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Artificial intelligence (Al) has the potential to transform healthcare for all
patients. Yet, there are disproportionately fewer paediatric Al studies and

US Food and Drug Administration approvals relative to adults, indicating
less effort focused on Al for children. Here, given that innovations in medical
Al are accelerated by community-driven research on public datasets, we
hypothesized that the disparity in Al for paediatricsis tied to the lack of
public paediatric medical imaging data to support their development and
evaluation. To that end, we systematically identified and reviewed 203
datasets, revealing that 33% of datasets lacked metadata on patient ages, and
when available, children represented less than 2% of patients. To illustrate
how alack of paediatric data can lead to harmful algorithmic bias, we trained
models to classify adult cardiomegaly and evaluated them on healthy
children. We found a consistent pattern of age-related bias, reproducible
across four large-scale public chest X-ray datasets. These findings suggest
that the lack of public paediatric data hinders the development of safe Al for
children, producing alandscape of adult-first and adult-only Al models with
unknown patterns of bias in children.

Artificialintelligence (Al) isrevolutionizing patient care with Al systems
that canalert doctors when a patient’s health will rapidly deteriorate'?,
detect breast cancer from mammograms’and assist in the management
of chronic diseases*. In children, Al can enable earlier detection and
better characterization of disorders> during childhood, with earlier
interventions promising better outcomes’ and lesser disease burden
later inlife. While a few paediatric applications of Al have shown prom-
ising results®, the development of Al for paediatric medicine remains
limited, with paediatrics accounting for as little as 4% of Al-related
studies on PubMed’.

Two studies in 2024 investigated the approvals of Al-enabled
medical devices by the US Food and Drug Administration. Overall,
their findings suggest a lack of validation of age-related differences

when using these Al systems. The first study analysed approvals from
1995102023 (692 devices total) and found that 81.6% fail to specify age
ranges for their intended user population'. Similarly, the second study
looked at approvals from 1995 to March 2024 (876 devices total), and
they identified that 73% omit patient age information in their validation
studies”. Among the 149 devices authorized for paediatric use, only
28 (18.8%) are known to be validated on children, while 22 (14.8%) are
validated only on adults". The absence of rigorous paediatric testing of
Al'mirrors historical oversights in drug® and device development™>*,
where children have been harmed due to lack of age-specific validation
and tailored interventions™™".

Agrowing concernisthe presence of algorithmic biases embedded
indeployed Al systems, with the potential to harm patients onthe basis
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Fig.1| Overview of methodology. a, Analysing data use in recent Al for medical
imaging papers. MIDL papers are reviewed to scope public dataset sources

and usage and presence of paediatric applications of Al for medical imaging.

b, Review of public medical imaging data. Public medical imaging datasets are
taken from multiple sources and reviewed for paediatric representation. ¢, A case

study of adult cardiomegaly classifiers on children. Cardiomegaly classifiers are
trained on adult chest radiograph datasets and evaluated on held-out healthy
adults and healthy children. Icons from OnlineWebFonts (a) and SVG (b) under a
Creative Commons license CC BY 4.0.

of their sociodemographicidentities'®. Recent studies indicate that age
isequally asimportant assex and race inauditing for bias: Al trained on
adult medical data can fail to generalize to children® 2, Underlying the
challenging transfer of adult Al to children are fundamental differences
in anatomy and physiology®*°, in addition to dissimilar paediatric
disease risk, presentation and management”>*, which may vary sub-
stantially across different stages of development. Recent evaluations
of Al systems for image interpretation support that models trained
on adult data can perform worse in younger children than in older
children'?°*%3¢_ Thus, the validation of Al for paediatrics necessitates
rigoroustesting on children at different ages and stages of development.

The public release of medical datasets of de-identified private
health information advances the development of medical Alin many
different ways. Benchmark datasets often focus on solving key tasks
critical to medical applications (for example, multi-organ segmenta-
tion) by enabling the comparison of methods; for this reason, efforts
often converge onaselect few benchmarks®”%, Other datasets are struc-
tured as challenges, designed to attract generalist machine learning
(ML) practitioners to work on novel problems™. Finally, while datasets
are distributed with particular use cases in mind, researchers often
reuse datasets for research needs beyond their original intent. Within
the ML community, repurposing datasets is commonplace: datasets
are often pooled together to create larger datasets or enriched with
additional annotations for a particular task*’.

