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Evaluation des disparités de performance des modeéles d’apprentissage profond en
neuro-imagerie et du role de I’apprentissage actif basé sur I’entropie

Ghazal Danaee

RESUME

Les modeles d’apprentissage profond constituent aujourd’hui la principale approche pour la
segmentation d’images médicales. Toutefois, ils peuvent produire des prédictions biaisées selon
certains groupes démographiques, notamment le sexe et I’ethnoculturalité. Ces écarts sont
importants, car ils peuvent influencer les analyses en aval, comme les études volumétriques, et
contribuer a des inégalités dans les résultats cliniques. Cette these s’intéresse a ce probleme
en étudiant le biais démographique dans la segmentation de I’IRM cérébrale structurelle et en
proposant un cadre d’apprentissage actif sensible a 1’équité afin de réduire ces disparités.

Dans une premiéere étude, publiée dans la revue Machine Learning for Biomedical Imaging,
nous avons comparé plusieurs modeles d’apprentissage profond, dont nnU-Net, UNesT et CoTr,
2 une méthode atlasique plus classique, ANTs. A partir de segmentations de référence du
noyau accumbens, annotées manuellement curées, nous avons montré que certains modeles
sont beaucoup plus sensibles que d’autres au déséquilibre démographique dans les données
d’entrainement. Nous avons également observé que des segmentations automatisées biaisées
peuvent masquer de véritables différences volumétriques liées a la race, pourtant encore visibles
dans les annotations manuelles. Ces biais peuvent ainsi modifier 1’interprétation des analyses
morphométriques en aval.

Dans une seconde étude, qui sera présentée a la conférence Medical Imaging with Deep Learning
en 2026, nous avons proposé une stratégie d’apprentissage actif sensible a 1’équité pour réduire
ces disparités des 1’étape de sélection des données d’entrainement. La méthode proposée, fondée
sur une entropie localisée pondérée, combine une pondération basée sur la performance spécifique
a chaque groupe et une estimation localisée de I’incertitude. En concentrant I’incertitude dans
une région d’intérét, cette approche capture plus fidelement I’incertitude épistémique pertinente
et évite de confondre celle-ci avec de simples variations anatomiques plus globales. Des
expériences menées sur des IRM synthétiques présentant un biais morphologique contrdlé ont
montré que cette stratégie peut réduire de maniere importante les écarts entre groupes, avec des
améliorations allant jusqu’a 86 % par rapport a I’échantillonnage par entropie standard.

Dans I’ensemble, ces travaux montrent que 1’équité en neuro-imagerie ne devrait pas €tre
considérée comme un simple critere d’évaluation secondaire. Elle doit plutot étre pensée
comme un principe central de conception. En mettant en évidence la présence de biais dans la
segmentation cérébrale, a la fois dans les méthodes d’apprentissage profond et dans les approches
plus traditionnelles, puis en proposant une stratégie concrete pour entrainer des modeles plus
équitables, cette these contribue au développement de méthodes d’analyse d’images médicales
plus fiables et plus justes.

Mots-clés: Apprentissage actif équitable, segmentation de I'IRM cérébrale






Evaluation of Performance Disparities in Deep Learning Models for Neuroimaging and
the Role of Entropy-Based Active Learning

Ghazal Danaee

ABSTRACT

Deep learning models are now the leading approach for medical image segmentation. However,
they can produce biased predictions across demographic groups such as sex and race. These
disparities are important because they can affect downstream analyses, including volumetric
studies, and may contribute to unequal clinical outcomes. This thesis addresses this issue
by studying demographic bias in structural brain MRI segmentation and by proposing a
fairness-aware active learning framework to reduce these disparities.

In the first study, published in the Machine Learning for Biomedical Imaging journal, we
compared several deep-learning models, including nnU-Net, UNesT, and CoTr, as well as a
traditional atlas-based method, ANTs. Using manually curated gold-standard segmentations of
the nucleus accumbens, we showed that some models are much more sensitive than others to
demographic imbalance in the training data. We also found that biased automated segmentations
can obscure true race-related volumetric differences that remain visible in the manual annotations,
thereby influencing downstream morphometric conclusions.

In the second study, which will be presented at the 2026 Medical Imaging with Deep Learning
conference, we introduced a fairness-aware active learning strategy to reduce these disparities
during sample selection. The proposed weighted localized entropy method combines group-
specific performance weighting with localized uncertainty estimation. By focusing uncertainty
within a region of interest, the method better captures meaningful epistemic uncertainty and
avoids simple anatomical variation. Experiments on synthetic MRI data with controlled
morphological bias showed that this strategy can substantially reduce group disparity, with
improvements of up to 86% relative to standard entropy sampling.

Overall, this work shows that fairness in neuroimaging should not be treated as a secondary
evaluation criterion. It should be considered a central design principle. By identifying bias in
brain segmentation across both deep learning models and traditional methods, and by proposing
a practical strategy for training more equitable models, this thesis advances the development of
more reliable and fair medical image analysis.

Keywords: Fair Active Learning, Brain MRI Segmentation
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INTRODUCTION

Structural brain MRI (sMRI) is a core modality in modern neuroimaging, with growing impact
in both clinical neurology and psychiatric research. Recent work highlights how sMRI post-
processing such as volumetry, shape analysis, voxel-based morphometry, lesion mapping, is
increasingly integrated into clinical workflows (Tae, Ham, Pyun & Kim, 2025). In particular,
volumetric analysis is widely used to quantify differences between healthy and diseased brains
and can support early diagnosis and longitudinal monitoring of neurodegenerative disorders
such as hippocampal atrophy in Alzheimer’s disease (Tae et al., 2025). Beyond neurology, SMRI
is often combined with functional MRI (fMRI) or diffusion MRI (AMRI) and has been explored
for stratifying depression subtypes and predicting treatment response, with the goal of enabling

more personalized interventions (Gao, Chen, Castellanos, Lu & Yan, 2025).

Segmentation of structures in medical images provides essential spatial information. This detail
is crucial for tasks like anomaly segmentation (Baur, Wiestler, Albarqouni & Navab, 2020).
However, supervised deep learning requires massive datasets of pixel-wise labels. Obtaining
these expert-annotated masks is expensive and time-consuming. Furthermore, the heterogeneous

appearance of target organs poses an additional challenge.

Manual segmentation relies on strict neuroanatomical conventions and operational definitions.

These definitions serve as step-by-step instructions for delineating anatomical boundaries.

Manual annotation is highly time-consuming. For example, manual brain parcellation can take
up to one week for high-resolution images (Fischl et al., 2004). Consequently, both classical
approaches and deep learning-based methods have been developed to mitigate the reliance on
extensive manual labeling; these approaches are reviewed in the following. Classical automated
methods such as FreeSurfer apply standardized procedures using probabilistic models derived

from atlases (Fischl et al., 2002). While effective, this pipeline has high computational costs.



An example of a full brain segmentation by FreeSurfer is shown in Figure 0.1.

Figure 0.1 Coronal, axial, and sagittal views of the brain segmentation by FreeSurfer

Guide lines Segmentation

Sagittal

Figure 0.2 Manual Segmentation
Taken from (Rushmore et al., 2022a)



Another approach is Multi-Atlas Label Fusion (MALF)
(Heckemann, Hajnal, Aljabar, Rueckert & Hammers, 2006). MALF registers multiple atlases to

a target image and combines them using label fusion strategies.

Two common label fusion strategies exist. The first is majority voting, which simply counts the
most frequent label. The second is weighted voting, which assigns weights based on local image
similarity. Joint label fusion explicitly accounts for correlated errors between atlases to improve
accuracy (Wang et al., 2013a). However, these classical techniques remain highly sensitive to

residual registration errors.

These limitations paved the way for deep learning architectures. Convolutional neural networks
(CNNs), particularly the U-Net, are now widely used (Ronneberger, Fischer & Brox, 2015).
Frameworks like nn-UNet further improved this by automatically configuring the training
pipeline (Isensee ef al., 2021). Because CNNs are limited by localized receptive fields,
transformer-based models were introduced to capture long-range dependencies. Hybrid models
aim to combine the strong local feature extraction of CNNs with the global context modeling
of transformers. TransUNet (Chen ef al., 2021) is a representative example of this idea,
where CNN features are first extracted and then refined by a transformer encoder before being
decoded through U-Net-style skip connections. However, applying standard transformers to
3D medical images remains computationally expensive. To address this limitation, CoTr (Xie,
Zhang, Shen & Xia, 2021) efficiently integrates CNN feature extractors with deformable
transformer modules, allowing the network to model long-range dependencies while reducing
spatial and computational demands. Unlike vanilla transformer designs that struggle with
high-resolution 3D feature maps, Colr focuses attention on a small set of key locations, which

makes transformer-based context modeling more practical for volumetric segmentation.

As segmentation models enter clinical workflows, ensuring algorithmic fairness is vital. Fairness

means ensuring models perform equitably across different patient demographics (Xu et al.,



2024b). Key challenges include imbalanced datasets, domain differences caused by varying
scanner protocols, and biological differences. Unlike simple classification, segmentation outputs
are spatial maps. Therefore, bias often manifests in specific regions within an image rather than
just global accuracy (Ioannou, Chockler, Hammers & King, 2022b). To combat this, current bias
mitigation strategies fall into three categories (Xu et al., 2024b). Pre-processing methods balance
subgroup distributions before training. In-processing methods modify the model architecture
during training, often using adversarial networks (Stanley, Wilms, Mouches & Forkert, 2022a;
Adeli et al., 2021). Finally, post-processing methods refine the trained model by removing biased
components. While fairness has been extensively studied in classification settings (Mehrabi,
Morstatter, Saxena, Lerman & Galstyan, 2022), fewer works have examined fairness issues in
brain MRI segmentation. Recent studies have begun to highlight demographic- and acquisition-
related disparities in segmentation performance (Ioannou et al., 2022b; Mehta, Shui & Arbel,
2024; Svanera, Savardi, Signoroni, Benini & Muckli, 2024), but the topic remains substantially

underexplored.

Our contribution

Our first article, Investigating Demographic Bias in Brain MRI Segmentation: A Comparative
Study of Deep-Learning and Non-Deep-Learning Methods evaluates demographic bias in brain
MRI segmentation by comparing three deep-learning models (UNesT, nnU-Net, Colr) and a
traditional atlas-based method (ANTs). Using manually curated, gold-standard segmentations of
the nucleus accumbens, we establish a baseline for assessing bias rather than relying on automated
labels. Moving beyond standard metrics, the research demonstrates how biased segmentations
can distort downstream clinical volumetric analyses and alter the observed biological effects of
sex and race. Ultimately, by showing that ANTs and UNesT are highly vulnerable to demographic
mismatches while nnU-Net remains robust, the work highlights the critical need for diverse
training datasets and systematic fairness evaluations. This suggests that practitioners should

exercise caution when deploying these models in settings where demographic fairness is a



critical requirement. The article was published in the Machine Learning for Biomedical Imaging
(MELBA) journal (Danaee, Niethammer, Rushmore & Bouix, 2025).

Author contributions

Ghazal Danaee was responsible for study design, experimental design, code implementation,
statistical analysis, running experiments, and writing. Marc Niethammer contributed to study
design and writing. Jarrett Rushmore contributed by providing data and helped in writing.

Sylvain Bouix contributed to study design, experimental design, statistical analysis, and writing.

