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Abstract. This paper provides a comparative, situated review of repre-
sentative fetal ultrasound datasets across regions and pregnancy con-
texts, and we contrast their operationalization of “pregnancy status”
with non-imaging monitoring practices that structure real-world ante-
natal pathways (e.g., symphysis, fundal height trajectories, perceived
fetal movements, and palpation-based assessment). We show that key
information required for equity-aware research is systematically missing
or under-specified, including longitudinal linkage across gestational time,
care-pathway signals and referral reasons, and socio-economic and cul-
tural context needed to interpret missingness and dataset shift. We argue
that these omissions constrain the ability to audit whether measurement
error, follow-up intensity, and model performance are socially patterned,
and they risk producing benchmarks that overestimate generalisability
while masking inequities.

Keywords: Fetal ultrasound datasets · intersectionality · pregnancy
follow-up · dataset shift · responsible AI · data governance

1 Introduction

Prenatal care is now widely framed as “data-driven.” Clinics rely on medical
records, registries, digital follow-up tools, and, increasingly, AI. Ultrasound sits
at the core of this ecosystem. It supports routine measures such as head cir-
cumference, abdominal circumference, and femur length. Global initiatives like
INTERGROWTH-21st promote shared growth standards. However, shared stan-
dards do not mean shared data. Pregnancy data are produced under very dif-
ferent conditions across countries, hospitals, and social groups. These conditions
are shaped by income, migration, geography, discrimination, and access to care.

Artificial Intelligence (AI) can amplify these differences. Models learn pat-
terns from the data environment, not only from fetal biology. They pick up
device settings, operator practices, local protocols, and documentation habits.
When these change, performance can drop—often in settings already affected by
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limited resources, short appointments, or reduced follow-up. As a result, a model
may look strong on benchmarks but fail in real deployments and widen gaps in
care. This risk is visible in predictive work on outcomes such as preterm birth
or hypertensive disorders, where reviews often report weak validation and poor
transportability. Bias studies also show that common proxies, like healthcare
use, can reflect unequal access rather than true need, which may underestimate
risk for people facing barriers to care [29].

Yet studying these issues with an intersectional lens remains difficult. Many
datasets do not include the social variables needed to examine differences across
groups. When such variables exist, they are often not comparable across coun-
tries or are restricted by governance rules. Monitoring infrastructures also vary
widely, from European initiatives to DHIS2-based systems and North Ameri-
can surveillance. In many cases, “good data” is defined by reporting indicators,
while lived experience and cultural context are reduced to crude proxies—or not
captured at all.

This paper addresses this gap by focusing on fetal ultrasound datasets as a
particularly influential substrate for contemporary obstetric AI. We argue that
the field lacks integrated studies that jointly examine (i) the quantitative prop-
erties of publicly available fetal ultrasound datasets (coverage, composition, and
dataset shift drivers), and (ii) the socio-economic and cultural conditions of preg-
nancy follow-up that shape which pregnancies are measured, how measurements
are produced, and how missingness is socially patterned. We therefore conduct
a comparative, intersectionality-aware analysis of publicly available fetal ultra-
sound datasets and contrast them with non-imaging monitoring practices that
structure real-world pathways to ultrasound. By doing so, we aim to clarify what
is missing for an intersectional view of fetal evolution during pregnancy, and to
motivate dataset documentation and design requirements that better support
responsible, equity-aware research and deployment.

The reminder of the paper is organized as follows. Section 2 introduces related
work on pregnancy studies datasets and works addressing the problem efficiently
and objectively relying on data analysis. Section 3 proposes a comparative land-
scape of fetal ultrasound datasets and non-imaging monitoring practices. Section
4 describes the study we propose to map the gap and determine who is missing
from datasets representation. Finally, section 5 concludes the paper and discusses
future work.