Despite the ecosystem of public datasets that help drive Al devel-
opment, paediatric representation in these crucial resources remains
largely unknown. A study in 2022 identified a gap in public paediatric
X-ray datasets, hindering the development of Al for paediatric X-ray
interpretation. Here, we investigate the paediatric data gap in a much
wider scope, quantifying paediatric representation in public medical
imaging datasetsintended for Al development and evaluation. To under-
stand how this data scarcity shapes downstream Al development, we
examine how datasets arereleased, what age metadata they provide and
how the ML community repurposes them. Lastly, we show that excluding
childrenfrom public datasets can systematically lead to algorithmicbias,
revealed only when models are evaluated on children stratified by age.

Results

MIDL studies frequently use public data with limited
paediatric application

ML practitioners help drive advancements in Al for medical imaging
and often publish these results in conferences such as Medical Imaging
with Deep Learning (MIDL)*, focused on cutting-edge deep learning
methods for medical image analysis. To understand patterns of dataset
use among ML practitioners, we surveyed papers accepted toMIDL in
2023 and 2024. Papers are filtered for those that use structural non-
invasiveinternalimaging data, further defined in the datasetinclusion
criteria. For each paper, werecorded the dataset(s) used, and then for
all datasets, we identified how the dataset was made available. From
this, we identified that datasets belong to either a dataset collection,
ML challenge or ML benchmark, or serve as an independent dataset.
More details are provided in ‘Dataset selection’ in the Methods.

We found that amajority (37/46; 80%) of these studies use public
datasets in training or evaluating Al models. Among these studies,
only one (2.2%) directly applied its work to paediatrics. In addition,
85% (39/46) of studies and 35% (22/62) of cited public datasets failed
to report patient ages altogether—a fundamental metadata gap that
obscures representational analysis. Only one of the 46 studies used a
dataset containing primarily paediatric data, and while 9 additional
studies used datasets containing paediatric data, less than 5% of the
patients in those datasets were children. Based on these findings, we
hypothesized that the limited paediatric applications may result from
alack of public paediatric datasets, prompting abroader review of the
representation of paediatric patients in publicly available medical
imaging data.

Children are underrepresented in public medical imaging data

To assess for paediatric representation among public medical imag-
ing datasets, we conducted a systematic review of public datasets by
collecting, annotating and analysing datasets from each data source
(Fig.1a,b). Our comprehensive search yielded a total of 203 datasets,
of which 68 (33.5%) were excluded from further analysis: 2 datasets
lacked patient counts, 60 datasets did not provide age information
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Fig. 2| Patient age reporting and paediatric representation in public medical
imaging datasets. a, Patient ages are rarely provided in public datasets and the
papers that cite them. While not always complete, metadata for patient ages
are provided in 58.5% of datasets from collections, 20.7% of challenges, 38.9%
of benchmark datasets and 23.3% of highly cited datasets. b, Children make up
less than 2% of patients in public medical imaging datasets. This is contrasted
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with the percentage of medical imaging examinations that were paediatric

in 2016 performed in the USA*, and population percentages provided by the
United Nations® in three countries selected from our dataset review. ¢, The USA
contributes the majority of patient dataamong datasets we reviewed: 95.6% of
paediatric patients are from the USA.d, CT and MRlimaging are overrepresented
among released datasets. US, ultrasound.

and 6 datasets were missing both patient count and age metadata.
Among datasets that document patient ages, we found that age report-
ing is not well standardized: 66.7% provide patient-level ages, 28.5%
reportonly summary statistics, and the remainder present age inbins
ordescribeitimplicitly within the task description (Fig. 2a). The missing
or inconsistently reported patient counts and ages represent funda-
mental metadata gaps that hinder further analysis.

Analysis of the remaining 135 datasets reveals a paediatric data
gap: children represent under 2% (6,026 of 512,608) of patients in
public medical imaging datasets (Table 1 and Fig. 2b). Most public
patient data were collected from the USA, totalling 76% of all patients
and 96% of paediatric patients (Fig. 2c). Yet, public datasets substan-
tially underrepresent paediatric imaging relative to clinical practice.
By contrast, children accounted for 4% of all imaging examinations
performedacross seven healthcare systems in the USA*>. Among the 135
datasets, 5 (3.7%) were explicitly paediatric-only, while an additional 29
(21.3%) contained paediatric datawithin largely adult datasets. Children

represented between 1% and 2% of patients in The Medical Imaging
and Data Resource Center (MIDRC)*, The Cancer Imaging Archive
(TCIA)** and Stanford Center for Artificial Intelligence in Medicine and
Imaging (AIMI)* datasets, while in all other dataset sources, children
represented less than1% of patients. Even the established medical seg-
mentation decathlon benchmark*¢** had zero evidence of paediatric
data. Paediatrics-focused ML challenges are rare, with only 2 among
the 58 challenges between 2019 and 2024. Given the potential bias of
adult overrepresentation in cancer-related datasets, we conducted a
sensitivity test by excluding the 70 datasets with patients with cancer,
and our findings remain consistent: children represent under 2% of
patients (5,883 0f 463,180).

