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Abstract. Foundation models (FMs) pre-trained via self-supervised learn-
ing (SSL) on large, diverse datasets are widely expected to offer supe-
rior generalization—and, by extension, reduced bias—compared to clas-
sically supervised (CS) models. Yet whether this holds in practice, and
whether the choice of pretraining data matters, remains largely unre-
solved. We present a controlled comparison between SSL-pretrained FMs
and a CS baseline fine-tuned on identical data across two prenatal ul-
trasound tasks: spontaneous preterm birth (sPTB) prediction and fetal
scan weight estimation. Using visual radar-based bias profiles spanning
a comprehensive set of clinical and acquisition subgroups, we show that
FMs reproduce the bias profile of their CS counterpart—best- and worst-
performing subgroups largely coincide, and mean performance gaps are
comparable in magnitude. Pretraining data strategy does influence bias:
oversampling cervical images during pretraining outperformed scaling to
13 million images for sPTB in both global performance and subgroup
fairness, while naïve oversampling of rare devices degraded overall per-
formance. These results challenge the assumption that large-scale diverse
pretraining uniformly reduces bias, and suggest that data alignment with
the downstream task matters more than scale.
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1 Introduction

Foundation models—pre-trained via self-supervised learning (SSL) on large, di-
verse, unlabeled datasets—offer a compelling response to the chronic shortage of
annotated data in medical imaging [3,16,23]. By transferring broad visual repre-
sentations through lightweight fine-tuning [1, 2, 4], they are particularly attrac-
tive in healthcare, where annotation costs, disease rarity, and privacy constraints
severely limit labeled data availability.

Yet the clinical deployment of medical AI remains fundamentally constrained
by bias. Models trained on unrepresentative data produce systematic perfor-
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mance disparities across patient subgroups [6,12,13,19,20]. On this topic, regu-
latory pressure is mounting [5], indicating that bias is not a peripheral concern,
but a barrier to deployment.

A natural hypothesis is that SSL pre-training on large, diverse data should
reduce susceptibility to the spurious correlations that drive these disparities in
classically supervised (CS) models [8, 22]. However, foundation models (FMs)
appear to reproduce many of the same biases as their purely-supervised coun-
terparts [10,11,21], and Glocker et al. [7] found FMs to be more biased—though
their model was pre-trained in a supervised manner, leaving the SSL case unre-
solved. Whether SSL pre-training at scale can mitigate fine-tuning biases, and
whether pretraining strategy matters, remain open questions of direct practical
consequence given the enormous cost of building foundation models.

This study provides a controlled, direct comparison between SSL-pretrained
foundation models and a “traditional”, purely-supervised baseline fine-tuned on
identical data across two prenatal ultrasound tasks.

Our research questions are as follows:

1. Are foundation models less biased than classical, purely-supervised models?
2. What is the effect of the pretraining data regime on the foundation model’s

bias?
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Fig. 1. Study Design. CS: classically supervised; FM: Foundation Model.
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2 Method

A meaningful comparison between FMs and CS models requires: (i) a large
unlabeled dataset for SSL pretraining; (ii) an identical, labeled fine-tuning set
for the FM and CS models; and (iii) a CS baseline trained on that fine-tuning
data alone. This work evaluates multiple FM variants with different pretraining
corpora on the same test set across two tasks (Figure 1).

2.1 Bias Quantification

The test set is stratified by clinical and acquisition factors. For each factor,
subgroups with a minimum sample size are retained, and the task metric is
computed for each subgroup.
Visual analysis. Radar plots display the best- and worst-performing subgroup
metric on each axis (one per factor), forming two polygons. Overlaying plots
from two models enables direct comparison.
Quantitative metrics. Four complementary measures characterize a model’s
bias profile:

– Absolute gap: |worst − best|, averaged across factors.
– Relative gap: |worst − best| / best × 100%, averaged across factors.
– Improved/worsened subgroups: number of subgroups with a statistically sig-

nificant performance gain or loss relative to a reference model, assessed by
1000-fold bootstrap resampling and Mann–Whitney test for classification
and independent two-sample t-test in regression.

– Bias similarity index : a DSC value is computed between the two gap re-
gions (area of the best/worse gaps) using the radar plots of two models,
after normalizing so that the mean best-group metric is equal across models.
This index is purely indicative to associate some familiar metric value of
overlapping next to the two visuals of the bias profiles.

3 Experiment

3.1 Datasets

All dataset came from the Country X national fetal ultrasound database:

1. FM Pretraining (PT) Data: 13 million fetal ultrasound images from the
same national cohort as described in a prior published work [Anon.].

2. Spontaneous Preterm Birth Prediction (sPTB): 7862 transvaginal
ultrasound images corresponding to n=3931 preterm births and n=3931 term
births. The dataset was divided in 10 splits with 6290/786/786 samples for
training/validation/test sets. The performance metric was the sensitivity at
the threshold corresponding to a specificity of 85.
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3. Scan Weight Prediction: 433,096 ultrasound images derived from 94,538
examinations conducted on 65,752 patients. The fetal weight ground truth
at scan time was derived from the birth weight after using the Marsál [14]
growth curve. The data was divided on a patient basis between training,
validation, and test sets (85/5/10%). The performance metric was the Mean
Relative Error (MRE) (%).