2 Dataset Bias and the Generalization Problem: Current
Evidence

Pregnancy follow-up is increasingly “data-driven” through the combination of
clinical records, population registries, routine health information systems, and
commercial digital tools. Yet, across these infrastructures, what is collected (and
what is not) is shaped by institutional priorities, legal regimes, and implicit
assumptions about whose pregnancy experiences are legible in data.
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From Benchmarks to Blind Spots 3

Perinatal surveillance infrastructures and registries. In Europe, cross-
national monitoring of maternal and newborn outcomes relies on heterogeneous
national sources (civil registration, medical birth registers, hospital discharge
data, congenital anomaly registers, and audit systems), which complicates com-
parability and limits the granularity of inequality analyses [11,39]. The Euro-
Peristat network has documented persistent methodological challenges (e.g., dif-
fering registration criteria and definitions, partial coverage, and missingness for
rarer events) and has recently advanced toward more scalable solutions, includ-
ing open protocols and common data models for federated analysis of national
birth data [40,28]. These efforts improve the feasibility of international com-
parisons, but they still largely inherit the variable availability and sociopolitical
constraints of national systems, particularly for sensitive or contested dimensions
of social stratification.

Northern European medical birth registers are described as uniquely valuable
for longitudinal research due to stable identifiers and linkability across health and
administrative data, enabling follow-up beyond delivery [20]. However, even in
these “gold standard” contexts, intersectional analyses can be constrained by how
migration, ethnicity, disability, or social position are (or are not) encoded and by
differential data access governance. In the United Kingdom, confidential surveys
and audit infrastructures such as MBRRACE-UK 4 provide deep interpretive
insight into maternal deaths and severe morbidity, complementing routine data
with structured review and preventability analyses While analytically powerful,
such systems often prioritize clinical narratives and service pathways; they do
not automatically resolve cross-country comparability issues, and their categories
may not align with those used elsewhere.

In North America, pregnancy-related surveillance includes population-based
surveys and linked vital records. The U.S. Pregnancy Risk Assessment Moni-
toring System (PRAMS) is frequently cited as a model for capturing behaviors
and experiences before, during, and shortly after pregnancy via mixed-mode
sampling anchored in birth certificates, with explicit capacity to study dispari-
ties through stratified sampling [34]. Yet, PRAMS is not designed as a univer-
sal individual-level follow-up infrastructure and remains conditioned by juris-
dictional participation, variable item availability, and the politics of measuring
race/ethnicity, insurance, and social determinants. Together, these registry and
surveillance ecosystems show that “better data” initiatives tend to emphasize
harmonization of indicators and reporting pipelines, while leaving unresolved
the deeper question of which lived experiences are structurally absent from the
variables themselves.
Digital follow-up systems and routine health information platforms.
In many settings in Latin America, pregnancy follow-up and perinatal reporting
have been supported by long-standing clinical registry and quality-improvement
infrastructures such as PAHO/CLAP’s Perinatal Information System (SIP), de-

4 MBRRACE-UK Maternal Report 2023. Available at: https://www.npeu.ox.ac.uk/
assets/downloads/mbrrace-uk/reports/maternal-report-2023/MBRRACE-UK_
Maternal_Compiled_Report_2023.pdf [Accessed 20 Feb 2026].
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signed to consolidate pregnancy and birth records and to support local reporting
and program monitoring [35,26]. SIP demonstrates how a region-wide tool can
stabilize data practices across diverse health systems, but it also illustrates a
common tension: standardization for comparability may under-specify intersec-
tional context (e.g., locally meaningful social categories, informal care trajecto-
ries, or structural violence exposures) that strongly influence outcomes.

Across parts of Africa and Asia, pregnancy follow-up is frequently mediated
through routine health information systems (RHIS) and digital platforms such
as DHIS2. DHIS2’s wide adoption has enabled more timely reporting and the
possibility of data-driven management, including for maternal and neonatal indi-
cators [2,41]. However, empirical studies repeatedly highlight gaps in complete-
ness, consistency, and the alignment of facility registers with digital aggregates,
underscoring that data quality is produced through organizational practices (su-
pervision, feedback loops, workload, infrastructure reliability) rather than soft-
ware alone [2,23]. These challenges are consequential for equity: if missingness
or reporting error is socially patterned (by geography, facility type, language,
or stigma), then “data-driven” follow-up can systematically under-serve groups
already facing barriers to care.

