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Abstract

Artificial intelligence (AI) is rapidly advancing across health domains, yet its inte-
gration into women’s health remains challenged, limited by under-representation
in clinical literature and datasets, inconsistent data standards, and a lack of coor-
dinated access to multimodal research-quality data resources. This research maps
the current horizon of accessible (i.e. open and accessible on request) data that
can contribute to AI development for women’s health. Main resources include
clinical data repositories, cancer registries, biobanks and published research
studies. We summarise data resources related to cancers (breast, cervical,
endometrial, and ovarian), chronic and acute health conditions (cardiovascular),
under-diagnosed conditions (endometriosis), wearable and vital sign data from
remote health monitoring, and discuss other potential resources, such as the
broader healthcare data in community care and pharmacy data. We provide a
working definition of ”women’s health”, a table centralising key accessible data
sources under the level of resources (national registry/clinical study, single/multi-
modality), and discuss key challenges and opportunities to advance AI research
and innovations in the field. To support accessibility and reuse, we also provide
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an open-access online repository of curated datasets and offer the wider com-
munity the opportunity to add to it. This paper thus offers a cornerstone for
building an equitable AI for women’s health: it can support future assessments of
data completeness, demographic diversity, clinically deployability, methodolog-
ical benchmarks, licensing, pharmacovigilance, and contributes to highlighting
the global AI research in the women’s health ecosystem.

Keywords: AI, women’s health, accessible data, open data, FAIR data, digital health,
gender bias, equity, clinical AI

Corresponding author - Emma Karoune, ekaroune@turing.ac.uk

1 Introduction

Accessing the relevant data is key to improving women’s health going forward. Indi-
viduals assigned female at birth (AFAB) and people who identify as women have been
historically excluded from clinical trials [1–3]. Despite recent efforts to redress this
asymmetry – e.g. MESSAGE policy framework in the UK [4]– the resulting gender
data gap remains abyssal [5–7]. A recent report ‘Closing the women’s health gap’ by
McKinsey estimates closing this gap could potentially boost the global economy by
$1 trillion annually by 2040. But more importantly, the report states that, although
women live longer, they spend more of their lives in poor health - ‘a woman will spend
an average of nine years in poor health, affecting her ability to be present and/or pro-
ductive at home, in the workforce and in the community, and reducing her earning
potential’.

Moreover, the practices and institutions in western medicine remain discriminatory
towards certain genders and races, in particular non-white women and transwomen.
For example, between 2021-2023 in the UK, Black women were twice more likely to die
during pregnancy and after childbirth compared to White women [8]. It is therefore
urgent to draw more attention and resources into establishing equitable health datasets
(through new data collection or by working to debias existing datasets) and ensuring
these data are accessibly archived in line with open and FAIR data best practices.

We argue that the role of open and FAIR data is key to tackling this global health
issue. We define open data as “data and content that can be freely used, modified,
and shared by anyone for any purpose” [9]. Ideally, data should be made open, how-
ever, not all data can be made open due to privacy and legal issues. Therefore, FAIR
(Findable, Accessible, Interoperable, Reusable) data [10] can also play an important
role in women’s health research. FAIR data can for example enable better understand-
ing of available research datasets and ensure sustainable (open or restricted) access
for researchers. Ensuring access to large, high-quality, open and/or FAIRly archived
datasets can in turn help redress systemic discriminations in healthcare and act as a
catalyst to advance knowledge of and boost innovation in women’s health.
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In this paper, we focus specifically on the growing interest in Artificial Intelligence
(AI) as an opportunity to advance women’s health [11], but also because the gen-
der data gap raises important ethical and technical challenges in relation to AI for
women’s health. Indeed, a recent report shows AI research and innovation could help
reduce the long-lasting and complex inequalities still present in EU healthcare today
[12]. However, there is no widely accepted consensus on what constitutes women’s
health [13, 14]. We define women’s health as any health-related consideration or expe-
rience that only or disproportionately affects AFAB individuals, girls, and women
and/or affects them differently than men (i.e. the focus of this paper), including the
way healthcare systems are providing them with or denying them care. Examples
include, but are not limited to: cardiovascular disease; gynaecological complaints and
conditions such as premenstrual symptoms (PMS), adenomyosis, and ovarian cancer;
autoimmune, neurological, or chronic inflammatory conditions such as fibromyalgia,
Alzeihmer’s disease, and endometriosis; mental health issues such as postpartum
depression or anxiety related to menopause and PMS. We acknowledge this definition
remains vague and discuss the ethical considerations associated with it in section 3.

Moreover, AI is rapidly advancing in various healthcare domains, e.g. in radiology
[12, 15], but its potential benefits for women’s health remain under-explored [16, 17].
AI has the potential to improve patients’ outcomes, accelerate drug discovery and help
predict conditions [18–20], and yet its integration into women’s health remains frag-
mented and slow [12, 21, 22]. To bridge this gap, there is a pressing need for clinical AI
research to explore AFAB and women patient needs, perspectives, voices, and specific
challenges in relation to healthcare, due to past and present marginalisation [5, 17].
Moreover, the risks associated with using AI in a high-stake domain like healthcare
are high. For example, discriminatory risks towards certain patient populations can
directly stem from biases present in the data used for (pre-)training, testing and/or
validation. Thus without collecting and accessing the appropriate data, both quanti-
tative and qualitative, it will not be possible to develop clinically-relevant, ethically
acceptable, and context-appropriate AI-driven systems for women’s health [23].

Our aim with this paper is to facilitate and encourage more research in AI for
women’s health. Towards this, we map the current horizon of accessible data

relevant to AI development for women’s health. By ”accessible data” we mean
open access data and/or restricted access data that contains open metadata, which
meets or partially meets the FAIR data principles. Indeed, academics raise the access
to relevant data as a considerable challenge for their work in this space [14, 21]. Due to
our expansive definition of women’s health, we do not claim to provide an exhaustive
list of relevant data sources. Instead, our review provides a starting point to attract
more attention to the field.

Our review spans structured and unstructured sources including biobanks, can-
cer registries, and data repositories. We examine data resources related to various
conditions such as breast, cervical, endometrial, and ovarian cancers; chronic and
under-diagnosed conditions such as endometriosis; and broader health signals drawn
from wearable devices, primary care records and lifestyle metrics. We exclude private,
unpublished datasets, as these are not easily accessible for research purposes, and thus
fall outside of the scope of this paper. We include tables of accessible datasets and
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highlight key opportunities and bottlenecks in this field. This work therefore offers a
foundation for more equitable, transparent, and clinically meaningful AI development
in women’s health, and calls for the creation of an international women’s health open
database to list datasets suitable for AI research purposes.

2 Accessible Data in Women’s Health: a Fragmented

Landscape for AI Research

In this section, we provide an overview of publicly accessible datasets that are relevant
for advancing AI research in women’s health. AI holds great promise for transform-
ing women’s health but its progress is constrained by the quality and availability of
relevant data. Drawing on multiple data sources across clinical, imaging, and omics
modalities, we highlight opportunities where data availability can support AI inno-
vation, but also major limitations –e.g. gaps in population representation, life-stage
coverage, and condition-specific data– that illustrate the fragmented nature of the
current data landscape and the barriers it presents for equitable AI development.

