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Abstract

Deep learning has enhanced medical image analysis, yet models trained on imbalanced
or non-representative populations often exhibit systematic biases, which can lead to sub-
stantial performance disparities across patient subgroups. Addressing these disparities is
essential to ensure fair and reliable model deployment in clinical practice. Particularly
in medical imaging, population-level biases can oftentimes be attributed to morphological
rather than intensity differences, such as sex-related differences in organ volume. Given
that morphological biases in neuroimaging data spuriously correlate with the disease label,
we show, that bias detection based on general foundation model features (e.g., CLIP and
BiomedCLIP) insufficiently captures morphological biases. Therefore, we introduce a bias
detection and mitigation pipeline that performs subgroup discovery on deformation repre-
sentations from a generalizable implicit neural representation (INR). This proof-of-concept
study indicates improved performance when using deformation representations instead of
general image features for bias detection. Furthermore, our results show that re-balancing
the training dataset using the identified subgroups, complemented by INR-generated sam-
ples for augmentation, helps to mitigate the bias effect.

Keywords: Bias Detection, Bias Mitigation, Implicit Neural Representations, Medical
Image Registration

1. Introduction

Deep learning has driven major progress in medical imaging, but training on imbalanced
or biased datasets can cause models to exhibit systematic errors, leading to significant
variations in performance among patient groups (Seyyed-Kalantari et al., 2021; Larrazabal
et al., 2019). The reason behind the performance disparities across subgroups can be traced
back to shortcut learning, i.e., models rely undesirably on associated bias features instead
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of causal disease attributes for classification (Brown et al., 2023). However, detecting biases
in medical images is challenging, as the features that lead to spurious correlations are often
complex, interdependent, and/or unknown to humans (Stanley et al., 2024).

Glocker et al. (2023) showed that subgroup differences are visible in the model’s feature
space by examining the principal components of features learned in the penultimate layer of
a classifier and linking them to sensitive attributes like sex, race or age. Subgroup discovery
methods (SDM), such as Domino (Eyuboglu et al., 2022), address the automatic identifica-
tion of under-performing subgroups based on coherent, ideally human-interpretable, image
features. In doing so, they commonly utilize unsupervised clustering algorithms on a la-
tent representation space. Within this line of work, Bissoto et al. (2025) correlate known
metadata (e.g., sex, ethnicity, visual features relevant to the disease) with under-performing
subgroups discovered by a SDM, and in this way aim to map subgroup disparities to human-
interpretable attributes. The authors conclude that subgroups with a large performance gap
do not necessarily correlate with known metadata, but that biases are often caused by subtle
or non-interpretable visual features.

However, especially in the medical domain, morphological features are highly predictive
of certain diseases and may spuriously correlate with, for instance, gender- or age-dependent
size or shape deformations (e.g., ventricular enlargement with age (Raz et al., 2005) and
increased brain volume or heart morphology in men (Ruigrok et al., 2014)) or other un-
known features. Even if the morphological changes are caused by attributes such as sex
or age, traditional subgroup discovery fails, when metadata is not available. Stanley et al.
(2025) found that shortcut learning was more heavily affected by intensity-based than by
morphology-based factors, if multiple biases are present. This in turn means that, if mor-
phological biases are present, they are more difficult to detect and, consequently, to mitigate.
Previous work has mainly focused on the investigation of intensity-based biases (Sun et al.,
2023; Bissoto et al., 2025), while morphological biases gained less attention. Moreover, cur-
rent work neglects to offer suggestions on how to proceed with detected subgroup disparities
that cannot be attributed to a known dataset characteristic.

While current SDMs rely on latent representations derived from foundation models
trained on a large amount of image-text pairs (Bissoto et al., 2025) or on features learned
by the investigated classifier (Plumb et al., 2023; Olesen et al., 2025), recent literature on
implicit neural representations (INRs) suggests that INRs provide a rich feature encoding
of the underlying data. In particular, when used as generalizable INRs – where the model
is trained across a population – previews works indicate that the resulting latent space is
interpretable and can be modified to learn or generate new variations of the underlying
data (Großbröhmer et al., 2025; Dannecker et al., 2024). Furthermore, previous studies
(Wolterink et al., 2022; Kahrs et al., 2026) have proposed INRs as a powerful tool in
deformable image registration.