Large-scale beneficiary tracking systems also exist, such as India’s Mother
and Child Tracking System (MCTS), which aimed to support service delivery
planning by tracking maternal and child health beneficiaries. Assessments of
MCTS document both its promise and persistent implementation challenges
(data completeness, timeliness, usability, and integration with frontline work-
flows), again indicating that follow-up capacity depends on socio-technical fit
rather than digitization alone [14]. Overall, these infrastructures show a recur-
rent pattern: pregnancy follow-up datasets are assembled across multiple layers
(clinical records, registers, reporting aggregates, and program databases), and
the “gaps” often emerge at the seams, where categories do not match, identifiers
do not link, and local meaning is lost in aggregation.
Predictive modelling in obstetrics and data dependencies. A rapidly
growing body of work applies statistical learning and machine learning to pre-
dict pregnancy complications (e.g., preterm birth, hypertensive disorders, hem-
orrhage) using EHRs, claims, registries, and sometimes wearable/app data. Sys-
tematic reviews emphasize uneven model quality, limited external validation,
and recurring risk-of-bias concerns (including outcome definition drift, missing-
ness handling, and dataset shift across settings) [15,21]. Even when performance
appears strong within a single institution, portability across countries and care
pathways is often weak because models entangle local clinical practice patterns,
coding regimes, and access-to-care structures.

Work on algorithmic bias in healthcare provides an important warning for
pregnancy contexts: predictive systems can reproduce structural inequities when
proxies (e.g., cost, utilization, or recorded diagnoses) stand in for need in ways
that reflect unequal access to care [25]. For pregnancy follow-up, this implies
that models trained on datasets where marginalized groups experience delayed
diagnosis, under-documentation, or differential treatment may systematically
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underestimate risk or misallocate resources. Yet, much of the obstetric ML lit-
erature still treats “data” as a neutral substrate, rather than as a situated trace
of unequal systems. This motivates closer attention to how pregnancy datasets
are produced, categorized, and governed across settings, before claiming gener-
alizable “data-driven” follow-up.
Intersectional, situated views on pregnancy data gaps. Feminist STS and
critical data studies treat dataset gaps as outcomes of power and governance, not
just technical noise. Situated knowledge shows that data are never viewpoint-
free [17]. Intersectionality shows that harm and exclusion emerge from combined
structures such as gender, race, class, migration, and disability [7,8]. Classifica-
tion systems and standards shape what becomes visible and actionable, and
what is left out [3,16]. Data feminism turns these ideas into practice by asking
researchers to examine power, value embodied knowledge, and read missingness
as a political signal [10]. Applied to pregnancy follow-up, this means that missing
intersectional variables, or reducing them to crude proxies, is rarely accidental. It
often reflects legal constraints, administrative routines, past harms of categoriza-
tion, and the priorities of health systems and platforms. Cross-country work adds
another challenge: variables that seem equivalent (e.g., race/ethnicity, migration
status, language, insurance, informal work, exposure to violence) do not carry
the same meaning or risk everywhere. As a result, even strong registries and mod-
ern pipelines can fail to support situated equity analysis. This gap is reinforced
by three recurring limits in the literature. First, harmonization efforts improve
monitoring but can hide structurally patterned missingness and flatten intersec-
tional realities [40,11,37]. Second, digital follow-up systems (e.g., DHIS2, MCTS,
regional platforms) remain fragile where exclusion is produced: paper-to-digital
transitions, connectivity, workload, and uneven accountability [2,14]. Third, pre-
dictive models for maternal risk are growing fast, but studies often under-report
behavior under dataset shift and how bias enters through access and documen-
tation [38,25]. These limits motivate our comparative, intersectionality-aware
analysis of pregnancy follow-up datasets across Europe, the Americas, Africa,
and Asia. We map not only which indicators exist, but also which intersectional
dimensions are missing, how categories travel (or fail to travel), and how gover-
nance and infrastructure shape the data that AI systems learn from.

