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ABSTRACT that continuously tracks public datasets and their associated re-

Datasets play a critical role in medical imaging research, yet issues
such as label quality, shortcuts, and metadata are often overlooked.
This lack of attention may harm the generalizability of algorithms
and, consequently, negatively impact patient outcomes. While ex-
isting medical imaging literature reviews mostly focus on machine
learning (ML) methods, with only a few focusing on datasets for
specific applications, these reviews remain static — they are pub-
lished once and not updated thereafter. This fails to account for
emerging evidence, such as biases, shortcuts, and additional anno-
tations that other researchers may contribute after the dataset is
published. We refer to these newly discovered findings of datasets
as research artifacts. To address this gap, we propose a living review
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search artifacts across multiple medical imaging applications. Our
approach includes a framework for the living review to monitor
data documentation artifacts, and an SQL database to visualize the
citation relationships between research artifact and dataset. Lastly,
we discuss key considerations for creating medical imaging datasets,
review best practices for data annotation, discuss the significance
of shortcuts and demographic diversity, and emphasize the impor-
tance of managing datasets throughout their entire lifecycle. Our
demo is publicly available at http://inthepicture.itu.dk/.
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1 INTRODUCTION

High-quality datasets are a key element to the development of ma-
chine learning (ML) models for medical imaging applications and,
more generally, for healthcare. Such datasets are characterized by
having diverse representation of patients, sufficient sample sizes,
accurate labels or annotations, and comprehensive documentation.
Failing to meet these requirements has a direct impact on a model’s
robustness and reliability [10, 23, 151, 167, 198], thereby affecting
the model’s clinical utility. Inaccurate or incomplete annotations
can lead to models that make incorrect predictions. Insufficient or
lack of documentation may miss information such as demograph-
ics or hospital scanner, leading to biased and inaccurate models
[17, 125]. A lack of diversity limits the generalizability of the model
across heterogeneous patient populations, whereas a sufficient sam-
ple size is necessary to ensure that the model can learn meaningful
patterns and avoid overfitting. Ultimately, dataset quality is as im-
portant as the choice of the method to build the ML model.
Despite the critical importance of data, current efforts in medical
imaging do not consider the evolving nature of datasets [73]. Such
datasets often consist of two parts: images such as chest X-rays, and
target labels such as lung diseases. However, additional evidence
about these datasets, such as shortcuts, biases, or additional anno-
tations, emerges over time, but is often not available in the original
dataset documentation. We refer to these newly discovered aspects
of datasets as research artifacts. Literature reviews, both in medical
imaging and in ML more generally, primarily focus on ML models
(see [11, 20, 105, 168, 195] for examples), with only a few addressing
specific issues such as fairness in model predictions [18, 19, 151].
Some reviews summarize available datasets within a specific ap-
plication such as dermatology [26, 186] or ophthalmology [91]. A
recent work [45] assesses the documentation of publicly available
magnetic resonance imaging (MRI), color fundus photography, and
electrocardiogram datasets, yet carries out a static review that is
reviewed and published once, without subsequent updates. Finally,
datasets released by international competitions are often used af-
ter the competition for benchmarking state-of-the-art models [35].
Although the construction of these datasets is crucial for interpret-
ing results, post-competition analyses are centered around model
performance, limiting the discussion about the data to a snapshot
of its main features (e.g., sample size or scanning devices). On a
positive note, competitions do sometimes track the evolution of
performance over time, recognizing the dynamic nature of both the
datasets and methods. Overall, we believe that the medical imaging
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field is in need of dynamic or living reviews, inspired by efforts like
living reviews of evidence on COVID-19 [192].

We aim to promote collaborative extensions of datasets and
avoid snapshots or static datasets. The research we present was
conducted in the context of a year-long, collaborative webinar,
as well as an in-person workshop on current developments and
challenges of medical imaging data. These events brought together
a group of around 50 researchers from academia, industry, and
clinicians, with backgrounds from ML to epidemiology and human-
computer interaction, and research experience from 10+ countries
in five continents. This paper is a synthesis of discussions during
and after the webinars and workshop, which spanned topics across
the entire dataset lifecycle, from creating medical imaging datasets
to their use for validating algorithms to data governance, see Fig. 1.
Our contributions are as follows:

e We present a proof of concept for a living review (publica-
tions and database, see Fig. 2) - a framework for enhancing
dataset metadata through research artifacts, facilitating the
discovery of emerging information about medical imaging
datasets.

e We discuss key considerations for creating datasets, best
practices for data annotation, significance of demographics
and shortcuts, and data management throughout the dataset
lifecycle.

e We release a demo of a living database of 16 datasets along
with their connections and relationships to 24 research arti-
facts: shortcuts, annotations, and derivatives, for two medical
image applications.

e We discuss how the research community can contribute to
our living review, and invite them to do so.

2 PROPOSAL: A LIVING REVIEW OF MEDICAL
IMAGING DATASETS

Development of novel algorithms with state-of-the-art results is
considered the more prestigious activity within the ML field [9,
158], leading to datasets often being considered “as-is” benchmarks.
However, medical imaging datasets not only are foundational to
ML development but they also evolve over time, both explicitly and
implicitly. A dataset evolves explicitly if the data itself is updated, for
example, due to errors. A dataset evolves implicitly as new evidence
emerges, such as erroneous target labels, additional annotations,
and shortcuts [123, 125]. For example, the CheXpert dataset [76]
was initially published without the recommended datasheet [49].
A datasheet co-authored by some of the CheXpert authors was
later released [48], but this datasheet is not linked from the original
dataset. By not incorporating such evidence into the original dataset,
it is often not taken into consideration in subsequent research.
Traditional systematic reviews of medical imaging datasets, such
as [26, 91, 99, 186], do not capture this evolution. We argue that we
need a living review to keep track of novel open datasets, as well as
emerging connections and issues in existing datasets. Living sys-
tematic reviews are a more recent development in meta-research,
but they are crucial for rapidly evolving topics. Given the rapid
developments in ML, it would be advantageous to adopt a similar
framework for datasets. Our proposed work is different from these
efforts, since [192] focuses on COVID-19 findings, not specifically
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Figure 1: Benefits of our proposed living review framework (Sec. 2). Overview of considerations for creating a dataset (Sec. 3),
data annotation practices and quality (Sec. 4), patient demographics (Sec. 5) and shortcuts (Sec. 6), and dataset lifecycle (Sec. 7).

on medical image datasets. [163, 164] focus on data extraction meth-
ods to aid doing systematic reviews, of these only [164] is a living
review itself, which could provide inspiration for how to carry out
our plans.

Here we outline our vision for the living review of open datasets,
studying the relationships between the datasets and their research
artifacts. We propose a framework of these relationships, as well as
protocols for the maintenance of the living review.

Conceptualization. Our proposal for the living review consists
of three parts, as illustrated in Fig. 2:

(1) an overarching living review publication,

(2) documentation of research artifacts via dataset-specific pub-
lications on Zenodo, which the overarching paper links to,

(3) a SQL database for exploring the links between the datasets
and the research artifacts.

An “artifact”, like a Greek amphora, is a produced object — the
output of a process. We define a research artifact as any additional
evidence related to a dataset, for example derived datasets like
PruneCXR [69] and LongTailCXR [70], additional annotations like
spurious correlations [25], segmentation masks [43], or compressed
information in the form of embeddings [165]. Such artifacts are
crucial as they provide the necessary context for understanding,
reproducing and validating research findings. Moreover, computer
science papers with shared artifacts receive about 75% more ci-
tations than those without [41], underscoring the critical role of
artifacts in the visibility and impact of research.

We map the relation between the datasets and the research ar-
tifacts with the citation function (use, produce, extend, introduce,
other). We exemplify this for the CheXpert dataset in Fig. 2, for
more details and examples please see Tables C1-C2-C3.

Implementation. The overarching, continuously updated, liv-
ing review publication will link the dataset-specific publications
(peer-reviewed or preprints) where smaller teams can document
datasets by building on existing guidelines [47, 154], and extending

them by documenting resources that provide additional evidence
related to responsible use of these datasets, such as demographic
biases (Section 5) or shortcuts (Section 6). These datasheets could
be hosted on Zenodo [36] which allows each datasheet to have its
own Digital Object Identifier (DOI). To enhance interoperability
and findability, we could package the documentation in a struc-
tured format like Croissant [3]. At regular intervals, we can update
the overarching living publication, linking to the newly created
datasheets.

