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Abstract. Fairness studies of medical imaging AI often explain sub-
group performance gaps through under-representation in the training
data. We show that intersectional analysis can disentangle fairness and
performance gaps arising from clinical and acquisition confounders that
co-vary with the target. As a case, we study scan-time fetal weight esti-
mation from obstetric ultrasound, analyzing two models: a state-of-the-
art deep learning (DL) model and the clinical gold-standard Hadlock
formula. Using unsupervised slice discovery, we find that high-error sub-
groups share extreme in the image-acquisition pixel spacing (PS) and
in the scan-to-delivery (STD) interval. Of these, PS is an acquisition
parameter that can be optimized, while STD is a potential confounder
for both PS and our bias diagnostics. Subgroup inspection alone cannot
separate them. We disentangle the factors using a model-agnostic anal-
ysis with identical metadata partitions and partial regression. Holding
STD fixed, the apparent PS effect collapses to a small residual (standard-
ized coefficient β = −0.17), whereas holding PS fixed, STD dominates
error (β = +0.56). Both models degrade with increasing STD, includ-
ing the biometric formula, indicating much of the error is intrinsic to
the prediction target rather than imaging. The DL model is ∼1.5× more
sensitive to STD than Hadlock, though it remains more accurate in every
subgroup. We conclude that fairness analyses need to carefully analyze
potential confounds, or risk attributing an effect such as temporal or
acquisition-related dependency to demographics.

Keywords: Fairness · Bias disentanglement · Confounding · Fetal ul-
trasound.

1 Introduction

Ultrasound estimation of fetal weight is central to detecting abnormal growth,
where small- or large-for-gestational-age status carries substantial perinatal risk
[1, 11]. Deep learning (DL) now exceeds the long-standing Hadlock biometry
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Fig. 1. Overview. (1) Two estimators predict scan-time fetal weight; unsupervised slice
discovery surfaces high-error subgroups extreme in both pixel spacing (PS) and the
scan-to-delivery (STD) interval. (2) STD is clinically driven and co-varies with PS,
confounding naive subgroup analysis. (3) After adjustment, PS collapses to a small
residual while STD dominates error for both models, with the deep learning model
∼1.5× more sensitive to the interval though more accurate overall.

formula at this task [15], intensifying the question of whether learned models
are fair across patients and imaging conditions.

It is very common for fairness work in medical imaging to explain sub-
group performance gaps through data representation: groups under-represented
at training are predicted less accurately [13, 21, 20, 16, 17], and dataset balance
is often highlighted as a mitigation strategy. Yet, we know that representation
imbalance is not the only mechanism: disparities can persist after balancing [5,
8], and unsupervised “slice discovery” methods routinely surface high-error sub-
groups whose defining factor is not a demographic, but a technical or clinical
variable [7, 18, 19, 12]. A subgroup gap may therefore reflect a confound : a clini-
cally driven variable that co-varies with the factor under suspicion, obstructing
our interpretation of performance disparities.

We make this concrete in fetal weight estimation. On the one hand, acquisi-
tion conditions vary through the pregnancy, and sonographers enlarge the field
of view, raising pixel spacing (PS, the physical distance each pixel represents),
for larger and later fetuses, creating a correlation between acquisition param-
eters and fetal weight. At the same time, since the scan-time weight reference
label is not actually available, it is constructed by back-calculating the recorded
birth weight along a population growth curve [14]. As a result, the further a scan
precedes delivery, the more this reference must bridge, and the more individual
growth may deviate from the population average. The scan-to-delivery (STD)
interval, the number of days between the scan and delivery, thus becomes a can-
didate driver of measured error. Finally, the acquisition parameters and STD
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co-vary, making it hard to assess the origins of performance differences through
a fairness audit that examines demographic subgroups in isolation.

Our contributions are (summarised in Figure 1):
– Entanglement. We show that unsupervised bias discovery surfaces high-

error subgroups that are jointly acquisition- and time-extreme, so inspection
of individual factors alone cannot separate the responsible factor.

