ence verified the final labels on a random 20% of samples, identifying 
no errors. Inter-observer variability was not formally assessed as in the 
cascading review design, each subsequent annotator reviewed and 
refined previous annotations rather than annotating independently, 
whereas intra-observer variability could not be assessed as repeat 
annotations by the same annotator were not performed. Annotation 
quality was instead ensured through this hierarchical review process 
in which each successive round took precedence given increasing 
clinical expertise.

A commercial digital annotation platform was utilized for delin-
eating bounding boxes on NICU chest radiographs, with images ran-
domly sampled for annotation to minimize systematic bias. Annotation 
guidelines required the annotation to define the minimum bounding 
box dimensions that encompassed the ETT and carina with high confi-
dence. This approach balanced annotation precision with anatomical 
structure capture, ensuring that bounding boxes were sufficiently tight 
to minimize background inclusion while maintaining complete cover-
age of the target structures. Annotations were also performed on the 
depth of ETT placement (low, normal or high), as well as the width of 
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the ETT. While the thoracic vertebrae were annotated, they were not 
used in the model development process and instead only served as 
reference landmarks. The specific protocol provided to annotators is 
included in the Supplementary Methods.

Continual learning and baselines
In continual learning, an initial model is passed from hospital to hos-
pital sequentially, where each hospital trains the model on its dataset 
within its own compute environment, without needing to share data, 
and is only required to share the model weight externally. Our frame-
work employs sequential model updates without explicit forgetting 
mitigation strategies; instead, we empirically verify that cumulative 
knowledge is retained through a backward evaluation of model per-
formance across the training sequence (see ‘Model evaluation’ sub-
section). For each hospital evaluated, we trained a continual learning 
model on all of the preceding hospitals and then measured perfor-
mance on an unseen target hospital. Here, ‘target hospital’ refers to 
the hospital of interest that the model is being evaluated on. In our 
case, we constructed 30 different continual learning models using 
each of our 30 hospitals as the unseen target hospital one time, and 
averaged results across 10 random hospital orderings per continual 
learning model, as the order of hospitals used for training may affect 
results. We performed all experiments centrally in our computing 
environment for this study to simulate decentralized execution. The 
methods described here, including the standardized preprocessing, 
fixed training protocol and weight-only transfer, are designed to be 
directly applicable in a decentralized setting where each hospital trains 
locally on its own infrastructure.

We implemented two baseline training methods for comparison. 
We first evaluated the original model, which has already been trained 
on a diverse set of adult ICU data, directly on the NICU data (direct 
prediction). Next, we evaluated against the conventional approach 
for adapting models, where the model is trained on a small set of NICU 
data obtained from the target hospital, which we call fine-tuning. A 
summary of continual learning, fine-tuning and direct prediction is 
shown in Fig. 1b. Both fine-tuning and direct prediction models were 
evaluated on the test sets for each hospital, with the fine-tuning models 
trained using the train set from the target hospital.

Model development
For this study, we adapted the CarinaNet model40, a RetinaNet-based49 
object detection model with a ResNet-50 backbone and feature pyra-
mid network (FPN), pretrained on the COCO dataset47 and then further 
adapted using 1,890 adult ICU radiographs. The model detects two 
classes, ETT tip and carina, and outputs bounding boxes from which 
centre-point coordinates are extracted as the predicted landmark 
locations. We followed the training process detailed in the original 
CarinaNet documentation40. The training loss combines focal loss for 
classification with smooth L1 loss for bounding box regression, with 
asymmetric weighting that prioritizes localization of the carina (1.2×)—
the anatomical reference for assessing tube placement—over the ETT 
tip (0.8×). We used the AdamW optimizer with a OneCycleLR scheduler 
(max learning rate = 2.95 × 10−4), gradient clipping (max norm=0.1) and 
batch size of 16. Batch normalization layers were frozen during training. 
Data augmentation consisted of random rotation (±10°) and random 
vertical cropping (0–25%) with corresponding bounding box coordi-
nate adjustment. Given the limited training neonatal data available 
at each site, we performed preliminary cross-validation using the 50 
train samples to determine the optimal length of training. This process 
involved evaluating the model at every training epoch on small subsec-
tions of the training dataset, and this process was performed for each 
hospital within the continual learning sequence. The training processes 
for continual learning and fine-tuning models at an individual hospi-
tal were identical. More details on the training and model prediction 
process can be found in the Supplementary Methods.