The SQL database consists of three tables (see Fig. C2): datasets,
papers documenting their research artifacts, and the dataset-artifact
relations. Our interactive demo http://130.226.140.142 (built with
PostgreSQL, Python, Streamlit and the st_link_analysis pack-
age), supports dynamic dataset-artifact exploration. For additional
technical details, see Section C. In the demo, we present 24 research
artifacts related to 16 datasets, which include additional annota-
tions, evidence of shortcuts, and derived datasets, focused on two
applications: skin lesions and chest X-rays.

Maintenance. It is unrealistic to expect that we as authors of
this work would be able to cover all areas of medical imaging,
to maintain the living review in perpetuity, nor to ensure that
all researchers are aware of its existence. We therefore propose
a structure that promotes collaboration, incentivizes better prac-
tices around dataset documentation and citation, and regularly
informs (new and existing) dataset users about new evidence. Fur-
ther versions of the living review will require contributions from
the community. During data-centric initiatives (in-person and on-
line to include participants who are typically underrepresented at
in-person events), we invite researchers to contribute to the living
review. A limitation of the current proposal is that we do not yet
integrate any mechanism for quality assessment, such as a data
steward who will monitor the accuracy of the contributions.
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Figure 2: Our living review consists of three components: (1) an overarching living review paper, (2) documentation of research
artifacts via publications on Zenodo linked by living review paper, and (3) a SQL database for exploring the links between the

datasets and the research artifacts.

3 CONSIDERATIONS FOR CREATING A
DATASET

Relevance to the living review. Researchers can access the
recommended documentation to better understand decisions
made throughout the dataset creation process, including the
translation from the clinical problem, balancing metadata
sharing with patient privacy, and considerations regarding
dataset size.

Translation of clinical problem to ML problem. ML applica-
tions in healthcare are often related to specific parts of the treatment
of a patient. Consequently, the development of a dataset will de-
pend on translating these clinical challenges into ML problems
that can be evaluated with ML metrics. This translation requires
aligning expectations among various stakeholders in the multidisci-
plinary team while also establishing a utility criterion, for example,
a reduction of workload of the radiology department [175, 196].
The right definition of the ML problem is essential for determining
the necessary data (whether newly collected or already existing,
such as from retrospective studies), designing an appropriate la-
beling process, assessing the usefulness of the proposed methods,
and understanding the potential limitations of such evaluations
from a clinical standpoint [149]. This step also helps to identify
potential risks or pitfalls in the data creation process, where biases
or shortcuts may be introduced. Importantly, we must remember
that an ML dataset is always a proxy, and therefore achieving high
performance on the ML task, such as detecting cancer, does not
necessarily translate to desired outcomes, such as detecting cancer
at earlier stages and reducing patient mortality.

Design of ground truth. Data is never truly raw or objective
[38, 52, 198]. While we might hope for medical imaging data to be
different, and only capture objective reality, this is not the case.

Research shows that medical datasets are defined through the
painstaking work of multidisciplinary teams within specific clinic,
geographical, legal and socioeconomic contexts [115, 120, 198].

The processes shaping medical imaging datasets begin before
any data is collected [198]. In particular, regulatory constraints
determine what data can be collected and predetermine its purpose.
However, issues arise during data acquisition, as data collection
is often poorly defined, resulting in variable quality. In contrast,
clinical trials follow more regulated protocols. Conducting such
structured pilot studies can help refine and standardize consistent
acquisition protocols. The context of creation and use direct the
design of the datasets and can be accounted for through purposeful
investigation of local assumptions and meanings embedded in the
dataset. Similar to computer vision datasets [162], commercial and
operational pressures hint at the fact that medical imaging datasets
have their own politics and are created with a specific purpose,
whether commercial or public. To this end, the development of a
data management plan is increasingly required to streamline the
data lifecycle process [73].

Impact of labeling process on data quality. The consequences
of labeling decisions are better understood than those of earlier
stages and include, among others, the clinical relevance of ML mod-
els [125, 126], the proliferation of social inequality and exclusion
[98], and the impact on the performance of trained ML models
[17]. To address those challenges, we must look into the processes,
guidelines, and incentives of labeling [40], as well as the interper-
sonal and organizational structures of entities responsible for that
work [115, 120]. For example, epistemic differences within mul-
tidisciplinary teams creating medical imaging datasets — such as
misunderstandings regarding clinical terminology like “opacity” in
chest X-rays, with different meanings across countries or lacking
direct translations — can affect the clinical outcomes of developed
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models [198]. Overlooking design choices in medical datasets can
lead to misalignment between ML systems and the real-world needs,
(see also Section 4). Recognizing these datasets as constructed [145],
not objective, is essential to their fair and equitable use in medical
practice.

Trade-off between metadata and patient privacy. Metadata
such as demographics is essential for evaluating the robustness and
fairness of ML models. However, the need for detailed metadata
often clashes with the imperative to protect patient privacy, as even
anonymized data can carry risks of re-identification and misuse.
We do not cover this in detail in this work, but various methods
for federated and privacy-preserving ML have been developed, for
example [86, 153].

Data size. ML systems are often expected to perform better
with more data [87], as has been both observed in practice, and
shown by statistical learning theory [183] wherein error tolerance,
statistical dependency of the samples, data dimensionality, and
model capacity all interact with the model performance. Datasets in
medical imaging have grown from hundreds to thousands, with the
largest public datasets like CheXpert [76], MIMIC-CXR [82], and
Emory breast [78] with up to hundreds of thousands of patients.
This contrasts with general computer vision datasets, which often
contain millions of images and serve as the basis for many empirical
findings. In industry, medical datasets are also scaling up to millions,
offering advantages for model development.

With (smaller) public datasets, a common solution is to inject
additional knowledge from another source into the dataset, such
as domain knowledge provided by experts, or using data or rep-
resentations from a different source. Transfer learning [20, 135] is
therefore often used in medical imaging. A common approach is
to fine-tune models pretrained on ImageNet [157], although recent
results show this strategy is more sensitive to shortcuts [84] than
if training on RadImageNet [114], a recent dataset with a million
images from different radiological modalities.

Given the various factors contributing to the interaction between
the data and the learning performance, there are no guarantees
that larger datasets will necessarily result in better target models.
For example, merging datasets from different sources can lead to
shortcuts and biases [23, 169]. In this regard, dataset distillation
[197] which aims to reduce the size of the data while maintaining
or improving its representativeness, could lead to more robust
algorithms, despite the “bigger is better” intuition.

4 DATA ANNOTATION PRACTICES AND
QUALITY

Relevance to the living review. Linked documentation of
the annotation process (annotation guidelines + annotations)
reflects observer variability and trade-offs between annotator
expertise and cost.

Labeling tasks in medical imaging depend on the context of the
disease, the task itself (classification, segmentation, etc) and how
the target labels are acquired. For example, ground truth labels for
lesions or nodules could be confirmed via biopsies, while other (gold
standard) labels or annotations could be based on interpretation
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of the experts or other annotators. Here we discuss two important
considerations which vary with the task: inter-observer variability
and expertise-cost trade-offs.

Inter-observer variability. Establishing observer variability of
the task at hand is crucial before data collection and annotation, as
it helps set accuracy targets, determine the required number of an-
notators, estimate the needed data, and assess variability. Observer
variability is measured by having multiple annotators curate a small
set of representative examples and then calculating agreement for
binary classification, or metrics like Dice score for segmentation
[109].

Notably, observer variability varies greatly according to the task,
anatomical structures and their sizes, image type, and expertise
level [83]. For example, mostly healthy large organs, e.g., the lungs,
the liver, and the brain, imaged on volumetric scans will have a low
observer variability, while small structures, e.g., lung nodules, will
show larger variability.

Observer variability is also influenced by inconsistent training
across institutions (e.g., [6]) and insufficient guidelines for annota-
tions [144]. Comprehensive labeling instructions [144], task-specific
training [27], and a structured feedback loop can help mitigate this,
but are not always feasible if the annotation task is not part of
the clinical workflow, and therefore might be more often used in
industry datasets.