Additionally, in the article Exploring Entropy-based Active Learning for Fair Brain Segmentation,
we tried to bridge the gap between active learning (AL) and algorithmic fairness in brain image
segmentation by introducing a fairness-aware active learning (AL) framework. The primary
contribution is a Weighted Entropy selection strategy that adaptively prioritizes under-performing
patient subgroups by re-weighting uncertainty with group-specific performance scores derived
from the current labeled set updated at each cycle. To ensure the model targets genuine
epistemic uncertainty rather than mere anatomical volume differences, we further implemented
a masked, scaled entropy restricted to the region of interest. Validated on synthetic brain MRI
datasets with simulated morphological biases, the method significantly outperformed standard
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CHAPTER 1

LITERATURE REVIEW

As a detailed review of the relevant literature is included in the two articles of this thesis, in
this chapter, we first introduce the fundamental concepts of active learning and discuss its role
in reducing annotation effort in machine learning. We then review the notion of algorithmic
fairness and its growing importance in medical imaging applications. Finally, we examine the
emerging topic of fairness-aware active learning and discuss the current research gap in the

context of brain MRI segmentation.

Annotated medical images are often scarce because expert labeling is time-consuming and
expensive (Zhou et al., 2021b). To address this limitation, active learning can be used to train
models with as few labeled scans as possible (Santos & Marreiros, 2025). In an active learning
framework, a large pool of unlabeled data is available. At each iteration, the algorithm selects
the most informative samples from this pool and requests annotations from an expert. The goal
is to achieve performance comparable to training on the fully labeled dataset while minimizing

the number of annotated samples (Ren et al., 2021).

Several query strategies have been proposed in the active learning literature. The choice
of strategy depends on the nature of the unlabeled data and the question we have from the
oracle (Budd, Robinson & Kainz, 2021). The three main paradigms are stream-based selective
sampling, membership query synthesis, and pool-based sampling. In stream-based selective
sampling, data arrive sequentially, and the model decides whether each incoming sample should
be annotated based on an informativeness criterion (Dagan & Engelson, 1995). In membership
query synthesis, the model generates synthetic samples that it considers informative (Angluin,
2001). However, these synthetic queries may request annotations for data points that are not

meaningful to a human oracle (Lang & Baum, 1992).

Most active learning studies rely on a pool-based strategy, where samples are selected from
a large unlabeled pool (Wang et al., 2024). In this setting, the model scores the unlabeled

samples according to their informativeness (Lewis & Catlett, 1994). The most informative



samples are then chosen for expert annotation. This sampling method is especially effective
in deep learning, as these models are inherently trained using a batch-based scheme (Budd
et al., 2021). In our second article, we adopt this strategy and extend it within a fairness-aware
framework. Specifically, we introduce a weighting mechanism that prioritizes samples from

underperforming demographic groups.

A key challenge in active learning is estimating how informative a sample is for model
improvement. Several strategies have been proposed to address this problem. Common
approaches include uncertainty-based sampling, representativeness-based sampling, methods
based on generative adversarial networks (GANSs), and learning-based active learning strategies.
In uncertainty sampling, we select samples where model confidence is low which, are likely
to provide the most learning benefit when annotated (Nguyen, Shaker & Hiillermeier, 2022).
There are different techniques to measure uncertainty that rely on current model’s predictions,
including entropy (Wang & Shang, 2014), margin (Scheffer, Decomain & Wrobel, 2001), and
posterior probability (Lewis & Gale, 1994). (Kirsch, van Amersfoort & Gal, 2019) proposed
BatchBALD, a Bayesian active learning method that selects diverse and informative batches of
samples based on their joint mutual information with model parameters. The approach estimates
model uncertainty using Monte Carlo dropout as a scalable approximation. By accounting for
correlations between samples, BatchBALD avoids selecting redundant data points. Some works
have also considered predicting how selecting one datapoint would affect the model in the next
cycle. For example, one of the methods of this kind tries to estimate expected changes in model

predictions (Kéding, Rodner, Freytag & Denzler, 2016).

Another class of sampling strategies focuses on diversity. These methods aim to select samples
from different regions of the data distribution to increase the diversity of the labeled set. One of
the early approaches in this category was proposed by (Xu, Yu, Tresp, Xu & Wang, 2003), who
used k-means clustering to identify representative samples. A well-known representative-based
method is Core-set (Sener & Savarese, 2018), which selects samples by minimizing the distance
between the latent representations of labeled and unlabeled data using Euclidean distance. More

recently, ActiveFT Xie et al. (2023) was proposed to select samples that best represent the



overall unlabeled distribution. This method measures representativeness in a pretrained feature

space using a KL.-divergence estimate tailored for transfer learning.

Hybrid-based active learning strategies are designed to overcome the limitations of using
either uncertainty or diversity metrics in isolation by aiming to select data points that are
simultaneously informative and representative. These approaches often achieve this balance
through sophisticated joint objectives or multi-step selection processes; for instance, Nath, Yang,
Landman, Xu & Roth (2021) integrates model uncertainty with image similarity or mutual
information to regularize the acquisition function and ensure a diverse training pool. State-of-
the-art hybrid methods like BADGE (Ash, Zhang, Krishnamurthy, Langford & Agarwal, 2020)
cluster the gradient embeddings of the network’s output layer to implicitly capture both sample
disparity and uncertainty magnitude. Alternatively, methods such as ALFA-Mix (Parvaneh
et al., 2022) identify informative samples by seeking inconsistencies in predictions resulting
from latent feature-space interpolations, subsequently applying clustering to these candidates
to maximize batch diversity. The optimal balance between these metrics often depends on
the available labeling budget. When the budget is small, different sampling strategies may be
required than when more annotations are available. To address this issue, recent work such as
Uncertainty Herding (UHerding) (Bae, Sutherland & Oliveira, 2025) adaptively interpolates
between representation-based and uncertainty-based sampling strategies. This adaptive behavior

helps maintain strong performance across both low- and high-budget scenarios.

Once new samples are annotated, the model must be updated to incorporate this information.
One option is to fine-tune the current model using the newly labeled data Tajbakhsh et al.
(2016). Another option is to retrain the model from scratch using all available labeled samples.
Alternatively, the model can be retrained using all data while initializing the parameters from the
previously trained model. Retraining from scratch is generally more computationally expensive

than fine-tuning.

To address the prohibitive costs and time constraints of expert medical annotation, (Diaz-Pinto

et al., 2024) introduced MONALI Label, an open-source framework that integrates active learning
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(AL) with human-in-the-loop interactive segmentation. Rather than relying solely on static
automated predictions or fully manual tracing, the system employs AL strategies such as aleatoric
and epistemic uncertainty estimation to query the most informative unlabeled 3D volumes for
expert review. Once an uncertain volume is selected, clinicians can utilize Al-assisted refinement
tools, including positive/negative click-based models (DeepGrow and DeepEdit) or free-hand
scribbles, to correct the model’s initial predictions. This iterative paradigm continuously updates
the underlying model with the refined labels, significantly reducing the overall annotation time
and demonstrating how active data selection paired with interactive refinement can scale the

generation of high-quality medical datasets.

Active learning has shown strong potential in medical image segmentation, where voxel-wise
annotation is particularly costly and time-consuming. This challenge is even more pronounced
in 3D imaging modalities such as MRI and CT, which contain substantial redundancy across
adjacent slices. To reduce annotation effort, several studies have adapted active learning to
select only the most informative slices or regions within a volume. For example, Zhou, Li,
Bredell, Li & Konukoglu (2021c) proposed an uncertainty-based strategy that predicts the
segmentation quality of each slice and recommends those with lower predicted quality for expert
annotation. Other methods explicitly account for annotation cost in medical settings. In brain
tumor segmentation, Shen et al. (2021) estimated the cost of annotating a slice based on its
distance from already labeled slices, assuming that slices similar to previously annotated ones
require less effort. In addition, early frameworks such as Suggestive Annotation (SA) proposed
by Yang, Zhang, Chen, Zhang & Chen (2017) showed that combining uncertainty-based selection
with representative sampling can improve the segmentation of complex structures efficiently.
These studies show that active learning can reduce not only the number of annotated samples,

but also the overall human effort required to build accurate segmentation models.

Despite its effectiveness in reducing annotation burden, standard active learning typically focuses
on improving overall accuracy. This can increase performance disparities across demographic

groups inadvertently. Such a trade-off is often described as a fairness—accuracy frontier (Pang
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etal., 2024). In response, fair active learning methods have been developed to reduce group-wise
disparities while maintaining good predictive performance. However, many of these approaches
require sensitive attribute labels for the full unlabeled pool, which may be unrealistic in practice
and can raise privacy concerns. More recent methods attempt to avoid this limitation by
estimating fairness effects from a small annotated validation set instead (Pang et al., 2024).
Overall, these works emphasize the importance of fairness-aware sampling, particularly in

medical imaging, where data scarcity and demographic bias frequently overlap.

Moreover, to the best of our knowledge, fairness-aware active learning for brain segmentation
has not yet been investigated in the literature. To address these gaps, this thesis presents the

following contributions.

This thesis addresses important challenges at the intersection of fairness, limited annotated data,
and medical image segmentation. First, we investigate how several state-of-the-art segmentation
methods, including both deep learning and atlas-based approaches, are affected by demographic
bias. Using a manually curated gold-standard dataset, we show that imbalanced training cohorts
can lead to performance disparities across demographic groups and can influence downstream
clinical conclusions related to sex and race. We then propose a fairness-aware active learning
framework to reduce these disparities when annotation resources are limited. In particular, we
introduce a Weighted Localized Entropy sampling strategy that gives priority to underperforming
demographic subgroups based on current group-level performance. By restricting uncertainty
estimation to a region-of-interest mask, the method aims to reduce the effect of anatomical

volume variation and improve both accuracy and fairness.
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2.1 Introduction

Researchers have widely adopted deep-learning-based models as state-of-the-art approaches in
medical image computing. However, these models may display biased predictions for individuals

with different protected attributes, such as sex, age, and race (Xu et al., 2024b).

When a model performs worse for specific subgroups, the downstream clinical implications can
be significant, potentially leading to misdiagnosis or underdiagnosis for patients within those
groups. Examining and mitigating these biases is paramount to achieving equitable healthcare
outcomes. For instance, Stanley, Wilms, Mouches & Forkert (2022b) studied differences in the
performances of models predicting the sex of patients using magnetic resonance imaging (MRI)
and observed differences between white and black children. Frazier ef al. (2008) studied how
diagnosis and sex affect brain regions in early-onset bipolar disorder and schizophrenia. Using
MRI, they found that both factors influence amygdalar and hippocampal volumes, with differences
between men and women. The study underscores the critical importance of accounting for sex

differences in brain studies related to mental health.
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Several factors contribute to bias in medical image computing. One fact is the inherent
anatomical differences between men and women. In a recent study, Dibaji, Ospel, Souza & Bento
(2024) evaluated how these sex-based anatomical differences in brain MRI data influence the
performance of sex classification models. They analyzed saliency maps of the models to
determine the regions most influential in driving sex classification. Furthermore, Isamah et al.

(2010) demonstrated the differences in volumes of brain structures between various racial groups.