Model evaluation
We first compared the ability for models to localize the carina and the 
ETT tip, reporting errors in median centimetres due to the propensity 
for the benchmark methods to output high error predictions. Localiza-
tion errors were summarized as median values per hospital that were 
averaged across simulations for continual learning and fine-tuning. 
Combined ETT tip and carina localization error was computed as the 
sum of the two individual landmark errors for each radiograph. We 
conducted further testing to evaluate whether continual learning 
reduces the prevalence of extreme errors, which we define as anatomi-
cal localization errors exceeding 5 cm. This threshold was informed 
by previous radiographic measurements showing that total tracheal 
length in neonates (22–42 weeks gestation and <1 week of age) ranges 
from ~2.2–6.4 cm, depending on gestational age and birthweight44. 
Although this reference population is not identical to ours (neonates 
aged 0–6 months, including premature infants), it provides relevant 
anatomical context: a 5 cm error would approximate or exceed the 
entire tracheal length in most neonates. The extreme-error thresh-
old of 5 cm was applied to the combined ETT and carina error value. 
The improvement conferred by continual learning in reducing such 
errors is visualized in the results in comparison to both fine-tuning 
and direct prediction.

To directly evaluate whether improvements in ETT and carina 
localization from continual learning indicated clinically relevant 
benefits, we measured the ability of continual learning models to 
triage and flag abnormal ETT placements for further radiologist or 
clinician review. ETT–carina distances were computed on the basis 
of the pixel distance between the predicted ETT and carina locations, 
and these pixel distances were converted to centimetre measures 
using the pixel width of the ETT as a scale. We conducted correlation 
analyses using Kendall’s tau50 correlations to determine how closely 
ETT–carina distances corresponded with clinician-assigned place-
ment labels, separately for low and high ETT placements, visualized 
in Supplementary Figs. 2 and 3. We then evaluated the precision@k, 
recall@k and the false positive rate (FPR@k) at each hospital, measur-
ing how many of the k most concerning radiographs ranked by each 
model based on predicted ETT–carina distances contained abnormally 
low or high intubations. For low placements, radiographs were ranked 
by ascending predicted distance, while for high ETT placements, radio-
graphs were ranked by descending predicted distance. We evaluated 
the average improvement in these metrics for every hospital, conferred 
by continual learning across the different random hospital orderings. 
While continual learning models were compared to the fine-tuning 
and direct prediction baselines throughout these evaluations, we 
focused primarily on visualizing the improvements over fine-tuning, 
as direct prediction performed considerably less consistently. Com-
parisons among all three are shown in Supplementary Tables 2 and 
5–7 as well as Extended Data Figs. 1 and 2. Given the weaker concord-
ance between ETT–carina distance and high placement labels, we 
prioritized detecting low intubations, with the results for triaging 
high placements shown in Supplementary Table 7. Lastly, to provide 
further interpretability, we additionally reported the mean predicted 
and ground-truth ETT–carina distances for the true positive and false 
positive cases within the top 15 flagged radiographs, pooled across the 
10 continual learning simulations for each hospital to obtain robust 
estimates (Supplementary Table 8).