Expertise and cost trade-offs. Selecting the right annotators
for a task is another critical consideration [143], and given the
growing demand for annotated data, careful thought must be given
to matching the annotators’ skills to the task’s requirements, both
in terms of accuracy and detail of the annotations needed, and
domain-specific contexts, for example when diseases have different
prevalence across countries.

Domain expertise of annotators can vary from clinicians to
laypersons. Expert-annotated data can be collected from (retro-
spective) studies at hospitals, although some types of annotations
needed for ML (such as granular annotations like image contours)
may not be created as part of the clinical workflow. In such cases
only weakly-labeled data might be available, and/or additional an-
notations might be created by other experts or graduate students
for example. In industry, the commonly cited phrase “Garbage in -
garbage out” prompts companies to allocate significant resources
to ensure high quality annotations and curation, possibly hiring
domain-specific experts through their customer base. This can result
in datasets with hundreds of subcategories rather than a limited set
of high-level categories, more granular annotations, and annotation
workflows with various quality control measures.

Medical expertise is not always required for medically-related
annotation tasks. For example, studies shown that laypersons are
able to detect surgical instruments in laparoscopic images [108],
and several other successful results with crowdsourcing in medical
imaging have been reported [132], although often missing details
about the annotation process. Additionally, annotations for train-
ing data typically do not require the same level of accuracy and
detail as testing data used for evaluating the generalizability of the
developed algorithms. This can allow using weakly-labeled train-
ing with scribbles [103, 106] or bounding boxes [24, 129], or in 3D
data, leveraging sparse annotations only from a few slices within a
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volume [140]. Taken together, these strategies can allow employ-
ing novice annotators for annotating training data while reserving
domain experts for curating the test set.

It is crucial to emphasize that despite the apparent advantages
of crowdsourcing approaches, there is a lot of hidden data work,
i.e., the labor involved in data collection and annotation is often
invisible and undervalued [137, 158]. There are various reports of
unethical practices, for example by tech companies, with regard
to data workers who might be dealing with disturbing images or
language. The motivations and conditions of workers annotating
medical images might be different, but crowdsourcing studies often
do not provide this information [132].

Expertise vs. cost trade-off's: (semi-)automatic approaches.
Given the cost of annotation and the growing need for large datasets,
various automated methods for annotation have been proposed.
Computer vision methods can be used to extract additional fea-
tures from the image, for example asymmetry, border irregularity
or Fitzpatrick skin type in skin lesions [60, 148], and used as addi-
tional labels, for example via multi-task learning. Natural language
processing (NLP) techniques have been proposed to extract di-
agnostic labels from unstructured clinical reports. However, this
strategy has been shown to introduce labeling errors, for example
in chest X-rays [123, 185]. Large language models (LLMs) have
shown groundbreaking performance in the general language do-
main and are expected to unlock new possibilities for analyzing
medical texts [174]. However, due to domain-specific challenges
(language, contextual nuances, and the ambiguity inherent in med-
ical terminology) their effectiveness is still limited, see for example
studies for radiography or free-text CT or MR reports [39, 97, 119].

Hybrid approaches such as active learning [11, 44], active la-
bel correction [8] and hard sample mining (collecting additional
“hard samples” from specific device manufacturers or rare disease
subtypes) offer opportunities to combine the advantages of both
human annotation and automated methods. While such methods
are popular in literature, in academic papers the human annotators
are sometimes simulated by giving the algorithm access to the ex-
isting labels in the data, while in industry, the (re)-labeling process
is more often done with domain experts. This also allows indus-
try datasets to be more dynamic than publicly available datasets.
However, due to the proprietary nature, it is difficult to comment
the cost vs. quality trade-offs, and what learnings public dataset
creators can extract from this.

Final remarks. In general, it is crucial to remember that any
annotation method, human or otherwise, will always be based on
some assumptions. For example, methods which directly generate
synthetic images and labels, are always based on some underlying
data and will inherit its biases (and one could also question why
the data needs to be generated explicitly if the data generating
process is known). Without comprehensive documentation of the
annotation process and its assumptions — which might not always
be explicit — can lead to failures when the assumptions do not hold
for the data at hand. Another crucial point is that, for example,
reporting bias will inevitably affect what we learn about about
different annotation methods. A living review where authors of
new studies (which might not be noticed due to factors like the
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publication venue) contribute to evidence around a specific dataset,
could help reduce these problems.

5 INSIDE A DATASET: DEMOGRAPHICS

Relevance to the living review. We present four case stud-
ies (chest x-rays, skin lesions, brain MRI and fetal ultrasound),
each with unique properties. We propose addressing these
factors in our living review, emphasizing the importance of
the documentation of the study design and patient demo-
graphics.

The potential of overfitting to established benchmark datasets is a
long-standing debate in the ML community [57, 71, 101]. While the
past few years have seen a surge in public datasets, they typically
lack demographic metadata about the subjects. This leads to a host of
problems. If the data does not come with demographic information,
researchers cannot assess whether the datasets and models trained
on them have demographic biases. As a result, not only the resulting
algorithms, but also what we learn about ML development, can be
tainted by demographic biases without our knowledge. Equally
important, research on algorithmic bias and fairness, which needs
demographic metadata, has access to very few datasets. As a result,
large amounts of research resources have been dedicated to a very
small set of case studies, whose particularities — for better and for
worse — drive the progress of the research field. Here we present
four case studies, illustrated in Fig. 3, further clinically relevant
details in Section B.

Case study 1: chest X-rays. Chest X-rays are the most com-
monly performed radiologic examinations worldwide [178], requir-
ing significant expertise for accurate and meaningful interpreta-
tion [181]. ML revolutionized chest X-ray diagnosis, highlighted by
the release of NIH-CXR14 dataset [185] and CheXNet’s model claim-
ing radiologist-level pneumonia detection [146]. However, these
claims have been criticized for relying on shortcuts [81, 125], and for
low inter-rater agreement [25]. Subsequently, additional datasets
such as CheXpert [76], MIMIC-CXR [82], and PadChest [14] have
become widely used in the research community.

With the primary purpose of diagnosing and/or monitoring
pathologies, chest X-ray datasets often include demographic in-
formation like age, gender, sex, race and ethnicity to analyze po-
tential biases!. While age and gender are typically included, (self-
reported) race or ethnicity are only available in a few datasets,
such as MIMIC-CXR and CheXpert [136]. Age is generally skewed
toward older populations (PadChest median age 62, MIMIC-CXR
largest group aged 60-80 [200]). Age can be predicted from chest
X-rays [74], which can lead to favoring well-represented age groups.
Even without significant gender imbalance, performance dispari-
ties between genders persist [96, 166, 167]. Balancing the data has
proven ineffective, and studies have ruled out causes such as under-
representation [96], physiological differences [188], and shortcut
learning [81, 125, 130]. Less is known about the effect of label errors,

'We recognize that both gender and sex, as well as race and ethnicity, are distinct and
not binary. However, datasets often do not document which variable was collected
and/or use the terms interchangeably. We recognize that there are complexities in
diagnosis when individuals belong to multiple categories. When possible, we use the
terms used by the original authors throughout this paper.
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(c) Brain MRI
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Figure 3: Case studies: (a) A normal posteroanterior chest radiograph of a patient with no visible signs of injury, showing letters
that indicate left or right. (b) A malignant melanoma dermoscopic image from ISIC dataset, featuring dark corners and areas of
intense brightness. (c) A cross-sectional T1-weighted MRI of a healthy human brain. (d) A fetal ultrasound image displaying
the head of the fetus, where the text “BDP” refers to the head diameter, and “GA” indicates gestational age. The images (a), (c)

and (d) are sourced from Wikimedia, and (b) from ISIC.

which have different effects on diagnostic labels - in particular, the
“no finding” label is known to often be associated with follow-up
images of patients [124]. Performance disparities between racial
groups favoring white individuals have been noted [166]. ML can
infer protected attributes like race, despite this being a challenging
task for human experts [51]. Recent research [53] suggests that fine-
tuning on specialized datasets alone cannot reduce the influence of
these protected attributes.