Previous research has predominantly concentrated on fairness in classification tasks (Mehrabi
et al., 2022). By contrast, fairness in segmentation has received relatively little attention,
despite the significant impact that segmentation bias can have on clinical decision making. The
few studies conducted in the realm of segmentation have typically focused on evaluating only
one type of deep learning model in their analyses. We addressed these gaps by thoroughly
evaluating demographic bias in both deep-learning and non-deep-learning models for brain
region segmentation. Specifically, we considered four different methods: three state-of-the-art
deep-learning models with different types of architectures (UNesT (Yu et al., 2023), nnU-
Net (Isensee et al., 2021), and CoTIr (Xie et al., 2021)) and a traditional atlas-based segmentation
method (Multi-Atlas Segmentation with Joint Label Fusion (Wang et al., 2013b)). We evaluated
their bias across four demographic subgroups (black female, black male, white female, and white
male). Moreover, we used manually annotated gold-standard segmentations of two subcortical
structures—namely, the left and right nucleus accumbens (NAc)—as the labels for the training
dataset, thus ensuring a high-quality gold standard for our evaluation. We extended our analyses
beyond segmentation accuracy by investigating whether volume differences between sex, race
and their interaction, observed with manual segmentation, remain consistent when using the
segmentation output from biased models.

While recent studies have provided comprehensive analyses of bias across multiple attributes and
mitigation strategies (Siddiqui et al., 2024), our work offers a distinct contribution by comparing
the performance of multiple deep-learning architectures against a traditional non-deep-learning
method in the context of brain MRI segmentation.

Ultimately, our findings aim to contribute to developing more equitable and generalizable
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practices in automated brain-image segmentation, thereby fostering enhanced fairness within

both clinical and research environments.

2.2 Related Works

Previous studies have investigated bias in segmentation tasks in medical image computing. For
example, Puyol-Antén et al. observed statistically significant differences in the performance of
models in cine cardiac MR segmentation between racial groups (Puyol-Antén ez al., 2021, 2022).
The training set was sex-balanced but not race-balanced, causing race bias in performance
results. Additionally, Lee et al. (2025) showed racial biases in cine cardiac magnetic resonance
(CMR) imaging with reduced performance on black subjects. They aimed to identify the causes
of racial bias. They discovered that racial biases stemmed from non-cardiac features in MR
images (areas of the image that did not include the heart), and training the model on cropped

images helped narrow the performance gap between black and white patients.

In a recent study, Ioannou et al. (2022b) investigated the influence of sex and race on the
performance of the FastSurferCNN model (Henschel ez al., 2020b) trained using silver standard
labels derived from the Multi-Atlas Label Propagation with Expectation-Maximization-based
refinement (MALPEM) algorithm

(Ledig et al., 2015; Ledig, Schuh, Guerrero, Heckemann & Rueckert, 2018). The study focused
on the segmentation of 78 structures in the brain and evaluated demographic biases within these
regions; they found sex and race bias in some but not all structures. To assess sex bias, they
trained five different models on training sets with varying ratios of white females and white
males and subsequently tested these models on the test sets of white females and white males.
In another experiment, they used the same trained models and tested them on black and white
females to measure race biases. Their findings revealed that race bias is more significant than
sex bias. In addition, they reported that specific brain regions showed a significant bias effect,
indicating that the bias has a spatial component. They also observed sex biases. For example,
when the model was trained on a sex-balanced dataset, its performance in segmenting three

brain regions showed a statistically significant reduction in Dice coefficient for white females
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compared to white males.

Alqarni et al. (2024) investigated racial bias in deep learning-based prostate gland segmentation
from MR images by training models with varying ratios of white and black subjects. Their
findings revealed that models trained on imbalanced datasets exhibited significant racial bias,
while employing a race-balanced training set resulted in the best segmentation performance
across both groups. In a recent study, Siddiqui ez al. (2024) investigated biases related to age,
sex, and race in the segmentation of hip and knee X-ray images. Their work demonstrates the
trade-off between fairness and accuracy by comparing several bias mitigation strategies applied
to U-Net models with different CNN backbones (ResNetl18 and EfficientNet-B0). A study
evaluating skin color bias in skin lesion segmentation algorithms (CNNs) by Bencevi¢, Habijan,
Gali¢, Babin & Pizurica (2024) observed lower performance on darker skin tones. Although
they used mitigation methods, none of them were effective at reducing the bias. In this study,
we supplement these initiatives by directly comparing multiple methods and using a manually
curated gold-standard dataset, therefore providing a more comprehensive view of how different
methods handle unbalanced training data.

Prior studies of bias in segmentation have often evaluated a single deep-learning architecture
within a given application. Outside the brain, comparative work in cardiac MR has shown that
model choice itself can affect measured sex bias and race bias (Lee ef al., 2023). In brain MRI,
however, we are not aware of prior studies that jointly compare deep learning and atlas-based

segmentation with respect to bias.

Our study offers a more comprehensive evaluation by (i) comparing two distinct types of
segmentation models—deep learning—based and traditional non—deep learning approaches, a
comparison not previously worked on, (ii) employing manually curated gold-standard labels
for the nucleus accumbens, and (iii) examining both segmentation performance fairness and its

impact on volumetric analyses through linear mixed-effects models.
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2.3 Methods

2.3.1 Data

We utilized data from the Human Connectome Project (HCP) Young Adult dataset. According
to the “WU-Minn HCP 1200 Subjects Data Release: Reference Manual”, each HCP participant
is given a participant identification number for tracking and asked a number of demographic
questions, including gender, age, twin status (including self-reported zygosity), race, ethnicity,
educational level, household income, and relationship status(Human Connectome Project, 2017).
The T1-weighted MRIs have a resolution of 260 x 311 x 260 voxels with an isotropic voxel
spacing of 0.7. The subjects’ ages ranged from 22 to 35. Reporting race and ethnicity in this
study was mandated by the NIH, consistent with the Inclusion of Women, Minorities, and
Children policy. Sex, race and ethnicity were self-reported by participants. For the training
phase, we employed 30, 32, 33, and 31 images corresponding to black female, black male, white
female, and white male subjects, respectively. In the testing phase, we utilized 19, 20, 19, and

20 images for black female, white male, white female, and black male subjects.

We utilized the manual segmentations of two subcortical structures, the right and left nucleus
accumbens (NAc), provided by neuroanatomist Dr. Jarrett Rushmore. This structure was
selected due to previously reported sex differences in microstructure (Wissman, May & Woolley,
2012). Because NAc volume is widely employed as a volumetric biomarker, demographic bias in
its automated segmentation could confound clinical inference and exacerbate health disparities.

Figure 2.1 shows a case of manual annotation of the right and left NAcs.

2.3.2 Biased training

For each architecture—nnU-Net, UNesT, and Colr—four separate models were trained, with
each model using data from just one of the four demographic groups: 32 black male, 30 black
female, 31 white male, or 33 white female subjects. Similarly, four biased datasets were used

with ANTSs, leading to 4 "models" each using atlases from just one demographic subgroup:



18

Figure 2.1 The green structure is Right NAc and the left structure is left NAc

10 black male, 10 black female, 10 white male, or 10 white female subjects. This approach
intentionally introduces bias to assess the impact of imbalanced training on segmentation fairness

across demographics.

2.3.3 Evaluation metrics

We used two core metrics for evaluating raw segmentation performance. First, the Dice similarity
coefficient (DSC) is an overlap-based metric that ranges from 0 with no overlap to 1 with complete
overlap. Let X denote the ground truth segmentation and Y be the predicted segmentation. The
Dice coefficient is computed as:

21X NY|

Second, the normalized surface Dice (NSD) defined by Nikolov et al. (2021) is a boundary-based
metric that measures the Dice coefficient on boundary pixels with a margin. 7 is the maximum

tolerated distance from the boundary that defines the border region. For two shapes X and
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Y, Sx and Sy denote their boundaries, and B}((T) and BI(/T) are the corresponding boundary

regions (Maier-Hein et al., 2024).

1Sx N B | +1Sy N BY|

NSD(X,Y) =
(X.¥) IS+ 1571

(2.2)

Furthermore, to evaluate fairness in the models’ results, we utilized the Equity-Scaled

Segmentation Performance (ESSP) metric, originally proposed by Tian et al. (2024).

Computing ESSP requires two components:

1. The overall segmentation accuracy (the mean accuracy of a model on all demographic
groups)

2. The deviation of a model’s accuracy on each demographic group from the overall

segmentation accuracy

Let A denote the set of demographic groups under consideration (in our case, white male,
white female, black male, and black female), N4 denote the total size of all test sets across all
subgroups in A, DSC,, represent the average Dice coeflicient for subgroup a € A, and n,, is the
size of subgroup a. We compute the overall segmentation accuracy for each of the models by

averaging the Dice coeflicient over all samples in the test set:

1
DSC,verall = v Z DSC,, X n,. 2.3)

acA
Next, we define A as the sum of absolute performance discrepancies across all groups:

A= Z|DSC0vemll _DSC,|. (2.4)

acA

Finally, we calculate the Equity-Scaled Segmentation Performance (ESSP) by penalizing the

overall performance concerning A:

DSCoverall
1+A

ESSP = (2.5)
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In essence, ESSP acts as a substitute for the Dice coefficient, with a penalty for unfairness. Note
that the same measure can be computed for NSD and we use the following notation ESSPpsc

and ESSPysp to respectively identify the Dice and NSD ESSP measures.

234 Segmentation algorithms tested

All deep-learning methods were used with their default configuration, as provided by their
respective official code repositories. We chose the default configuration to mirror common
practice, enable reproducible comparisons, and model real-world usage. There are therefore,
some noticeable differences beyond network architectures, including the number of epochs and
data augmentation. We summarize the training configurations of the deep learning models in

Table 2.1 and review each method in details below.

2.3.4.1 UNesT

We utilized UNesT (Yu et al., 2023), a segmentation model with a hierarchical transformer
encoder that processes volumetric data by dividing the input into 3D patches and applying local
self-attention at different scales. Unlike prior approaches relying on convolutional layers for
feature extraction, UNesT leverages a transformer-based encoder to capture multi-scale features.
It then uses a convolutional decoder to upsample these representations and produce the final

segmentation.

Implementation details: We utilized the official implementation of the UNesT model and
trained the UNesT-large version with approximately 280 million parameters from scratch on our
dataset. We decided to use the default configuration of UNesT since these values worked best
for our task of segmenting small subcortical structures. For example, UNesT could not segment
well when trained with only 1000 epochs, which is the fixed value for the number of epochs in
nnU-net. The code for UNesT is publicly accessible online'.

Data were registered to MNI space using affine transformations for the train and test phases.

I Official UNesT implementation: https://github.com/MASILab/UNesT
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Then, after the test set was segmented, the results were registered back to the original space. For
each model trained on a specific demographic group (e.g., black females), we performed 5-fold
cross-validation within that group’s training data, with each fold trained for 50,000 epochs,
and the ensemble of the results of models were used to produce the predictions. We used the
default parameters of the UNesT-large model, as provided by the official implementation. These
included a learning rate of 0.00001, the Adam optimizer, and a momentum of 0.9. We utilized

Dice-cross entropy as it showed better performance in segmenting small structures.

2.3.4.2 nnU-Net

nnU-Net (Isensee et al., 2021) is an adaptive model specifically designed for biomedical image
segmentation. Its key advantage lies in its ability to apply to any dataset by systematizing the

complex process of manual method configuration.