By investigating and addressing the above-mentioned challenges, our contributions can
be summarized as follows:

• We show that concepts encoded in foundation model features (e.g., CLIP (Radford
et al., 2021) and BiomedCLIP (Zhang et al., 2025)) do not sufficiently capture mor-
phological biases.
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Figure 1: Grad-CAM (Selvaraju et al., 2017) heatmaps of two classifiers averaged over the
positive cases of an unbiased test dataset overlayed over the SRI24 atlas (Rohlfing
et al., 2009). Classifiers trained on data with no bias and high bias are shown on
the left and right, respectively. Small attribution values are discarded.

• We propose a novel framework for the detection of morphological biases based on
deformation features generated by a generalizable INR.

• We suggest a bias mitigation strategy based on discovered subgroups without knowing
the attributes that lead to under-performance.

• We investigate targeted, semantically meaningful data augmentation for bias mitiga-
tion.

To enable a controlled study setup and perform a rigorous evaluation that would not be
possible in a real-world scenario, we conduct a proof-of-concept study based on synthetically
generated but highly realistic images, which reflect real-world deformations in neuro-imaging
data (Stanley et al., 2023).

2. Methods and Materials

Given a pre-trained classifier with unknown performance and bias, the goal of this study is
to reveal and reduce performance disparities due to morphological biases. We assume that
the bias label spuriously and positively correlates with the disease label in the training data
of the classifier. The effect of the biased vs. unbiased training data on the classifier’s focus
can be reviewed in the heatmaps in Fig. 1.

The general procedure of our proposed approach can be separated into two parts, that is
bias detection and bias mitigation, as shown in Fig. 2. For the first step of the pipeline, we
assume that the morphological characteristics of the data – i.e., natural variation, disease,
and bias – can be represented by a deformation field that encodes the transformation of
a given atlas image to the training images. Hence, we use generalizable INRs to encode
shared morphology into a compact feature space, which, combined with classifier prediction
scores, can be clustered via subgroup discovery to identify performance disparities. In the
second step of the pipeline, we propose a bias mitigation strategy consisting of a subgroup
selection method based on theoretical assumptions, re-balancing, and data augmentation
using new deformations sampled from the INR. Further, we retrain the classifier with the
aim to mitigate the bias effect.
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Figure 2: Schematic overview of the proposed bias detection and mitigation framework.
Prerequisites are a biased dataset and an arbitrary pretrained classifier. The bias
detection is mainly shown in the upper part. The bias mitigation is visualized in
the bottom part.

2.1. Encoding Deformation Representations

Given is a set of images Ii : Ω → R, i = 1, . . . N ofN subjects and an atlas image A : Ω → R,
with Ω = [−1, 1]d the d-dimensional image domain. Atlas-to-subject registration allows us
to capture subject-specific morphological variations through estimated deformation fields
φi : Ω → Ω by optimizing for Ii ≈ A ◦ φi.

We follow Kahrs et al. (2026) and represent the deformations φi with a generalizable
INR. Unlike classical INRs, which rely on instance-wise optimization, generalizable INRs
are trained across multiple instances by encoding subject-specific information in latent
representations zi ∈ Z that serve as additional model input (Dupont et al., 2022). Thus,
the generalizable INR is trained to align the atlas image A to all subject images Ii to obtain
deformation fields φi(x) = fθ(x, zi), x ∈ Ω, zi ∈ Z.

As illustrated in Fig. 3, spatial coordinates x ∈ Ω and subject-specific latent represen-
tation zi ∈ Z serve as the model input, and the transformed coordinates are the model
output. Noteworthy – and essential to our application – is that the network parameters θ
encode subject-independent information, while the latent representations zi provide a com-
pact representation of subject-specific morphological features and are, consistently, called
deformation representations in the following. These deformation representations are the
foundation for the following subgroup discovery.
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Figure 3: Structure of the generalizable INR for image registration. The INR receives
spatial coordinates x and a subject-specific latent vector zi as input and produces
a deformation field to transform the atlas to the target patient.