Case study 2: skin lesions. In recent years there has been sig-
nificant growth in ML for dermatology [121], including tasks such
as classification [133], segmentation [117], and lesion localization
[110]. This surge may be largely explained by the availability of
public datasets, such as Fitzpatrick17k [60], PAD-UFES-20 [134],
and HIBA [152] - as well as the International Skin Imaging Col-
laboration (ISIC) [77], which aggregates over 490K images from
datasets such as HAM10000 [177] and BCN 20000 [67].

Despite the progress, the under-representation of demographic
groups in these datasets limits the generalizability of ML [26]. Skin
lesions manifest differently across populations, influenced by fac-
tors like skin tone, genetic background, age and UV light exposure
[187]. Nonetheless, most public datasets are limited in terms of
geographic and skin tone diversity, with a predominance of lighter-
skinned patients (Fitzpatrick I to III) [59, 186], potentially resulting
in models that underperform for under-represented groups. For
example, melanoma - the deadliest type of skin cancer - is much
more prevalent in lighter-skinned individuals but can also affect
those with darker skin tones, who might then be misdiagnosed
[58].

Recent efforts to diversify skin lesion datasets, such as the inclu-
sion of PAD-UFES-20 [134] and HIBA [152] in ISIC, have improved
the representation of Latin American individuals, a region that was
previously under-represented. However, there is still a strong lack
of representation in terms of diversity of skin tone. Addressing
these disparities is a global challenge that requires a collaborative
effort from the research community, drawing on diverse perspec-
tives and contributions from different backgrounds and regions
worldwide.

Case study 3: fetal ultrasound. Ultrasound is the fundamen-
tal imaging modality for antenatal care. The acquisition process
consists of a physical examination with an ultrasound probe look-
ing for specific 2D slices called standard planes. Several sources of
variation affect the image quality, such as the maternal body mass
index (BMI) or the experience of the sonographer acquiring the
scan. Another important factor is the ethnicity, which is associated
with variations in the normal fetal growth according to several
multi-ethnic studies [33, 128, 170].

The few available datasets are the Fetal Planes DB [13] and data
from the HC18 [180], FH-PS-AOP [79], and ACOUSLIC-AI [159]
challenges, with none, to date, providing demographic informa-
tion. More diverse datasets with detailed demographics, including
BMI and ethnicity, image quality information, and expertise of the
clinicians, are needed to develop fairer models and improve pre-
natal screening. This is true for low-, middle- and high-resource
countries. In low and middle-income resource settings with poorer
image quality due to portable devices this is crucial to reduce mater-
nal complications and fetal mortality [189]. A recent Danish study
[116] shows that across demographic subgroups, deep learning
algorithms improve birth weight estimates from fetal ultrasound
compared to clinical standard measurements extracted from those
same ultrasound images — potentially because the clinical stan-
dard measurements are unable to use additional image content to
make up for suboptimal ultrasound planes. Future studies should
therefore look with care at how both image quality and study de-
sign affect performance across groups — for both ML and more
traditional predictive approaches.

Case study 4: neuroimaging. MRI is the third most commonly
performed imaging modality after CT and X-rays. Its superior soft
tissue contrast enables detailed visualization of brain anatomy,
making it ideal for detecting abnormalities, and most public MRI
datasets for ML research focus on the brain [32]. Key application
areas for brain MRI and notable datasets, include neurodegener-
ative diseases (OASIS [92, 94, 111, 112]), brain cancer (BraTS [5],
LUMIERE [173], Ocana [127], and TCGA-GBM [161]), and stroke,
(ISLES 2022 [66], ATLAS v2.0 [102], among others).

The conversion from the standard clinical imaging format, DI-
COM, to NIfTT or other formats is complex and error-prone [100]
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and depends on how different formats implement DICOM standards.
Moreover, many public neuroimaging datasets undergo extensive
preprocessing prior to release, often to standarize datasets for open
challenges, and ensure that model evaluations focus on algorithm
performance rather than the effects of preprocessing. These fac-
tors may explain why the neuroimaging community —unlike other
disciplines— has made progress in advancing data-sharing prac-
tices by adopting standards and tools like BIDS [56], DataLad [63],
NITRC.org [90] and OpenNeuro [113].

Demographic reporting in brain MRI is generally poor. For ex-
ample, in US studies from 2010 to 2020, 77% report sex, but only 10%
and 4% report race and ethnicity, respectively [172]. Studies show
performance disparities in models by sex and race, with black fe-
males being most affected [31, 75]. Recent efforts to diversify brain
MRI datasets include the addition of children (BraTS-PEDS [88])
and Sub-Saharan African populations (BraTS-Africa [2]). Future
work should focus on preserving raw data authenticity, enhancing
diversity, and more complete metadata.

6 INSIDE A DATASET: SHORTCUTS

Relevance to the living review. We suggest documenting
and annotating new evidence related to errors or shortcuts
in existing datasets.

Different terminology in the literature refers to shortcuts: con-
founders, spurious correlations, hidden stratification, etc. Shortcuts
are decision rules that perform well on benchmark data but fail
to transfer to challenging test cases, often with out-of-distribution
data [50]. When shortcuts fail, they result in biases and misdiag-
nosis, for example chest pain in women as anxiety or heart burn
[179], misconception that Black patients have high pain threshold
[68], or delayed referrals for minority patients who may be judged
as malingering or drug seeking [62]. Many shortcuts in medical
imaging have been shown, often when the ML model memorizes
irrelevant clinical characteristics, like the hospital where the pa-
tient was scanned [23]. Hence, when the shortcut is missing, the
model performance drops. For example, the model can rely on prox-
ies, such as chest drains for pneumothorax [81, 125], radiographic
markers containing scanning locations for pneumonia (especially
in the intensive care unit, where the prevalence of pneumonia is
high) [199], dark corners or rulers for skin lesions [10], or patient
positioning for COVID-19 [29].

As we develop more novel datasets and dataset derivatives such
as masks, embeddings and foundation models that extract features
from multiple datasets, feature visualizations have demonstrated
that the embeddings show clear separation of sex and risk groups,
showing that these models also encode these characteristics [53]
and lead to bias. It is important to note that these may be challenging
to evaluate because of the complexity of “model as a dataset” where
the original dataset may not be available for inspection, making
it difficult to know whether the shortcut learning occurs due to
the data, the bias of the model, or bias introduced by a fine-tuning
dataset. It is therefore imperative to interpret the model outputs
carefully and audit the false positives and false negatives using
domain expertise.
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Taxonomy of shortcuts. Shortcuts can arise from spurious cor-
relations (e.g. noise patterns or differences in intensity distributions
across various scanners), demographic attributes, and their interac-
tions. The Medical Imaging Contextualized Confounder Taxonomy
(MICCAT) [84] (see Fig. A1) helps identify the shortcuts’ origin
and mitigation strategies. MICCAT extends beyond traditional de-
mographic attributes to include a broader set of confounders that
are domain- and context-specific confounders at both patient and
environment levels.

Patient-level confounders include demographic attributes (sex/gen-
der [1, 96], age [1], and race/ethnicity [51]) and anatomical factors
related to organs or conditions (BMI, tissue/breast/bone density).
While demographic factors are standard in bias analysis, anatomi-
cal variations may form subgroups where models underperform,
and their identification often requires analysis beyond standard
demographic characteristics [184].

Environment-level confounders include external and imaging
confounders. External confounders involve visible elements like
chest drains [81, 125], pen marks [191], patient positioning [29], or
text overlays [104], creating localized artifacts. In contrast, imaging
confounders result from the imaging process (acquisition devices
or parameters, noise, or motion artifacts), leading to global artifacts
that may be imperceptible to the human eye. Systematic variations
in exposure setting for chest X-rays [95] or different characteristics
of imaging equipment across centers [23] can introduce shortcuts,
causing models to rely on acquisition-specific factors rather than
genuine clinical factors.

Documenting what type of shortcut (patient or environment,
external or internal) a dataset has in our living review would enable
researchers to learn across applications. For example, researchers
working on skin lesions could identify and learn from relevant
studies and experiments from ophthalmology, even if these studies
would not be findable with traditional search strategies.

7 DATA LIFECYCLE

Relevance to the living review. Our framework incen-
tivizes researchers to adopt better dataset management prac-
tices. We recommend using persistent identifiers and storing,
and versioning of datasets for reproducibility, and licensing
and proper tracking for author attribution.