To assess whether sequential training resulted in catastrophic 
forgetting30, which in this context we define as the degradation of 
performance on hospitals previously seen in the continual learning 
sequence after subsequent updates, we conducted a backward evalu-
ation of model performance across the training sequence. For a set of 
100 random hospital orderings, we evaluated the continual learning 
model on each hospital’s held-out test set at two timepoints: immedi-
ately after training on that hospital (the intermediate model) and after 
completing the full training sequence (the final model). We computed 
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the difference in combined ETT and carina localization error between 
the final and intermediate models for each hospital at each sequence 
position, averaged across the 100 random orderings. We assessed the 
relationship between sequence position and performance change 
using Spearman rank correlation.

Evaluating the extents and limits of continual learning
Adapting AI models trained on adult patients to different NICU sites is 
difficult for two key reasons. First, models trained on adult data must 
perform the same task on neonates, a patient population with substan-
tially different anatomical features. Second, data collection protocols 
can vary between different hospitals, especially internationally, and 
models must adapt to specific aspects of a hospital’s data distribution, 
such as its scanner, exposure and so on. With this in mind, we conducted 
several additional experiments to gain better insights on why continual 
learning leads to improved model performance.

First, we evaluated whether the continual learning models per-
formed better with or without initial training on an extensive set of 
adult ICU data for ETT and carina annotation, with the assumption that 
heuristics for the task learned in the ICU could transfer to the NICU. 
To do so, we performed continual learning with the initial RetinaNet 
model (not trained on any chest X-rays) and compared its performance 
to our standard continual learning method with the CarinaNet model 
(trained on adult chest X-rays). Next, we sought to determine whether 
there was a point at which adding further hospitals to the continual 
learning sequence did not lead to meaningful gains in performance 
versus fine-tuning. At each position within the continual learning 
sequence, we measured the performance improvement of continual 
learning models over fine-tuning. These performance improvements 
were averaged across 300 held-out-site and ordering combinations 
(30 sites × 10 random orderings) to evaluate the effect of different 
numbers of collaborating hospitals within continual learning. Lastly, 
we tested the continual learning protocol both with and without the 
low-resolution scans from one of the contributing hospitals that were 
excluded from the primary analysis to determine whether the quality 
of scans from a single hospital within the continual learning sequence 
can have meaningful impacts on the overall model performance.

Statistical analysis
Non-parametric data were summarized as median (with interquartile 
range [IQR]), and parametric data were summarized as mean ± s.d. 
Two-sample comparisons were assessed with the two-sample t-test, and 
one-sample differences with the one-sample t-test. For ≥3 independent 
groups, overall differences were evaluated using analysis of variance 
(ANOVA); when significant (P < 0.05), pairwise comparisons were per-
formed using t-tests with Holm–Sidak51 adjustment. We computed 95% 
confidence intervals for relevant data ranges across the three meth-
ods, reported in parentheses next to outcome values. The confidence 
intervals reflect different sources of variability for each method: for 
continual learning, intervals were derived from the distribution of 
results across random hospital orderings, capturing variability due to 
training sequence order; for fine-tuning, intervals were derived from 
independent runs with different random seeds, capturing variability 
due to training stochasticity; and for direct prediction, which produces 
a single deterministic output, we computed bootstrap52 confidence 
intervals (B = 10,000) by resampling test images with replacement and 
recomputing the metric for each resample, with the 2.5th and 97.5th 
percentiles defining the interval, capturing test-sample uncertainty. 
Per-hospital comparisons between methods were treated as inde-
pendent site-level tests and reported without multiple-comparison 
correction. Statistical analysis was performed using Python v.3.9.19.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The chest radiograph images that support the findings of this study 
are currently not publicly available because the data use agreements 
governing this multi-institutional international collaboration prohibit 
the transfer or redistribution of patient radiographs and patient privacy 
protections preclude their release. Aggregate summary statistics and 
demographic characteristics necessary to interpret the findings are 
provided in Extended Data Tables 1 and 2 and Supplementary Table 1. 
The trained model weights, which enable application of the continual 
learning framework to new datasets, are publicly available via GitHub  
at https://github.com/rajpurkarlab/MAIDA-NICU-continual-learning  
(ref. 53). Source data are provided with this paper.