2.2. Subgroup Discovery

The SDM Domino (Eyuboglu et al., 2022) fits a Gaussian Mixture Model (GMM) to
the joint space of latent features and classifier outputs, optimizing mixture components
that both form coherent clusters in the latent space and exhibit large disparities in clas-
sifier performance across those clusters. Here, we assume that the performance dispar-
ities are mainly caused by the morphological biases in the dataset. The deformation
representations Z = {zi|i = 1, . . . , N} together with the classifier softmax predictions
Ŷ = {ŷi|i = 1, . . . , N} are inputs to the subgroup discovery. Domino reduces the feature
representations using Principal Component Analysis (PCA) and then clusters into K sub-
groups, S = {sk|k = 1, . . . ,K}. The discovered subgroups subsequently can be utilized for
more detailed performance monitoring.

2.3. Subgroup Selection

For bias mitigation, it is necessary to distinguish the underrepresented subgroups from the
range of subgroups detected by Domino. Given that the bias label correlates positively
with the class label, we find the bias and non-bias subgroups SB, SNB ⊂ S based on the

following assumptions, where ∆TPRsk = TPRsk − TPR and FPR-FNR-ratiosk =
FPRsk
FNRsk

:

1. The bias group has a positive ∆TPR and a high FPR-FNR-ratio.

2. The non-bias group has a negative ∆TPR and a low FPR-FNR-ratio.

The chosen metrics are based on Stanley et al. (2024) and the assumptions are derived
from theoretical conclusions. The bias group shows many false positives, yielding a high
FPR–FNR-ratio, because the bias effect alone triggers positive predictions. An over-
representation of the ground-truth Bias & Disease group raises the ∆TPR of the bias
group above the dataset mean. The assumptions for the non-bias group are derived anal-
ogously. For the metric ∆TPR, we set the threshold at zero. For the FPR-FNR-ratio, we
calculate the knee point over the sorted FPR-FNR-ratios of all subgroups S (i.e., the point
of rapid change in the FPR-FNR-ratio) and use according thresholding to identify the bias
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and non-bias group. To balance the underrepresented ground truth groups (Disease & No
Bias and No Disease & Bias), we remove the cases with a negative disease label from the
non-bias group and the cases with a positive disease label from the bias group.

2.4. Bias Mitigation

Given the selected subgroups, we augment additional data by generating new deformations
and, in this way, produce new image data by applying the deformation to the atlas image.
For this purpose, we slightly vary the deformation representations and map them to dense
deformation fields with our INR. Since the INR learns a continuous function from the input
space to the output space, this results in similar but slightly different deformations. The
challenge here, is to introduce as much variation as possible, while simultaneously preserving
the correct disease class labels.

Therefore, we proceed as following: Given our deformation representations Z = {zi ∈
Z|i = 1, . . . , N} and the ground truth disease labels Y , we perform PCA and obtain
W = [w1, . . . , wq] with eigenvalues λ1 ≤ . . . ≤ λq by choosing the smallest q ∈ N which
explain 95 % of the total variance. We project each deformation representation in the lower
dimensional space, i.e., z∗

i = W T
q zi. For each principal component, we compute the Mutual

Information between the projected representations and the disease labels Y . To avoid shifts
in the ground truth label, we define C as a set of indices corresponding to half of the total
components q that minimize the Mutual information.

Then, we generate new samples by adding a noise vector ϵ = (ϵ1, . . . , ϵq)
T to the pro-

jected components, before back-projecting:

z̃i = Wq(z
∗
i + ϵ), with ϵj =

{
0 j /∈ C
∼ N(0, σ) j ∈ C

,

i.e. Gaussian noise is only added to components not/less associated with the disease effect.
The representations z̃i are decoded by the INR, and we obtain the augmented deformation
field and consequently, with the transformed atlas, the augmented image data.