Stratifying by modality and task reveal many applications for
whichvirtually no paediatric data exist

Grouping adult and paediatricimages across datasets, we found little
tono paediatric representation in many modality-specific tasks relative
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Table 1| Summary statistics of reviewed public medical imaging datasets, decomposed by data source

Countries Institutions Datasets Patients
All Filtered All Children %

Dataset collections M 65 106 80 231,077 4,043 1.75
TCIA n 61 69 51 42,145 478 114
Stanford AIMI 1 2 13 10 1M,368 2,096 1.88
MIDRC 1 & 24 19 717,565 1,468 1.89
ML challenges 28 100 58 29 101,181 212 0.21
Grand Challenge 16 53 44 24 74,072 212 0.29
Kaggle 18 51 13 5 27110 0 0.0
ML benchmarks 14 39 18 15 142,721 83 0.06
MSD n 30 10 7 2,013 6] 0.0
MedFAIR 4 10 7 7 140,108 76 0.05
AMOS 1 2 1 1 600 6 11
Total 34 181 203 135 512,608 6,026 118
Without cancer 28 105 100 66 463,180 5,883 127

Datasets are filtered for those where both the age and number of patients can be inferred. The number of patients was estimated from the 135 filtered datasets. MSD, Medical Segmentation

Decathlon; AMOS, Abdominal Multi-Organ Segmentation.

Table 2 | Stratifying the number of medical images by imaging modality (rows) and ML tasks (columns) reveals paediatric

data scarcity for many applications

All Condition classification Anatomy segmentation Lesion segmentation Image enhancement
Adult Peds Adult Peds Adult Peds Adult Peds Adult Peds
X-ray 959,482 7520 891,720 6136 0 0 0 0 0 0
us 23,767 4,467 192 0 10,830 4,467 751 0 518 0
CT 289,581 914 262,069 124 4,677 373 7,092 309 760 40
MRI 52,390 176 18,905 5 1,903 17 22,174 134 1,283 4
Fundus 117,900 48 117,860 20 40 28 (0] 0 (0] 0

Peds, paediatric.

toadults (Table 2). When comparing by imaging modality, the datagap
varies greatly with the smallest in ultrasound: an estimated 6 adult
ultrasound images exist for every paediatric ultrasound image, while
larger gaps are observed for X-ray (128:1), magnetic resonanceimaging
(MRI) (298:1), computed tomography (CT) (317:1) and fundus (2,457:1).
Compared against true adult-to-paediatricimaging ratesin the USAin
2016*, a chi-squared test (Y*(2, N=371,295) =17,368.83, P< 0.0001)
indicates that the observed paediatric-to-adult data representation
differs from expected: MRI (11:1), ultrasound (15:1) and CT (26:1). The
gapsin public adult-to-paediatric datafor MRIand CT are more than ten
times larger than expected given the amount of paediatric MRIand CTs
collected in the USA. We observe the opposite with ultrasound: there
are more paediatric ultrasound datarelative to adults than expected.
However, more than half of the paediatric data we analysed for ultra-
sound are contributed by one dataset, and this is true for X-ray and
fundus aswell. EchoNet-Peds is the only dataset our search identified
with paediatric ultrasound data. Similarly, 72% of paediatric X-ray data
(5,404 images) and 57% of paediatric fundus data (28 images) come
from the NIH X-ray14*° dataset and CHASE DB 1°°, respectively.

Patient ages are often discarded and overlooked in data
repackaging efforts

Efforts toincrease data available for Al development often repackage
existing public datasets by combining datasets or adding annotations
on existing datasets. We identified 16 datasets from our search that
repackage other datasets. While half of these included age metadatain

the original datasets, patient ages were discarded inall of the resulting
repackaged datasets. Likewise, we observe this in the development
of MedSAM®!, a foundation model for segmenting medical images.
To develop and evaluate MedSAM, the authors aggregated 25 CT and
25MRI publicdatasets but did not disclose patient ages. Revisiting age
informationin these datasets, we found that children contributed 9 of
the 6,567 CT scans and none of the 7,144 MRI scans. The inclusion of pae-
diatricdataappearstobe amorerecentandintentional development.

BraTS*?is a well-known recurring competition for brain tumour
segmentation, focusing on adults exclusively from 2012 t0 2022. How-
ever, BraTS??2023 was thefirstiteration to include paediatric gliomas
andrequired alarge multi-institutional data collection effort. While this
suggests a shift towards recognizing the importance of paediatrics,
newer paediatric datasets currently represent a small fraction over
alegacy of adult-focused datasets. These observations suggest that
datarepackagingefforts, if not intentional about age, may lead to age-
imbalanced datasets given the current data landscape.