The finetuning datasets were stratified over the following studied factors:
ethnicity, body-to-mass index (BMI), maternal hormonal treatment, conception
method, cervical length, gestational age, birth weight, birth year, birth hospital,
ultrasound device, pixel spacing. This resulted in a total of 55 and 38 subgroups
for the sPTB and scan weight datasets, respectively.

3.2 Models

In order to ensure a fair comparison, we implement qualitative and validated CS
baselines for each task:

1. CS model for sPTB: The CNN baseline, described in [18], predicts the
probability of preterm birth from a cervical scan.

2. CS model for Scan Weight: CNN baseline as in [15] predicting the fetal
scan weight from a set of head, abdomen, and femur standard planes.

3. FM: a ViT-B foundation model pretrained from scratch using a DINOv2 [17]
self-supervised learning objective on fetal ultrasound images. All FM parts
are finetuned: encoder, decoder, up to the final classification layer.

3.3 Pretraining Data Strategies

We evaluate four FM variants with the following pretraining regimes:

1. FM2M: Base FM pretrained on randomly selected 2 million ultrasound
images out of the 13 million available.

2. FM13M: Base FM pretrained on all 13 million ultrasound images.
3. FM2M E10: Base FM pretrained on 2 million ultrasound images with a

rare ultrasound device (Voluson E10) oversampled (500k).
4. FM2M Cervix: Base FM pretrained on 2 million ultrasound images with

cervical scans oversampled, based on 120k images identified as cervical scans
in the 13M PT dataset by a ResNet18 [9] trained to classify anatomical
planes. These were oversampled five times (600k), and the remaining 1.4
million with a random sample from the rest of the PT data.

4 Results

We divide the analysis of our results along our two research questions: First, how
different are the biases of the FM and CS model? Second, what is the impact of
the pretraining data regime on bias?
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Task 2: Scan Weight Regression

Task 1: Preterm Birth Classification
Classically Supervised Foundation Model 2M Bias Similarity Index

DSC = 0.62

DSC = 0.79

Fig. 2. Is the Foundation Model Less Biased Than Its Classically Supervised Counter-
part? The blue radar gives the performance metric of the best subgroups; the red radar
of the worst subgroups. Classification metric: sensitivity at 85% specificity (higher is
better); regression metric: mean relative error (lower is better); S; Bias Similarity In-
dex: DSC between the two gap areas (in the center) after scaling so that the mean
metric of the best groups is the same for the two models.

4.1 Does the Bias Profile of a FM Resemble That of a CS Model?

The bias profiles of the FM2M and CS models, for both the sPTB classification
and scan weight regression tasks, show strong similarity in shape (Figure 2). This
is reflected in the overall relative gap between the best- and worst-performing
groups across the CS and FM2M models for each task, at 37.3% and 33.8%
for sPTB classification and 14.9% and 17.8% in scan weight prediction (Table
1). For the preterm birth prediction task, FM2M also failed to substantially
improve overall performance compared to the CS model (0.516 sensitivity at
85% specificity for CS, 0.518 for FM2M).

Notably, the majority of the best- and worst-performing subgroups were the
same across the FM and CS models (14 out of 20 in the classification task, 9
out of 18 in the regression task). There was also no consistent improvement
in fine-grained subgroup performance with FM2M compared to the CS model.
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Table 1. Global performance and mean subgroup performance shift (best vs. worst
subgroup, averaged over all bias factors) for all methods. sPTB: sensitivity at 85%
specificity; Scan Weight: mean relative error (%). Rel. Gap: |worst − best|/max×100;
Abs. Gap: |worst − best|. Models are highlighted best and second-best. In the case of
a tie, both are marked as best. (**): different from CS baseline with p<.001.

Model sPTB Scan Weight

↑Sens. Rel. gap Abs. gap ↓MRE (%) Rel. gap Abs. gap

CS 51.6 37.3% 0.25 6.7±5.4 14.9% 1.14
FM2M 51.8 33.8% 0.21 5.9±4.9** 17.8% 1.18
FM13M 53.1** 33.9% 0.22 6.0±5.1** 14.8% 1.00
FM2M E10 50.8** 34.4% 0.21 9.7±7.3** 14.4% 1.61
FM2M Cervix 54.7** 34.5% 0.23 - - -

For the sPTB classification task, 17 subgroups (out of 55) improved significantly,
while 17 worsened significantly (Table 2). These findings challenge the hypothesis
that large-scale SSL pretraining reduces bias in downstream tasks, and suggest
instead that bias is primarily a product of the fine-tuning data.