Implementation details: We trained the model from scratch on our training dataset, and evaluated
its performance on test sets from different demographic groups. The official implementation of
nnU-Net, used in our experiments, is available on their Github.2

We adhered to the default configuration for the nnU-Net model, as its defining characteristic
is the automated optimization of the entire pipeline based on a new dataset’s properties.
Manually altering these systematically configured parameters would undermine the model’s
self-configuring design philosophy and negate its primary advantage.

nnU-Net adopts several fixed design choices, including the use of a combined cross-entropy and
Dice loss function across all applications. In addition, it incorporates a set of rule-based and
empirical design choices for the model’s configuration. Given a new training dataset, nnU-Net
automatically creates up to three pipeline configurations (2D U-Net, 3D full-resolution U-Net,
and the 3D U-Net cascade) , and trains each configuration in a 5-fold cross-validation run.
After training, nnU-Net empirically selects the best single configuration or an ensemble of

configurations (Isensee et al., 2021). In our experiments, the 3D full-resolution configuration was

2 Official nnU-Net implementation: https:/github.com/MIC-DKFZ/nnUNet/tree/master/nnunetv2
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consistently selected, and its predictions were used for reporting results. nnU-Net’s rule-based

and empirical strategies determined the other design choices.

2343 ColIr

The last deep-learning-based model we used is Colr (Xie et al., 2021), which leverages
the strengths of both transformers and convolutional neural networks for 3D medical image
segmentation. In CoTr, a CNN is designed to extract feature representations, while the authors
introduced the deformable Transformer (DeTrans) to model long-range dependencies within the

extracted feature maps effectively.

Implementation details: We trained Colr from scratch on the training set and evaluated it on
test sets from various demographic groups. We performed 5-fold cross-validation and used
inference-time ensembling of the models. The loss function of the model is the sum of the
Dice loss and cross-entropy loss. We used the official implementation of Colr and its default

configuration for training, which is available on GitHub.?

2.3.4.4 Multi-Atlas Segmentation with Joint Label Fusion (ANTs)

Atlas-based segmentation relies on atlases—expert-labeled sample images— for guiding
segmentation. Each atlas is registered to the target image in this approach, and the warped atlases
are combined using label fusion techniques, such as weighted voting. Multi-Atlas Segmentation
with Joint Label Fusion (Wang et al., 2013b) which incorporates dependencies between atlases,
was one of the leading segmentation techniques before deep learning methods were developed.
The method is quite flexible. Given a relatively small set of labeled data, one could perform

segmentation with good accuracy.

Implementation details: Four variants of ANTs Joint Label Fusion were used, each using 10
atlases exclusively from training sets of each one of the demographic subgroups: 10 black male,

10 black female, 10 white male, or 10 white female subjects to segment the test set. Since

3 Official CoTr implementation: https:/github.com/YtongXie/CoTrt/tree/main
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Training configurations for deep learning models

Configuration

nnU-Net

CoTIr

UNesT

Loss function
Optimizer

Learning rate
(schedule)

Epochs
5-fold CV

Preprocessing

Data
augmentation

Post-processing

Cross-entropy + Dice
SGD + Nesterov (i = 0.99)

0.01 (poly:

epoch 0.9
(1 - epOChmax) )

1000
Yes

Crop to non-zero region

Rotations, scaling, Gaussian
noise/blur, brightness,
contrast, low-res simulation,
gamma correction,
mirroring

Remove all but largest
component

Cross-entropy + Dice
SGD + Nesterov (i = 0.99)

0.01 (poly:
(1~ o™

1000

Yes

Same as nnU-Net

Same as nnU-Net

Same as nnU-Net

Cross-entropy + Dice
Adam (81 = 0.9)

1x107° (warmup—cosine)

50,000
Yes

Convert to MNI-305 space,
reorient to RAS, resample,
scale intensity, spatial pad

Random patch sampling,
random mirror flips,
random multiplicative
intensity scaling

Convert back to original
space

ANTSs prediction entails cost-intensive atlas registration, we decided to choose 10 for the size,

as in ablation studies with varying numbers of atlas subjects (5, 10, 15, 20), we found that the

segmentation accuracy derived by atlases curated with 10 cases differed from those curated with

larger numbers of cases by less than 0.1 in Dice coeflicient. We utilized the script provided by

the Advanced Normalization Tools (ANTs) ecosystem, which is available on ANTs GitHub.*

4 Official

ANTs

implementation:

antsJointLabelFusion.sh

https://github.com/ANTsX/ANTs/blob/master/Scripts/
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2.3.5 Statistical analysis

2.3.5.1 Performance Bias

In addition to evaluating DSC, NSD, ESSP and A, we employed linear mixed models to assess
bias in model performance. For each subject in the test sets of different demographic subgroups,
we kept the performance scores from the four models within a single architectural design (e.g.,
the results of four UNesT models trained on black male, black female, white male, and white
female). We then used the linear mixed effects model below on these performance scores (Dice

coeflicient):

DSC = By + B1(SameRace) + B> (SameSex)

+ B3(SameRace x SameSex) + € (2.6)

where SameSex is a binary variable which defines whether the test subject has the same sex as
the training dataset, and SameRace is a binary variable which defines whether the test subject
has the same race as the training dataset. (e.g., coded as 1 for a match and O for a mismatch).
The variables By, 51, B2, and 3 are the parameters to be estimated, and € is the error. This
framework enabled us to quantify the contribution of each factor (as well as their interaction) to

the observed Dice scores.

2.3.5.2 Effect of bias on demographic analyses

To compare the impact of a biased model on brain morphometry population analyses, we applied
a linear mixed model to the volumes corresponding to the test sets of all demographic groups,
produced by a single model from each architectural design and the demographic group utilized
for training (e.g, UNesT model trained on black females). We then used the following linear

mixed effects model on these volumes:

Volume = yg + yi(Race) + y2(Sex) + y3(Race X Sex) + e 2.7)
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We can investigate how race, sex, and their interaction influenced the predicted volumes. Sex
and Race are binary variables: Race indicates whether the subject is black or white, and Sex
indicates whether the subject is female or male (e.g., White=0, Black=1; Male=0, Female=1).

To test whether age affected the volumes of manually annotated labels, we used the linear

mixed-effects model below:

Volume = «ap + aj(Race) + a»(Sex) + a3(Sex x Race) + a4(Age) + €3 (2.8)

2.4 Results

The following sections use model-subgroup notation. For instance, ’"UNesTBF’ represents the

UNesT model trained with the black female subset.

24.1 General statistics of the volumes

The results of the linear mixed model showed that after adjusting for sex and race, the estimated
effect of age on the volume of the nucleus accumbens (NAc) was not statistically significant. The
results are provided in Table 2.2. We therefore did not incorporate age as a variable of interest in
any experiments. This is also supported by the fact that the HCP dataset has a rather narrow age
range of 22 to 35 years. These results are also used in section 2.4.3 to evaluate whether these

relationships remain observable when tested on segmentations generated by automated methods.

Table 2.2 Results of the linear mixed model for evaluating sex, race, age, and their
interaction (sex X race) effects on volumes by manual annotation for right and left NAc.
These results are also used to evaluate whether these relationships remain observable when
tested on segmentations generated by automated methods

Sex Race | Sex x Race | Age

Structure Method ‘
@ Std Err P-value @y Std Err P-value 3 Std Err P-value y Std Err P-value

Manual (whole dataset) 195.38  69.39  0.005 23138 69.76  0.001 -62.279 97.133 0.521 -11.568  6.33 0.068
Manual (Test set) 181.554  99.73  0.069 394.84 104.80 0.000 -98.103 143.006 0.493 -6.422 5960  0.281

Manual (whole dataset) 222.831 67.218  0.001 257.216 67.573 0.000 5810 94.088 0.951 -8.598 6.141 0.161
Manual (Test set) 194.65 104.15 0.062 409.01 115.12 0.000 -94.511 162.562 0.561 -9916 6.733  0.141

Right NAc

Left NAc
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Table 2.3 displays volume statistics for all models. The ANTsBF and ANTsBM methods
demonstrate greater under-segmentation than others. Notably, these are the only models with
median volume differences below 20% for the left NAc. This is also observable in Figure 2.2

visualizing the volumes of the structures by manual annotations and models.

Most segmentation models exhibit smaller standard deviations compared to the manual approach.
It could suggest that they are under-representing outliers, and perhaps also that the manual
annotations are noisier than automated ones. For example, the ANTsBM model shows the lowest
variability, with standard deviations of 61.68 mm? (right NAc) and 63.45 mm? (left NAc), in
contrast to the values from manual annotation, which are 125.79 mm?> and 136.13 mm?.

Comparing the volumes of the left and right NAc, we observe that in the results of all models,
the volume corresponding to the right NAc is greater than that of the left NAc, reflecting an
anatomical trend preserved in both manual and automated segmentations. One can observe a
general underestimation of the NAc size, but also some patterns of bias with ANTsBM and

UNesTBM displaying volumes almost 20% smaller than the manual segmentations (Fig. 2.2).
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Table 2.3 Mean and standard deviation of measured volumes for the right and left NAc
(mm?). Model names indicate the demographic subgroup used for training (e.g., ANTSBF
was trained on the black female group). The reported statistics are calculated from applying

each trained model to all the test sets

Model Right NAc Left NAc
Mean Std Mean Std
Manual 676.97 12579 607.13 136.13

nnU-NetBF 653.62  95.08 581.06  99.14
nnU-NetBM  638.20 11541 569.97 108.32
nnU-NetWF  653.14 9091 593.83  93.10
nnU-NetWM  665.30 108.89 604.87 106.29

CoIrBF 658.21 93.08 58245  96.79
ColrBM 64776  119.47 57453 114.28
ColtWF 664.07  96.01 600.97  92.19
ColTWM 677.96 111.76 606.37 109.90
ANTsBF 55227  68.63 460.58  67.22

ANTsBM 491.58  61.68 437.41 63.45
ANTsWF 595.83  70.31 548.00 66.71
ANTsWM 618.45  78.61 577.38  76.94

UNesTBF 614.88  78.02 528.29  80.83
UNesTBM 564.65 8691 507.03  85.14
UNesTWF 623.99  84.35 558.03  83.48
UNesTWM 655.31 9440 618.32  87.33

24.2 Bias in volumes and segmentation performance

In Tables 2.4 and 2.5, we observe that nnU-Net and CoTr consistently yield the highest ESSP
values in Dice coefficient and NSD, in addition to relatively balanced results across demographic
groups in both metrics. However, ANTs and UNesT generally perform worse than nnU-Net and
Colr, often by a noticeable margin. ANTs shows huge drops in ESSP for both Dice coefficient
and NSD when trained on the black male or black female groups. For example, ANTs exhibits
a 13% reduction in ESSP measured by the Dice coefficient when trained on white females
compared to black males. ANTs reaches its highest A values with 0.11 in Dice coefficient and

0.2 in NSD, respectively, when trained on black male cases in the right NAc.
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We evaluated the influence of the model being same-sex, same-race, and both same-sex and
race on the Dice and NSD metrics using linear mixed models. The results can be found in
Tables 2.6 and 2.7. The difference between same-sex and non—same-sex performance results
are not statistically significant for any of the models. However, when matching race, ANTs and
UNesT demonstrate significantly higher Dice coefficient than when the test and training data are
not matched. When evaluated with NSD, the race-matching effect persists for ANTs, but did not
reach significance for UNesT. While sex is a robust factor in volumetry (Table 2.2, sex matching
does not significantly affect segmentation accuracy. In contrast, race matching substantially
impacts segmentation. Evaluating results between same-sex and race models (trained and tested
on the same subgroup) and non-same models (race or sex mismatches), UNesT and Colr show
significantly better Dice coeflicients when trained on identical race and sex sub-groups (p =0.027,
0.048 respectively). This effect is also observable for UNesT when evaluated with NSD, but
not for CoTr. nnU-Net was the only model that did not exhibit any changes in segmentation
accuracy, considering both the Dice coefficient and NSD, across any of the three comparisons,
including same race versus non-same race, same sex versus non-same sex, and the same sex and

race versus non-same sex and race.