Stratifying performance by paediatric age in years reveals
systematic age biases in adult-trained Al

In the absence of tailored paediatric solutions, physicians often use
medical devices and drugs designed for adults on children™¢. How-
ever, this carries the risk that the device or drug may be less effective
oreven harmful to children'*, Similar risks exist for Al-enabled medi-
cal devices, as models may produce image interpretations that are
systematically less accurate on children. Several studies have shown
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Fig. 3| Testing for age-based algorithmic bias in models trained on public
datasets collected from adult populations. a, Cardiomegaly classifiers trained
on adult dataincreasingly mispredict cardiomegaly on younger children.
Points show the false-positive rate computed from the full dataset. Error bars
denote 95% confidence intervals obtained using bias-corrected and accelerated

bootstrap resampling (12,000 replicates). b, Distribution of patient agesin
VinDr-PCXR dataset (left) and in the adult-majority datasets (right). For adult-
majority datasets with paediatric data (that is, PadChest and NIH), the paediatric
age distribution is skewed towards older children with almost noinfants atall
(middle).

that Almodels trained on adult chest radiographs and echocardiograms
can perform worse on children'***>*_In particular, one study evalu-
ated acommercial Altool trained to identify eight common findingsin
chestradiographs and found exceptionally poor performance among
children 2 years old and younger®.Inaddition, the authors found that
cardiomegaly prediction had amuch higher false-positive rate relative
to the other seven thoracic findings. For the remaining findings, the
authors analysed patient ages for those with incorrect predictions.
They found that 81.5% of the 238 misclassified patients were 2 years
old and younger, skewed towards infants (<1 year: 45.8%,1year: 20.6%,
2 years:15.1%, 3 years: 2.5%).

From these studies however, it is unclear whether these patterns
of bias arise systematically from the lack of paediatric data in model
development or are simply an artefact of the specific training set and
methods. To understand this phenomenon, we trained Al models to
detect cardiomegaly from adult chest radiographs, then evaluated
them on healthy children (Fig. 1c). We repeated this process, training
models on four adult public chest radiograph datasets and evaluated
them on VinDr-PCXR*, the only large-scale paediatric chest radio-
graphdataset. We chose cardiomegaly detection becauseitisafinding
clearly affected by awell-established anatomical difference: infants are
bornwith larger hearts relative to their chest™°, which is why clinical
criteria for diagnosing cardiomegaly differ in this population. We
evaluated false positives in healthy children to isolate bias arising
from differences in heart presentation between healthy adults and

paediatric patients. Nevertheless, differencesin clinical determination
and disease prevalence impact the utility and performance of Almodels
in practice and may contribute to additional sources of algorithmic
bias that necessitates future study.

Adult cardiomegaly classifiers displayed the highest false posi-
tives among patients under 2 years old, and the rate of false positives
decreased with ageinyears (Pearson r=-0.928, P < 0.0001). This pat-
tern of age-related bias persisted across four public adult chest radio-
graph datasets (Fig. 3a). In comparison, cross-dataset evaluations of
healthy adults showed no consistent patterns of bias. Revisiting paedi-
atricdatawe extracted fromtwo of the four primarily adult datasets, we
observed thatolder childrenare more represented with almost no data
frominfants, despite being the most affected (Fig. 3b). Lastly, we tested
whether the lower contrast in paediatric radiographs could explain
age-related bias, but we found that histogram matching failed to rescue
high false positives in younger children (Supplementary Fig. 2).

Discussion

Our study reveals a critical data gap: childrenaccount for less than 2% of
patientsin public medicalimaging datasets supporting Aldevelopment
and validation. Paediatric dataare not only scarce but also fragmented,
with each modality dominated by one to two datasets and some tasks
showing virtually no paediatric representation. Paediatricsis the focus
of only 1 of the 30 (3.3%) most cited medical imaging datasets, 2 of 58
(3.4%) medicalimaging challenges between 2017 and 2024, and 10of 46

Nature Health | Volume 1| August 2026 | 888-897

892


http://www.nature.com/NatHealth

Analysis

https://doi.org/10.1038/s44360-026-00111-3

(2.1%) MIDL studies in2023-2024. Beyond paediatric representation,
we identify the lack of standardized age reporting and lack of patient
identifiers as critical metadata gaps that prevent age-stratified training
and evaluation®. In addition, we find that current efforts to scale data
for Al development through repackaging public datasets frequently
omitage metadata, meaning that transparency about patient age repre-
sentation may degrade as datasets are reused. Together, the absence of
both public paediatric dataand fine-grained age information limits the
ability of researchers to develop novel methods to address paediatric
challenges and audit existing models for age-related bias.