4.2 Does Pretraining Data Strategy Influence the Bias Profile of
Foundation Models?

Here, we review the results associated to each pretraining strategy.
Scaling PT Data (FM13): The model pretrained with 13 million ultra-

sound images did result in a better bias profile in terms of improved/worsened
subgroups (sPTB, Table 2) and in terms of relative gap (Scan Weight, Table
1). In sPTB, the effect of scaling was noticeable on certain ethnic and device
subgroups, but subtle overall (Figure 3).

Oversampling rare device (FM2M E10): Oversampling the Voluson
E10 resulted in an improvement (0.31 to 0.36) on this particular device in sPTB
prediction. But it also led to a decrease in overall performance, especially on the
regression task, where errors increased from 5.9% to 9.7%.

Oversampling Cervical Scans (FM2M Cervix): This strategy signifi-
cantly improved both the global performance and subgroup performance of the
foundation model for sPTB prediction, which uses a cervical scan as input. 39
subgroups improved, while only 7 worsened, compared to 17 and 17, respec-
tively, for FM2M (Table 2). In particular, some worrying disparities in the CS
model were mitigated (much more strongly than in FM13M), as evidenced by
the noticeable drop in performance for babies born in 2016-2017 and after 2017
(Figure 4). However, in terms of the absolute and relative gaps between the best
and worst subgroups, the bias profile was not improved compared to FM2M.

These results suggest that the benefit of SSL pretraining depends critically
on the relevance of the pretraining data to the downstream task. Scaling and
naive oversampling offer limited or even negative returns.
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Birth Year

Device

Ethnicity

Fig. 3. Can the Pretraining Strategy Change the FM’s sPTB Bias Profile? Sensitivity
values are displayed; stars indicate significance of difference: (*) or (**) : p<.05 or .001.

Ethnicity Birth YearDevice

Fig. 4. Effect on sPTB Bias of Oversampling Cervical Scans in Pretraining. Sensitivity
values are displayed; stars indicate significance of difference: (*) or (**) : p<.05 or .001.
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Table 2. Number of subgroups (out of 55) with a statistically significant sensitivity gain
or loss (at 85% specificity) relative to CS. Models are highlighted best and second-best.

Transition Improved Worsened

CS → FM2M 17 17
CS → FM13M 30 11
CS → FM2M E10 16 26
CS → FM2M Cervix 39 8

5 Discussion

Our main findings are:

1. Foundation models reproduce the bias profile of specialized models.
2. The pretraining data strategy can moderately influence the bias profile, in

particular on smaller subgroups.
3. Oversampling task-related images outperformed scaling to 13 million images

on sPTB prediction, both in global performance and subgroup fairness.

FMs mirrored the bias profile of specialized models. The best- and worst-
performing subgroups largely coincided, and mean performance gaps were com-
parable in magnitude. These findings align with prior work [10, 21]. But to our
knowledge, this is the first study to systematically compare foundation and CS
models by a direct, subgroup-level performance analysis across a comprehen-
sive set of factors. This contrasts with Glocker et al. [7], whose notion of bias
mainly focused on the encoding of demographic attributes in latent representa-
tions rather than performance disparities across numerous subgroups.

Pretraining strategy did matter, and its effect depended on its alignment
with the downstream task. This is supported by the differential benefit of FM2M
across tasks. For example, fetal biometric scans (head, abdomen, femur), used
as input for scan weight prediction, were abundant in the pretraining corpus,
which may explain why FM2M improved performance on that task without any
targeted curation. Cervical scans, by contrast, are rare in standard prenatal ul-
trasound collections, and generic pretraining provided little benefit for sPTB
prediction. Oversampling cervical images during pretraining outperformed scal-
ing to 13 million images, challenging the assumption that large-scale, diverse
pretraining uniformly benefits any downstream task.

This study had limitations. We only investigated ViT-B models (90 million
parameters), while some foundation models as DINOv2/v3, CLIP, are much
larger (up to 1B parameters). Also, we focused on ultrasound imaging and two
obstetric tasks. But such comparisons are inherently resource-intensive, requir-
ing simultaneous access to huge unlabeled data pools, large labeled fine-tuning
datasets, and the infrastructure to train multiple foundation models—making
the scale achieved here (13 million PT images, 94k and 8k labeled samples)
a strong baseline. We also ignored possible interaction effects between clini-
cal/acquisition factors. Such intersectional analysis could reveal some additional
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and more subtle differences between models. But given enough factors, two very
similar bias profiles already tell us that the two bias behaviors correspond in
their major directions, which was what we wanted to know.

Our findings have direct practical implications. FMs carry substantially higher
computational costs than CS models; if their bias profiles are not demonstrably
superior, the return on investment is questionable in high-data regimes. Certain
configurations (e.g., rare-device oversampling) even degraded performance, un-
derscoring that naïve pretraining data augmentation can be counterproductive.

In conclusion, SSL pretraining alone does not guarantee reduced bias rela-
tive to classically supervised models. Aligning pretraining data with the down-
stream task may be more impactful than indiscriminate scaling, and future work
should rigorously compare this strategy with fine-tuning data curation.
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