The augmented data enriches the comparably small re-balanced dataset that results
from subgroup selection according to Sec. 2.3. We retrain the classifier from scratch with
the biased training dataset, the re-balanced training dataset, and the augmented cases. To
further account for the unequal sample numbers of the original, unbalanced and the new,
re-balanced data, we use Synthetic Minority Oversampling Technique (Chawla et al., 2002)
and assign both datasets an equal weight. Bias mitigation aims at increasing the recall
and accuracy of the under-served, non-bias group, because missing a disease case has great
consequences in health care. Moreover, a raise in sensitivity for the non-bias group, requires
the classifier to look for the true causal features of the disease label.

2.5. Data

To enable a controlled study setup, we use SimBA (Stanley et al., 2023), a customizable
framework for bias simulation in medical imaging data. This framework uses synthetic, but
realistic T1-weighted MR images of the human brain, and has been used successfully in
previous studies in the area of trustworthy AI (Stanley et al., 2024, 2025). Additionally
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to natural subject variation, the framework allows simulating region-specific morphological
variations that spuriously correlate with each other and, in this way, create a bias and a
disease effect. We introduce morphological variation to the insula region on the right side
of the brain and the putamen region on the left side of the brain for disease and bias.

Using SimBA, we generate three datasets with different bias levels, where each dataset
consists of 1000 training, 500 validation, and 500 test images. The bias level, that is, the
probability of bias occurrence in positive samples, varies from 0.5 (unbiased), 0.7, to 0.9.
For evaluation, all methods are tested on the unbiased test dataset, which shows equal
prevalence of all ground truth groups (Bias & Disease, No Bias & Disease, Bias & No
Disease, No Bias & No Disease). However, the training and validation datasets inherit an
unequal distribution of ground truth subgroups.

2.6. Implementation Details

The generalizable INR consists of four hidden and four modulation layers with 256 nodes
each. The latent size is set to 256, and initialized by sampling from a normal distribution
zi ∼ N (0, 0.01). Both INR and latent vectors are trained for 1000 epochs end-to-end with
AdamW optimization, learning rate of 1e−5, weight decay of 1.0, and an exponentiation
learning rate scheduler with multiplication factor set to 0.999. The batch size is set to
one patient, and 16,384 two-dimensional coordinates are randomly sampled from a normal
distribution (x, y) ∼ N (0, 0.4) per training step. During inference, the configuration is
identical; however, only the latent vectors are trained for 250 epochs, while the INR weights
θ remain frozen. We use the SRI24 atlas (Rohlfing et al., 2009).

For the GMM training within Domino, we included PCA to four components (explains
60% of the total variation) and set the number of subgroups to seven, determined via grid
search from {5, 7, 9, 10}. All other parameters are left at their default values. Discov-
ered subgroups with less than ten samples are removed from subsequent processing steps.
Subgroup discovery is performed for the training and validation set separately.

For classifier training, we use a five-layer CNN with an exponentially increasing channel
number from 16 to 256 to predict the presence of the disease label. Each convolutional block
includes batch normalization and the PReLU activation function. The de-biased training
and validation dataset (selected subgroups according to Sec. 2.1) are added to the original,
biased validation dataset for checkpoint selection during classifier retraining.

3. Results

For the evaluation of our methods, we carry out experiments with training data exhibiting
strong bias (bias level 0.9), moderate bias (bias level 0.7), and no bias (bias level 0.5).
We apply the proposed subgroup selection and bias mitigation strategy to the subgroups
detected by Domino on CLIP and BiomedCLIP features as comparison methods, as they
are trained to cluster semantically meaningful features, and thus, are known to work well
with subgroup discovery methods (Eyuboglu et al., 2022; Bissoto et al., 2025).