The gaps in public paediatric data appear to reflect more than
simply the relative amounts of adult to paediatric imaging done in
practice. Data from the surveyed public datasets contain fewer pae-
diatric CT and MRIscans than adult-to-paediatricimaging ratesin the
USAwould predict™, yet contain more paediatric ultrasound data than
expected. Datainitiatives that prioritize ultrasound as a safer modality
for children may partly explain the surplus of paediatric ultrasound
data®®*’, Yet, MRI—a radiation-free modality like ultrasound—shows a
larger gap in paediatric data than X-ray, suggesting thatimaging safety
alone cannot account for how paediatric data are chosen for release.
Barriersto paediatric data curation and release are likely contributors.
Many such challenges are unique to paediatrics: greater standards for
consent, safety and efficacy**°"?, all while facing smaller sample sizes,
poor patient recruitment and high development costs®**, Although
changesin public policy have accelerated paediatric drug and device
development, similar incentives have yet to reach medical Al to sup-
port paediatric data collection® . An encouraging sign is the growing
number of initiatives that promote paediatric Al equity®® %,

Akey challengein addressing the paediatric datagapis establish-
ing a clear end goal. While increasing paediatric representationis a
necessary step, the true end goalis to create safe and effective Al tools
for paediatrics. As Al integrates into medical devices, clinicians may
unknowingly use Al models trained only on adults. The literature has
provided several instances where adult Al models underperforms on
children, particularly younger children'>>"°. However, these studies
donotdemonstrate that the source of bias comes from the lack of pae-
diatricdataduring training. To strengthen the link between paediatric
dataduringtrainingand itsimpacts on age-related bias, we show how
anage-associated bias emerges consistently across models developed
from four adult public radiograph datasets, highlighting the necessity
of paediatric data among public datasets for evaluation. As our find-
ings suggest, developing safe Al for children requires representation
atdifferentages, and thisis simply not available in the vast majority of
public medical imaging datasets at present.

A solution to the paediatric data gap will not arise naturally. We
urge the broader ML for health community to take action. For health-
careinstitutions and researchers, we encourage greater collaboration
andinitiatives to collect, prepare and release Al-ready paediatric data
to the public, to support the development of paediatric Al applica-
tions. We emphasize the necessity of age representation frominfancy
toadulthood and thereporting of ages at the patient level. Greater age
representation and transparency will help to identify age ranges where
Almodels are most effective, leading toimproved safety beyond paedi-
atric cases. Building on public paediatric datareleases, we encourage
the creation of challenges and benchmarks to accelerate paediatric Al
innovations leveraging community-driven development. We urge poli-
cymakersto design policies that encourage paediatric data collection
and sharing. Lastly, we argue for greater scrutiny in the evaluation of
Alapplications for paediatrics, focusing on representation at different
stages of childhood and importantly in narrowly defining appropriate
ageranges for intended users.

We acknowledge three limitations of our study. First, there may
exist paediatric datasets that were not captured in our systematic
dataset search, particularly in data platforms without centralized
curation such as Zenodo and Harvard Dataverse, or in ML challenges

on Grand Challenge that did not grant us timely access to the datasets.
Our analysis, however, captures key pathways in which datasets may
be found by ML practitioners. Another contributing factor is stricter
access controls for paediatric datasets, which ultimately led to the
exclusion of most paediatric cancer datasets in TCIA. Second, poor
age reporting led to the exclusion of many datasets in our analysis.
Although paediatric data may exist among the excluded datasets,
our findings suggest they may represent only a small portion. Lastly,
although our case study identifies one pattern of age-related bias, we
do not expect all adult Al models to share the exact same pattern of
bias. Rather, the case study motivates the need to evaluate paediatric
Alonchildreningeneral and stratified by age.

Despite forming asignificant portion of the population, children
are almost invisible in the datasets accelerating advancements in Al
for medicalimaging, constituting less than 2% of public medicalimag-
ing datasets. The underrepresentation of paediatric patients and the
poor reporting of patient ages in public medical datasets are critical
oversights that limit the development of safe Al for paediatric use. This
work not only quantifies the extent of this problem but demonstrates
the potential of systematic failure on children when using Al models
trained only on adults. Lastly, we provide recommendations to encour-
age the community to take actioninaddressing the paediatric data gap.