Although some models perform best on the subgroup they were trained on, there are several
instances where they perform better on a different subgroup. For example, when segmenting the
right Nucleus Accumbens (NAc), the UNesT model trained on the white female (WF) dataset
achieves its highest average Dice score (0.83) on the black female (BF) test set, which is higher
than its performance on the WF test set (0.81). The same case can be found in NSD results; For
instance, nnU-Net trained on white male yields an NSD of 0.56 on black female subjects versus
0.54 on white male subjects. Detailed results for all models can be found in the supplementary

material.

243 Impact of biased segmentation on morphometric analyses

We evaluated the influence of sex, race, and their interaction on the right NAc and left NAc

volumes with a linear mixed model using manual segmentation and the different models. As
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Table 2.4 Segmentation performance metrics (DSC (overall Dice coefficient across all test
sets), ESSP, A) for right and left NAc across different models and training groups. ESSP
(Equity-Scaled Segmentation Performance) combines overall accuracy with a penalty for

cross-group disparities; higher is better (T). A quantifies differences of each demographic

group from the overall mean; lower is better (|)

nnU-Net | CoTr | ANTs | UNesT |
DSC ESSP(1) A(l) DSC ESSP(1) A(l) DSC ESSP() A(l) DSC ESSP(]) A(l)

WM  0.867 0.845 0.027 0.863 0.839 0.029 0.820 0.796 0.030 0.832 0.784  0.060
WF  0.862 0.838 0.028 0.859 0.832 0.032 0.816 0.793 0.029 0.817 0.791  0.032

Structure Train

Right NAc BM 0.862 0.836 0.032 0.859 0.834 0.029 0.781 0.702 0.113 0.801 0.759  0.050
BF 0.862 0.841 0.025 0.858 0.836 0.027 0.792 0.720 0.100 0.809 0.780  0.037
WM 0.861 0.849 0.013 0.856 0.843 0.016 0.810 0.794 0.021 0.825 0.773  0.066
Left NAc WF  0.858 0.836 0.026 0.856 0.839 0.020 0.806 0.796 0.012 0.810 0.787  0.029

BM 0.854 0.832 0.026 0.851 0.831 0.024 0.758 0.688 0.102 0.800 0.748 0.070
BF 0.858 0.840 0.022 0.853 0.829 0.029 0.773 0.700  0.102 0.798 0.766  0.041

Table 2.5 Segmentation performance metrics (NSD (overall NSD coefficient across all
test sets), ESSP, A) for right and left NAc across different models and training groups.
ESSP (Equity-Scaled Segmentation Performance) combines overall accuracy with a penalty
for cross-group disparities; higher is better (T). A quantifies differences of each
demographic group from the overall mean; lower is better ()

nnU-Net | CoTr | ANTs | UNesT |
NSD ESSP(1) A(l) NSD ESSP(1) A(]) NSD ESSP(1) A(l) NSD ESSP(1) A ()

WM 0527 0483 0.090 0.512 0469 0.090 0.430 0405 0.060 0428 0.387  0.105
WF 0527 0492 0.070 0.525 0468 0.120 0432 0412  0.050 0.407 0.382  0.064
BM 0517 0457 0.070 0510 0455 0.120 0380 0316 0200 0392 0.341 0.1500
BF 0.529 0.500 0.060 0.525 0.486 0.080 0.422 0364 0.1600 0.387 0.357  0.084

WM 0.538 0511 0.052 0515 0.500 0.031 0419 0411  0.020 0.428 0.387  0.106
WF 0522 0495 0.055 0.517 0495 0.044 0424 0416 0.020 0.404 0.371 0.089
BM 0517 0474 0.090 0505 0459 0.100 0395 0338 0.170 0392 0.341 0.1500
BF 0.539 0509 0.060 0.509 0472 0.079 0387 0337 0.150 0.392 0.358  0.094

Structure Train

Right NAc

Left NAc

shown in Table 2.8, sex and race effects can be observed in the full manual dataset (includes
training and test data) on both sides, whereas in the smaller test datasets the sex effect on the
right NAc volume loses significance (p=0.057). No sex-by-race interaction was observed. When
turning to the automated biased models, one can observe a similar sex effect for all models
(Table 2.9). The race effect, however, disappears for all models except for CoItBF in the Left
NAc (P-value=0.04). No automated method identified a sex-by-race interaction, which is in

line with the manual segmentation results. Detailed tables with the race (y;) and sex-by-race
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Table 2.6  Effects of Same Sex, Same Race, and Interaction on Dice coefficient for right

and left NAc. B, 52, and 3. are the coefficients for a fixed factor term such as sameSex

that describes the effect of the factor level on the Dice coefficient. Std Err is the standard
error of the coefficient estimates

Same Sex ‘ Same Race | Same Race x Same Sex |
B2 Std Err  P-value Bi Std Err  P-value B3 Std Err  P-value

ANTs -0.005  0.006 0.421 0.021 0.006 0.000 0.008  0.008 0.451
CoTr 0.003 0.003 0.208 0.002 0.003 0.447 0.004 0.004 0.433

Structure  Model

Right NAc nnU-Net -0.001  0.003 0.846  -0.000  0.003 0.979  0.006  0.004 0.117
UNesT 0.004 0.004 0.289 0.008 0.004 0.050 0.012  0.006 0.042
ANTs -0.005  0.007 0.437 0.022 0.007 0.001 0.011 0.010 0.269
Left NAc CoTIr -0.001  0.003 0.852  -0.000  0.003 0986  0.009 0.004 0.027

nnU-Net  0.001 0.003 0.810  0.000 0.003 0.906  0.007  0.005 0.146
UNesT 0.002 0.005 0.682  0.011 0.005 0.030 0.014  0.007 0.048

Table 2.7 Effects of Same Sex, Same Race, and Interaction on NSD for right and left NAc.

B2, B1, and B3 are the coeflicients for the fixed-effect terms Same Sex, Same Race, and their

interaction (Same Race X Same Sex), respectively. “Std Err” denotes the standard error of
the coeflicient estimates

Structure  Model Same Sex ‘

B2 Std Err  P-value Bi Std Err  P-value B3 Std Err  P-value
ANTs -0.001  0.010 0.889  0.040  0.010 0.000  0.003 0.015 0.818

Same Race ‘ Same Race x Same Sex

Richt NAC CoTIr 0.007 0.007 0.353  0.009  0.007 0.248 0.008 0.010 0.467
£ nnU-Net -0.005  0.008 0.533  0.005  0.008 0.498 0.017 0.011 0.129
UNesT 0.014 0.009 0.105  0.012  0.009 0.174  0.022 0.013 0.077

ANTs -0.003  0.009 0.717  0.039  0.009 0.000 -0.001  0.010 0.907

Left NAc Colr 0.002 0.007 0.776 ~ 0.004  0.007 0.522  0.018 0.010 0.061

nnU-Net  0.006 0.008 0436  0.009  0.008 0.259 0.010 0.011 0.392
UNesT 0.010 0.010 0298 0.017 0.010 0.070 0.031 0.013 0.021

interaction (y3) factors can be found in the supplementary material. In summary, the sex effect
observed in the manual segmentation remains even in the most biased models, whereas the race
effect observed in the manual segmentation generally cannot be observed when segmentation is

performed by highly biased models.
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Table 2.8 Results for evaluating sex, race, and race X sex effects on volumes by manual

annotation for right and left NAc. Coefl. is the coefficient for a fixed factor term such as Sex

that describes the effect of the factor level on the volume. Std Err is the standard error of the
coeflicient estimates

Structure Manual Sex | Race ‘ Race X Sex

V2 Std Err P-value 71 Std Err P-value V3 Std Err P-value

Manual (whole dataset) 208.63  69.06  0.003 225258 69.736  0.001 -59.781 97.202  0.539

Right NAC o nual (Test set) 17928 69.72  0.010 379.632 100.368 0.000 -71.332 140284 0.611
Lefi NAc Manual (whole dataset) 232674 66.677 ~ 0.000 25266 67.321  0.000  7.667 93.836 0935
Manual (Test set) 191.155 100.463 0.057 385.526 112.698 0.001 -53.176 155.119 0.732

Table 2.9 Results for evaluating Sex effects on volumes by segmentation models for right
and left NAc. Coefl. is the coefficient for a fixed factor term such as Sex that describes the
effect of the factor level on the volume. Std Err is the standard error of the coefficient
estimates, and P denotes P-value

Trained on BF ‘ Trained on BM ‘ Trained on WF ‘ Trained on WM
b2 Std Err P b2 Std Err P v2  Std Err P v2  Std Err P

Structure  Model

ANTs 219.8 49.5 0.000 171 41.5 0.000 131 50.0 0.009 214 58.7 0.000
Colr 203.7 74.3 0.006 259.2 78.5 0.001 184 65.3 0.005 256 77.8 0.001

RightNAc —U-Net 2311 715 0.001 2024 748 0007 166 748  0.026 248 780  0.001
UNesT 2464 593  0.000 204 657 0.002 186 654  0.004 160 713  0.025
ANTs 2168  39.6  0.000 185 424  0.000 749 538 0164 218 455  0.000
LefiNac  COTF 2088 826 0012 164 834  0.049 168 693 0015 142 777  0.066

nnU-Net  246.1 70.6 0.000 155 82.7 0.060 181 72.1 0.012 172 82.9 0.038
UNesT 168.6 65.4 0.010 145 6597  0.027 158 61.9 0.010 101 73.4 0.166

244 Impact of Dataset Size, Demographics, and Atlas Selection on Bias in ANTs and
UNesT

In order to better understand potential sources of bias in ANTs and UNesT, we performed two
additional sets of experiments. First, we exactly matched training dataset sizes to n=30 to rule
out dataset size as a source of bias. Second, we established baseline settings where training data

had a balanced representation of each subgroup.

For the equal sample size experiment, we mimicked the same design as above but only included
30 subjects per biased training set for training UNesT. The race bias effect in the left NAc was

statistically significant in both NSD and Dice coefficient results. The results can be found in
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Table 2.10. Notably, the  factors are very similar to those observed in the original experiments

with unequal sample sizes (Tables 2.6 and 2.7).

For the UNesT baseline datasets, the first training set comprised 30 subjects with balanced
demographics. Five-fold cross-validation was conducted using five folds of size six including
all subgroups and two extra subjects of both of the white and black races so that the races are
split evenly. In the second baseline experiment, UNesT was trained on 120 training subjects
comprising 30 subjects from each subgroup. We evaluated two ANTs baselines. The first
one was a balanced baseline using 10 atlases: eight atlases (two per subgroup: black female,
black male, white female, white male) plus two additional atlases (one black, one white) to
preserve race balance. The second baseline with 40 atlases was composed of the exact 10 atlases
from each subgroup that were used in the original biased ANTs variants. We compared the

performance of the baseline models with the biased models.