2.1 Overview

We review 84 sources of accessible data relevant for AI research in women’s health.
Table 1 summarises 74 data repositories and datasets and 10 biobanks that meet our
inclusion criteria (see section 5). These span various data modalities, from imaging,

Data sources /
Data description

Data repositories Biobanks Total

Number of accessible
data sources identi-
fied

74 10 84

including open access
sources

47 0 47

including sources
relevant for cancer
research

24 2 26

Examples of data
modalities

imaging, omics, clinical, statistics,
histology, cross-modality

clinical, omics, environ-
mental multimodality,
activity monitor, mea-
surements and wearables,
health data

N/A

Examples of research
areas

Biological imaging, cancerology,
radiology, gynaecology, cardiology,
general health, neurology, epi-
demiology, maternal health, criti-
cal care, ultrasonography, genetics,
other diseases

cancerology, rare diseases,
genetics, general health,
dentistry, maternal health,
biology, biochemistry,
other conditions

N/A

Geographic areas UK, EU, USA, Pakistan, India,
China, South Africa

UK, EU, USA, China N/A

Table 1 Overview of accessible data sources relevant to AI for women’s health.
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omics, clinical histology to transcriptomics, vital signals, and lab results. Among these,
we identify at least 47 open source resources, and 26 data sources specifically relevant
for AI research in women’s cancers. However, we also identify a gap in accessible data
that is: i) cross-modal; ii) about non-cancerous conditions, e.g. prevalent gynaecology
conditions; iii) representing populations from the global south; iv) about maternal
health and menstruation health; and v) combinations of the above-mentioned data.
We discuss these limitations further in section 3.

2.2 Accessible Data for AI in Women’s Health

Table 2 lists key data repositories and databases we have identified as relevant for
AI applications in this field, while Table 3 details the biobanks that provide data
resources applicable to AI-driven research in women’s health. To guide researchers
effectively, we list data sources in alphabetical order with indicative research focus
areas, data modality, and type of access (open or request). The following subsections
highlight a few key areas of interest for AI research in this mapping of accessible data
about women’s health. This detailed examination is essential for revealing current data
strengths, uncovering critical gaps, and shaping priorities for future data collection.
A combined table (Tables 2 and 3) is available on our project’s GitHub repos-
itory (https://github.com/alan-turing-institute/Data-for-AI-in-Womens-Health). We
encourage community contributions and further expansion of our table through
opening a GitHub issue or completing a Google form.

Data
Repository/Dataset

Research
Focus

Modality Link Access

Abdominal and Direct
Fetal ECG Database
(ADFECGDB)

Maternal and
fetal health

ECG ADFECGDB Open

Adolescent Brain
Cognitive Development
(ABCD Study)

Mental health Imaging and behavioural
data

ABCD Study Request

BioImage Archive Biological
Imaging

Imaging (microscopy) BioImage
Archive

Open

BRACS: BReAst
Carcinoma Subtyping

Breast Cancer Imaging (H&E histopatho-
logical images)

BRACS Request

Bone Densitometry
Dataset

Metabolic
and endocrine
health

Dual energy x-ray absorp-
tiometry (DXA), Clinical

Bone Den-
sitometry
Dataset

Open

Cardiac Atlas Project Cardiovascular Imaging (cardiac MRI) Cardiac Atlas Open
cBioPortal Cancer-related Omics (mutation and RNA-

Seq)
cBioPortal Open

Clinical Practice
Research Datalink
(CPRD)

Cancer-related
and other
diseases

Clinical (GP records) CPRD Request

Clinical Proteomic
Tumor Analysis
Consortium (CPTAC)

Cancer-related Omics (genomics and pro-
teomics) and clinical

CPTAC Open

Clinical Record
Interactive Search
(CRIS)

General
health, men-
tal health and
other diseases

Clinical and others (Statis-
tic)

CRIS Open

Data Gov General health
and other dis-
eases

Others (Statistic) Data Gov Open

DataLoch General health Clinical (GP records) DataLoch Request
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Data
Repository/Dataset

Research
Focus

Modality Link Access

dbGaP General health
and other dis-
eases

Omics (genotype-
phenotype)

dbGaP Request

Dementias Platform UK
(DPUK)

Dementia Omics (genomic), imaging
(MRI, PET), Clinical (GP
records)

DPUK Request

Diabetes 130-US
Hospitals for Years
1999-2008

Metabolic
and endocrine
health

Clinical Diabetes 130-
US Hospitals
for Years
1999-2008

Open

Discover-NOW General health Clinical (GP records) Discover-
NOW

Request

EGA / European
Genome-Phenome
Archive

Cancer-related
and other
diseases

Omics (genotype-
phenotype)

EGA Request

European Nucleotide
Archive

Cancer-related
and other
diseases

Omics (genomics and tran-
scriptomics)

ENA Open

FPUS23 Maternal and
fetal health

Imaging (ultrasound
images)

FPUS23 Open

GDM Dataset Maternal
health

Clinical GDM data Open

GEO datasets Cancer-related
and other
diseases

Omics (transcriptomics and
genomics)

GEO Open

GTEx Cancer-related
and other
diseases

Omics (transcriptomics,
genomics + phenotypes
with restricted access),
histology

GTEx Open,
Request

HC18 Challenge Maternal and
fetal health

Imaging (ultrasound
images)

HC18 data Open

Heart Disease (UCI
Machine learning
repository)

Cardiovascular Clinical (various) Heart Disease Open

Heart Failure Clinical
Records

Cardiovascular Clinical (various) Heart Failure Open

Health Data Research
UK (HDRUK)

General
health, cancer-
related and
other diseases

Clinical, omics (transcrip-
tomics, genomics), imaging
(MRI), and others (Statis-
tics)

HDRUK Request

Healthy and Sustainable
Places Data Service

Lifestyle Lifestyle and others (Statis-
tic)

Data Service Open

HMBD / Human
Metabolome Database

Cancer-related
and other
diseases

Omics (metabolomics) HMBD Open

Human Protein Atlas Cancer-related
and other
diseases

Omics (transcriptomics,
proteomics)

Protein Atlas Open

Indian Institute of
Science Fetal Heart
Sound Database
(IIScFHSDB)

Maternal and
foetal health

Foetal phonocardiography IIScFHSDB Open

Intelligent detection for
PCOS datasets

Metabolic
and endocrine
health

Clinical, imag-
ing (ultrasound),
questionnaires

Intelligent
detection
for PCOS
datasets

Open,
Request

Irish Hip Fracture
Database (IFHD)

Metabolic
and endocrine
health

Clinical IFHD Request

LivWell Lifestyle Demographic and
socio-economic data

LivWell Open

Maternal Health and
High-Risk Pregnancy
Dataset

Maternal
health

Clinical Pregnancy
Dataset

Open

Maternal Health Risk
Dataset

Maternal
health

Clinical UCI Maternal
Dataset

Open
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Data
Repository/Dataset

Research
Focus

Modality Link Access

Maternal Mental Health
Symptom Profiles
Dataset

Maternal men-
tal health

Sociodemographic and clin-
ical data

Mental
Health
Dataset

Open

MIDRC (NIH, USA)* COVID-19 Imaging (MRI, X-ray) MIDRC Request
MIMIC-III* Critical care Clinical (Patient demo-

graphics, clinical notes;
procedure and diagno-
sis data (i.e ICD-9 coded
data); patient outcome
data (length of stay, etc.);
imaging reports; physi-
ological (i.e. vital signs,
lab reports); medication
(i.e. prescriptions and
administration details))