Code availability
Source code for the analyses in this study is available via GitHub at 
https://github.com/rajpurkarlab/MAIDA-NICU-continual-learning 
(ref. 53).
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Extended Data Table 1 | Overview of the train and test set compositions across the NICU sites

Hospital Total 
Images

Training Set Test Set

n Low n (%) Normal n (%) High n (%) n Low n (%) Normal n (%) High n (%)

American University of Beirut 100 50 25 (50.0) 19 (38.0) 6 (12.0) 50 23 (46.0) 19 (38.0) 8 (16.0)

Children’s Hospital Colorado 103 50 32 (64.0) 14 (28.0) 4 (8.0) 53 32 (60.4) 16 (30.2) 5 (9.4)

Chulalongkorn University 100 50 17 (34.0) 28 (56.0) 5 (10.0) 50 18 (36.0) 27 (54.0) 5 (10.0)

Dr Sardjito Hospital 96 50 34 (68.0) 15 (30.0) 1 (2.0) 46 30 (65.2) 14 (30.4) 2 (4.3)

Fundacion Santa Fe de Bogota 100 50 11 (22.0) 28 (56.0) 11 (22.0) 50 11 (22.0) 27 (54.0) 12 (24.0)

Indus Hospital and Health Network 100 50 26 (52.0) 18 (36.0) 6 (12.0) 50 24 (48.0) 19 (38.0) 7 (14.0)

International Islamic Medical 
University

98 50 21 (42.0) 25 (50.0) 4 (8.0) 48 22 (45.8) 22 (45.8) 4 (8.3)

Istanbul Training and Research 
Hospital

100 50 15 (30.0) 27 (54.0) 8 (16.0) 50 15 (30.0) 27 (54.0) 8 (16.0)

Kepler University Hospital Linz 100 50 20 (40.0) 24 (48.0) 6 (12.0) 50 20 (40.0) 23 (46.0) 7 (14.0)

King Abdulaziz Hospital 100 50 18 (36.0) 26 (52.0) 6 (12.0) 50 19 (38.0) 25 (50.0) 6 (12.0)

Kirikkale Hospital 100 50 24 (48.0) 20 (40.0) 6 (12.0) 50 23 (46.0) 20 (40.0) 7 (14.0)

La Paz University Hospital 100 50 15 (30.0) 25 (50.0) 10 (20.0) 50 16 (32.0) 24 (48.0) 10 (20.0)

Maharaj Nakorn Chiang Mai Hospital 100 50 16 (32.0) 22 (44.0) 12 (24.0) 50 17 (34.0) 20 (40.0) 13 (26.0)

Medical University of Graz 97 50 30 (60.0) 17 (34.0) 3 (6.0) 47 28 (59.6) 16 (34.0) 3 (6.4)

Medical University of South Carolina 99 50 32 (64.0) 18 (36.0) 0 (0.0) 49 30 (61.2) 19 (38.8) 0 (0.0)

National Cheng Kung University 
Hospital

100 50 25 (50.0) 23 (46.0) 2 (4.0) 50 24 (48.0) 23 (46.0) 3 (6.0)

National University Singapore 100 50 23 (46.0) 21 (42.0) 6 (12.0) 50 23 (46.0) 21 (42.0) 6 (12.0)

New Somerset Hospital * 100 50 9 (18.0) 28 (56.0) 13 (26.0) 50 10 (20.0) 27 (54.0) 13 (26.0)

Newark Beth Israel Medical Center 100 50 22 (44.0) 22 (44.0) 6 (12.0) 50 22 (44.0) 22 (44.0) 6 (12.0)

Osaka Metropolitan University 99 50 22 (44.0) 25 (50.0) 3 (6.0) 49 23 (46.9) 23 (46.9) 3 (6.1)