The third and fourth principal components of the PCA of the deformation representa-
tions of our proposed method show good separability of ground truth groups. Fig. 4 shows
the PCA-encoded deformation representations for the true disease and bias labels in the
marker styles and the subgroups detected by Domino in the marker colors. The evaluated
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Figure 4: PCA on deformation representations (third and fourth principal component) for
a dataset with bias level 0.7. Colors indicate subgroup detection with Domino,
markers indicate the ground truth disease and bias labels.

disease and bias fraction of the subgroups align well with the ground truth groups, e.g.,
subgroup five (brown color) contains many disease and few bias cases and belongs mainly
to the ground truth group Disease & No Bias (plus sign).

Fig. 5 shows the results for bias detection. As illustrated in the figure, the proposed
method shows larger differences across subgroups than the comparison methods. Further-
more, the performance disparities detected based on the deformation representations can
be associated with the increased or decreased proportion of bias or non-bias cases in the
subgroup, respectively. The comparison methods show little performance deviation, and the
performance disparities cannot clearly be associated with the bias label. The percentage of
biased cases in the subgroups remains close to 50 %, indicating that Domino was unable to
separate biased and non-biased cases based on the foundation model features.

The results for bias mitigation on data trained with strong and moderate bias (Tab. 1
and Tab. 2) indicate that our proposed method significantly improves accuracy and recall for
the non-bias group. While BiomedCLIP also shows significant improvements in the relevant
metrics for the bias level of 0.7, this cannot be sustained when the bias level increases to
0.9. Natural for bias mitigation retraining, all methods show a decline in precision and
accuracy of the bias group for bias level 0.7 (Zhang et al., 2022; Zietlow et al., 2022). The
ablation study in Tab. 3 shows that the methodological components of the proposed bias
mitigation approach, i.e., data augmentation as well as oversampling the new, re-balanced
training dataset, show a performance gain in the metrics.

4. Discussion and Conclusion

We address the underexplored problem of morphological biases in medical imaging by pre-
senting a framework that detects and mitigates such biases by assessing subgroup perfor-
mance disparities on deformation representations learned by a generalizable INR. Using a
GMM-based subgroup discovery method, we expose subgroups with biased morphological
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Figure 5: Results of the bias detection using Domino based on different models used for
feature encoding and bias level for classifier training. The performance of each
subgroup si and seed is indicated by a marker. The performance differences in
∆TPR and FPR-FNR-ratio are shown on the left and right side, respectively.
The percentage of bias cases in the subgroup is color-coded.

Model Acc. B Acc. NB Recall B Recall NB Prec. B Prec. NB

Unbiased classifier 0.87± 0.01 0.87± 0.00 0.88± 0.02 0.88± 0.02 0.87± 0.02 0.87± 0.02
Biased classifier 0.73± 0.03 0.64± 0.04 1.00± 0.00 0.30± 0.08 0.65± 0.03 0.98± 0.01

CLIP 0.75± 0.02 0.67± 0.02 0.99± 0.01 0.37± 0.04 0.67± 0.02 0.97± 0.01
BiomedCLIP 0.76± 0.01 0.67± 0.02 0.99± 0.01 0.37± 0.05 0.68± 0.01 0.96± 0.01
Ours 0.75± 0.02 0.73± 0.04 0.98± 0.00 0.49± 0.09 0.67± 0.01 0.94± 0.01

Table 1: Results for bias mitigation with an initial bias level of 0.9 averaged over five seeds.
B = bias group, NB = non-bias group. Best results of relevant metrics are marked
in bold. The proposed method significantly improves accuracy NB and recall NB
in comparison to the biased classifier according to a Wilcoxon rank test (p-value <
0.1), while the other methods show no significant improvement.

patterns, re-balance the training data using the discovered subgroups, and augment the
data with synthetic samples. Our experiments demonstrate that this process effectively
mitigates performance disparities, even when the related attributes are unknown. This
work acts as a proof-of-concept study on synthetically generated data to enable a controlled
study setup and evaluation, which is not possible in real-world scenarios. However, the
proposed methodology will be extended to real applications in subsequent research.