MIMIC-III Request

MIMIC-IV* Critical care Same as MIMIC-III MIMIC-IV Request
MRC CBU Openly
Available Datasets
resource

Neurology Imaging (MRI, fMRI),
EEG, behavioural
(eye-tracking)

MRC CBU Open
/re-
quest

Multi-Modality Ovarian
Tumor Ultrasound
(MMOTU) image
dataset

gynaecology,
ultrasonog-
raphy,
cancer-related

Imaging (2D transvaginal
ultrasound)

MMOTU Open

National library of
medicine (NCBI)

Cancer-related
and other
diseases

Omics (transcriptomics,
genomics and proteomics)

NCBI Open

NHS England Digital Cancer-
related, other
diseases,
gynaecology,
maternity

Imaging (MRI, CT, X-ray),
clinical (GP records and
patient information), others
(Statistic)

NHS Digital Request

Nightingale Open
Science

Cancer-related
and other
diseases

Imaging (X-ray, waveforms,
microscopy)

Nightingale Request

NIMH Data Archive
(NDA)

Mental health Clinical, omics and neuro-
signal recordings (EEG and
EGG)

NDA Request

OMI-DB Cancer-related Imaging (Mammography) OMI-DB Request
OpenNeuro Neurology Imaging (MRI, PET), EEG OpenNeuro Open
OpenSafely General health Clinical (GP records, hospi-

tal records)
OpenSafely Request

OrbiGenAI - Maternity
Care Modelling

Maternal and
fetal health

Demographic, clinical, oth-
ers (Statistic)

OrbiGenAI Open

PhysioNet Cardiology,
Neurology

Imaging (X-ray, wave-
forms), other (multimodal
datasets)

PhysioNet Open

PhysioNet - Noninvasive
Fetal ECG

Maternal and
fetal health

ECG Fetal ECG Open

Pima Indians Diabetes
Database

Metabolic
and endocrine
health

Clinical Pima Indi-
ans Diabetes
Database

Open

Pioneer Cancer-related
and other
diseases

Clinical (acute care records) Pioneer Request

Postnatal maternal
depression dataset in
South African
community cohort

Maternal men-
tal health

Sociodemographic Postnatal
maternal
depression

Open

PREdiction of Clinical
Outcomes from
Genomic profiles

Cancer-related
and other
diseases

Omics (genomic profiles)
and clinical outcomes

PRECOG Open

Proteomics
Identifications Database
(PRIDE)

General
health, cancer-
related and
other diseases

Omics (proteomics) PRIDE Open
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Data
Repository/Dataset

Research
Focus

Modality Link Access

QResearch Menopause Clinical and laboratory test
data

QResearch Request

Reproductive Cell Atlas General
health, cancer-
related and
other diseases

Omics (single-cell omics) Reproductive
Cell Atlas

Open

Roadmap Epigenomics
Project

Cancer-related
and other
diseases

Omics (epigenomics) Roadmap
Epigenomics

Open

SAIL Databank General health Clinical and others (statis-
tic)

SAIL
Databank

Request

Single Cell Expression
Atlas

Cancer-related
and other
diseases

Omics (single-cell expres-
sion data)

Single Cell
Atlas

Open

SNAP:EPICCS2* Critical care Clinical data SNAP:EPICCS2 Request
Study of Women’s
Health Across the
Nation

Menopause Demographics, lifestyle,
psychosocial, health
outcomes and etc

Swan study Request

The Cancer Genome
Atlas Program (TCGA)

Cancer-related Imaging (CT, H&E
imaging), Omics (tran-
scriptomics, genomics,
proteomics) clinical data

TCGA Open

The Cancer Imaging
Archive (TCIA)

Cancer-related Imaging (CT, PET),
Omics (transcriptomics,
genomics), clinical data

TCIA Open

The Health
Improvement Network
(THIN)

General health Clinical (electronic health
records)

THIN Request

The Metabolomics
Workbench

Maternal
health,
gynaecology

Omics (metabolomics) Metabolomics
Workbench

Open

The Million Women
Study

Lifestyle Lifestyle Million
Women Study

Request

UNICEF maternal data Maternal and
fetal health

Demographic, Others
(Statistic)

UNICEF Open

USOVA3D Annotated
3D ovarian ultrasound
images

gynaecology,
ultrasonogra-
phy

Imaging (3D transvaginal
ultrasound)

USOVA3D Request

UterUS Annotated
Dataset of Uteri in
Volumetric Ultrasound
Data

gynaecology,
ultrasonogra-
phy

Imaging (3D transvaginal
ultrasound)

UterUS Open

WHO Maternal
health

Demographic, Others
(Statistic)

WHO Open

Women’s Health
Initiative

General
health, other
diseases

Omics (metabolomics,
epigenomics, proteomics,
and transcriptomics)

Women’s
Health
Initiative

Request

World Bank Open Data Lifestyle Others (Statistic) World Bank Open

Table 2: List of publicly available and request-based data repositories relevant
to AI research in women’s health. Abbreviation List: CT: Computed Tomography,
ECG: Electrocardiogram, EEG: Electroencephalogram, fMRI: Functional Magnetic
Resonance Imaging, GP: General Practitioner, H&E: Hematoxylin and Eosin, ICD-
9: International Classification of Diseases, 9th Revision, MRI: Magnetic Resonance
Imaging, PET: Positron Emission Tomography.* indicates datasets derived from
crowdsourced sources

2.3 Data Modality

The surveyed data presented in the tables include a wide range of modalities that
collectively provide a comprehensive view of women’s health. These include clinical
data, capturing medical records, diagnostics, and treatment outcomes; omics data,
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https://www.qresearch.org/data/
https://www.reproductivecellatlas.org/index.html
https://www.reproductivecellatlas.org/index.html
https://egg2.wustl.edu/roadmap/web_portal/index.html
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Biobank
name

Modality Access link Access Notes

All of Us Clinical, omics
(genomic),
measurements
and wearables

researchallofus.org Request American population only.

Born in
Bradford

Omics, clin-
ical (dental,
primary and
secondary
care, health
assessments),
environmental

borninbradford.-
nhs.uk

Request Bradford based biobank follow-
ing 60,000 individuals. Includes
trios, pregnancy data and dental
data.

Breast
Cancer
Now UK

Omics data breastcancernow-
.org

Request UK-based biobank for breast tis-
sue, breast cells and blood sam-
ples from breast cancer patients .

China
Kadoorie
Biobank

Omics, clinical
data

ckbiobank.org Request Over 512,000 adult participants.
Questionnaires, physical mea-
surements, blood and biological
samples

Estonian
Biobank

Omics estonian-
biobank

Request Biobank of Estonia. Mostly
genomic array with some WGS
and other omics. (There is an
application cost on top of com-
pute cost.)

Genomics
England

Omics, clinical
data

genomicsengland.-
co.uk

Request Various datasets: 100K Genomes,
NHS Genomic Medicine Services.
Both for rare disease and cancer
research.

Genes &
Health

Omics, health
data

genesandhealth.org Request Focused on British-Pakistani and
-Bangladeshi communities.

Generation
Scotland

Omics, clinical
data

genscot.ed.ac.uk Request Genomics, epigenomics,
metabolomics and proteomics of
Scottish population (2̃0K indi-
viduals).

Our
Future
Health

Omics (geno-
type, linked
clinical
records),
health data

ourfuturehealth.-
org.uk

Request UK based biobank with a wider
range of participant age than
UK biobank, and more focus on
diverse ethnic backgrounds.