Puerta del Mar University Hospital 99 50 16 (32.0) 23 (46.0) 11 (22.0) 49 17 (34.7) 20 (40.8) 12 (24.5)

SES Hospital 98 50 27 (54.0) 15 (30.0) 8 (16.0) 48 24 (50.0) 16 (33.3) 8 (16.7)

Shiraz University of Medical 
Sciences

97 50 20 (40.0) 23 (46.0) 7 (14.0) 47 19 (40.4) 21 (44.7) 7 (14.9)

Sidra Medicine 98 50 30 (60.0) 19 (38.0) 1 (2.0) 48 26 (54.2) 20 (41.7) 2 (4.2)

Tel Aviv Medical Center 100 50 20 (40.0) 25 (50.0) 5 (10.0) 50 20 (40.0) 25 (50.0) 5 (10.0)

Tri-Service General Hospital 98 50 19 (38.0) 25 (50.0) 6 (12.0) 48 19 (39.6) 22 (45.8) 7 (14.6)

University Clinical Centre 
Kragujevac

100 50 20 (40.0) 26 (52.0) 4 (8.0) 50 21 (42.0) 24 (48.0) 5 (10.0)

University Hospital Aachen 98 50 17 (34.0) 24 (48.0) 9 (18.0) 48 17 (35.4) 21 (43.8) 10 (20.8)

University Hospital of Tuebingen 93 50 24 (48.0) 22 (44.0) 4 (8.0) 43 20 (46.5) 19 (44.2) 4 (9.3)

University of Alberta 98 50 7 (14.0) 31 (62.0) 12 (24.0) 48 7 (14.6) 28 (58.3) 13 (27.1)

University of Essen 94 50 26 (52.0) 21 (42.0) 3 (6.0) 44 20 (45.5) 20 (45.5) 4 (9.1)

Overview of the train and test set compositions across NICU sites. Low, normal, and high refer to the clinical labeling of the intubations. * New Somerset hospital only included for the 
exploratory training analysis looking at the impact of including scans with lower resolution within continual learning, as detailed in the Supplementary Methods.
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Extended Data Table 2 | Demographic distribution between the aggregate train and test sets

Characteristic Training Set 
n = 1,499

Test Set 
n = 1,461

Age, days

  No. with data (%) 1449 (96.7) 1408 (96.4)

  Mean (SD) 16.7 (45.2) 14.5 (36.6)

  Median (IQR) 2 (1-11) 2 (1-10)

Birth weight, g

  No. with data (%) 1339 (89.3) 1304 (89.3)

  Mean (SD) 2179.5 (1242.6) 2209.9 (1225.4)

  Median (IQR) 2100 (1132.5-2992.5) 2210 (1080-3030)

Gestational age, wk

  No. with data (%) 1297 (86.5) 1253 (85.8)

  Mean (SD) 32.8 (5.4) 33 (5.3)

  Median (IQR) 34 (28-37.9) 34 (28-38)

Sex, No. (%)

  Male 829 (55.3) 825 (56.5)

  Female 666 (44.4) 625 (42.8)

  Unknown 4 (0.3) 11 (0.8)

Race, No. (%)

  White 386 (25.8) 381 (26.1)

  Black 39 (2.6) 39 (2.7)

  Asian 477 (31.8) 466 (31.9)

  American Indian 5 (0.3) 1 (0.1)

  Pacific Islander 3 (0.2) 0 (0.0)

  Other 47 (3.1) 48 (3.3)

  Unknown 542 (36.2) 526 (36.0)