– Disentanglement via intersectional analysis. We combine intersectional
partitioning with partial regression, to disentangle temporal and acquisi-
tional factors. In our case study, this concludes that STD, not PS, dominates
error, with PS reduced to a small but real residual after adjustment.

– Model-agnostic analysis. Our analysis is applied identically to DL model
and to the biometry-based Hadlock formula. By comparing these, we argue
that much of the temporal effect is intrinsic to the prediction target, while
a model-specific component is amplified by DL.

2 Materials and Methods

Data. We analyse the held-out test set of a population-based fetal growth study
comprising third-trimester ultrasound examinations from 17 hospitals acquired
over a decade [15]. The unit of analysis is a biometric triplet: the head, abdomen,
and femur planes that together constitute one model input. We study N = 31,386
complete triplets (≥ 28 gestational weeks), comprising ∼94,000 ultrasound im-
ages, drawn from 6,513 pregnancies of 6,220 women, as some are scanned more
than once. For each triplet, the DL model takes the three images as input,
whereas the Hadlock formula takes the standard biometric measurements (head
circumference, abdominal circumference, femur length) measured manually by
clinicians with on-screen calipers during the examination [9]. We additionally
record gestational age (GA), maternal body-mass index (BMI; recorded at the
examination, with zero values excluded as missing), maternal age, parity, and
an averaged PS computed as the geometric mean of per-plane axial and lateral
spacing. The reference weight at scan time is obtained by projecting the observed
birth weight back to the scan GA along the Maršál fetal growth curve [14], which
models expected weight as a function of GA and is the established reference in
the Scandinavian setting of this cohort; the same reference is used for both es-
timators. We define the STD interval

STD = GAbirth −GAscan (days), (1)

which is computed from GA and is therefore independent of either model. The
cohort spans scan GA 34.0± 3.0 weeks (range 28–42) and STD 38.8± 22.2 days,
with maternal age 30.5±5.2 years, BMI 25.0±5.9, and 41% of triplets at parity
≤1. Quantile bins used throughout (STD, GA, PS, BMI, age) are equal-count, so
each holds ≈10% of triplets for the per-factor gradients and one quarter for the
two-factor maps; parity is grouped as ≤1 versus ≥ 2. All analyses are computed
at the pregnancy level, and the DL model’s training and validation splits were
performed at the pregnancy level in the originating study [15], so no woman
contributes to both model training and our held-out analysis.
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Models. The DL model is a multi-branch convolutional regressor that estimates
fetal weight from images together with PS [15]; we use its predictions on the held-
out test set and refer to that study for its architecture, optimizer, loss, and train-
ing and validation protocol. The Hadlock formula is a baseline that consumes
only three scalar biometric measurements [9]. This contrast is the methodolog-
ical lever of our study: because Hadlock is a fixed formula to three geometric
measurements and performs no representation learning, any error structure it
shares with the DL model cannot arise from learned image features, and instead
points to an effect intrinsic to the measurements or the prediction target; struc-
ture present in the DL model but absent in Hadlock localises a model-specific,
representation-driven effect. We evaluate both models by their Mean Relative
Error, MRE = 100 |ŷ−y|/y, where ŷ is the estimated and y the reference weight.

Stage 1: unsupervised slice discovery. To let the data reveal error struc-
ture without pre-specifying factors, we cluster the DL penultimate-layer embed-
dings [7, 19]. The clustering uses only these embeddings, with no access to error
or ground-truth labels, so the discovered slices are not constructed to align with
error; this is the sense in which the discovery is unsupervised. We reduce the
embeddings by principal component analysis retaining 99% of variance (16 com-
ponents) and fit a Gaussian mixture model via expectation-maximisation [6],
partitioning examinations into k clusters (“slices”). Rather than commit to a
single resolution, we report results across k ∈ {5, 8, 10, 18} and treat agreement
across these values as a robustness check. Each slice is characterised by its mean
MRE and by its composition across quantile bins of every candidate factor; we
report the Spearman rank correlation [22] between each factor’s per-slice mean
and per-slice error.