Table 2.11 shows that the UNesT Baseline 120 model, trained on the largest and demographically
diverse dataset, is the top performer, achieving the best accuracy and ESSP in the Dice coefficient
and NSD. Increasing the size of a balanced training set effectively reduces bias, as evidenced by
A for the right NAc dropping from 0.02 (30 subjects) to 0.01 (120 subjects). The same trend
can also be observed in A by NSD dropping from 0.07 (30 subjects) to 0.03 (120 subjects). In
contrast, models trained on single demographic subgroup data from black subjects consistently
ranked last on all metrics. Furthermore, a clear pattern emerges where models trained on data
from white subjects outperform those trained on data from black subjects, and A is consistently
and dramatically higher for models trained on black subjects. Consequently, the ESSP is
significantly lower for models trained on black subgroups in both Dice coefficient and NSD.

Notably, the tables 2.12 and 2.13 show that the assumption that a model performs best on its
matched demographic was not always true; for instance, the UNesTWF model achieved its top

Dice coefficient and NSD for the right NAc when tested on the black female (BF) subgroup.

The results in table 2.14, show that ANTSs variants using atlases from white subjects achieve

higher accuracy and drastically lower A than those using atlases from black subjects in both
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Dice coeflicient and NSD. Surprisingly, simply increasing the size of a diverse atlas set does
not guarantee a fairer outcome for this traditional method. While accuracy may improve as we
observe with NSD values of Baseline 40 reaching 0.45, performance disparities can worsen,
leading to a lower ESSP. This is in contrast to our findings with UNesT baselines, where larger,
more diverse datasets typically mitigate bias. The segmentation performance for all the methods

in Dice coefficient and NSD are shown in Tables 2.12, 2.13, 2.15 and 2.16.

Table 2.10 Effects of Same Sex, Same Race, and Interaction on new UNesT experiment
results for right and left NAc. Left block reports linear mixed-effects coefficients for DSC
(DSC = By + Bi(SameRace) + B>(SameSex) + B3(SameRace x SameSex) + €); right
block reports the corresponding NSD coefficients
(NSD = yp + y1(SameRace) + y2(SameSex) + y3(SameRace x SameSex) + €). For each
factor, the table lists the coeflicient, its standard error (Std Err), and the P-value

DSC (Dice) coefficients NSD coefficients
Same Sex Same Race Same Race x Same Sex Same Sex Same Race Same Race x Same Sex
Structure
(B2) StdErr P (B)) StdErr P (B3) Std Err P (y2) StdErr P (y1) StdErr P (y3) Std Err P
Right NAc 0.005 0.004 0.185 0.007 0.004 0.083 0.003 0.006 0.584 0.014 0.009 0.103 0.008 0.009 0.375 0.008 0.012 0.526
Left NAc  0.002 0.004 0.587 0.014 0.004 0.001 0.004 0.006 0.546 0.009 0.008 0.231 0.022 0.008 0.005 0.007 0.011  0.542

Table 2.11 Segmentation performance metrics and fairness metric based on Dice
coefficient for biased UNesT models for right and left NAc. (1 shows best) (ESSP
(Equity-Scaled Segmentation Performance) combines overall accuracy with a penalty for
cross-group disparities; higher is better (T). A quantifies differences of each demographic
group from the overall mean; lower is better (|))

Structure Train DSC ESSP(T) A(l) NSD ESSP(T) Ad{)
WM 0.812  0.79%2 0.022 0.41%> 0392 0.042

WF 0.812 0.78% 0.03%® 0412 0.37* 0.08*

3 4 4 5 6 5

Right NAC BM 0.80° 0.76* 0.04 0.374 0.34%  0.09
BF 0.80° 0.78% 0.03% 039* 0.36° 0.07°

Baseline30 0.812 0.792 0.022 0.40° 038> 0.07°
Baseline120 0.82! 0.81! 0.01' 0.42! 0.40' 0.03!

WM 0.81' 0.80' 0.00' 0.40° 039 0.02

WF 0.80> 0.79> 0.02° 0.40° 0.38° 0.06

3 4 5 3 5 5

Left NAc BM 0.79°  0.74 0.064 039° 034> 015
BF 0.79° 075> 0.05* 0.38* 0.34° 0.11

Baseline30  0.802 0.79%2  0.012 0.40> 0.38* 0.06°
Baseline120 0.81' 0.80' 0.012 0.42' 0.40' 0.042
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Table 2.12  Average and standard deviation of Dice coefficient (Avg+Std) for right and left
NAc. Columns: UNesT trained on each subgroup (WM/WF/BM/BF — matched sample

sizes) and Baselines. Superscripts rank average within each row ( 1 shows best)

Structure Test UNesTWM UNesTWF UNesTBM UNesTBF Baseline (30) Baseline (120)
WM 0.83' £0.02 0.81°+0.02 0.80*+0.03 0.80*+0.04 0.813+0.04 0.822+0.03
Right NAC WE 0.812+0.04 0.812+0.03 0.78*+0.04 0.79°+0.04 0.812+0.04 0.82! +0.03
& BM 0.80°+0.05 0.812+0.04 0.812+£0.03 0.80°+0.04 0.82! £0.03 0.812+0.04
BF 0.81°+0.04 0.83'+0.03 0.80*+0.03 0.822+0.03 0.822+0.03 0.83! +0.03
WM 0.82' £0.02 0.80°+0.04 0.79*+0.04 0.79*+0.03 0.80°+0.04 0.812+0.03
Left NAc WE  0.81'+0.03 0.802+0.02 0.77°+0.03 0.78*+0.03 0.793+0.03  0.81' +0.02
BM 0.80%2+0.05 0.802+0.05 0.81' £0.03 0.802+0.04 0.802+0.05 0.81!+0.05
BF 0.812+£0.03 0.812+0.03 0.812+0.03 0.82! +0.03 0.80°+0.05 0.82! +£0.03

Table 2.13  Average and standard deviation of NSD (Avg+Std) for right and left NAc.

Columns: UNesT trained on each subgroup (WM/WEF/BM/BF — matched sample sizes) and

Baselines. Superscripts rank average within each row ( 1 shows best)

Structure Test UNesTWM UNesTWF UNesTBM UNesTBF Baseline (30) Baseline (120)
WM 0.42' £0.05 0.392+0.05 0.37*+0.06 0.38°+0.08 0.383+0.07 0.42'+0.05

Right NAC WFE  0.402+0.08 0.38*+0.05 0.33°+0.05 0.36°+0.07 0.39°+0.07 0.41! £0.07
BM 0.39*+0.08 0.40°+0.08 0.412+£0.06 0.38° +0.08 0.42! +0.06 0.412+0.08
BF  0.42*+0.07 0.45'+0.07 0.38°5+0.08 0.433+0.07 042*+0.08 0.442+0.07
WM 0.392+0.06 0.392+0.08 0.35°+0.08 0.35°+£0.07 0.392+0.06 0.40' +0.07

Left NAc WF 0.402+0.05 0.40%2+0.06 0.35*+0.04 0.35*+0.05 0.383+0.06 0.42! £0.04
BM 0.40*+0.09 0.39°+0.09 0.43' £0.08 0.38°+0.07 0.41°+£0.08 0.422+0.08
BF 042*+0.06 0.442+0.06 0.43%+0.07 0.44%2+0.08 0.41°+0.09 0.45' +0.07

2.5 Discussion

Our investigation highlights how an imbalance in demographic factors such as race and sex
influences the segmentation quality and the volumetric measurements of the NAcs. While
all models preserved the anatomical trend of larger right NAc volumes compared to the left
NAc, aligning with manual segmentations, most models exhibited narrower volume standard
deviations than manual annotations. An important finding in this study is that while most models

faithfully preserve the sex-based volume differences seen in the manually labeled ground-truth



35

Table 2.14 Fairness metrics based on Dice coefficient for ANTSs and baselines (1 shows

the best)(ESSP (Equity-Scaled Segmentation Performance) combines overall accuracy with

a penalty for cross-group disparities; higher is better (T). A quantifies differences of each
demographic group from the overall mean; lower is better (|))

Structure Train DSC ESSP(T) A(]) NSD ESSP(1) A(])
WM 0.821  0.79' 0.03%2 0.432 0.40% 0.062

WF 0.812  0.79' 0.02! 0432 0.41' 0.05

4 3 5 6 6 6

Right NAc BM 0.78* 0.70° 0.11° 0.38° 031° 0.20
BF 0793 0.72%2 0.10* 0.42* 0.36% 0.16°

Baselinel0 0.78* 0.722 0.08% 0.40° 035 0.12°
Baseline40 0.812 0.72> 0.12% 0.45' 040> 0.13*

WM 0.81' 0.79' 0.022 041> 041" 0.02!

WF 0.802  0.79' 0.01' 0.422 0412 0.02!

5 4 4 4 5 6

Left NAc BM 0.75° 0.68* 0.10* 0.39* 033° 0.17
BF 0.77* 0.70° 0.10* 0.38° 0.33° 0.15°

Baseline 10 0.78° 0.722  0.07° 0.39* 0.35* 0.14*
Baseline 40 0.80> 0.722 0.11° 045" 039% 0.133

Table 2.15 Average and standard deviation of Dice coeflicient (Avg+Std) for right and left
NAc. Columns: ANTs trained on each subgroup (WM/WF/BM/BF) and Baselines.
Superscripts rank average within each row ( 1 shows best)

Structure Test ANTSWM ANTsWF ANTsBM ANTsBF Baseline (10) Baseline (40)

WM 0.82!+0.02 0.813+0.03 0.76°+0.05 0.77°+0.06 0.78*+0.04  0.812+0.04
WE  0.81'+0.04 0.80%+0.04 0.74°+0.04 0.75°+0.05 0.74°+0.05 0.74*+0.18

Right NA

' © BM 0.8054£0.04 0.81240.04 0.812+0.03 0.812+0.05 0.795:0.03  0.83'+0.03
BF  0.822+0.04 0.822+0.04 0.80°+0.03 0.822+0.04 0.81°+0.04  0.84!+0.03
WM 0.82!+0.03 0.812+0.03 0.73°+0.06 0.76°+0.06 0.77*+0.05  0.80°+0.05

LeftNAe  WF 0.80'+0.04 0.80'+0.03 0.72°+0.05 0.72°+0.07 0.743+£0.05  0.74*+0.18

BM 0.80°+0.06 0.80°+0.06 0.78%+0.06 0.79°+0.06 0.80°+0.06  0.82'+0.05
BF  0.80°+0.06 0.80°+0.06 0.77°+0.03 0.80°+0.03 0.80°+0.03  0.83'+0.03

data, race-based differences present in the manually annotated data vanish in all automated

biased models.