Demographic distribution between the aggregate train and test sets. Note that the total numbers here correspond to the number of unique patients that provided radiograph samples; 5 
patients provided multiple samples, making the total training set and testing set 1500 and 1465 images respectively, as reflected in the main manuscript.
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Extended Data Fig. 1 | Comparison between continual learning, fine-tuning, 
and direct prediction on ETT and carina localization across the 30 NICU sites. 
This figure includes the results of direct prediction, which are omitted in the 
main manuscript to better visualize the differences between continual learning 
and fine-tuning. Each row represents one NICU site (n = 30 sites). For continual 
learning and fine-tuning, the point shows the site’s median combined ETT and 
carina error, averaged across 10 training simulations (n = 10 simulations per site; 

random hospital orderings for continual learning, random training seeds for fine-
tuning). For direct prediction (a single deterministic model), the point shows 
the median combined error across the site’s test images. Dotted vertical lines 
indicate the mean of the per-site values across all 30 sites for each method. Error 
bars represent 95% confidence intervals across the 10 simulations for continual 
learning and fine-tuning, and bootstrap 95% confidence intervals (B = 10,000 
resamples of test images) for direct prediction.
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Extended Data Fig. 2 | Precision and recall@15 performance improvements 
for identifying abnormally low intubations when using continual learning 
compared to direct prediction. Each bar represents one of the 30 NICU sites 
and stacks the precision@15 and recall@15 improvements. For each metric, 
continual learning is averaged across its 10 simulations (random hospital 

orderings) while direct prediction is a single deterministic model, and the bar 
shows the difference (continual learning - direct prediction). Sites are ordered 
by total improvement. Per-site 95% confidence intervals and significance are 
reported in Supplementary Tables 5-6.
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Extended Data Fig. 3 | Backward evaluation of catastrophic forgetting across 
the continual learning sequence. Each point represents the mean difference 
in combined ETT and carina localization error between the final model (after 
completing the full training sequence) and the intermediate model (evaluated 
immediately after training on the hospital at that position). Positive values 

indicate that the final model outperforms the intermediate model. Results are 
averaged across 100 random hospital orderings (n = 100 orderings); the points 
indicate the mean difference and the shaded band is the 95% confidence interval 
across the 100 orderings.
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Extended Data Fig. 4 | Continual learning with versus without adult ICU 
pretraining, evaluated on localization (a) and triage (b) across the 30 NICU 
sites. a. Per-site combined ETT and carina localization error for continual 
learning initialized from a model pretrained on adult ICU radiographs versus the 
same procedure initialized from a model never exposed to chest radiographs, 
across the 30 NICU sites (each row is one site). For the adult-pretrained condition, 
the point shows the site’s median combined ETT and carina error averaged 
across 10 training simulations (random hospital orderings), with error bars 
showing 95% confidence intervals across the 10 simulations; the non-pretrained 

condition is a single training run per site. Dotted vertical lines indicate the mean 
of the per-site values across all 30 sites for each condition. b. Improvement 
conferred by adult pretraining on identifying the most concerning scans for 
radiologist confirmation. Each bar represents one of the 30 NICU sites and 
stacks the precision@15 and recall@15 improvements for detecting abnormally 
low intubations. For each metric, the adult-pretrained condition is averaged 
across its 10 simulations (random hospital orderings) while the non-pretrained 
condition is a single run, and the bar shows the difference (adult-pretrained - non-
pretrained). Sites are ordered by total improvement.
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Extended Data Fig. 5 | Improvement of combined carina and ETT tip 
localization based on hospital position in the continual learning sequence. 
Each point represents the average improvement in performance for a hospital at 
a given position in the sequence versus training the model only on data from the 
site in that position. The improvements for each position are pooled across all 