UKBiobank Omics, other
modalities
(ECGs, MRIs,
activity moni-
tor)

ukbiobank.ac.uk Request Can also be used to study
women-only conditions or sex-
specific features of conditions.
2̃73k women, although mostly
white-British.

Table 3 List of major biobanks providing valuable data resources for AI research in women’s
health. The notes column highlights important considerations such as demographic focus, sample
sizes, and data types, enabling researchers to identify appropriate resources for their specific
AI-driven studies in women’s health.

offering molecular-level insights; and medical imaging data, with a particular focus
on gynaecological imagery. Furthermore, the growing use of sensors, wearables, and
mobile applications has enriched datasets reflecting behavioural, physiological, and
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lifestyle dimensions. We now outline the key characteristics, opportunities, and chal-
lenges associated with each modality, establishing a foundation for mapping existing
datasets and advancing AI-driven research in women’s health.

2.3.1 Clinical Informatics Data

Clinical informatics is a clinical information theory and data engineering infrastruc-
ture that represents the time-series healthcare information, procedures, and decision
making processes, that catalyst digital technologies and data in health aiming to
improve healthcare. Data in primary, secondary, and community cares are often stored
in different modalities, either raw or processed, but not interlinked. The different data
modalities range from patient information, consultation notes, ICD codes, medication
codes, to images, videos, and clinical user records.

The differences in data modalities and granularity among unlinked data used for
clinical AI make it impossible to achieve generalised intelligence. Thanks to the recent
advancement of foundation models and federated learning, unlinked data started to
be linked by learning from models, instead of learning from raw medical data. These
data are often saved in two forms: structured and unstructured data. Most of AI
for health work focuses on structured data and natural human language data. More
researchers have started to consider the effect of missing data and/or labels, their
effect on information representation, and on AI training and inference learning.

A notable number of sources of clinical informatics data originate from the UK.
For example, NHS Digital includes national datasets from care records, systems and
organisations on specific areas of health and care [24]. Another source is QResearch,
which links GP, cancer registry, civil registration, hospital episode statistics, Intensive
Care National Audit and Research Centre (ICNARC), Second Generation Surveillance
System (SGSS) COVID test, Pregnancy Registry, and COVID National Immunisation
Database (NIMS) data [25]. Other sources include DataLoch [26], with health and
social care from Scotland, Discover-NOW [27], and the Clinical Practice Research
Datalink (CPRD)[28].

2.3.2 Omics Data

Advances in high-throughput technologies have enabled the comprehensive capture of
multiple molecular layers underlying human biology and disease, collectively termed
omics data. These datasets, include, but are not limited to, genomic, transcriptomic,
epigenomic, proteomic, and metabolomic profiles. While single omic data can provide
insight, integrative analysis of such data facilitates a deeper understanding of disease.
Such data also supports applications in biomarker discovery and precision medicine,
which can be used for both prevention and diagnosis. Multiomics data has shown
to be beneficial in understanding, predicting, and modelling multiple women’s health
diseases, including endometriosis [29], preterm birth [30–32], accelerated biological
aging in Asian women [33], and pregnancy [34, 35] . However, while multiomic datasets
can provide greater insight and understanding of disease, open datasets remain scarce.
In the context of women’s health data, we identified biobanks and data repositories
as the main sources of omic data, along with one US based longitudinal study [36].
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In general, biobanks provide the richest source of multiomic data, as multiple omics
can be linked to single individuals at population scale. All biobanks include genomic
data, and only two biobanks provide omic data for duos or trios, Genomics England
100K Genomes Study [37], and Born in Bradford [38], with the latter also providing
maternal omic data collected during pregnancy. A selection of biobanks also provide
other omics, such as transcriptomic and proteomic data (UK Biobank [39], All of Us
[40], etc.). It is important to note that all biobanks require an application and varying
levels of cost for the application and/or the compute cost required to access data in a
secure research environment.

We also identified data repositories for single-omic or multiomic data as another
source of women’s health omic data. For example, data repository PRIDE [41] contains
the proteomic data for Straub’s 2025 work on defining lipoedema’s molecular hallmarks
using multiomics [42]. Another example is the Metabolomics Workbench [43], which
holds the metabolomics data from Maric’s 2022 paper on multiomics longitudinal
modelling of preecplamtic pregnancies [44]. Other omic data from large projects also
exist with their own data portals, such as GTEx [45] for transcriptomic or the Human
Protein Atlas [46] for proteomic and transcriptomic data. While most data identified
was at the tissue or sample level, we only identified one data source for single cell
transcriptomics specifically for women’s health: the Reproductive Cell Atlas [47]. This
source contains single-cell expression data at various stages of development of the
reproductive system.

The Women’s Health Initiative (WHI) is the largest women’s-only longitudinal
prevention study conducted in the world, focusing on prevention strategies for heart
disease, cancer, and osteoporosis in menopausal women [36]. We found this study
is the only longitudinal study that provides access to multiomic data; including
genomic, transcriptomic, epigenomic, metabolomic, and proteomic data. However,
data is deposited in various locations which all require an application process, with the
most sensitive and individual data only available after a longer application process.

2.3.3 Gynaecological Imagery

Imaging is a widespread data modality in gynaecological research and practice and thus
yields great opportunities for AI to help advance women’s health [16]. This includes
mainly MRI, a modality often used in other clinical AI research [12] but onerous;
ultrasound scanning, both abdominal or transvaginal, which is rarely standardised but
more affordable and accessible; and CT scanning, which combines computer technology
with X-ray imaging. Rarer and more invasive imaging also include surgery videos, for
example laparoscopy videos are being used for AI research projects and technological
innovations [48]. As a reminder, gynaecological imagery includes data about AFAB
individuals, i.e. not cis men, but not all gynaecology patients identify as women.

To this day, AI has had a limited impact in gynaecological imagery [16, 48]. Our
review lists only three open access datasets containing gynaecological imagery used in
AI research: MMOTU [49], UterUS [50], USOVA3D [51]. All of these datasets include
transvaginal ultrasound scans exclusively. To our knowledge, there is currently no open
data about other gynaecological imagery being used for AI research. These datasets
have been published in the last 5 years and, in the same period, we observe an increase
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in the number of AI research papers using gynaecological imagery [22]. For example,
in the last two years, three literature reviews on AI applied to gynaecological imagery
have been published, indicating a growing interest in the field [52, 53]. These trends
show that: i) the lack of open gynaecological imagery data is still significant and an
important bottleneck for future AI research in gynaecology ii) releasing open gynae-
cological imaging data is directly translating into more AI research in gynaecology, as
shown by Buis et al. [22] iii) although still very limited compared to the main focus of
clinical AI –e.g. cardiology, neurology– there is a growing interest in this space. Lastly,
the recent literature reviews mentioned above indicate that biobanks are not often
used in AI research using gynaecological imagery [22, 52, 53]. This raises questions on
whether such data sources effectively enable AI research in relation to gynaecological
imagery: are they sufficiently FAIR and known from researchers in this space? Could
they be leveraged successfully going forward, for instance in cross-modal AI research
projects? We discuss cross-modality further in section 3.2.2.