Effective research data management is crucial for reproducibility,
re-usability, and efficiency. The data lifecycle consists not only of
data acquisition and analysis, but rather of data acquisition (see
Section 3), data organization and standardization, data and meta-
data annotation (see Section 4), data management and tracking
during analysis, and ultimately, data maintenance. A comprehen-
sive overview, with an example from neuroimaging, is provided in
[122].

Data standards. Since research, and especially medical research
data, is often collected for one purpose, but then reused for another,
data standardization is crucial to enhance re-usability. Converting
to established data standards directly after acquisition makes it
easier to ensure transparency and provenance of the data. Part of
standardizing the data is also often to add metadata and perform ad-
ditional annotations. Here proper documentation of where/how the
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metadata and annotations were acquired are important to ensure
the usefulness of the additional data.

Data standardization is not always easily achieved and very
application dependent (see also Section 5). One example, the Brain
Imaging Data Structure (BIDS) [141] exemplifies the role of data
standards in neuroimaging research. By providing a consistent
framework for organizing and describing datasets, BIDS has enabled
large scale data sharing, reproducibility, and collaboration across
the scientific neuroimaging community, facilitating development of
interoperable tools and workflows [55], streamlining data analysis
and reducing errors. This serves as an example for developing data
standards for other medical imaging applications.

Sharing data via data repositories. Sharing data with the
community is crucial for ensuring reproducibility, maximizing the
scientific insights derived from the same set of participants, em-
powering researchers to reuse data, develop innovative analytical
methods, refine scientific hypotheses, and conduct large-scale meta-
analyses. Hosting services play a crucial role in advancing research
and the development of ML models. Examples include repositories
where researchers can access and share data (PhysioNet [54], Zen-
odo [36], OpenNeuro [113]) and host benchmarking competitions
(Grand Challenge [16], Kaggle [85], HuggingFace [72]). Several of
these are referred to as Community Contributed Platforms (CCPs).

Whenever a dataset is updated or changed, it should be versioned
and the changes documented. While this functionality is available
on some open data sharing platforms, it is not widely adopted. For
example, HuggingFace provides a way to track the history of files
and versions on their website, but does not explicitly version their
datasets. Moreover, the issue of dataset version tracking is even
more critical with copies of datasets on CCPs, where documentation,
including pre-processing steps, is frequently lacking [80].

Finally, open source tools for decentralized data sharing and
processing, such as DataLad [64], facilitate data management and
analysis tracking, and cost less than industry-standard solutions.
Data maintenance costs can be optimized by considering dataset
use. In neuroimaging for example, only a small percentage (<10%)
of datasets in large repositories are accessed after two years [139],
thus rarely accessed data could be archived, i.e., stored in “cold” /
low-cost storage, reducing the data maintenance costs.

Licensing. A concern for medical imaging datasets distributed
on open repositories is their appropriateness for reuse. This has been
partly addressed by the FAIR (Findable, Accessible, Interoperable,
Reusable) principles, a data stewardship model for scientific data
management and governance [190]. Nevertheless, compliance with
FAIR is a complex process that requires a series of activities which
are dependent on expertise and oversight of the researchers dis-
tributing the datasets, e.g., metadata release and licensing [80, 194].

A license is a standardized statement that specifies the permissi-
ble uses of the data and the associated constraints for the end user,
with the most prevalent being the Creative Commons (CC) licens-
ing suite. CC licenses allow specifying requirements for how to
cite their attribution, as well as the conditions for the dataset reuse
and potential re-sharing options for derivatives. Yet, there is still a
lack of appropriate licenses for popular datasets [80, 107]. Possible
reasons include the legal expertise of the dataset creators, the lack
of auditing from the CCPs once the datasets are distributed, and the
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complexity of data protection laws, which often lead to confusion
on how to license anonymized datasets which have already been
approved in an initial release phase.

It is important to emphasize that adhering to the FAIR principles
does not require fully releasing the data under open licenses - the
data should be “as open as possible, as closed as necessary”. Sensitive
data can be shared under a Data Use Agreement (DUA), provided
clear and precise guidelines are established for compliance with
the DUA. As a step forward, conferences could offer workshops on
data protection and licensing.

Tracking of dataset use. Tracking the use of datasets through-
out publications and experiments is important for several rea-
sons: giving credit to dataset providers and annotators, identifying
changes to datasets due to errors or ethical concerns [138], and
ensuring fair comparisons of new methods. Without proper track-
ing, it becomes extremely difficult to identify which methods are
impacted by dataset-related issues.

Sources like PubMed, open citation tools like OpenAlex [142] or
Semantic scholar [42], and platforms like Papers with Code help
track dataset use through citations and benchmark results. However,
citation practices often fail to fully capture dataset use, as datasets
are sometimes cited via URLs or footnotes [65, 171]. Some authors
neglect citation altogether, and some datasets lack clear citation
instructions [80]. Journals and conferences can improve citation
tracking by requiring a “Data availability” section, a practice already
adopted by some. Finally, current citation practices lack sufficient
context to confirm that a dataset is actually used in the experiment,
and not just cited as an example. Modifying the citation graph to
be more fine-grained, as proposed in [12] and in our living review,
would provide more context about dataset use.

8 DISCUSSION AND CONCLUSIONS

We have comprehensively explored various factors that shape a
medical imaging dataset, from translating the clinical problem into
an ML problem to key considerations for creating high-quality
datasets. These considerations include defining the ground truth,
determining the necessary amount of data, and detailing the annota-
tion process. We also examined the contents of datasets throughout
four case studies, highlighting context-specific clinical factors, and
describing a taxonomy of shortcuts. Furthermore, we discussed
scientific data management and stewardship for the data lifecycle.
Our living review addresses these challenges by proposing a
structure that encourages collaboration, better dataset documenta-
tion and citation practices, and regular updates on new evidence.
Through a living review process, we facilitate reflection on de-
cisions made throughout the dataset creation process, ensuring
thorough documentation of annotation guidelines and annotations.
The review promotes collaboration to extend open datasets through
the addition of new annotations, and emphasizes the importance
of including the study design and patient demographics. Our pro-
posal considers persistent identifiers, dataset versioning, licensing,
and ensuring proper citation standards, supporting researchers in
adopting best practices for dataset management and accessibility.
We acknowledge several limitations of our proposed living re-
view, including covering all areas of medical imaging, the effort
for ongoing maintenance, and the challenge of ensuring awareness
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among all researchers. While we emphasize the importance of pa-
tient metadata, like demographics (see Section 5), we do not explore
data privacy in detail.

Learning from other communities. A medical imaging dataset
is often a proxy for the actual healthcare problem and can lead to in-
accurate diagnoses, but this is often not documented in the datasets
or trained models, necessitating a living review of datasets as we
propose. It is also clear that medical imaging can benefit signif-
icantly from other communities, for example clinical prediction
research and epidemiology.

Data sharing in clinical prediction research can be improved. A
recent review in ML for oncology reported that only 2 out of 46 stud-
ies shared their data [22], and data availability statements (reported
in 76% of cases) often stated that data was available on request.
However, this practice is frequently done merely to meet editorial
requirements, rather than to provide easy access to data [156, 160],
despite the introduction of the FAIR principles (see Section 7).

Algorithmic fairness was recently incorporated in the updated
TRIPOD+AI statement, which provides guidance for reporting clin-
ical prediction studies [21]. Researchers publishing clinical predic-
tion models are specifically asked to report any methods used to
assess and address model fairness. The reporting of open science
practices (e.g., accessible study protocols, study registration, data
and code sharing) is also included as a new focus in the updated
statement.

Systematic reviews of clinical prediction studies often use the
PROBAST checklist to assess bias risks and model applicability
[118]. One fundamental point relevant to medical imaging is about
appropriate inclusion and exclusion of participants. For example,
including images of participants who already progressed to a severe
disease state and would never be assessed with ML, might reduce
generalizability of the model. This could explain why clinical pre-
diction models are abundant in the literature, but much rarer in the
healthcare sector [182].