holdout-site × ordering combinations (n = 300 per position; 30 sites × 10 random 
orderings); the point is the mean and the band is the 95% confidence interval 
across these orderings. The increase in improvement with sequence position 
is quantified by a two-sided Spearman rank correlation across the 29 sequence 
positions (ρ = 0.74, p < 0.001).
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Extended Data Fig. 6 | Continual learning including the omitted (New 
Somerset) hospital versus fine-tuning across the 31 NICU sites, for 
localization (a) and triage (b). a. Per-site combined ETT and carina localization 
error for continual learning performed with the omitted hospital’s low-resolution 
scans included in the training sequence versus fine-tuning, across the 31 NICU 
sites (each row is one site). For fine-tuning, the point shows the site’s median 
combined ETT and carina error, averaged across 10 training simulations (random 
training seeds), with error bars showing 95% confidence intervals across the 10 
simulations; the continual-learning results including the omitted hospital are 
from a single hospital ordering per site. Dotted vertical lines indicate the mean 

of the per-site values across all 31 sites for each condition. b. Improvement 
conferred by continual learning using the omitted hospital versus fine-tuning 
on identifying the most concerning scans for radiologist confirmation. Each bar 
represents one of the 31 NICU sites and stacks the precision@15 and recall@15 
improvements for detecting abnormally low intubations. For each metric, 
fine-tuning is averaged across its 10 simulations (random training seeds) while 
continual learning with the omitted hospital is a single ordering, and the bar 
shows the difference (continual learning - fine-tuning). Sites are ordered by total 
improvement.

http://www.nature.com/natbiomedeng
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in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection The Redbrick commercial data annotation platform was used.

Data analysis Analyses were performed in Python 3.9.19. Model development and inference used PyTorch 2.6.0 and torchvision 0.21.0 (CarinaNet, a 
RetinaNet-based architecture adapted from Oliver et al. 2023). Image preprocessing used scikit-image 0.24.0 and OpenCV 4.11.0.86. 
Statistical analyses used SciPy 1.13.1, statsmodels 0.14.2, and scikit-learn 1.6.1. Data handling used NumPy 2.0.2 and pandas 2.2.2; figures 
were generated with matplotlib 3.9.4 and seaborn 0.13.2. The complete computational environment is specified in the environment file in the 
source code repository. 
Source code: https://github.com/rajpurkarlab/MAIDA-NICU-continual-learning

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

The chest radiograph images that support the findings of this study are currently not publicly available because the data use agreements governing this multi-
institutional international collaboration prohibit the transfer or redistribution of patient radiographs and patient privacy protections preclude their release. 
Aggregate summary statistics and demographic characteristics necessary to interpret the findings are provided in the Extended Data Tables and Supplementary 
Information. The trained model weights, which enable application of the continual learning framework to new datasets, are publicly available at https://github.com/
rajpurkarlab/MAIDA-NICU-continual-learning.

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Sex was recorded based on clinical documentation at each participating institution. The cohort included 55.9% male 
(n=1,654), 43.6% female (n=1,291), and 0.5% unknown or unreported (n=15). The distribution of the dataset based on sex 
was reported in more detail in the supplement. Sex-stratified analyses were performed to evaluate potential disparities in 
model performance, with results reported in Supplemental Tables 3-4. Sex was not used as a variable in model training or 
prediction.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Race and ethnicity were recorded based on clinical documentation at each participating institution using locally defined 
categories. The cohort included Asian (31.9%, n=943), White (25.9%, n=767), Other (3.2%, n=95), Black or African American 
(2.6%, n=78), American Indian/Alaska Native (0.2%, n=6), Pacific Islander (0.1%, n=3), and unreported (36.1%, n=1,068). 
Race/ethnicity-stratified analyses were performed to evaluate potential disparities in model performance shown in 
Supplemental Tables 3-4.

Population characteristics This international multi-center study included 2,965 NICU chest radiographs from 2,960 unique patients across 30 
participating centers in 20 countries and territories. The median age at radiography was 2 days (IQR, 1-11 days). The mean 
birth weight was 2,195 grams (SD, 1,234 grams) and mean gestational age was 32.9 weeks (SD, 5.3 weeks), reflecting a 
predominantly preterm population. Male infants comprised 55.9% of the cohort. Full demographic characteristics stratified 
by site and train/test split are provided in Extended Data Tables 1-2 and Supplemental Table 1.