Stage 2: model-agnostic disentanglement. Slice membership derives from
the DL embedding and is not a fair partition for the Hadlock formula. For cross-
model analysis we instead partition examinations by clinical, acquisition, and
demographic attributes, using quantile bins of STD, GA, PS, BMI, maternal age,
and parity, and apply identical partitions to both models; we call this joint use
of metadata partitions intersectional metadata partitioning, meaning subgroups
defined by the combination of two or more such attributes rather than one at
a time. We report (i) two-factor intersectional MRE maps with a shared colour
scale, and (ii) a standardized partial regression MRE ∼ PS + GA + STD +
BMI + Age + Parity fit per model, quantifying each factor’s contribution with
the others held fixed. Coefficients are expressed in MRE percentage points per
standard deviation of the predictor, with 95% confidence intervals. Because every
candidate factor enters the same model, each coefficient already adjusts for all
the others, so a factor that merely co-varies with STD, or with any other clinical
variable, cannot retain a spurious effect; this is what lets us test whether STD
is a genuine driver rather than a proxy for a co-occurring clinical profile.
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Fig. 2. Slice composition (Stage 1, k = 8). Rows are discovered slices ordered by DL
error worst→best ; columns are quantile-bin subgroups; cell value is the proportion of
the slice in that subgroup. The lower strip shows each subgroup’s mean DL MRE.

3 Results

High-error subgroups are jointly temporal and acquisition-extreme.
Fig. 2 shows that discovered slices differ substantially in error (5.8–7.8% MRE
at k = 8), confirming the embedding encodes error-relevant structure. Their
composition is entangled: the worst slices are enriched in long STD intervals
and early GA. Separately, the embedding also forms near-pure PS slices (one is
86% highest-PS, another 43% lowest-PS), but these sit across the error range
rather than at the worst end. Across slices, error correlates strongly with the
temporal factors GA and STD, and weakly with PS, a pattern stable across
k ∈ {5, 8, 10, 18} (GA and STD |ρ| = 0.68 to 0.90, significant at every k; PS
|ρ| ≤ 0.38, never significant). Among these, a correlation between temporal fea-
tures (GA, STD) and error is expected: as our ground truth label is based on
birth weight, the weight prediction task is easier at higher GA/lower STD. As
such, these temporal factors are the candidates for confounding any apparent ac-
quisition effect. By contrast, PS has no inherent relationship with birth weight,
so any relation to error could therefore indicate that some acquisition factors
give more informative images than others. To determine whether this reflects
a genuine acquisition effect or temporal confounding, we next carried out two
complementary analyses to disentangle the effects of PS and STD.

Disentanglement: time dominates, pixel spacing (PS) is partially con-
founded but retains a small residual. The intersectional maps in Fig. 3
show that the temporal (STD) and acquisition (PS) factors are not completely
disentangled: the diagonal color gradient indicates that they move error together,
though unequally. Inspections of single columns and rows show that they also
move error independently, and that STD has a higher impact on error than PS:
within any fixed STD row, error varies only modestly across PS (by roughly
one percentage point), whereas within any fixed PS column it rises steeply with
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Fig. 3. Intersectional error maps (Stage 2): STD against PS for the DL model (left) and
the Hadlock formula (right). In both, error rises steeply down each column (increas-
ing STD) and changes far less across each row (increasing PS). The same temporal-
dominant pattern in Hadlock shows the effect is not a DL artefact.

Table 1. Standardized partial-regression coefficients (MRE percentage points per +1
SD), MRE ∼ PS + GA + STD + BMI + Age + Parity, with 95% confidence intervals.
The temporal factors STD and GA dominate for both models, most for DL; PS is
small once time is controlled, and the demographic factors (age, parity) are smaller
still. Confidence intervals excluding zero indicate factors whose adjusted contribution
is statistically distinguishable from none.