We demonstrate that deformation representations obtained from a generalizable INR
are better suited for morphological bias detection than foundation model features encoded
by CLIP or BiomedCLIP. At a bias level of 0.9, our method achieves the best accuracy
and recall for the non-bias group, while the performance gap to the unbiased classifier
leaves room for improvement. With a high bias level, bias detection is performed on a
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Model Acc. B Acc. NB Recall B Recall NB Prec. B Prec. NB

Unbiased classifier 0.87± 0.01 0.87± 0.00 0.88± 0.02 0.88± 0.02 0.87± 0.02 0.87± 0.02
Biased classifier 0.85± 0.01 0.81± 0.01 0.92± 0.03 0.66± 0.03 0.81± 0.02 0.95± 0.01

CLIP 0.84± 0.01 0.81± 0.03 0.91± 0.04 0.66± 0.08 0.80± 0.04 0.95± 0.02
BiomedCLIP 0.84± 0.02 0.84± 0.02 0.95± 0.02 0.75± 0.06 0.78± 0.03 0.93± 0.03
Ours 0.82± 0.01 0.83± 0.02 0.93± 0.01 0.77± 0.05 0.77± 0.01 0.89± 0.02

Table 2: Results for bias mitigation with an initial bias level of 0.7 averaged over five seeds.
The proposed method and bias mitigation using BiomedCLIP features significantly
improves Acc. NB and Recall NB in comparison to the biased classifier according
to a Wilcoxon rank test (p-value < 0.1), while bias mitigation on CLIP features
shows no significant improvement.

Augm. SMOTE Acc. B Acc. NB Recall B Recall NB Prec. B Prec. NB

0.83± 0.01 0.80± 0.01 0.95± 0.02 0.66± 0.05 0.77± 0.01 0.92± 0.03
✓ 0.84± 0.01 0.83± 0.01 0.89± 0.02 0.73± 0.03 0.82± 0.01 0.91± 0.02

✓ 0.84± 0.03 0.82± 0.01 0.92± 0.02 0.72± 0.05 0.79± 0.03 0.91± 0.05
✓ ✓ 0.82± 0.01 0.83± 0.02 0.93± 0.01 0.77± 0.05 0.77± 0.01 0.89± 0.02

Table 3: Ablation study for bias mitigation, exemplarily at bias level 0.7. Augm. = aug-
mented data.

small amount of underrepresented subgroups, which in turn are available for re-balancing.
The proposed latent augmentation strategy introduces meaningful variance to the training
data and artificially enlarges the re-balanced training data. While this approach may risk
introducing label noise to the dataset, the ablation study shows incorporating augmented
data for retraining the classifier improves the performance.

For subgroup selection, we proposed two metrics: ∆TPR and the FPR-FNR-ratio.
Although these metrics are derived from theoretical assumptions, practical observations in
Fig. 5 show that the assumption behind ∆TPR for the non-bias group holds at a bias level of
0.9, but not at 0.7, likely due to contradictive effects of the No Bias & No Disease (positive
∆TPR) and No Bias & Disease group (negative ∆TPR). We understand our work as a
stepping stone towards further investigation and refinement of assumptions and metrics for
robust bias mitigation strategies.

Fig. 4 illustrates the expressiveness of the INR’s latent space, where principal compo-
nents can disentangle disease and bias-related variations. With further research on compo-
nent selection, we believe this method enables intuitive visualization of morphological bias
patterns in the image domain and improves interpretability of unknown bias attributes.
As INRs continue to evolve, their capacity for disentangling and interpreting latent rep-
resentations is likely to enforce future bias detection capabilities. By leveraging subgroup
discovery based on deformation representations from an INR and semantically meaningful
augmentation for bias mitigation, this study makes an important step towards revealing and
reducing of morphological biases – even when their underlying attributes remain unknown.
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Christoph Großbröhmer, Fenja Falta, Ron Keuth, Timo Kepp, and Mattias P. Heinrich.
Robust statistical shape modelling with implicit neural representations. In Christoph
Palm, Katharina Breininger, Thomas Deserno, Heinz Handels, Andreas Maier, Klaus H.
Maier-Hein, and Thomas M. Tolxdorff, editors, Bildverarbeitung für die Medizin 2025,
pages 32–37, Wiesbaden, 2025. Springer Fachmedien Wiesbaden. ISBN 978-3-658-47422-
5.