Another question in PROBAST is whether predictors/images
were similarly assessed for all participants - if not, shortcuts (see
Section 6) can occur. Shortcuts are similar to confounding in epi-
demiology, where, for example, sex is associated with both access to
treatment and disease prevalence. Developing a simple benchmark
including only metadata could provide useful information on the
magnitude of the images’ additional predictive value. Confounding
can also be dealt with stratification, but this can lead to smaller and
smaller datasets, which is an issue given the already low sample
sizes in prediction research [30]. While a list of potential shortcuts
in the dataset documentation is helpful, it cannot replace domain
expertise. However, in a survey of ML for (non-image) medical
data, 35% of the studies did not have any authors with a medical
affiliation [34], and one could speculate that it is even lower at ML
conferences.

More generally in healthcare, the STANDING (STANdards for
data Diversity, INclusivity and Generalizability) Together initiative
[46], involving many clinicians, aims to reduce ML health inequali-
ties by providing recommendations to increase transparency and
generalizability of datasets. Consensus recommendations were de-
veloped in two parts by an international multidisciplinary team
[4]: (1) guidance on how dataset creators should document their
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datasets, emphasizing transparency about the dataset’s origin, com-
position, limitations, and potential biases, and (2) how data users
can best utilize these datasets to minimize potential harm and en-
sure equitable performance across different population groups.

To conclude, the value of interdisciplinary collaborations and
sharing best research practices across disciplines is crucial to de-
velop clinically relevant applications that high quality datasets
provide the basis for.

Future outlook. One of the core problems surrounding datasets
are the current incentives that are rewarded and optimized for in
ML. While we have a proposal for how to incentivize and maintain
our living review, it will not fix all the problems since they require
changes across many research fields.

Although more data-centric initiatives, such as the Datasets and
Benchmarks Track at NeurIPS, are emerging, it is clear that more
attention to data work is needed. Perhaps in this context it is worth
mentioning that despite the importance of the topic and a diverse
group of researchers, our own workshop proposal was initially
rejected by two different venues. However, given recent progress,
we remain hopeful data work will be more addressed and better
acknowledged in the future, and we are in the process of applying
for funding for related research and networking events, to ensure
the continuity of this work.

Looking ahead, established peer-review processes in conferences
could be adapted to support the publication and recognition of data
artifacts, assigning them DOIs similar to standard papers. Confer-
ences like Medical Imaging with Deep Learning (MIDL)? could in-
vite data artifacts as papers for a special track, similar to the Datasets
and Benchmarks track at NeurIPS. However, a more scalable ap-
proach would involve multiple conferences adopting a “rolling” re-
view style, as has been adopted in the natural language processing
community [150]. Another interesting option would be for con-
ferences to invite collaborative contributions to selected datasets,
similar to medical imaging competitions like those hosted at the
International Conference on Medical Image Computing and Com-
puter Assisted Interventions (MICCAI)®. In the existing scenario,
the organizers select a dataset, competition participants develop
algorithms, and after benchmarking, both organizers and many
participants typically co-author a paper about the results. Contribu-
tions to a datasheet would, of course, not be trivial to “benchmark”;
however, there would not need to be a “winner-takes-all” mentality.
If different teams highlight different aspects of the datasets, their
contributions could simply be combined.

With our work, we want to promote a cultural shift toward the re-
sponsible use of high quality datasets, created through collaboration
with relevant stakeholders or clinical experts. We therefore invite
everyone involved in and affected by healthcare ML to contribute
to our living review and other dataset efforts.

ETHICAL CONSIDERATIONS STATEMENT

We propose a living review framework to connect publicly available
medical imaging datasets with associated research artifacts for the
research community. Our proposal is based on publicly available

Zhttps://2025.midl.io/
3https://conferences.miccai.org/2025/en/challenges.asp
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data, and no additional private or sensitive data were collected. Re-
searchers who want to contribute with new evidence to update our
database should make sure that their annotation or documentation
metadata is compliant with the General Data Protection Regula-
tion (GDPR) in the European Union (EU), the EU Al Act, and other
relevant national and international legislation governing data pri-
vacy. We briefly discuss considerations about the trade-off between
metadata and patient privacy in Section 3, and considerations about
FAIR principles and licensing in Section 7.

ADVERSE IMPACT STATEMENT

The goal of our living review framework is to benefit the research
community by improving the usability and accountability of pub-
licly available medical imaging datasets. By providing insights into
annotations, errors, and additional findings, our framework helps
reduce the risk of misinterpretation or reliance on flawed data.
However, without proper stewardship, moderation and ongoing
maintenance, there is a risk that insufficiently validated datasets or
artifact could be included. It is important to note that our proposal
is a data/literature exploration tool for researchers, and should not
directly be used for clinical decisions.
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A SHORTCUTS

Machine learning models are prone to rely on spurious correlations
to make predictions, which are usually easier to detect than the
genuine disease patterns, as explained in Section 6. Such shortcuts
can be well-localized objects in the image — e.g., mechanical ventila-
tion tubes or pacemakers, which are often present in patients with
certain diseases— or more global ones, like specific noise patterns
or intensity distributions associated to a certain acquisition setting
or device brand. Demographic attributes like sex/gender, age or
ethnicity can also lead to shortcut learning, disproportionately im-
pacting historically underserved subgroups [7], especially when
datasets are highly imbalanced. To categorize the different types
of shortcuts, we adopt the Medical Imaging Contextualized Con-
founder Taxonomy (MICCAT) [84], see Fig. A1, which we believe
can be useful to understand how spurious correlations arise and how
they can be mitigated. MICCAT extends beyond traditional demo-
graphic attributes, such as sex/gender, age, and ethnicity, to include
a broader set of confounders that are domain- and context-specific.
These confounders encompass patient-level and environment-level
factors.

Patient-level confounders include both demographic attributes
and anatomical confounders. Demographic attributes, such as gen-
der [1, 96], age [1], and ethnicity [51], represent standard factors
typically considered in bias analysis. Anatomical confounders, on
the other hand, refer to physical or disease-related characteristics
specific to organs or conditions. Examples include body mass index,
tissue density, breast density, and bone density, as well as combi-
nations of these factors. Such anatomical variations may define
subgroups where models underperform, and their identification of-
ten requires analysis beyond standard demographic characteristics
[184].

Environment-level confounders include both external and imag-
ing confounders. External confounders arise from physical or vir-
tual elements within the image, such as chest drains [81, 125], pen
marks near skin lesions [191], patient positioning [29], or text and
measurement calipers [104]. These elements typically produce lo-
calized artifacts visible to the human eye. In contrast, imaging con-
founders result from variations in the imaging process, including
differences in equipment brands, scanner types, acquisition param-
eters, noise, or motion artifacts. Such confounders generally create
global artifacts that affect the entire image and may not be percep-
tible to the human eye. Systematic differences, such as variations in
exposure settings for chest X-rays [95] or distinctive characteristics
of imaging devices used across different medical centers [23], can
unintentionally introduce shortcuts for machine learning models.
Rather than learning clinically relevant features, models may in-
stead rely on these acquisition-specific factors, which are associated
with disease labels but do not represent true underlying medical
conditions [131].

B CLINICAL CASE STUDIES

We present four case studies, illustrated in Fig. 3, with key points
highlighted in Table C4.
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Figure A1: MICCAT: Medical Imaging Contextualized Con-
founder Taxonomy. Reproduced from [84] with permission
of the authors.

Case study 1: chest X-rays. Chest X-rays are the most com-
monly performed radiologic examinations worldwide [178], requir-
ing significant expertise for accurate and meaningful interpreta-
tion [181]. The advent of artificial intelligence is a game changer for
automatic chest X-ray diagnosis, marked by the release of the large-
scale NIH-CXR14 dataset [185]. This milestone spurred a wave of
studies, including claims of machine learning models achieving
radiologist-level performance, exemplified by CheXNet’s pneumo-
nia detection model [146]. However, these claims that have been
criticized for relying on shortcuts, such as the use of chest drains
for pneumothorax classification [81, 125], and for demonstrating
low inter-rater agreement for pathologies like pneumonia [25]. The
latter may be attributed to the fact that pneumonia is a differential
diagnosis requiring clinical information — laboratory tests, physi-
cal examinations, symptoms and signs, etc. — that extends beyond
chest X-ray images [14]. Subsequently, additional datasets such as
CheXpert [76], MIMIC-CXR [82], and PadChest [14] have become
widely used in the research community.