2.3.4 Data from Sensors, Wearables, and Mobile Apps

Person generated health data (PGHD) are clinically relevant data collected outside of
the standard clinical setting. PGHD includes any data collected from wearables such
as smart rings, smart watches, fitness trackers, to user-inputted data from apps or
websites such as menstrual cycle apps [54]. In the context of women’s health, PGHD
has been increasing with the development and accessibility of new technologies, espe-
cially around menstrual, sexual, and reproductive health [54]. However, we did not see
the same trend in open data. To our knowledge, most menstrual cycle data originates
from menstrual cycle tracking apps, but is not openly accessible to researchers. For
example, the menstrual cycle tracking app Flo (https://flo.health/) accepts requests
for collaboration, but application process or timeline is not openly described. On the
other hand, the All of Us biobank is the only resource we identified that provides access
to PGHD [40]. All of Us includes data from the Fitbit fitness tracker, with around 68
percent of the data from women. Although most of the data are from individuals of
white background, they have a program that provides the fitness tracker to increase
representation [55].

2.4 Data Resources for Research on Women’s Health

Research on women’s health encompasses a wide range of topics, including can-
cer research, cardiovascular health, mental health, menopause, maternal health, and
lifestyle and public health. We now highlight key data resources within these research
domains, illustrating their potential to support AI applications and guide future
data-driven innovation in women’s health research.

2.4.1 Cancer Research

Cancer represents one of the most critical areas within women’s health where AI has
transformative potential, particularly in improving early detection, personalised treat-
ment, and understanding biological heterogeneity. The datasets outlined in Table 2
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form a cornerstone of this effort by providing multimodal, high-dimensional data crit-
ical for AI model development. Resources such as The Cancer Genome Atlas (TCGA)
[56] and The Cancer Imaging Archive (TCIA) [57] offer integrated genomic, tran-
scriptomic, imaging, and clinical datasets that enable researchers to build predictive
models for breast, ovarian, cervical, and endometrial cancers. These repositories allow
AI systems to link molecular profiles with imaging phenotypes and clinical outcomes,
a key step toward precision oncology tailored to women’s unique biological and clinical
presentations [58].

Parallel to these cancer-centric repositories, the biobanks described in Table 3 pro-
vide large-scale population data with diverse omics and clinical variables that are
vital for contextualising cancer research in broader health and demographic frames.
For example, UK Biobank [39] and Genomics England [59] host extensive genomic
and clinical data that include thousands of cancer cases, alongside longitudinal follow-
up and health record linkage. These biobanks enable researchers to study sex-specific
cancer risk factors, progression patterns, and treatment responses in real-world pop-
ulations [60, 61]. Notably, the UK Biobank’s inclusion of multimodal data such as
imaging (MRI, ECGs) and lifestyle measurements allows for richer AI models that
can incorporate environmental and physiological variables alongside molecular mark-
ers. Additionally, biobanks focusing on underrepresented groups, such as Genes &
Health with its British-Pakistani and Bangladeshi cohorts, are crucial to addressing
disparities in cancer outcomes by facilitating AI analyses sensitive to genetic and
socio-demographic diversity [62].

Despite the availability of rich cancer-focused biobanks and data repositories, sig-
nificant challenges persist that hinder the development of clinically meaningful and
equitable AI tools for women’s cancer research. Many cancer datasets remain heavily
biased toward populations of European ancestry, limiting representation of minority
ethnic groups and rare cancer subtypes that disproportionately affect women, such as
triple-negative breast cancer or certain ovarian cancers. This demographic skew not
only perpetuates the broader gender data gap but also constrains AI models from cap-
turing the full heterogeneity of women’s cancer biology [63]. Moreover, inconsistencies
in data harmonisation across repositories, variable quality of metadata, particularly
regarding sex, gender, and tumour subtypes, and ethical and legal access restrictions
complicate dataset integration and reuse [64, 65]. Addressing these challenges requires
ensuring cancer datasets are FAIR, enriched with detailed clinical and demographic
metadata, and linked with emerging women’s health data streams such as wearable
devices and primary care records. Such integrated, high-quality data ecosystems will
be essential to developing AI models that accurately reflect both the molecular com-
plexity of women’s cancers and their real-world health experiences, thereby improving
precision oncology outcomes and reducing health disparities.

2.4.2 Cardiovascular Health

Cardiovascular health is a core focus of women’s health. 25,000 women die every day
from cardiovascular disease worldwide [66]. While overall cardiovascular mortality has
been decreasing for the past 20 years, this decrease is not the same for every age or
gender: it is declining for men at any age, but a worrisome increase has been observed in
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women under 55 [66]. Disparities in this field are widespread, e.g. in-hospital mortality
from acute coronary syndrome is higher for women than men for every age bracket
[66]. It is therefore crucial to leverage AI to improve women’s health in this field. We
observe that cardiovascular data is available for AI research in women’s health, the
earliest source we have identified being published in 1988 [67]. We have reported three
main data sources in Table 2: one imaging source (the Cardiac Atlas Project [68, 69]),
and two clinical data sources: the UCI Machine Learning Heart Disease Database that
includes the well-known Cleveland dataset [67], and the Heart Failure Clinical Records
Dataset, also available in the UCI repository [70]. These sources are open access, with
sex included for all patients, and have led to multiple ML research papers [71–74].
These datasets are well referenced and transparent in terms of the data types and data
provenance. For example, the Heart Failure Clinical Records Dataset contains clinical
data from including female patients from Pakistan – a rare source of data about female
population from the Global south. Whilst the datasets are helfpul for AI research
in this space, we note that none focuses on female exclusively, therefore the main
limitation in this field is the relative small number of female patients included in each
dataset. Other relevant and open source datasets exist on Kaggle, however we excluded
them from this review as they either include the same data sources as mentioned above,
or do not provide information on data provenance, and could potentially include the
same data.

2.4.3 Metabolic and Endocrine Health

The metabolic and endocrine health of women is governed by a complex interplay of
genetic, environmental, and constitutional factors. Chronic conditions such as osteo-
porosis and type 2 diabetes demonstrate sex-specific risk factors, disease drivers, and
clinical outcomes [75], while others are unique to women, such as polycystic ovary syn-
drome (PCOS) and gestational diabetes. Reproductive traits across the female lifespan
including age at menarche, menstrual irregularity, the development of PCOS, gesta-
tional weight change, gestational dysglycemia and dyslipidemia, and the timing and
severity of menopausal symptoms, have each been linked to long-term metabolic risk,
such as type 2 diabetes [76].

Recent research has successfully developed AI models for various applications in
women’s metabolic and endocrine conditions. For example, multiple studies have devel-
oped AI models for prediction gestational diabetes [77, 78]. For type-2 diabetes, AI
has also been used to personalise prescribing [79]. Another study demonstrated the
use of imaging from breast scans to predict type-2 diabetes in women [80]. For PCOS,
various studies developed AI for prediction, diagnosis, classification, and screening of
potential complications. These studies use a variety of data modalities such as imag-
ing, clinical and biochemical markers, biopsy samples, and even data based on tongue
and pulse, and full-eye scleral images [81–85].

Looking at PCOS, a review by Li and He et al. identified all current open datasets
and concluded that current datasets lack multimodal data and are not maintained [86].
The authors also provide a website listing all the datasets (sites.google.com/view/sok-
pcos/). Diabetes related datasets were also identified on UC Irvine Machine Learning
Repository [87], and on Kaggle [88]. Open datasets for osteoporosis research were
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also found [89, 90], along with one surce that requires access, the Irish Hip Fracture
database [91].