From a fairness perspective, ESSPs measured by both Dice coeflicient and NSD indicate that
nnU-Net and CoTr often achieve the highest accuracy, combined with smaller inter-group

disparities. In contrast, ANTs is highly sensitive to the race of the training set, with significantly
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Table 2.16  Average and standard deviation of NSD (Avg+Std) for right and left NAc.
Columns: ANTs trained on each subgroup (WM/WE/BM/BF) and Baselines. Superscripts
rank average within each row ( 1 shows best)

Structure Test ANTsWM ANTsWF ANTsBM ANTsBF Baseline (10) Baseline (40)

WM 0.442+0.05 0.433+0.08 0.35°+£0.07 0.38°+0.12 0.38*+0.08  0.44'+0.08
WE  0.43'+0.07 0.412+0.07 0.31°+£0.06 0.36*+0.06 0.35°+£0.06  0.40°+0.06
BM  0.40°£0.05 0.442+0.07 0.43%+0.07 0.442+0.10 0.41°+£0.07  0.47'+0.08
BF  0453+0.08 0.45°+0.08 0.43°+0.08 0.46°+0.09 0.44°+0.08  0.50'+0.09

Right NAc

WM 0.42'+0.07 0.42'+£0.07 0.35°+0.07 0.36°+0.10 0.374£0.09  0.413+0.10
WFE  0422+0.07 0.43'+0.06 0.33°+£0.06 0.34°+0.08 0.35*+£0.06  0.413+0.07
BM 041°£0.09 0.42°+0.08 0.433+0.07 0.433+0.10 0.432+0.10  0.48'+0.10
BF  0433+0.09 0.433+0.09 0.42°+0.06 0.42°+0.07 0.432+0.07  0.48'+0.07

Left NAc

lower Dice coefficient and NSD and larger A values measured by both Dice coefficient and NSD
for models trained on black subgroups compared to white subgroups. While UNesT outperforms
ANTs in terms of delivering higher overall Dice coefficient and NSD and more consistent
performance across demographic groups, it has inferior performance compared to nnU-Net and
CoTr in achieving consistent accuracy across all demographic groups. The linear mixed model
results further show that among the factors influencing segmentation accuracy race-matching
between training and test datasets provides a substantial performance benefit for the ANTSs
and UNesT models. Perhaps surprisingly, sex-matching had far less effect on performance.
nnU-Net is the only model whose performance was not influenced by race-matching or sex and
race-matching. Our results of a strong race bias effect align with the insights in the study by
Ioannou et al. (2022b), which reported that the race bias effect was more significant than the
sex bias effect. We also compared the performance of methods using NSD and found that the
overall ranking of the models remained similar to the Dice results in terms of fairness, with
nnU-Net as the top performer and ANTs and UNesT showing the most vulnerability to bias. The
magnitude of bias was amplified with NSD. For example, A values for ANTSs soared to 0.20. For
the Colr model, while it appeared both accurate and fair, its performance disparities were much
more pronounced when evaluated with NSD. NSD amplifies boundary-level inequities that the
Dice coefficient can conceal. Our analysis also revealed some counterintuitive patterns where

some models trained on one demographic subgroup occasionally perform better on another.
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For instance, the UNesT model trained on white females (WF) achieved a higher average Dice

coeflicient on the black female (BF) test set than on its own WF test set.

For the UNesT model, we conducted additional experiments with balanced-size training sets,
and the race bias effect was observed in both NSD and Dice coefficient results. Further baseline
experiments with demographically balanced datasets suggest that race-balanced, larger datasets
significantly mitigate unfairness. The results of similar ANTs baseline experiments with balanced
atlases highlight the complex nature of bias and suggest that simply balancing demographic
attributes in the atlases does not equate to improving fairness. This is in contrast to our findings

with UNesT baselines, where larger, more diverse datasets typically mitigate bias.

These findings can have important implications. Biased segmentation models can misrepresent
brain structures. For example, ANTs trained on black males shows substantial under-segmentation
of the left NAc, with volumes nearly 28% smaller than manual annotations. This difference can
influence clinical applications as right and left NAc can serve as a biomarker. For example, Major
depressive disorder has been associated with persistent reductions in NAc volume (Ancelin

et al., 2019).

It is worth noting that while the existence of bias in deep learning models is well-established,
its manifestation within brain segmentation can be subtle and highly variable across different
methods. This variability necessitates quantitative assessment of fairness in neuroimaging
studies. Our findings corroborate this, demonstrating that bias can be pronounced in certain
architectures like UNesT, yet not observable in frameworks such as nnU-Net. In brain MRI
segmentation, prior bias studies typically assess a single deep-learning model, using low-quality
labels as ground truth for training datasets (Ioannou et al., 2022b). Outside the brain, multi-model
comparisons have been reported (Lee et al., 2023). Our study is, to our knowledge, the first in

brain MRI to compare deep learning and a classical atlas-based method with respect to bias.

One of the challenges of our approach is that it is difficult to pinpoint the source of the observed
biases. Indeed, we chose to evaluate how models perform, as recommended ‘‘off-the-shelf"

by their creators, as our goal was to investigate bias in methods that are not just standalone
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architectures, but complete pipelines, each with hundreds of parameters and author-recommended
configurations that are integral to their performance. This is in contrast to using a very restricted
framework in which we changed only a few parameters and made an inference about the source
of these biases. While pinpointing the source of bias in segmentation models is complex, we can
compare the methods’ inherent characteristics. The ANTs method is vulnerable to bias because
its weighted-voting strategy produces systematic errors when the atlas set can be dominated by a
single demographic’s anatomy. Conversely, nnU-Net’s superior fairness likely stems from its
adaptive data augmentation, which forces the model to learn generalizable anatomical patterns
instead of demographic-related features. We hypothesize that UNesT, despite its powerful
transformer architecture, was more susceptible to overfitting on the demographic traits of its

small training set due to a lack of such rigorous data augmentation.

A limitation of this work is its relatively small dataset size within each demographic subgroup,
which may restrict generalizability and more nuanced biases. Moreover, while our study
focused primarily on adult populations, biases may appear differently in children or older people.
Additionally, our study focused solely on the right and left nucleus accumbens which are small
structures. Future research should examine a broader range of structures and also other datasets
to confirm whether this trend persists. We also acknowledge that our study is restricted to a
single structure. Further study will need to extend bias evaluation beyond the NAc. The main
challenge here is the lack of benchmark datasets with ground truth segmentations across the
brain. Although our study focused solely on the effects of demographic attributes such as sex
and race, we recognize that these are not the only potential sources of bias within a dataset.
Other factors can also have a considerable impact on brain volumes and model segmentation
performance. For instance, the HCP Young Adult dataset includes participants aged 22 to 35
and therefore excludes other age groups, such as children and older adults. As noted in our
limitations, biases may manifest differently in children or older adults. In addition, the HCP
dataset comprises only healthy subjects, which means that the findings may not generalize
to individuals with psychiatric disorders, congenital abnormalities in brain anatomy, or other

clinical conditions. Furthermore, social status and education level can also be confounding
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factors that are not considered in our study. Technical biases stemming from variations in scanner
hardware, software, or acquisition parameters also introduce systematic variations. Additionally,
although we intentionally designed our study to isolate demographic effects, this approach
does not reflect real-world scenarios where training sets are more heterogeneous, potentially

amplifying the observed biases.

Finally, our study is diagnostic in nature and does not test potential bias mitigation strategies
suitable for unbalanced data regimes. For instance, sensitive class-aware data augmentation (Xu
et al., 2024b) could be employed. This technique involves applying more aggressive data
augmentation to underrepresented demographic groups within the training set, thereby encouraging
the model to learn more robust and generalizable features that are not dependent on sensitive
attributes. To address subgroup imbalances, data synthesis can be utilized. This approach
leverages generative models to augment the training dataset with synthetic data for the
minority class, ensuring a more balanced distribution for model training (Pombo et al., 2023).
Incorporating such prescriptive strategies in future work is a critical next step toward developing
segmentation tools that are not only accurate but also fair across diverse populations. Finally,
evaluating changes in bias under different network architectures or training procedures could

inform best practices for equitable brain MRI segmentation.

2.6 Conclusion

This study provides insights into demographic biases in brain MRI segmentation. Our results
show a nuanced picture with different methods displaying different levels of sensitivity to
demographic biases in their training data. ANTs and UNesT were most affected while nnU-Net
seemed to be the most robust to biases. In terms of the relative importance of demographic
variables, race seemed to impact segmentation performance more than sex, and most models
show a lower overall segmentation accuracy and ESSP in both Dice coefficient and NSD when
trained on datasets from black demographic groups than those trained on white demographic
groups. Additionally, we found that these performance biases impact morphometric studies.

Notably, a race effect on NAc volumes was observed with manual segmentations, but was not
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observed with automated methods trained with biased models. These findings underscore the
need for diverse training sets and rigorous model assessments across multiple demographic
strata to achieve truly equitable and clinically reliable brain MRI segmentation. Finally, our
study remains limited in scope as our results are based on studying one anatomical structure and
a single dataset. Further research is required to conduct a more comprehensive investigation to

determine whether these results are generalizable across diverse structures and datasets.
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3.1 Introduction

Active learning (AL) has become a key strategy for addressing the problem of annotation in
medical image segmentation. The success of deep learning models for segmentation relies
heavily on high-quality data labeled voxel by voxel by experts, which is time-consuming and
labor-intensive to obtain. Active learning targets this bottleneck by treating annotation as a
limited resource. The process begins with a small labeled set and a large unlabeled pool.
At each iteration, a model is trained on the current labeled data, an informativeness score is
computed for each unlabeled sample, and a small batch of high-scoring samples is selected for
expert annotation and added to the training set (Budd et al., 2021). This loop repeats until the
labeling budget is exhausted. AL can substantially reduce annotation effort while maintaining
segmentation accuracy, especially in the low-label regime (Camilleri, Wagenmaker, Morgenstern,

Jain & Jamieson, 2024b).

However, medical image segmentation poses specific challenges for active learning. Unlike
natural image datasets, medical image annotation cannot be easily crowdsourced; annotators
must have substantial expertise, and privacy concerns further constrain data sharing (Wang et al.,

2024). The task is intrinsically high-dimensional, and naive uncertainty-based sampling tends to
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select many highly similar, redundant images or outliers (Munjal, Hayat, Hayat, Sourati & Khan,
2022). Representative-based and hybrid AL strategies mitigate this by encouraging diversity,
but since they require computing distances or distributions in a learned feature space, they can
be computationally expensive (Gaillochet, Desrosiers & Lombaert, 2023). Theoretically, an
advantage of active learning could be the mitigation of bias. In a simulated fraud-detection
task, Weerts, van der Waa, van den Bosch & van der Aalst (2023) showed that standard
uncertainty-based active learning can mitigate selection bias and improve fairness even without
a fairness-specific design. By querying uncertain samples, the model explored underrepresented

groups, reducing false positive disparities and yielding fairer predictions as a side effect.