With the primary purpose of diagnosing and/or monitoring treat-
ment of various pathologies, those chest X-ray dataset often include
associated demographic information such as age, gender/sex, and
race/ethnicity, which enables further analysis of potential dispari-
ties and biases in automatic chest X-ray diagnosis. Among these key
demographic attributes, age and sex/gender are commonly included
in most datasets, whereas race/ethnicity is available in only a few,
such as MIMIC-CXR and CheXpert [136].

Chest X-ray datasets are generally skewed toward older pop-
ulations, with PadChest’s median age at 62, and MIMIC-CXR’s
largest group aged 60-80 [200]. Studies have shown that age can
be predicted from chest X-rays [74], raising concerns about unin-
tended information leakage favoring well-represented age groups.
Widely used chest X-ray datasets show no significant gender distri-
bution imbalance (e.g., NTH-CXR14: {M:56.5%, F:43.5%}, CheXpert:
{M:58.7%, F:41.3%}). However, performance disparities between male
and female groups in disease classifiers persist [96, 166, 167], with
unclear causes. Balancing the data has proven ineffective. Studies
have ruled out hypothesis like under-representation [96], physio-
logical differences (e.g., the presence of breasts) [188] and shortcut
learning (e.g., support devices like chest drains [81, 125, 130]).

Race and ethnicity are important demographic attributes, but are
rarely included in chest X-ray datasets. Among 23 reviewed datasets
[136], only MIMIC-CXR and CheXpert report self-reported race,
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with predominantly white populations accounting for 60.7% and
56.4% of samples, respectively. Performance disparities between
racial groups favoring white individuals have been noted [166].
Studies show deep learning can infer protected attributes like race
from chest X-rays, despite this being a challenging task for human
experts [51]. This raises critical concerns about the potential use of
protected features in the decision-making process, which could lead
to unfair biases. Recent research [53] suggests that transfer learning
alone cannot confirm the influence of protected attributes; instead
combining methods like test-set resampling, multitask learning,
and model inspection provides offer better insights within neural
network feature representations.

Case study 2: Skin lesions. Over the past few years, the use
of computer vision algorithms in dermatology has experienced
significant growth [121]. This surge may be largely explained by
the availability of publicly accessible skin lesion datasets — such as
Fitzpatrick17k [60], PAD-UFES-20 [134], and HIBA [152] - as well
as the International Skin Imaging Collaboration (ISIC) —, which
aggregates different datasets such as HAM10000 [177] and BCN
20000 [67], in an archive — the ISIC Archive?) that contains more
than 490K skin lesion images. Dermoscopy and clinical photography
are common imaging modalities in the development of ML models
that address tasks such as classification [133], segmentation [117],
and lesion localization [110].

Despite the progress made in the field, the under-representation
of demographic groups in skin lesion datasets limits the general-
izability of ML models [26]. Skin lesions may manifest differently
across populations, influenced by factors like skin tone, genetic
background, age and UV light exposure [187]. Nonetheless, most
publicly available datasets are limited in terms of geographic and
skin tone diversity, predominantly featuring of patients with Fitz-
patrick skin types I to IIT [59, 186]. This lack of diversity may lead
to biased models that underperform for under-represented groups.
For example, melanoma — the deadliest skin cancer - is much more
prevalent in fair-skinned individuals but can also occur in those
with darker skin tones, which may be misdiagnosed due to the
limited representation in training data [58].

Recent efforts to diversify skin lesion datasets, such as the in-
clusion of PAD-UFES-20 [134] and HIBA [152] datasets in the ISIC
archive, have improved the representation of Latin American in-
dividuals. A region that was previously under-represented in the
ISIC archive. However, there is still a strong lack of representation
in terms of diversity of skin tone. In this context, addressing these
disparities is a global challenge that requires a collaborative effort
from the research community, drawing on diverse perspectives and
contributions from different backgrounds and regions worldwide.
Such initiatives are important to enhance fairness and promote
equitable AI solutions for skin lesion analysis, working toward
technologies that better serve patients across diverse demographic
groups.

Case study 3: fetal ultrasound. Ultrasound is the fundamen-
tal imaging modality for antenatal care. The acquisition process
consists of a physical examination with an ultrasound probe of
the pregnant woman’s womb looking for specific two-dimensional
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slices, called standard planes. After the location of one of these
planes, the clinical expert often performs a series of annotations on
the image to extract measurements of several structures of interest
like the fetal head, femur, heart or abdomen, the placenta or the
maternal cervix, among others, that are essential for the assessment
of the pregnancy prognosis and the fetal well-being and growth.
Several sources of variation might affect the image quality, such
as the maternal body mass index (BMI) or the experience of the
sonographer acquiring the scan. Maternal obesity, in particular, re-
sults in a higher difficulty to complete a full survey and a decreased
visualization of fetal anatomies, being the face and the heart the
most difficult anatomies to observe [28, 176]. One would expect
detection accuracy disparities across varying BMI values, which
could result in unfair predictions if not accounted for.

Another important factor is the ethnicity, which is associated
with variations in the normal fetal growth according to several
multi-ethnic studies [33, 128, 170]. Thus, growth charts based on
image biomarkers, such as the head circumference or the femur
length, need to be adapted to the local population.

With all this evidence, ML models trained with one cohort will
inevitable exhibit biases toward a specific population subgroup, em-
phasizing the importance of multi-cohort and multi-variate analysis.
Unfortunately, few or no evidence is reported on the effect of these
biases for ML models. One of the reasons might be the scarcity of ex-
isting open fetal ultrasound datasets, with none, to date, providing
demographic information. The few available datasets are the Fetal
Planes DB [13] and data from the HC18 [180], FH-PS-AOP [79], and
ACOUSLIC-AI [159] challenges. Overall, the analysis of fetal ultra-
sound imaging is either conducted by teams with access to their
own local cohort or constrained to the few existing open datasets
and tasks, making the multi-cohort analysis very difficult. Hence,
there is a strong need for more diverse datasets with detailed demo-
graphic information, including BMI and ethnicity, to develop fair
and unbiased models. Among others applications, this could allow
for the implementation of robust ML-based tools in low-resource
settings through portable devices to facilitate prenatal screening
and try to reduce the pressing challenge of fetal mortality in low-
and middle-income countries.

Case study 4: brain MRI. MRI is the third most commonly
performed imaging modality after CT and X-rays. Its superior soft
tissue contrast enables detailed visualization of brain anatomy,
making it significantly more sensitive and specific for detecting
abnormalities within the brain. This capability explains why most
public MRI datasets available for Al research focus on the brain
[32]. Key application areas for brain MRI and Al, along with some
of the most notable datasets, include neurodegenerative diseases,
represented by the OASIS Brains project datasets for Alzheimer’s
disease [92, 94, 111, 112]; brain cancer, with datasets like the BraTS
Challenge [5], LUMIERE [173], Ocana [127], RHUH-GBM [15], and
TCGA-GBM [161]; and stroke, with ISLES 2022 [66], ATLAS v2.0
[102], among others. The neuroimaging community has made sig-
nificant progress in advancing data-sharing practices by adopting
standards like BIDS [56] and employing tools like DataLad [63]
for versioning and tracking. Representative platforms for hosting
neuroimaging datasets include NITRC.org [90] and OpenNeuro
[113], with the latter adhering to the BIDS standard and hosting
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over 700 brain MRI datasets, as identified through our web scraping
analysis. Additionally, tools for converting legacy datasets to these
formats are actively being developed [155].

The conversion from the standard clinical imaging format, DI-
COM, to NIfTI or other formats is complex and error-prone [100]
and depends on how different formats implement DICOM stan-
dards. Several practical considerations drive the conversion. From a
data science perspective, the DICOM standard’s slice-wise storage
of imaging volumes is less efficient for processing compared to vol-
umetric formats like NIfTI. Moreover, most data science tools and
libraries lack robust support for direct manipulation of DICOM files,
favoring instead the use of formats designed for streamlined compu-
tational workflows. While these conversions simplify data process-
ing pipelines, they often lead to an under-appreciation of the exten-
sive clinical metadata embedded in DICOM files. This metadata is
crucial because it captures details such as field strength, acquisition
parameters, and vendor-specific variations—factors known to signif-
icantly influence the generalizability of deep learning models. Stud-
ies have demonstrated that neglecting these elements can reduce
model robustness across different imaging settings [89, 93, 193],
which is also reflected in the high interest in the field of domain
adaptation for medical imaging applications [37, 61].