In general, the vast amounts of multiomic and multimodal data, including clinical
and health data, from large biobanks such as UK Biobank [39], All of Us [40], and
Born in Bradford [38] have the potential to be used for AI for women’s endocrine
and metabolic health. Women-only longitudinal studies such as the WHI [36] and the
SWAN study [92] also provide longitudinal data on these health conditions.

2.4.4 Mental Health

Mental health represents a critical component of women’s health, particularly during
vulnerable life stages such as adolescence, pregnancy, postpartum, and menopause.
In fact, women are statistically more likely to be affected by common mental health
conditions such as depression and anxiety, and are also more prone to trauma-related
disorders [93]. Despite this burden, mental health datasets remain underrepresented
in AI research for women’s health, limiting the development of AI-driven solutions
tailored to women’s specific needs.

Recent research has begun to explore how AI can support screening, diagnosis, and
personalised treatment for mental health conditions in women. For instance, AI mod-
els have been developed to predict the onset of postpartum depression using clinical,
demographic, and social data [94, 95]. Complementing these efforts, comprehensive
national-level data, such as the UK Government’s estimates on the prevalence of peri-
natal mental health conditions, provide essential context on depression, anxiety, and
PTSD during and after pregnancy [96]. Similarly, large-scale population studies such
as the UK Biobank, which includes mental health questionnaires linked to hospital
records, offer opportunities to investigate sex-specific mental health trajectories at
scale [97].

Expanding this perspective to earlier developmental stages, resources like the Ado-
lescent Brain Cognitive Development (ABCD) study collect longitudinal brain imaging
and behavioural data from over 11,000 adolescents, enabling researchers to analyse
early-life mental health and cognitive development with sex-disaggregated insights
[98, 99]. In parallel, clinical datasets such as the Clinical Record Interactive Search
(CRIS) system provide anonymised real-world mental health records from the UK’s
NHS Trusts, enabling AI model development grounded in routine care [100]. Addition-
ally, the NIMH Data Archive (NDA) aggregates data from US-funded mental health
research projects and supports the development of AI models through its large, diverse
datasets across age groups and diagnoses [101].

While these resources are essential for training robust and generalisable AI models,
they also offer opportunities to advance more inclusive, equitable approaches to mental
health care that account for the unique needs and lived experiences of women.

2.4.5 Menopause

Menopause is an underrepresented but increasingly recognised focus in women’s health
research, especially in the context of AI. While not many open source datasets are
explicitly menopause-specific, several large-scale repositories do capture relevant data
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on menopausal status, symptoms, hormone replacement therapy (HRT) use, and
associated health outcomes.

For example, the UK Biobank includes self-reported data on age at menopause,
use of HRT, and longitudinal health outcomes, allowing for sex-specific and life-stage
analyses [97]. Similarly, the QResearch database also captures menopause-related con-
sultations and prescriptions, enabling large-scale observational studies of menopausal
symptom management and associated risks [25].

Moreover, cohort studies like SWAN (Study of Women’s Health Across the
Nation) in the United States provide detailed longitudinal data on hormonal changes,
menopausal symptoms, and health outcomes in midlife women, though access is
restricted [92]. These datasets offer opportunities to develop AI models that predict
symptom severity, optimise HRT strategies, and identify comorbid risks associated
with the menopausal transition. However, dedicated, menopause-focused datasets
remain scarce, highlighting the need for more targeted data collection initiatives in
this space.

2.4.6 Maternal Health

According to WHO, maternal health refers to the health of women during pregnancy,
childbirth, and the postnatal period [102]. Despite the improvement in the global
health system, maternal morbidity and mortality remain major challenges in many
countries. The advancement of AI emerges as a promising tool to enhance maternal
health care, reduce mortality risk and access to timely care.

At the global level, the WHO [103] and UNICEF [104] maintain comprehensive
datasets that summarise national policies on maternal health alongside socioeco-
nomic indicators such as health expenditure and healthcare coverage. These datasets,
together with national-level repositories such as UK Data Gov [105], NHS England
[106], and Health Data Research UK (HDRUK) [107], provide the foundation for
AI-driven insights that can capture both clinical and social perspectives of maternal
outcomes, informing targeted interventions and policy decisions.

Beyond policy-level and socioeconomic data, publicly available data repositories
focused specifically on maternal health outcomes have opened new opportunities for
AI development in maternal health. Data repositories, such as the UCI Irvine Machine
Learning Repository [108] and IEEE [109], provide clinical and demographic infor-
mation that supports predictive modelling of maternal complications and mortality,
facilitating the application of AI in timely interventions for at-risk pregnancies. Other
datasets, such as GMD [110] provided retrospective observational data of a large
number of pregnancies from EHR, improved delivery planning and maternal mon-
itoring. In addition, datasets investigating maternal mental health are increasingly
available, offering opportunities for developing AI models to detect early signs of post-
natal depression and anxiety, recommend timely interventions, and improve maternal
well-being.

Furthermore, imaging data, particularly ultrasound images, play important roles in
maternal and foetal monitoring. Publicly available imaging datasets, such as FPUS23
[111] and HC18 [112], enabled the development of AI models for assessing foetal
growth, evaluating placental, and detecting anomalies. In addition to imaging, the
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electrocardiogram (ECG) and phonocardiogram also play crucial roles in examining
maternal and foetal health during pregnancy. The PhysioNet data repository provides
a wide range of maternal ECG and phonocardiogram databases, including synthetic
ECG simulators [113] and foetal recording databases (e.g., noninvasive foetal ECG
[114], abdominal foetal ECG [115], foetal phonocardiography [116]). These resources
facilitate the development of AI models capable of monitoring maternal and foetal
health, generating personalised recommendations, and offering predictive insights.

Despite the growing in publicly available datasets for maternal health, many
datasets, such as ultrasound imaging and ECG datasets, are restricted and available
only upon request due to privacy concerns, which limits the large-scale AI development
in this field.

.

2.4.7 Lifestyle and Public Health

Although access to these datasets is typically restricted due to privacy and ethical
considerations, several major repositories and platforms provide de-identified or secure
access to primary care data for research. These include the Clinical Practice Research
Datalink (CPRD), one of the most widely used UK primary care datasets [117], which
contains anonymised medical records from over 20 million patients, including diag-
noses, prescriptions, referrals, tests, and linked hospital data, and THIN (The Health
Improvement Network) [118], a UK-based electronic health record database from gen-
eral practices, including information on symptoms, diagnoses, prescriptions, and lab
results, often used in women’s health studies.

In addition to traditional GP datasets, several large-scale, longitudinal repositories
have become key resources for investigating sex- and gender-specific trends in primary
care. For example, QResearch [25] includes anonymised records from over 35 million
patients in general practices, and it is linked to hospital admissions and mortality data,
and it has been widely used to model sex-specific disease risks [119]. OpenSAFELY
[120], developed in response to the COVID-19 pandemic, allows secure, in situ anal-
ysis of electronic health records for over 58 million people in England, supporting
granular studies stratified by sex, age, and ethnicity. Similarly, the SAIL Databank
(Secure Anonymised Information Linkage) [121], based in Wales, provides access to
anonymised health and social care data, including GP records, and has facilitated
research into gendered patterns in healthcare access and outcomes.

3 Discussion

We now discuss further some ethical considerations raised by the gender data gap,
before highlighting the gaps in accessible data we have identified. Lastly, we describe
some key limitations and future research opportunities.