MIDRC

The imaging and associated clinical data downloaded from MIDRC
and used for research in this publication were made possible by the
National Institute of Biomedical Imaging and Bioengineering of the
National Institutes of Health (NIH) under contract 75N92020D00021
and through The Advanced Research Projects Agency for Health. The
contentissolely the responsibility of the authors and does not neces-
sarily represent the official views of the NIH.

Stanford AIMI

Thisresearch used data provided by the Stanford AIMI. AIMI curated a
publicly available imaging datarepository containing clinicalimaging
and data from Stanford Health Care, the Stanford Children’s Hospital,
the University Healthcare Alliance and Packard Children’s Health Alli-
ance clinics provisioned for research use by the Stanford Medicine
Research Data Repository (STARR).

Methods

Dataset inclusion criteria

To be eligible for our systematic review, a dataset must meet the
following conditions:

(1) Structural non-invasive internal imaging. The dataset must
contain data for medical imaging modalities that capture
internal anatomical structures of organs and tissues and do not
require breaking the skin or physically entering the body. This
strictly includes fundus imaging, ultrasound, MRI, X-ray and CT.
To avoid biasing our analyses, we exclude adult-only modalities
such as mammography, and because little to no public datasets
were found exclusively with fluoroscopy and nuclear imaging,
these modalities were additionally excluded. Finally, to support
analyses relating paediatric representation in public data to
paediatric imaging in practice, we exclude datasets obtained
outside of clinical settings.

(2) Accessibility. The dataset must be publicly discoverable and
downloadable from the internet with no access restrictions
based on the country or institution. If associated only with a
publication, the dataset must be made available via an online
platform/portal.

Toavoid redundancy in the following analyses, we excluded data-
sets that simply repurpose datasets already annotated. For datasets
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thatare updated annually such as the Brain Tumor Segmentation chal-
lenge (BraTS)>, only the latest versions (as of 1January 2025) containing
complete and original data are included. If a dataset contains both
datathat fall within the inclusion criteriaand data that fall outside the
inclusion criteria, only the subset of data that fall within the inclusion
criteriais annotated and included in subsequent analyses.

Dataset annotation

For datasets meeting theinclusion criteria, we attempted to extract the
number of patients within each dataset and their ages. To determine
the number of patients within each dataset, we used metadata files
with patientidentifiers as ground truth. When this was not available,
we estimated the number of patientsin CT, MRl and fundus, assuming
that one CT scan, one MRI scan or two fundus images corresponded
to one unique patient. For our analyses, we assume that patients are
independent across datasets, and while this assumption may not hold,
itisimpossible to validate given independent anonymization across
datasets. Next, we categorized how patient ages are reported and
attempted to identify the proportion of paediatric patients: patients
aged 17 oryounger in each dataset. We identified the following patient
age reporting strategies: patient-level, binned patient-level, sum-
mary statistics, task/data description and not documented. In the
best case, metadata files include the ages of each study participant,
allowing for the exact proportion of paediatric patients in a dataset
to be determined. In binned patient-level reporting, patient ages are
provided in age bins (for example, 20-30 years old). If we could not
infer the presence and proportion of paediatric data through avail-
able metadatafiles, we scanned associated publications for summary
statistics related to patient ages. If none of the above methods was
successful, we attempted to determine if there was no paediatric
presence by scanning task or data descriptions for any clear men-
tion or indicators of ‘adult-only’ data in the associated publication,
dataset’s official website or portal. Otherwise, a dataset was labelled
asnot documenting age.

Dataset selection
To curate datasets for our systematic review, we collected and organ-
ized them by their source.

Dataset collections. Data collections refer to repositories curated for
diverseresearchand practical applications, including medical imaging.
For this study, we focused on clinical data repositories containing medi-
calimaging datasets, either derived from clinical studies or explicitly
released for developing ML algorithms. Our analysis included the
following dataset collections: (a) TCIA*, (b) Stanford AIMI" and (c)
MIDRC*. For TCIA and AIMI, we focused on complete datasets that
have patient age annotations. For MIDRC, we extracted metadata for
84,016 cases from the explorer (portal v5.39.2, submission v2025.09),
then grouped cases by the source dataset and by imaging modality.

Challenges. Challenges play a pivotal rolein advancing state-of-the-art
ML, often targeting novel or domain-specific applications. ML chal-
lenges for medical imaging are commonly hosted on platforms such as
the Grand Challenge™ and Kaggle’?, often in conjunction with confer-
ences. For this study, we annotated datasets from challenges hosted on
thelisted platforms, launched in the past 5 years (2019-2024).