Many publicly available neuroimaging datasets undergo exten-
sive preprocessing prior to release. Often they are standardized for
open challenges, ensuring model evaluations focus on algorithm
performance rather than preprocessing effects. While this approach
has facilitated the comparison of methods within open challenges,
it has also contributed to a disconnect between these standardized
datasets and the complexities of real-world clinical data. This discon-
nect may inadvertently hinder technological advancements aimed
at improving preprocessing techniques themselves. Skull stripping,
also referred to as brain extraction, is a preprocessing step specific
to neuroimaging that involves removing the skull and extracranial
structures. It is particularly useful in tasks where these structures
might lead to false-positive detections or over-segmentation. Addi-
tionally, skull stripping is often employed as a privacy mechanism,
especially in structural MRI, to eliminate facial features. However,
if performed improperly, it can result in the unintended removal of
brain tissue, posing significant challenges in neuroimaging tasks
where lesions are located near the brain’s periphery, such as menin-
giomas. Intensity normalization, while commonly used to address
the non-quantitative nature of MRI, is among the most destructive
preprocessing steps, as the original intensity values cannot be recov-
ered post-normalization. This irreversible transformation can limit
the utility of datasets for certain applications. Examples of datasets
shared with minimal preprocessing are the ISLES 2022 dataset [66],
which was provided in nearly raw form, with skull stripping per-
formed solely for anonymization purposes and data shared in NIfTI
format, and the ISLES 2024 dataset, which was shared in NIfTY
format as well as anonymized DICOMS. Such datasets offer valu-
able opportunities to study and address the challenges associated
with preprocessing in a more authentic representation of real-world
data.

Finally, reporting of demographics in brain MRI is generally very
poor. For example, [172] analyzed demographic reporting in MR
neuroimaging studies in the US over the past decade and found
that biological sex was reported in 77% of studies, while race and
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ethnicity were reported in only 10% and 4%, respectively. Recent
efforts have assessed the impact of demographic factors on model
performance. In [31], disparities were found in brain age prediction
models across sex subgroups and datasets. Similarly, [75] found
race bias was more pronounced than sex bias on CNN-based MR
segmentation, with Black females being the most affected subgroup.

In conclusion, MRI remains a cornerstone imaging modality
for neuroimaging research, driven by its unparalleled ability to
visualize brain anatomy with high sensitivity and specificity. The
wealth of publicly available brain MRI datasets has enabled sig-
nificant advances in Al applications, but these datasets are often
limited by extensive preprocessing and a lack of inclusion of key
demographic information. Preprocessing steps, while facilitating
standardized comparisons in open challenges, can obscure the chal-
lenges inherent in real-world data and hinder progress in improving
preprocessing pipelines themselves. Additionally, the underutiliza-
tion of rich metadata in DICOM files and the complexities of format
conversions further highlight the need for tools and practices that
bridge the gap between clinical imaging and Al research. Efforts
to address demographic disparities in neuroimaging datasets are
beginning to emerge, as seen in recent efforts like the addition of
children (BraTS-PEDS [88]) and Sub-Saharan African populations
(BraTS-Africa [2]) to BraTS. Moving forward, the neuroimaging
community must prioritize practices that maintain the authenticity
of raw imaging data, incorporate diverse populations, and lever-
age metadata more effectively to maximize the potential of Al in
medical imaging.
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Figure C1: A screenshot of our demo living review. We high-
light the relations for NTH-CXR 14 dataset.

C LIVING REVIEW

In Section 2, we propose a proof of concept for the faliving review
to keep track of medical imaging datasets and their related research
artifacts. The resources that we consider as research artifacts are
broadly classified into two categories, see Table C1:

e resource roles: describe the purpose the artifact serves in
the research process, generally categorized into material or
method, and

e resource types: describe the format or content of the artifact,
regardless or its role.

We map the relation between the datasets and the research artifacts
with the citation function (use, produce, extend, introduce, other),
see Table C2. We show research artifacts and their citation function
for CheXpert dataset in Table C3.
Our living review consists of three parts, as illustrated in Fig. 2:
(1) an overarching living review publication,
(2) documentation of research artifacts via dataset-specific pub-
lications on Zenodo, which the overarching paper links to,
(3) a SQL database for exploring the links between the datasets
and the research artifacts.
Our demo is available at http://inthepicture.itu.dk/, and a screen-
shot is shown in Fig. C1.

Technical details. We collect datasets, papers, and their rela-
tions into a SQL database. We visualize the database with DBeaver
as shown in Fig. C2. The database comprise of three tables: one for
datasets, another for papers, and a third one for datasets usages.
The datasets table includes details such as the dataset ID, name and
modality of the dataset. The papers table contains information on
the ID, BibTeX key name, DOI, and arXiv link. The datasets usages
table stores the ID, paper_ID, dataset_ID, annotations, shortcuts,
and the taxonomy to which the confounder belongs. Example of an-
notations include chest drains, segmentation masks, and bounding
boxes. Example of shortcuts include dark corners and demographic

Jiménez-Sanchez, et al.

attributes. Our demo is built with PostgreSQL, Python, Streamlit
and the st_link_analysis package.

Resource Resource type Description
role
Material Dataset corpus, image sets, etc.
Additional labels segmentation masks, de-
mographic information, re-
port of errors, etc.
Shortcuts resource finds evidence of
errors in the annotations
or shortcuts in the dataset.
Method Tool toolkit, software, system,
etc.
Code codebase, library, AP, etc.
Mixed Mixed citations referring to mul-

tiple resources

Table C1: List of resource roles and resource types.

Citation Description

function

Use Used in the citing paper’s research

Produce First produced or released by the citing paper’s re-
search

Extend Used in the citing paper’s research but are improved,
upgraded, or changed to work for other problems in
the course of the research

Introduce The resources or the related information (e.g., back-
ground, applications) are introduced

Other The citation does not belong to the above categories

Table C2: List of citation functions.

Research artifact Citation Resource type Example
function

Irvin et al. [76] Produce Dataset CheXpert
dataset

Rajpurkar et al. [147] Use - -

Garbin et al. [48] Introduce Documentation Datasheet [49]
for CheXpert

Larrazabal et al. [96] Extend Shortcut Gender bias

Gaggion et al. [43] Extend Additional Segmenta-

annotation tion masks

Table C3: Example of research artifacts related to CheXpert
dataset.
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Case  Tasks and Datasets  Annotation prac- Demographics Shortcuts Data lifecycle
study tices
% T: Classification of Experience radiolo- Self-reported Chest drains, hospital
x"u‘ chest X-ray diseases gists vs. automatic race/ethinicity scanner, radiographic
- NLP extraction markers
& D: NIH-CXR14, Skewed towards elder
2 CheXpert, PadChest, patients

MIMIC-CXR
% T: Classification, seg- Skin type, genetic Dark corners, hair,
8 mentation and lesion background patches, rulers, ink
= localization. marking/staining
= D: ISIC, HIBA, PAD- Recent additions of de-
& UFES-20, HAM10000, mographics with HIBA

Fitzpatrick17k

and PAD-UFES-2

T: 2D plane localiza-
tion, fetal biometrics
estimation
D: Fetal Planes DB,
HC18, ACOUSLIC-AI
FH-FS-AOP

Experience of the sono- None to date
grapher might affect

the image quality

T: Neurogenerative
diseases and stroke
detection.

4:Neuroimaging B: Fetal ultrasound

D: OASIS, LUMIERE,
BraTsS, Ocana, TCGA-
GBM, ATLAS v2.0,
ISLES 2022

Poorly reported: in US
studies  (2010-2020),
77% report sex, but
only 10% report race
and 4% ethnicity.

Recent inclusion of
children and Sub-
Saharan African

populations in BraTS

Standards (e.g. BIDS,
preprocessing, conver-
sion from DICOM to
NIfTI format)

Data sharing plat-
forms like Datalad,
NITRC.org, Open-
Neuro

Table C4: Summary highlighting various aspects of the four case studies. T: tasks; D: datasets. Note: this table is not exhaustive

but summarizes key points discussed in the manuscript.
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Figure C2: A screenshot of our SQL database in DBeaver.
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