3.1 The Gender Data Gap

In order to reach equitable clinical AI, it is necessary to better contextualise the term
’gender data gap’ and its impact on women’s health until today. The ’gender data
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gap’ encompasses the historical exclusion of women from data collection, which in
the US stemmed from the exclusion of women from clinical trials [122] resulting in
an approximately 30 year history of women’s health data available to use in clinical
research, technological development, pharmaceutical development and clinical prac-
tice. The implications of this gender gap are massive, and without inclusive data
collection processes, have led to lack of diversity in data sets, helping to compound
issues of inclusion in women’s health. We argue that the research community should
be aware of the historical context of the gender data gap and its role in driving current
data collection initiatives and also the limitations of the current datasets as a result
of its short history.

3.2 What is Missing: gaps in accessible data for AI in

Women’s Health

Based on the data we have mapped, we further define this gender data gap by high-
lighting different types of data that seem to be currently lacking in accessible data
repositories and biobanks. We also mention other potential sources of data relevant to
AI research for women’s health that could be explored further.

3.2.1 Data about Non-Cancerous Conditions, Mental Health,

Maternal Health and Non-White, Non-Cis Populations

As illustrated in Tables 2 and 3, accessible data relevant to AI research in women’s
health is far from being comprehensive of all women’s health conditions and disorders.
Table 4 highlights key areas where we think accessible data is missing and urgently
needs investing to advance AI in women’s health.

Examples of key
gaps in accessible

data

Examples of research areas urgent to invest in
women’s health

Non-cancerous data endometriosis*, adenomyosis*, gynaecological laparoscopy
data*, transvaginal ultrasound videos*, menstrual cycle data*

Maternal health maternal health inequalities*, maternal mortality
Mental health post-partum depression, anxiety related to PMS and

(peri-)menaupose*
Non-White and Trans

populations
Populations from the Global South*

Cross-modal data different types of gynaecological imaging combined with
clinical data*, combinations of the above-mentioned areas

Table 4 Examples of key gaps in accessible data sources relevant to AI for women’s
health. * refers to the areas in which no dataset was found from Table 2.

This gap in accessible data is particularly problematic in relation to prevalent con-
ditions considered benign but life-impairing, such as adenomyosis and endometriosis.
It dramatically limits potential AI research in this field and the urgent improvement
in healthcare that over 190 millions of women need and are waiting for [123]. And
yet, our review seems to indicate that no accessible imaging data specifically useful
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to these conditions is currently available – despite gynaecological imaging being the
first-line diagnostic and management modality used worldwide. Therefore, widespread,
non-cancerous disorders and conditions, including chronic ones, such as polycystic
ovary syndrome (PCOS), appear to be under-represented in the current accessible
data landscape compared to cancerous data.

The gap in accessible data is also glaring in relation to women’s mental health,
maternal health, and data representing trans individuals and women from the global
south. For example, few of the data sources listed in Tables 2 seem to directly relate to
women’s mental health, despite this area being considered an important concern for
future population health going forward. Similarly, only one biobank (Genes & Health)
focuses specifically on non-white British communities. Our review also stresses the lack
of accessible sources that combines these different types of data, i.e. non-cancerous
physical conditions, mental health and/or representing groups from the global south.
We further explore cross-modal data below.

Lastly, a notable gap we identified was the lack of accessible person-generated
health data, especially menstrual cycle data. A recent review has highlighted the
importance of the menstrual cycle as a health indicator, both for gynaecological and
general health[124]. However, menstrual cycle patterns are not routinely documented
in clinical or research practice, and are therefore not available in accessible clinical data
repositories or biobanks. Although menstrual cycle app companies such as Flo accept
requests for collaboration with researchers, the process and timelines are unclear.
Additionally, there are increasing concerns with such apps, as research shows that there
are uncertainties in the privacy and security of the data collected by the applications
[125–130]. A recent report by the Minderoo Centre for Technology and Democracy
(University of Cambridge) also expressed the need to develop apps owned and operated
by public health bodies and to promote stricter regulation [131]. We now focus further
on cross-modal data as an opportunity for further AI research.

3.2.2 Cross-Modality Datasets: a Missing Link for AI research

Multimodal or cross-modal datasets, which integrate different types of data such as
imaging, genomics, clinical records, and patient-reported outcomes, are increasingly
recognised as essential for advancing AI in healthcare [132]. These datasets allow
algorithms to learn more complex, nuanced patterns that reflect the biological and
social realities of health and disease. In the context of women’s health, where con-
ditions like endometriosis or ovarian cancer may present with ambiguous symptoms
or complex aetiologies, leveraging multiple modalities can significantly improve diag-
nostic accuracy, prognostic modelling, and personalised treatment recommendations.
Recent studies in gynaecological imaging, for example, show that combining radiology
with histopathology or genomic features enhances model performance and inter-
pretability [133, 134]. However, while single-modality datasets are relatively common,
fully integrated multimodal datasets remain scarce, especially in publicly accessible
repositories.

Tables 2 and 3 report several key resources relevant to women’s health that pro-
vide, or could potentially be linked across, multiple data modalities. For instance, the
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UK Biobank and the All of Us programme both include imaging, genomics, and elec-
tronic health records (EHRs), offering a platform for multimodal analysis. Similarly,
some cancer-focused datasets, such as TCGA (The Cancer Genome Atlas), provide
multi-omic and histopathological data, although they often lack real-world health sig-
nals like primary care data or lifestyle information that are critical for women’s health
contexts. Gynaecological imaging repositories, by contrast, are rarely linked to omics
or clinical metadata in an open-access format, which limits opportunities for multi-
modal research. Integrating such data sources, either through federated frameworks or
controlled-access linkages, would help researchers build AI models that are not only
more robust but also more contextually aware [65, 135].

Despite the promise, there are considerable challenges to building and using mul-
timodal datasets. These include data governance and privacy issues, inconsistent data
standards across modalities, and technical barriers to harmonisation, especially across
institutions and health systems [65]. From a gender equity perspective, it is also vital
that integrated datasets do not simply aggregate existing biases, such as the over-
representation of European ancestry or the omission of sex-specific variables, but
actively correct for them by ensuring demographic diversity and sex and gender meta-
data across all modalities. Moreover, the lack of standardised benchmarks and publicly
available, well-annotated cross-modal datasets tailored to women’s health remains a
barrier to innovation. Creating and curating such resources, ideally with FAIR prin-
ciples in mind, will be critical to unlocking the full potential of AI for understanding
and improving women’s health across the life course.

3.3 Main Limitations and Future Research

As evidenced in Table 4, key limitations of this paper stem from the limited, varying,
and sporadic coverage that the data we have highlighted provide in relation to women’s
health. Our review confirms the difficulty in finding and/or accessing open and FAIR
data relevant to researchers interested in applying AI to women’s health.

Firstly, the datasets and repositories listed remain limited and do not represent
the breadth of women’s health, as defined in the introduction.