Benchmarks. Benchmarks consist of one or more pre-existing or novel
datasets designed to evaluate and compare algorithm performance on
specificand often well-established tasks. While numerous datasets can
serve as benchmarks, we focused on three explicitly labelled as such:
two benchmarks for multi-organ segmentation: Medical Segmenta-
tion Decathlon (MSD)*® and Abdominal Multi-Organ Segmentation
(AMOS)”, and one benchmark for assessing fairness in medical imag-
ing ML: MedFAIR™.

Highly cited datasets. Highly cited datasets serve asameans toiden-
tify datasets that do not belong to a distinct dataset collection, chal-
lenge or benchmark, yet have become foundational resources in the
academic community, serving as the basis for numerous significant
contributions over time. To identify these datasets, we leveraged Meta’s
PapersWithCode”, which ranks imaging datasets by citation count.
Weselected and annotated the top 30 datasets meeting our inclusion
criteria. When aggregating datasets across dataset sources, we remove
any duplicate datasets found via PapersWithCode and the other dataset
sources. Inthe analysisrestricted to highly cited datasets, all 30 identi-
fied datasets were included.

Data breakdown by modality and task. To investigate whether paedi-
atricrepresentation differs by application, we first filtered for datasets
where the proportion of paediatric data can be estimated, then catego-
rized datasets by imaging modalities and ML tasks. Specifically, ML tasks
areclassified under: (a) condition classification (for example, pneumonia
classification), (b) anatomy segmentation (for example, organ or tissue
segmentation), (c) lesion segmentation (for example, tumour segmenta-
tion), (d) diseaserisk segmentation (for example, fractured rib segmenta-
tion and organs-at-risk segmentation) and (e) image enhancement (for
example, MRl image reconstruction and synthetic image generation).
To perform our analysis, we aggregated the number of medical images
across datasets by imaging modality and task. As any one dataset can
contain data from multiple imaging modalities, we attempted to iden-
tify what proportion of the dataset constitutes each modality, and if
not possible, we assumed the images are split evenly across modalities.
To assess whether modality-specific datagaps reflect real-world usage,
we performed a chi-squared test on the observed counts of paediatric
and adult MRI, CT and ultrasound scans, compared with the expected
counts based onimaging usage in 2016 from hospitals in the USA*.

Dataset repackaging. In our review, we observed cases in which a
released dataset includes data previously released in a pre-existing
public dataset. We term this phenomenon ‘dataset repackaging’. We
identified all datasets that perform dataset repackaging. On those data-
sets, we annotated the original datasets they reference and extracted
age-related metadata from the original dataset. As many foundation
models are often developed on public datasets, we supplemented our
analysis by considering patient ages in the CT and MRI datasets used
by MedSAM, a medical foundation model.

A case study of paediatric algorithmic bias for cardiomegaly
detection

Data. For our experiments, we trained four cardiomegaly classifiers
on adult chest radiograph images from large publicly available chest
X-ray datasets: (a) VinDr-CXR’, (b) NIH X-ray14”", (c) PadChest” and (d)
CheXBERT”*®, Each classifier is evaluated on healthy children with age
annotationsinthe VinDr-PCXR** dataset, a dataset of posteroanterior-
view chest X-rays from children aged 0-10 yearsimaged at amajor pae-
diatrichospitalin Vietnam. The remaining chest X-ray datasets consist
primarily ofadult dataand are used for training, calibration and held-out
evaluation on healthy adults. The VinDr-CXR dataare from two hospitals
inHanoi, Vietnam, while PadChest data are from a hospital in Barcelona,
Spain. Meanwhile, the NIH X-ray14 and CheXBERT are from hospitalsin
the USA associated with NIH and Stanford, respectively. NIH X-ray14
is the extended version of the original NIH ChestX-ray8 dataset, while
CheXBERT is the CheXpert dataset with CheXBERT-assigned labels.

Dataset standardization. To standardize the adult datasets, the
following steps are taken:

(1) Exclude paediatric patients aged 17 and under, if any.
(2) Exclude data points without findings annotated or with particu-
larly invalid age annotation.
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(3) Keep only posteroanterior-view images.

(4) Sample one image per patient, for patients with data from
multiple visits, in priority of: (a) having valid age annotated, and
(b) having cardiomegaly.

(5) Exclude patients with findings other than cardiomegaly and
patients with uncertain cardiomegaly findings.

Eachofthe four adult-only datasets are then splitindependently
into a training set, calibration set and held-out set of healthy adults.
To create the held-out set, 10% of healthy adults are sampled from
each agebinin[18, 25,40, 60, 80,100], except for VinDr-CXR, where
20% were sampled due to a smaller number of adults with valid age
annotations. The calibration setis curated from10% of the chest X-rays
sampled from patients with cardiomegaly, patients without any find-
ings and patients with a finding other than cardiomegaly. Next, data
from patients with findings other than cardiomegaly are removed. Of
the remaining data, 75% was used for training, and the remaining 25%
for validation (Supplementary Table 1). All images are loaded in RGB
channelsandresized to (224, 224). For each of the four adult datasets,
we computed dataset-specificimage normalization parameters (mean,
standard deviation) beforehand. These parameters are then used
by the respective models to standardize all images for both training
and inference.