3 Comparative landscape and intersectional limits of
fetal ultrasound datasets and non-imaging monitoring
practices

Public fetal ultrasound datasets have become central benchmarks for computer
vision in obstetrics, yet they typically operationalize “pregnancy status” through
a small set of standardized imaging targets (e.g., head circumference or ab-
dominal circumference) and a narrow family of tasks (plane classification, seg-
mentation, landmarking, measurement). By contrast, routine antenatal monitor-
ing in real-world care pathways combines imaging with longitudinal, embodied
and relational signals—such as serial symphysis–fundal height (SFH), maternal
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perception of changes in fetal movements, and palpation-based assessment of
lie/presentation—that often determine whether, when, and how ultrasound is
performed [22,24,36]. This misalignment matters for intersectional and situated
analyses: demographic, socio-economic, care-access, and device/operator context
variables that shape how pregnancy follow-up is experienced and acted upon are
often absent, inconsistently reported, or ethically inaccessible in public dataset
releases [12]. As a result, many datasets are well-suited for technical performance
comparisons but are poorly equipped to support intersectional analyses of fetal
evolution as a socially situated process unfolding over time.
Public ultrasound datasets: regions, pregnancy contexts, and opera-
tionalized “status”.

A systematic search following PRISMA guidelines [13] was conducted across
six repositories (Google Scholar, Scopus, PubMed, Zenodo, PhysioNet, Kaggle)
in January 2026 using relevant fetal ultrasound dataset keywords, with no lower
date limit.

Records were screened by title/abstract or repository descriptions, and links
were checked to confirm dataset availability and content. Datasets were included
if publicly accessible, containing 2D/3D fetal ultrasound images with documen-
tation, and excluded if inaccessible, lacking structured downloads, or containing
no raw ultrasound images.

Table 1 provides an overview of representative public ultrasound datasets
across regions and pregnancy contexts used in this work. It highlights a recur-
rent pattern: datasets are frequently single-site or concentrated in Europe, while
multi-site collections (including those spanning African countries) are small per
site and are primarily designed to stress-test generalization across devices and op-
erators rather than to enable inequality analysis [32,33]. Moreover, most releases
focus on a narrowly defined measurable endpoint (standard plane recognition,
one biometric, or one anatomical segmentation target) so that “status” becomes
what is easiest to label rather than what is clinically and socially meaning-
ful to follow longitudinally. For example, HC18 foregrounds head circumference
measurement [18,19], while ACOUSLIC-AI emphasizes abdominal circumference
estimation from blind sweeps to support low-resource deployments [30,31] in low-
income countries (LICs). Intrapartum datasets such as PSFHS further shift the
definition of “status” to labor progression, which is not directly comparable to
antenatal growth without explicit framing [6]. A different operationalization of
“status” appears in the Ultrasound Fetus Dataset [1], which frames fetal con-
dition as a three-class classification problem (normal, benign, malignant); how-
ever, this labeling scheme departs from standard obstetric nomenclature, and
the absence of provenance metadata, including acquisition site, equipment, pa-
tient demographics, and gestational age, makes it impossible to assess population
representativeness or to situate the dataset within a broader clinical or sociode-
mographic context.
Non-imaging monitoring practices and the “missing pathway” prob-
lem. Routine pregnancy monitoring includes low-cost, non-imaging practices
that are frequently the gatekeepers to ultrasound referral and follow-up inten-
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Table 1. Public fetal ultrasound datasets: geography, pregnancy context, and opera-
tionalized “status” (targets).

Dataset Region Context Targets / notes on transfer

MFUSPAC [32,33] Africa (multi-site) 2–3T; device shift Plane labels; good robustness
benchmark; limited harmonized
social vars.

FASSD [9] BR (single site) Late gestation Abdomen anatomy segm. (AC-
related); late-term/site-specific lim-
its transfer.

FETAL_PLANES_DB [4,5] ES (Barcelona) 2–3T routine Standard planes; strong for plane
cls.; limited outcomes/socio-demog.

HC18 [18,19] Netherlands (single site) 1–3T head biometry HC ellipse/segm.; narrow “status”
(HC only); thin context metadata.

ACOUSLIC-AI [30,31] Sierra Leone Blind sweeps AC (frame+segm.+mm);
novice/operator generalization;
sparse intersectional descriptors.

PSFHS [6] China (multi-inst.) Intrapartum Pubic symphysis+head segm.; la-
bor “status” (not antenatal growth).

UFD [1] Unknown Unspecified 3-class cls. (nor-
mal/benign/malignant, 1,669
PNG); non-standard obstetric
labeling; no provenance metadata.