Recruitment This was a retrospective study of existing chest radiographs. Eligible patients were NICU patients aged 0-6 months who 
underwent bedside chest radiography with an endotracheal tube in place. Each participating institution collected 
approximately 100 radiographs, with samples selected to provide balanced representation of ETT positioning (approximately 
50% correctly positioned, 50% incorrectly positioned) as determined by radiologist interpretation. Samples were primarily 
collected from 2021, with earlier years included when insufficient cases were available. The class-balanced design was 
implemented to ensure adequate representation of abnormal tube placements for model training and evaluation. However, 
these datasets as a result may not be representative of the true clinical prevalence of abnormal endotracheal placements.

Ethics oversight This study was approved by the Harvard Longwood Campus Institutional Review Board (HLC IRB) at Harvard Medical School 
(IRB22-0400). Each participating institution obtained local institutional review board approval for data collection and sharing. 
Patients or the public were not involved in the design, conduct, reporting, or dissemination of this research.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size Each participating hospital contributed approximately 100 chest radiographs, with 50 allocated to training and the remainder to testing. This 
sample size was determined by consensus among collaborating institutions as a modest, feasible contribution that could be reliably collected 
across diverse international settings with varying resource constraints. No formal power calculation was performed; however, the multi-site 
design with 30 hospitals provided sufficient data to evaluate model generalization across heterogeneous clinical environments.

Data exclusions New Somerset Hospital data were excluded from the primary analysis due to substantially lower radiograph resolution compared to other 
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Data exclusions sites; these data were included in exploratory analyses evaluating the impact of image quality on continual learning performance (Extended 
Data Fig. 6).

Replication To account for potential ordering effects in the continual learning sequence, results were averaged across 10 random hospital orderings for 
each continual learning model. Performance improvement by sequence position was averaged across 300 held-out-site and ordering 
combinations (30 sites × 10 random orderings). The consistency of improvements across the majority of test sites taken across all of these 
simulations supports the reproducibility of the findings.

Randomization Train and test splits were stratified by ETT placement classification (low, normal, or high) to maintain consistent label distributions across both 
sets (within those stratifications, images were randomly selected). Images were randomly sampled for annotation to minimize systematic bias. 
The order of hospitals in the continual learning sequence was randomized across multiple trials to evaluate ordering effects.

Blinding Images were annotated by medical students, reviewed by a radiology resident and a physician, and a board-certified radiologist verified a 
random 20% of samples; annotators were blinded to model predictions. Model evaluation was performed using held-out test sets that were 
not used during any stage of model development or hyperparameter tuning.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study
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Methods
n/a Involved in the study
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Clinical data
Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration This was a retrospective observational study (not a randomized trial) and was not registered as a clinical trial.

Study protocol The study protocol was approved by the Harvard Longwood Campus Institutional Review Board (HLC IRB) at Harvard Medical School 
(IRB22-0400). Each participating institution followed a standardized data collection protocol specifying inclusion criteria, annotation 
procedures, and de-identification requirements.

Data collection Chest radiographs were retrospectively collected from 30 NICUs across 20 countries and territories. Samples were primarily collected 
from 2021, with earlier years included when insufficient cases were available. For each case, radiograph images, technical imaging 
parameters, patient demographics (sex, gestational age, birth weight), and clinical indication were collected. Expert annotations of 
ETT tip and carina positions were performed using standardized bounding box protocols on the Redbrick annotation platform.

Outcomes The primary outcome was anatomical landmark localization error, measured as the Euclidean distance (in centimeters) between 
model-predicted and ground-truth positions for the ETT tip and carina. Secondary outcomes included precision@k and recall@k for 
identifying deep intubations among the k most concerning predictions, and false positive rates. Clinical relevance was assessed by 
evaluating whether localization improvements corresponded with improved triaging of abnormally deep ETT placements.
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