Factor Hadlock β (95% CI) DL β (95% CI)

Scan-to-delivery interval +0.37 (0.21, 0.54) +0.56 (0.41, 0.70)
Gestational age −0.30 (−0.46, −0.13) −0.30 (−0.45, −0.15)
Pixel spacing −0.29 (−0.38, −0.20) −0.17 (−0.25, −0.09)
Maternal BMI +0.14 (0.06, 0.22) +0.11 (0.04, 0.19)
Maternal age +0.14 (0.05, 0.22) +0.09 (0.02, 0.17)
Parity +0.12 (0.04, 0.21) +0.04 (−0.03, 0.12)

Overall MRE 7.78% 6.74%

the interval, from ∼5.5% below 22 days to ∼8.4% above 54 days, about three
percentage points. STD thus moves error ∼3× more than PS. Similar behavior
is observed for the Hadlock formula.

The partial regression (Table 1) confirms this. For the DL model, STD has by
far the largest coefficient (β = +0.56), more than three times the PS magnitude.
PS shows a sizeable marginal association, including a large best-versus-worst
gap (Fig. 4, right) and a visible heatmap gradient, but this collapses to a small
residual once time is controlled (β = −0.17). We therefore read PS as a small
but real effect whose apparent prominence is largely temporal confounding. Be-
cause the same pattern appears in both the DL model and the biometry-based
Hadlock formula, this residual PS-error association need not reflect optimizable
acquisition settings; it could instead reflect unobserved differences in acquisition
conditions.



Title Suppressed Due to Excessive Length 7

Fig. 4. Cross-model error structure (Stage 2). Left: mean error rises with the STD for
both models; the DL model starts lower and climbs more steeply (+2.47 vs. +1.98 %
across the range), so the gap between them shrinks at long STD. Right: best- versus
worst-subgroup error per factor (shaded band = error spread). Both models spread
widest on the temporal axes (STD, GA) and narrowest on the demographic ones, with
the DL model’s band lying inside Hadlock’s on every factor. PS shows a sizeable band
as well, but this is a marginal spread: it largely reflects PS’s co-variation with the STD
and shrinks after adjustment (Table 1).

The temporal effect is intrinsic, and steepest for the DL model. Both
models degrade monotonically as the STD interval grows (Fig. 4, left). The Had-
lock formula degrades as well (βSTD = +0.37; gradient +1.98 percentage points
across the interval range), and this behaviour of the baseline is what lets us rea-
son about the underlying mechanism. Two distinct channels can inflate measured
error as the interval grows. The first is a reference channel that affects any esti-
mator, even a perfect one: the reference label is the birth weight back-calculated
to scan time along a population-average growth curve, and individual fetuses
deviate from that average by an amount that compounds over a longer scan-
to-birth gap, so the target itself becomes noisier at long intervals. The second
is a model channel specific to the estimator’s own predictions: long-interval and
correspondingly earlier-gestation examinations are rarer in training and involve
smaller anatomy with proportionally noisier measurements, so the learned map-
ping from image to weight is less reliable in that regime. Because both models
are scored against the same reference labels, they share the reference channel. If
label noise alone drove the effect, both models would degrade equally with the
interval. Instead, the DL model’s gradient is markedly steeper (βSTD = +0.56
vs. +0.37 for Hadlock, a factor of ∼1.5; +2.47 vs. +1.98 percentage points across
the interval range), so the steeper climb reflects the DL model’s own behaviour
at long intervals, not the shared reference label.
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The DL model has lower error than Hadlock in every subgroup, including
the longest STD (8.16% vs. 8.82% at STD>54d). What varies is the size of
its advantage: the DL model leads by ∼1.1–1.3 percentage points at short and
medium STD but by only 0.66 points at the longest, because its error climbs more
steeply with the STD. The two estimators thus converge (the gap between them
shrinks) as the STD grows, while the DL model stays more accurate throughout.
A per-factor analysis (Fig. 4, right) shows both models spread widest on the
temporal axes and narrowest on the demographic ones, with the DL model’s
band lying inside Hadlock’s on every factor.