Note. “Status” denotes what each dataset makes measurable (biometry/anatomy/labor), not a full

clinical characterization; intersectional variables are often under-specified [12].

sity. Table 2 highlights three common examples. SFH provides a serial growth
trajectory; perceived changes in fetal movements trigger urgent assessment path-
ways; and Leopold maneuvers inform presentation and engagement late in preg-
nancy [22,24,36]. These practices are strongly mediated by communication, trust,
workload, language, and access to care, and they produce information that is of-
ten recorded narratively or not digitized at all. Public imaging datasets rarely
include these upstream signals, referral reasons, triage decisions, or longitudi-
nal trajectories. Consequently, what appears as “missing ultrasound data” in a
dataset cannot be interpreted: it may reflect a healthy low-risk pathway, but it
may also reflect exclusion from care. This ambiguity is especially harmful for
equity research because access and triage are socially patterned.
Critical synthesis. Beyond geographic imbalance, three coupled limitations
explain why existing public ultrasound datasets rarely support intersectional
analyses of fetal evolution. First, they rarely encode pregnancy as a linked lon-
gitudinal process. Images are commonly released as de-identified snapshots with
limited visit-level linkage, restricting analyses of trajectories across gestational
weeks and obscuring care discontinuities (missed visits, delayed screening, or
uneven follow-up intensity) that are central to equity questions. Second, social
descriptors are sparse or non-comparable. Variables needed to examine intersec-
tional inequalities (e.g., structural vulnerability indicators, migration and lan-
guage barriers, disability, housing insecurity, insurance regime, or locally mean-
ingful categories) are often absent, not standardized, or unavailable due to gov-
ernance constraints [12]. This prevents auditing whether missingness and mea-
surement error are socially patterned, and it undermines claims about general-
ization “across populations” when population composition is unknown. Third,
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Table 2. Non-imaging monitoring practices commonly used to track fetal well-being
and growth, contrasted with typical dataset operationalization.

Practice
(non-imaging)

What it monitors (proxy
for “status”)

Limitations / what is
missing in datasets

Symphysis–fundal
height (SFH) [22,27]

Longitudinal growth
trajectory screening (serial
tape measurements, plotted
over time)

Technique- and
context-dependent (BMI,
protocol). Datasets rarely
store SFH trajectories
alongside ultrasound frames,
limiting
multimodal/longitudinal
analyses.

Maternal perception
of fetal movements
[24]

Perceived change in
movement patterns used in
care pathways

Often narrative (language,
stress, work conditions, prior
loss) and shaped by access.
Public imaging datasets
almost never include these
lived-context variables.

Abdominal
palpation / Leopold
maneuvers [36]

Fetal lie, presentation,
engagement (late pregnancy
emphasis)

Experience-dependent; not
easily reducible to a single
label; rarely paired with
imaging datasets as
structured metadata.

Why this matters for intersectionality: these practices are mediated by com-
munication, trust, workload, language, and care access—dimensions that vary across
countries and social positions but are typically absent from dataset schemas.

datasets are frequently curated through exclusions that mirror structural in-
equities: removing low-quality scans, incomplete metadata, high BMI cases, mul-
tiples, anomalies, or preterm contexts can erase precisely the pregnancies where
barriers to care and documentation are most consequential. Such curation can
inflate apparent model performance while reducing relevance for real-world de-
ployment in under-resourced or marginalized settings.

Taken together, these issues show that “data gaps” are not simply missing
fields but missing pathways and missing accountability: upstream monitoring
practices, triage decisions, and governance conditions that produce pregnancy
data are largely absent from dataset schemas. This motivates intersectional,
situated auditing across regions that documents not only which imaging targets
are available, but also what social context is missing, how categories travel (or fail
to travel) across countries, and how longitudinal follow-up is shaped by unequal
infrastructures. In the remainder of this paper, we build on this comparative
view to analyze publicly available datasets in detail and to articulate design
and documentation requirements for pregnancy follow-up datasets that support
responsible, equity-aware research.
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4 Mapping the gap: Who Is Missing from the Datasets
Representation

The geographical distribution of images across the five datasets considered in this
work reveals a stark imbalance in data provenance. As illustrated in Figure 1,
the overwhelming majority of available images originates from a single site in
Barcelona, Spain, contributed by the Fetal Planes DB dataset alone.