Model. A ConvNeXt-B (89 M parameters) is chosen as our base neural
network architecture®. For each of the datasets, a network is trained
for at most 50 epochs using the AdamW?®? optimizer with a learning
rate of 0.0001 to optimize the binary cross-entropy loss. During each
training step, 32 random X-ray images are sampled equally from both
classes, and MixUp is used for data augmentation®. Parameters from
the epoch with the best validation set loss are kept.

Evaluation. The probability threshold (or operating point) for each
classification network is adjusted to maximize Youden'’s / statistic
(defined as sensitivity + specificity — 1) on their corresponding calibra-
tionset. Each adjusted modelis then used to predict cardiomegaly on
the healthy children in the VinDr-PCXR dataset and healthy adults in
each of theadult datasets. The proportion of false positivesis reported
atthe datasetlevel and stratified by age groups. To determine statisti-
cally significant differences, bias-corrected and accelerated bootstrap
isused to construct 95% confidence intervals around the false-positive
rate®. Toidentify patterns between age in years and false-positiverate,
we normalized the false-positive rates by each model and computed
aPearsonrcorrelation.

Perturbation analysis. To minimize harmful exposure when acquiring
chest radiographs, children typically receive lower radiation dos-
ages compared with adults, resulting in images with possibly lower
contrast®®®, Neural networks may latch onto this low-level differ-
encein paediatricimages. Inaddition to our evaluation, we explored
how accounting for these differences between datasets can impact
the bias on paediatric patients. Histogram matching is a technique
that allows us to adjust the pixel distribution of one image to match
the pixel distribution of one or more images. We utilized histogram
matchingto adjust the pixel distributions of imaged healthy children
(aged O-1year old) in the VinDr-PCXR dataset to match the pixel
distributions of images in each of the adult-centric datasets, sepa-
rately. We varied the strength of the histogram matching across
different blending ratios. In addition, we plotted pixel histograms
for each dataset using random samples of 1,000 images (Supple-
mentary Fig.1).

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

Data availability

The annotations of public datasets produced in this study are provided
in Dataset 1 (Source Data file 1). To aid users in identifying paediatric
data from our dataset search, we also provide additional pointers
to these datasets in Dataset 2 (Source Data file 2) disaggregated by
imaging modality. These supplementary files are available via GitHub
at https://github.com/stan-hua/ped_vs_adults-cxr and via Zenodo at
https://doi.org/10.5281/zenodo0.18895394 (ref. 86). These annotations
may be shared without restriction. The datasets used in this cardio-
megaly case study are publicly available and subject to their data use
agreements. The MIMIC-CXR, VinDr-CXR and VinDr-PCXR datasets
were downloaded from PhysioNet®. Meanwhile, PadChest, NIH and
CheXBERT were downloaded from their respective sources.

Code availability

Code to reproduce the dataset analyses and cardiomegaly study is
available via GitHub at https://github.com/stan-hua/ped_vs_adults-
cxr.There, we provide detailed instructions to prepare the chest X-ray
datasets for our analyses.
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Study description The study is quantitative, performing a systematic review of public medical imaging datasets for Al development. This is followed by a
case study to illustrate how absence of pediatric data in public X-ray datasets systematically leads to algorithmic bias.

Research sample Based on studies from an Al for medical imaging conference, we identified common sources of datasets for Al practitioners: dataset
collections, machine learning challenges, benchmarks and highly-cited stand-alone datasets. We organized our dataset search
around these sources. For dataset collections, we considered TCIA, Stanford AIMI and MIDRC, which yielded 69, 13 and 24 datasets
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highly-cited datasets (30) and benchmarks (3) for convenience. In Table 1, we provide summaries on the number of estimated
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Data collection Data was collected from online resources. SBZH, LE, AXL, NH, PH manually annotated all datasets, extracting the number of patients
within each dataset and their ages from heterogeneous metadata. We provide complete information on the annotation process
under Methods / Dataset Annotation.

Timing For datasets in TCIA and Stanford AIMI, we annotated datasets released before 2025. For MIDRC, we extracted patient metadata
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practice, we exclude datasets obtained outside of clinical settings, leading to the exclusion of datasets from the OpenNeuro
collection.
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participation.
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