Adjusting for demographics does not change this picture. Maternal age and
parity, the demographic factors examinable in this cohort, carry small coeffi-
cients (age β = +0.09 for DL and +0.14 for Hadlock; parity +0.04 and +0.12),
comparable in magnitude to BMI but much smaller than STD. Parity is signifi-
cant for Hadlock but not for DL. They also fail to organise the high-error slices:
their composition is nearly uniform across slices (Fig. 2). Parity in particular
illustrates why a single slice-level view is unreliable: it can appear associated
with error at some cluster counts, but this association is unstable across k and
disappears at larger cluster counts, the hallmark of a small-sample artifact rather
than a real driver. Its small adjusted coefficient (Table 1) confirms this. More
broadly, because STD retains its large coefficient in the same model that con-
tains GA, BMI, age, and parity, its effect is not a stand-in for a co-occurring
clinical profile.

4 Discussion

Our central finding is methodological: in fetal weight estimation, an apparent ac-
quisition bias (PS) is largely explained by temporal confounding (STD), revealed
only through intersectional disentanglement. Unsupervised slice discovery, an in-
creasingly common first step in bias auditing [7, 19, 18], is useful for hypothesis
generation, but insufficient to draw these conclusions, because the discovered
slices entangle acquisition and time and, read naïvely, suggest PS bias. This
complements work showing that disparities can persist beyond data representa-
tion [5, 8], and that intersectional structure matters for fairness analysis [2, 23,
3].

The biometric Hadlock baseline robustly supports our conclusion, and helps
partially decompose the effect. As Hadlock performs no representation learning
yet still degrades with STD, much of the temporal effect is attributable to the
shared reference channel rather than to learned image features. Meanwhile, the
DL model’s additional sensitivity isolates a model-specific component. Practi-
cally, weight estimates become less reliable as scan-to-delivery time increases,
regardless of acquisition quality, because the effect is largely target-driven. This
caveat is invisible both to overall accuracy, where the model is superior, and to
standard demographic subgroup analysis.

Our argument is not that acquisition never matters. Maternal BMI, in con-
trast to PS, retains a small but significant effect after adjustment (β = +0.11 DL,



Title Suppressed Due to Excessive Length 9

+0.14 Hadlock), consistent with the well-documented degradation of ultrasound
image quality at higher maternal BMI [4, 10]. A biological component cannot be
excluded, since maternal BMI correlates with fetal size and macrosomia risk. The
contrast is the point: our analysis distinguishes a genuine, if modest, acquisition-
difficulty factor (BMI) that survives adjustment from one (PS) whose apparent
effect is largely temporal confounding, whereas STD dominates both.

Limitations. The cohort is single-country and ethnically homogeneous, limit-
ing analysis of ethnicity-related disparities and reflecting the representation im-
balance motivating fairness auditing. The reference target is back-calculated,
limiting precise separation of reference and model effects; controlled decompo-
sition and selection effects in earlier-scanned high-risk pregnancies remain open
questions. Because early-gestation examinations involve smaller anatomy, the
manual biometric measurements underlying both the Hadlock estimate and the
reference are proportionally noisier there, an operator-related source of error that
the present data cannot fully separate from the temporal effect. The temporal
gradient remains within training support (27% second trimester [15]), so it does
not reflect out-of-distribution extrapolation.

5 Conclusion

Through a case study of fetal weight estimation we have demonstrated how
intersectional disentanglement is essential in bias audits: single-factor slice dis-
covery generates hypotheses about error-driving factors, but can misattribute
confounded effects. Here, an apparent acquisition bias (PS) is explained by clin-
ical temporal structure (STD), demonstrating how intersectional analysis can
overturn naïve single-factor interpretations. Because the reference label itself
grows noisier as the scan-to-delivery interval widens, separating this reference
uncertainty from genuine model bias is a promising next step for fairness auditing
wherever ground-truth labels are reconstructed rather than directly observed.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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