Fig. 1. Geographical distribution of ultrasound images across the five datasets consid-
ered in this work.

A secondary, considerably smaller contribution comes from Brazil and the
Netherlands, corresponding to the FASSD and HC18 datasets respectively. The
African contribution, provided by MFUSPAC across five different countries, is
smaller still, representing only a marginal fraction of the total image count. Large
portions of the world, including most of the Asian continent, the Middle East,
Eastern Europe, and most of the African continent, are entirely absent from the
data landscape. However, this geographical skew represents only the most visi-
ble layer of a deeper and more insidious form of bias. Even for datasets where
the acquisition site is known, no demographic metadata and, in particular, no
information on patient ethnicity is provided. This is especially consequential for
the Fetal Planes DB, which, despite being by far the largest dataset in terms
of image count, offers no information on the ethnic composition of the 1,792
patients enrolled at the two Barcelona hospitals. As a result, it is impossible
to determine whether the dataset captures any meaningful degree of ethnic di-
versity. The same limitation applies to HC18, FASSD, and the UFD, for which
demographic information is either absent or entirely undisclosed. Furthermore,
even in countries that do appear in the geographical distribution, as could be for
Brazil, there is no guarantee of heterogeneous ethnic representativeness. In fact,
although the FASSD dataset introduces geographic diversity beyond Europe,
its 1,500 images were collected exclusively at a single hospital in Florianópolis,
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Santa Catarina. Given the vast demographic and ethnic heterogeneity of Brazil,
spanning continental geographic distances and encompassing diverse popula-
tions, a single-centre dataset cannot be considered representative of the national
population, let alone of the broader Latin American context. The assumption
that data collected in southern Brazil adequately captures the variability present
across the country is, at best, an oversimplification, and at worst, a source of
systematic bias that remains invisible in the absence of demographic metadata.
This argument is further reinforced by the case of the African dataset itself: in
fact, the contribution of the MFUSPAC dataset, while commendable in its in-
tent to address this gap, remains insufficient in practice. With only 450 images
collected across five African countries, the dataset is too small to provide sta-
tistically meaningful coverage of the ethnic and physiological diversity present
across the African continent. These critical aspects and the limitations of the
datasets currently available in the literature have been systematically compiled
in Table 3 below.

Table 3. Key limitations of fetal ultrasound datasets.

Dataset Data & Size Key Limitations

MFUSPAC 450 images (25 pa-
tients/site); class imbalance
across sites.

Marked inter-site quality heterogeneity; no annotation
protocol; five different machines.

FASSD ∼1,500 images; uneven im-
ages per subject.

Three US machines introduce intensity variability; no
inter-rater quantification; single center, full-term only.

Fetal Planes DB 12,400 images; severe class
imbalance (Brain 711 vs.
Abdomen 4,213).

Variable dimensions across six US systems; single expert
annotator; no per-image machine metadata.

HC18 1,334 images; near-
duplicates from same
sessions.

Variable pixel size (0.052–0.326mm); single annotator;
no demographics or patient count.

ACOUSLIC-AI Blind sweeps, not curated
frames; limited operator
stratification.

Inherently variable quality (LIC setting); sparse annota-
tions; incomplete demographic metadata.

PSFHS Multi-institutional; unbal-
anced per-center distribu-
tion.

No standardized acquisition protocol; intrapartum scope
only; cross-site reproducibility unevaluated.

UFD Severe imbalance: malignant
≈60%; masks halve usable
images.

Acquisition protocol not described; annotation method-
ology undisclosed; benign/malignant labels clinically un-
justified.