Bennet Kahrs, Julia Andresen, Fenja Falta, Monty Santarossa, Heinz Handels, and Kepp
Timo. Don’t mind the gaps: Implicit neural representations for resolutionagnostic retinal
oct analysis. MELBA, 2026.

Agostina J. Larrazabal, Cesar Martinez, and Enzo Ferrante. Anatomical Priors for Im-
age Segmentation via Post-Processing with Denoising Autoencoders. In Medical Image
Computing and Computer Assisted Intervention – MICCAI 2019, 2019.

11



Engelson Kahrs Kepp Andresen Handels Ehrhardt

Vincent Olesen, Nina Weng, Aasa Feragen, and Eike Petersen. Slicing through bias: Ex-
plaining performance gaps in medical image analysis using slice discovery methods. In
Esther Puyol-Antón, Ghada Zamzmi, Aasa Feragen, Andrew P. King, Veronika Cheply-
gina, Melanie Ganz-Benjaminsen, Enzo Ferrante, Ben Glocker, Eike Petersen, John S. H.
Baxter, Islem Rekik, and Roy Eagleson, editors, Ethics and Fairness in Medical Imaging,
pages 3–13, Cham, 2025. Springer Nature Switzerland.

Gregory Plumb, Nari Johnson, Angel Cabrera, and Ameet Talwalkar. Towards a more
rigorous science of blindspot discovery in image classification models. Transactions on
Machine Learning Research, 2023. ISSN 2835-8856.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agar-
wal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and
Ilya Sutskever. Learning Transferable Visual Models From Natural Language Supervision.
International Conference on Machine Learning, 2021.

Naftali Raz, Ulman Lindenberger, Karen M. Rodrigue, Kristen M. Kennedy, Denise Head,
Adrienne Williamson, Cheryl Dahle, Denis Gerstorf, and James D. Acker. Regional brain
changes in aging healthy adults: general trends, individual differences and modifiers.
Cerebral Cortex (New York, N.Y.: 1991), 15(11):1676–1689, November 2005. ISSN 1047-
3211. doi: 10.1093/cercor/bhi044.

Torsten Rohlfing, Natalie M. Zahr, Edith V. Sullivan, and Adolf Pfefferbaum. The SRI24
multichannel atlas of normal adult human brain structure. Human Brain Mapping, 31
(5):798–819, December 2009. ISSN 1065-9471. doi: 10.1002/hbm.20906.

Amber N. V. Ruigrok, Gholamreza Salimi-Khorshidi, Meng-Chuan Lai, Simon Baron-
Cohen, Michael V. Lombardo, Roger J. Tait, and John Suckling. A meta-analysis of
sex differences in human brain structure. Neuroscience and Biobehavioral Reviews, 39
(100):34–50, February 2014. ISSN 1873-7528. doi: 10.1016/j.neubiorev.2013.12.004.

Ramprasaath R Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam, Devi
Parikh, and Dhruv Batra. Grad-CAM: Visual Explanations From Deep Networks via
Gradient-Based Localization. 2017.

Laleh Seyyed-Kalantari, Haoran Zhang, Matthew B. A. McDermott, Irene Y. Chen, and
Marzyeh Ghassemi. Underdiagnosis bias of artificial intelligence algorithms applied to
chest radiographs in under-served patient populations. Nature Medicine, 27(12):2176–
2182, December 2021. ISSN 1546-170X. doi: 10.1038/s41591-021-01595-0. Publisher:
Nature Publishing Group.