Secondly, from a user perspective, we acknowledge it might be easier to review
and list the datasets by geographic location, pathology, or data modality; however,
our approach seems to indicate that the current landscape of accessible data does not
necessarily allow for such systematic classification at this point in time, for there are
significant gaps in the accessible data available. For example, we could not find a large,
open dataset suitable for AI research that was specifically located in or representing
female populations from the global south. Likewise, we observe a strong focus on cancer
data and a relative lack of focus on non-cancerous data, as illustrated in the field of
gynaecological imagery. While such data might exist and our review is not exhaustive,
this is indicative of the difficulty to find such data and the need for our review in
centralising accessible data sources. We highlight the data gaps here to encourage more
research and accessible data practices to bridge them. We also aim to improve this
situation by providing our curated list of data in an open-access online repository to
be further edited and expanded by the community (https://github.com/alan-turing-
institute/Data-for-AI-in-Womens-Health).
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Moreover, through this review, we reveal that there seems to be no consistent stan-
dards among the accessible datasets we have identified for women’s health research:
some datasets have been designed specifically for AI research in women’s health (e.g.
MMOTU, uterUS) while others might be suitable for AI research but might require
domain-specific data cleaning and processing (e.g. metabolomics repository). While
beyond the scope of this paper, future research should focus on evaluating AI-readiness
of these datasets by assessing completeness, demographic diversity, licensing, and exist-
ing methodological benchmarks such as OMOP, CDM, and HL7/FHIR. A framework
for assessing gender balance and potential algorithmic impact would also help to make
such data more easily usable for AI research in this field, evaluate existing data sys-
tematically and create a standard for data that could be used across women’s health
datasets.

Another important limitation in our paper is the different access requirements for
certain datasets, which significantly vary. Therefore, not all sources meet the criteria
to be considered ”open data”. When indicating ’request access,’ we acknowledge this
term encapsulates various degrees of accessibility, for example, data held in the EU
might be easier to access within the EU than from outside the EU for legal reasons.
There are also different degrees of FAIRness of these datasets in terms of the metadata
that is provided to fully understand and reuse them. In addition, there is variability in
cost structure when indicating ’request access’ as some datasets are free for the user
and some charge a range of fees. Some datasets require training for protecting human
research participants (e.g. HIPAA requirements in the US). Others require users to
have academic or government affiliations to access and use the data.

Following the open definition, we have defined ”open data” according to open
licence, open access, open format and machine readability. We thus conclude that too
few datasets meet these open data standards in practice. While it goes beyond the
scope of this paper to assess to what extent each dataset listed meets these criteria,
our review shows that in practice open data remains limited in women’s health to this
day. We thus call for a shift in practices towards open (data) science from academics,
clinicians, and policy-makers involved in the clinical and/or clinical AI space, for
example by introducing more incentives and facilitating open data sharing, e.g. with
responsible AI/ data science trainings tailored for clinicians collecting data.

If data cannot be made open, we advocate for it to always be made FAIR. Aligning
archiving of data with the FAIR data principles does not preclude any privacy or
security requirements of the data as it is only the metadata (data about the data)
that is made openly available. Using the FAIR data principles ensures that data is
sustainability archived in a repository (even in a restricted way) with a persistent
identifier. This helps to make it findable, gives the data and metadata a license to allow
researchers to understand how it can be used, and ensures the data is standardised
for interoperability. Such rich metadata means researchers can fully understand the
dataset thus enabling reuse.

Lastly, this paper focuses on human, real data only. We have excluded datasets
composed of synthetic and animal data from this review. One example is the Interna-
tional Mouse Phenotyping Consortium data portal, which is a resource of whole gene
knock out mouse lines with comprehensive phenotyping data, with an emphasis on
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phenotyping both male and female mice ([136]). We acknowledge these might consti-
tute a growing source of open data for AI research on women’s health going forward,
e.g. due to reduced privacy risks for patients. We thus encourage further efforts to
expand our review by including these.

Future research also needs to examine current policy frameworks and methods for
the collection of gender and ethnicity data. We also note that in existing datasets it
was difficult to find information on gender and ethnicity in both the metadata and the
actual datasets, and that these datasets were largely built without these data in mind.
This is significant as limited or biased data in AI technology can not only reproduce
but amplify bias. Further research into the privacy issues and concerns in women’s
health data is also necessary.

4 Conclusion

As the role of AI in healthcare is expanding, we show that accessible data can be a
catalyst for AI research and innovation in women’s health. By reviewing 84 sources of
accessible (i.e. open or FAIR) data for women’s health, we aim to pave the way for more
equitable, transparent, and clinically meaningful AI research in this space. Towards
this, we have centralised and analysed 74 data repositories and 10 biobanks, which span
various research topics (e.g. cancer, cardiovascular, metabolic and endocrine health,
mental health, menopause, maternal health and lifestyle) as well as different data
modalities (e.g. omics, imaging, clinical) and geographic locations (e.g. US, Europe,
UK, China). We highlight promising opportunities for AI developments, for example,
in cancer research where accessible data exists, but also stress important data gaps
in particular in i) accessible cross-modal data; ii) non-cancerous conditions; iii) Non-
White, non-cis populations; and iv) combinations of the above-mentioned categories
(see Table 4). We show that open and FAIR data is still lacking in women’s health and
that there seems to be no consistent standards among the accessible datasets we have
identified, which can limit future AI research but also lead to increased discriminatory
risks for female patients. Our main contributions include: i) defining ”women’s health”
and the gender data gap in the field of women’s health accessible data, ii) mapping the
landscape of accessible data relevant for AI research in women’s health, iii) highlighting
opportunities, bottlenecks, and future research needed to advance AI developments
in women’s health. By providing an open-access repository with our list of curated
data (https://github.com/alan-turing-institute/Data-for-AI-in-Womens-Health), this
review further supports long-term data accessibility and reuse. We thus encourage the
communities involved in AI research for women’s health to provide additional relevant
accessible data sources and policy-makers to fund research and innovative initiatives
to bridge the gender data gap and advance women’s health with equitable AI.

5 Methods

5.1 Data Collection: Leveraging our Expertise and Network

This mapping stems from various sources: the authors collectively listed all the main
datasets that they have used based on their respective expertise in AI research for
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women’s health and health research more broadly. We then compiled an anonymous
questionnaire and shared it online through the UK’s national AI for women’s health
academic group, hosted at the Alan Turing Institute [137]. The survey was sent to
individuals researching or working in women’s health and included a question that
asked if the participant used data in their research; if this data was publicly or privately
available; if the data was publicly available, they were asked to specify the database
they used or if they were aware of any other public databases in the field; they were
then asked what type of data they used. With this community-informed approach,
the list of datasets expanded with another four entries, e.g. MIMIC-III, MIMIC-IV,
SNAP:EPICCS2, MIDRC.

5.2 Inclusion and Exclusion Criteria

While this overview is not an exhaustive list of data sources, we aimed for consistency
and high quality by abiding to the following criteria.

Inclusion criteria:

• human data that fits our definition of women’s health (§1) and has been used for
AI research (either by the authors or by others)

• only open or FAIR data, following the definitions outlined in §1.

Exclusion criteria:

• synthetic and/or animal data
• data source is unknown/unspecified
• data already available in another, more established source (see example below)
• private data or data only attached to a single paper (i.e. less easily findable or not

accessible)

For example, the Cleveland Heart Disease dataset is available both in UCI and
Kaggle [67]. We only mention the UCI source here due to its greater data transparency
and to avoid repetitions. Each source was checked by at least two authors. Although we
do not include it in this paper, we recognize that a large amount of women’s health data
is collected privately and has been used for women’s health research collaborations.

5.3 Online repository

Lastly, we broadened the data collection process by opting for a crowd-
sourcing, iterative approach: we designed an online repository of curated
datasets (https://github.com/alan-turing-institute/Data-for-AI-in-Womens-Health),
where anyone can make suggestions for edits. These will be reviewed by one of the
authors on a termly basis before being published.
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