The bias emerging from these data is twofold: ethical and clinical. Fetal
ultrasound appearance can vary as a function of maternal body composition,
subcutaneous fat distribution, and other physiological characteristics that cor-
relate with ethnicity, all of which affect image quality, acoustic window, and the
visual appearance of anatomical structures. A model trained predominantly on
images from European patients may therefore fail to generalize to populations
with different physiological profiles, not because of architectural limitations, but
because the training distribution does not represent the target population. More-
over, as confirmed in the Table 3, the images from African sites exhibit sub-
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stantial heterogeneity in quality, ranging from overexposed acquisitions in Egypt
to underexposed and low-sharpness scans in Ghana and Uganda, further limit-
ing their utility for training robust models. In this sense, the mere presence of
African data in the corpus, as could be for every country, does not resolve the
representativeness problem: data that is too scarce or too noisy to be effectively
learned from offers little practical benefit in mitigating bias. The aggregate ef-
fect of these limitations is that any model trained on the datasets described in
this work risks being, in the most ethically precise sense of the term, Europe-
oriented by default, not by deliberate design, but by the structural absence of
diverse, high-quality, and demographically characterized data from underrepre-
sented populations. Addressing this gap requires not only the collection of larger
and more geographically diverse datasets, but also the systematic inclusion of
demographic and ethnic metadata, without which the representativeness of any
dataset cannot be meaningfully assessed.

Intersectional scoring. Documenting limitations in narrative form, however ac-
curate, does not support structured cross-dataset comparison. To make these
gaps actionable, we propose a lightweight Intersectional Dataset Scoring
Framework (IDSF) that evaluates each dataset along four dimensions: Geo-
graphic & Site Diversity (GSD), Demographic & Ethnic Metadata (DEM), Lon-
gitudinal Linkage (LON, i.e., visit-level linkage across gestational time), and
Care-Pathway Context (CPC).

Specifically, GSD captures the number and diversity of acquisition sites and
countries (including LMIC representation); DEM reflects the availability of patient-
level variables (e.g., ethnicity, age, BMI); LON assesses whether patient data can
be linked across gestational visits; and CPC evaluates the presence of clinical
context situating imaging within the antenatal care pathway (e.g., referral rea-
son, SFH trajectory, triage signals).

Each dimension is scored 0 (absent), 1 (partial), or 2 (present and usable),
for a maximum of 8. Table 4 reports the results.

Table 4. Intersectional Dataset Scoring Framework (IDSF) applied to public fetal
ultrasound datasets. Scores: 0 = absent, 1 = partial, 2 = present. Max = 8.

Dataset GSD DEM LON CPC Total
MFUSPAC 2 0 0 0 2/8
FASSD 0 0 1 0 1/8
Fetal Planes DB 0 0 0 0 0/8
HC18 0 0 1 0 1/8
ACOUSLIC-AI 1 0 0 1 2/8
PSFHS 1 0 0 0 1/8
UFD 0 0 0 0 0/8

Scores are assigned through a structured review of each dataset’s public doc-
umentation, including descriptor papers, repository metadata, and challenge
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reports. They are assigned objectively, as each dimension encodes the pres-
ence, partial availability, or absence of the corresponding information within
the dataset.

The scores tell a clear story: no dataset exceeds 2/8, and DEM scores 0 across
all datasets, confirming that the absence of socioeconomic and ethnic variables is
not a marginal gap but a structural feature of the current benchmark ecosystem.
The IDSF does not resolve these gaps, but makes them visible and comparable:
a necessary precondition for defining minimum documentation standards in ob-
stetric AI.

5 Conclusion and Future Work

This paper reviews public fetal ultrasound datasets with an intersectional, situ-
ated lens. We show that benchmarks mostly capture “pregnancy status” through
a few imaging tasks (plane detection, one biometric, limited segmentation).
They rarely include linked visits across gestation, care-pathway data, or socio-
economic and cultural context. Non-imaging signals that often trigger ultrasound
(SFH trends, fetal movement concerns, palpation) are also missing. This is not
just a technical gap: it blocks equity audits of missingness, measurement error,
and model performance. Overall, fetal monitoring data gaps are gaps in vari-
ables, trajectories, pathways, and governance—making responsible obstetric AI
harder. Future work should build datasets that support intersectional analysis
without harming privacy or sovereignty. Priorities include longitudinal linkage
(visits, gestational time, follow-up windows, exclusions), governance-compatible
social metadata (structural constraints, with clear limits on what cannot be col-
lected), and encoded care pathways (referrals, triage, key non-imaging alerts)
to interpret missing data. Evaluation should focus on real-world transfer, us-
ing cross-site/device tests and careful subgroup error analysis. Documentation
should also cover ecological and cultural context, such as local norms, trust, and
infrastructure limits, to reduce the risk of reproducing inequities.
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