Emma A. M. Stanley, Matthias Wilms, and Nils D. Forkert. A Flexible Framework for Sim-
ulating and Evaluating Biases in Deep Learning-Based Medical Image Analysis. In Hayit
Greenspan, Anant Madabhushi, Parvin Mousavi, Septimiu Salcudean, James Duncan,
Tanveer Syeda-Mahmood, and Russell Taylor, editors, Medical Image Computing and
Computer Assisted Intervention – MICCAI 2023, pages 489–499, Cham, 2023. Springer
Nature Switzerland. ISBN 978-3-031-43895-0. doi: 10.1007/978-3-031-43895-0 46.

12



Morphological Bias Detection and Mitigation

Emma A M Stanley, Raissa Souza, Anthony J Winder, Vedant Gulve, Kimberly Amador,
Matthias Wilms, and Nils D Forkert. Towards objective and systematic evaluation of bias
in artificial intelligence for medical imaging. Journal of the American Medical Informatics
Association, 31(11):2613–2621, November 2024. ISSN 1527-974X. doi: 10.1093/jamia/
ocae165.

Emma A. M. Stanley, Raissa Souza, Matthias Wilms, and Nils D. Forkert. Where, why,
and how is bias learned in medical image analysis models? A study of bias encoding
within convolutional networks using synthetic data. eBioMedicine, 111, January 2025.
ISSN 2352-3964. doi: 10.1016/j.ebiom.2024.105501. Publisher: Elsevier.

Susu Sun, Lisa M. Koch, and Christian F. Baumgartner. Right for the Wrong Reason:
Can Interpretable ML Techniques Detect Spurious Correlations? In Hayit Greenspan,
Anant Madabhushi, Parvin Mousavi, Septimiu Salcudean, James Duncan, Tanveer Syeda-
Mahmood, and Russell Taylor, editors, Medical Image Computing and Computer Assisted
Intervention – MICCAI 2023, pages 425–434, Cham, 2023. Springer Nature Switzerland.
ISBN 978-3-031-43895-0. doi: 10.1007/978-3-031-43895-0 40.

Jelmer M Wolterink, Jesse C Zwienenberg, and Christoph Brune. Implicit neural represen-
tations for deformable image registration. In Ender Konukoglu, Bjoern Menze, Archana
Venkataraman, Christian Baumgartner, Qi Dou, and Shadi Albarqouni, editors, Proceed-
ings of The 5th International Conference on Medical Imaging with Deep Learning, volume
172 of Proceedings of Machine Learning Research, pages 1349–1359. PMLR, 06–08 Jul
2022.

Haoran Zhang, Natalie Dullerud, Karsten Roth, Lauren Oakden-Rayner, Stephen Pfohl,
and Marzyeh Ghassemi. Improving the Fairness of Chest X-ray Classifiers. 2022.

Sheng Zhang, Yanbo Xu, Naoto Usuyama, Hanwen Xu, Jaspreet Bagga, Robert Tinn, Sam
Preston, Rajesh Rao, Mu Wei, Naveen Valluri, Cliff Wong, Andrea Tupini, Yu Wang,
Matt Mazzola, Swadheen Shukla, Lars Liden, Jianfeng Gao, Angela Crabtree, Brian Pien-
ing, Carlo Bifulco, Matthew P. Lungren, Tristan Naumann, Sheng Wang, and Hoifung
Poon. A Multimodal Biomedical Foundation Model Trained from Fifteen Million Im-
age–Text Pairs. NEJM AI, 2(1):AIoa2400640, January 2025. doi: 10.1056/AIoa2400640.
Publisher: Massachusetts Medical Society.

Dominik Zietlow, Michael Lohaus, Guha Balakrishnan, Matthaus Kleindessner, Francesco
Locatello, Bernhard Scholkopf, and Chris Russell. Leveling Down in Computer Vision:
Pareto Inefficiencies in Fair Deep Classifiers. In 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pages 10400–10411, New Orleans, LA, USA,
June 2022. IEEE. ISBN 978-1-6654-6946-3. doi: 10.1109/CVPR52688.2022.01016.

13


	Introduction
	Methods and Materials
	Encoding Deformation Representations
	Subgroup Discovery
	Subgroup Selection
	Bias Mitigation
	Data
	Implementation Details

	Results
	Discussion and Conclusion