Beyond pure performance, a critical emerging concern is fairness. Fairness in segmentation
entails ensuring that the quality of the segmentation is comparable across groups defined by
sensitive attributes, including race and sex. Although most of the fairness evaluation work
in medical imaging has focused on classification (Mehrabi et al., 2022), recent segmentation
studies show clear demographic disparities. In cardiac MR and orthopedic imaging, models
trained on racially imbalanced data exhibit significantly different performance across racial
groups (Puyol-Antén et al., 2021, 2022; Lee et al., 2025; Siddiqui et al., 2024). Similar effects
have been reported for prostate and skin-lesion segmentation, where race and skin-tone imbalance
in training data leads to reduced performance on black patients and darker skin types (Algarni
et al., 2024; Bencevi€ et al., 2024). In brain MRI, Ioannou, Chockler, Hammers & King
(2022a) demonstrated that FastSurferCNN exhibits region-specific sex and race biases, noting
that race-related disparities can exceed sex-related ones. Furthermore, our prior work showed
that race matching between training set and test sets can substantially improve performance
for some architectures but not others when segmenting the nucleus accumbens (Danaee ef al.,
2025). These findings build on evidence that anatomical differences across sex and racial groups
shape brain volumes and model behavior (Frazier et al., 2008; Dibaji et al., 2024; Isamah et al.,
2010). Fair segmentation, therefore, requires demographically balanced training cohorts, and
equity-aware metrics such as Equity-Scaled Segmentation Performance (ESSP) (Tian et al.,

2024).
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To our knowledge, fair active learning for segmentation in a single domain remains unexplored.
Wang et al. (2025) addressed a related but distinct problem: fairness in cross-domain medical
image segmentation. Their method leveraged CLIP Radford et al. (2021) to encode target-domain
images and sensitive attributes. It also introduced an attribute-aware sampling strategy, coined
FairAP, that enforces balanced annotation quotas across subgroups and selects representative

samples in the VLM latent space.

Our contribution: In this work, we address group-wise fairness within the AL acquisition
process for brain MRI segmentation. We introduce a novel weighted entropy strategy which
modulates voxel-wise uncertainty with group-specific performance weights. These weights
are derived from the current Dice score on the labeled set to prioritize samples from under-
performing groups. To ensure the acquisition score reflects true epistemic uncertainty and not
anatomical variance, we compute a scaled entropy within a dilated region of interest (ROI)
mask. The scaled entropy focuses on boundary uncertainty and prevents larger structures from

systematically biasing the selection process across demographic groups.

3.2 Related works

Active Learning in Segmentation. We next summarize recent AL approaches for medical
image segmentation. Atzeni et al. (2022) targeted expected dice gain per unit of manual contour
length (tracing effort) for histology, and suggested selecting a specific region of interest (ROI) in
one of the images for manual delineation. Kim et al. (2024) used image-level uncertainty with
redundancy control for brain tumors, while Boehringer, Sanaat, Arabi & Zaidi (2023) prioritized
the most difficult BraTS cases while pseudo-labeling the easier ones. Additionally, Qu, Jin,
Fu, Wang & Song (2024), with their DifABAL, selected a compact, representative labeled
core in a diffusion-learned latent space. To address the issue of redundancy in uncertainty
sampling, Gaillochet et al. (2023) proposed active learning with stochastic batches. This simple
but powerful add-on leverages randomness by generating batches of samples randomly and
choosing the batch with the highest mean uncertainty, effectively improving diversity without

complex computations. Fair Active Learning. While AL for segmentation is well-studied,
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previous studies regarding fair active learning focus mainly on classification tasks. Anahideh,
Asudeh & Thirumuruganathan (2022) introduced an expected fairness metric to estimate the
impact of each unlabeled sample on group-wise disparity. Their acquisition strategy prioritizes
high-entropy instances while favoring those expected to reduce unfairness. Similarly, Yang et al.
(2023) attempted to balance model utility and fairness by querying informative instances for
both class and group labels and utilizing a sensitive learner to infer missing attributes. Wang,
Du, Liu, Zou & Hu (2022) sought to improve classifier fairness by penalizing differences in true
positive/false positive rates between groups and requesting more annotated samples from the
worst-performing group. More recently, Fajri, Saxena, Pei & Pechenizkiy (2024) applied fair
k-means to the most uncertain points to obtain clusters that reflect the overall group distribution.
They then selected candidates across clusters using a composite score that combines uncertainty
and representativeness. Pang ef al. (2024) aimed to mitigate unfairness among groups without
compromising accuracy, using group annotations only on a validation set to preserve privacy.
They achieved this by evaluating the impact of each new case on validation accuracy and fairness
through an expected risk analysis. Their overall goal was to construct a fairness-aware dataset

after active sampling.

3.3 Method

3.3.1 Data

To have control over the level of unfairness in the data, we generated synthetic T1-weighted brain
MR images using the SImBA framework (Stanley, Wilms & Forkert, 2023). In this framework,
images are derived by applying non-linear diffeomorphic transformations sampled from a learned
space of deformations to a template image. The global deformations can be used to mimic
“regular” anatomical variation and localized deformations can be utilized to show localized
“bias or disease” effects. The deformation(s) applied to each case is unique and controlled
by sampling from a principal component (PC) representation of deformation fields. For our

experiment, we combined the global transformation with an additional localized deformation in
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the left caudate. We denote as Group 1 the cases generated with both the localized deformation
and the global deformation, and as Group 2 the cases generated with the global deformation
only. The amount of localized deformation used to have a bias effect is varied by scaling the first
component of the PC representation by a scalar sampled from N (u, o). This procedure enabled
us to construct two bias-strength conditions across Groups 1 and 2: the “strong bias” dataset
with u =4 and o =2 and the “weak bias” dataset with u =2 and o = 2. Ultimately, the weak bias
dataset comprised 312 T1-weighted MRISs, including 156 cases exhibiting the bias effect and
156 cases without it. We generated a strong bias dataset of the same size (312 images), likewise
balanced between biased and non-biased cases (156 each). All images had the resolution of

170 x 170 x 76 voxels with an isotropic voxel spacing of Imm.

For our experiment, we combined the global transformation with an additional localized
deformation in the left caudate. We label the cases with the localized deformation Group 1 and

the cases with only global deformation as Group 2.

3.3.2 Weighted localized entropy

We introduce two main modifications to the naive use of entropy. First, we limit the computation
of entropy within a mask around the ROI. For each unlabeled candidate volume, let R denote the

ROI and H (v) the voxel-wise predictive entropy at voxel v. We define a masked, scaled entropy:

. 1
A= ?ZH(V), 3.1)
| | veR
which averages uncertainty over the ROI while normalizing by the region size. This reduces the
influence of trivial anatomical volume differences on the overall uncertainty score. In our case,

R is a dilated mask around the predicted segmentation of the left caudate.

Second, a group-aware weighting scheme that re-weights the scaled entropy with group-specific
weights, thereby prioritizing samples from groups on which the model underperforms. For each

group g, we first compute a standardized performance score based on the Dice coefficient (DSC)

DSC,-DSC,

o , where DSC, denotes the mean dice for group g, DSCyy is

on the labeled set: z, =
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the mean dice computed over all labeled set, and o7 is the corresponding standard deviation
across the labeled set. Thus, groups with worse segmentation performance (lower DSC,) yield

larger z,. We then transform these standardized scores into normalized group weights via a
e (2)

softmax: w, = ———~—— . The final acquisition score used for selection is then given by
Z exp (z;)
J
score(xy) = wg - H, (3.2)

so that uncertainty is explicitly re-weighted toward groups with relatively poorer DSC, ensuring

that active learning focuses on groups where the model is currently less reliable.

34 Experiment and Results
34.1 Implementation details

3.4.1.0.1 Model architecture and training setup.

We have summarized detailed information about the network, active learning setup, and test data

in Table 3.1.

Table 3.1 Summary of the network training setup, test data, and the active-learning
configuration. Group 1 denotes cases with an additional localized deformation in the left
caudate, while Group 2 contains only global deformation

Network Test data Active learning

3D U-Net (GroupNorm, 3D  Test sets: Strategies:

convolution, and ReLU blocks, = Group 1: N = 30 * Random sampling

with a sigmoid activation, 2-level ~ Group 2: N = 30 e Mean entropy sampling
configuration with feature maps ~ Combined (Group 1 U e« Localized entropy sampling
of size 8, 16) Group 2): N =30 (15 from e+ Weighted localized entropy
Optimizer: Adam Group 1, 15 from Group 2) sampling

Epochs: 200 AL schedule: 5 full AL cycles
Learning rate: 10 (10-86 labeled)

Loss: binary cross-entropy Batch size: b =4
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3.4.1.0.2 Baseline Experiments.

We first establish baseline fairness by training our model under three training set compositions.
The first one is a balanced cohort comprising 63 cases from Group 1 and 63 from Group 2,
the second one is exclusively made of 126 Group 1 cases, and the last one is a Group 2-only
cohort of 126 cases. For both the strong and weak bias datasets, the test set comprised 30 cases,

including 15 cases from Group 1 and 15 cases from Group 2.

3.4.1.0.3 Active Learning.

In all AL experiments, we start with 10 labeled data, select 4 new samples to label at each AL
iteration, and perform five complete AL cycles (from 10 to 86 labeled images). We investigate
three initial scenarios: (i) a balanced initial dataset with 5 Group 1 and 5 Group 2 labeled images,
(i) an unbalanced initial dataset with 8 Group 1 and 2 Group 2 labeled images, and (iii) an

unbalanced initial dataset with 2 Group 1 and 8 Group 2 labeled images.

Table 3.2 Training data configuration by bias strength. Group 1 denotes cases with an
additional localized deformation in the left caudate, while Group 2 contains only global

deformation
Bias strength Training data
Strong bias Initial labeled set: Ny = 10
Initial group proportions (Group 1/Group 2):
e 50/50
* 80720
e 20/80
Weak bias Initial labeled set: Ny = 10
Initial group proportions (Group 1/Group 2):
e 50/50
* 80720
* 20/80

We implemented and tested four different AL strategies on the same test set used in the baseline

experiments. We compared our fairness-weighted localized entropy sampling with random



48

sampling (RS), mean entropy sampling, and localized entropy sampling (eq.(3.1)). We report
DSC, ESSP, and A for each experiment.

34.2 Evaluation metrics

We used DSC to evaluate raw performance. Furthermore, to evaluate fairness in the model’s
results, we utilized the Equity-Scaled Segmentation Performance (ESSP) metric, originally
proposed by Tian et al. (2024). Given DSC,,¢rq11, the average DSC over all cases, and DSCy,
the average DSC of group g, we first define A as the sum of absolute performance discrepancies
across all groups:

A= )" IDSCoveran - DSCy| (3.3)
geG

ESSP is then computed by penalizing the overall performance with A:

DSCoverall
ESSP= ——M. 4
SS TrA (3.4)

In essence, ESSP acts as a substitute for DSC, with a penalty for unfairness.

343 Baseline experiments

In the baseline experiments, we use all the training data available to get baseline Dice score
(DSC), ESSP and A. Results are shown in Table 3.4. Surprisingly, the balanced dataset does not
lead to the best ESSP. Instead, a model trained exclusively on Group 1 (the deformed dataset)
leads to better ESSP than the other scenarios. The baseline experiments characterize how
different training cohort compositions (balanced, Group 1-only, Group 2-only) affect overall
accuracy. They also quantify equity using ESSP and A in the absence of active selection. This
provides a reference point to assess whether subsequent AL strategies offer fairness gains beyond

what simple cohort design can achieve.
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Table 3.3 Left caudate segmentation performance (DSC) stratified by training cohort and
evaluated on Group 1, Group 2, and pooled test sets of the strong bias and weak bias
datasets. Group 1 denotes cases with an additional localized deformation in the left caudate,
while Group 2 contains only global deformation. The size of the training set is written in

parentheses

‘ Test
Training | DSC(G1) DSC(G2) DSC(G1UG2) ESSP A
Strong Bias
Pooled (63 G1 + 63 G2) 0.88 0.93 0.91 091 0.04
Group 1 (126) 0.89 0.88 0.89 0.89 0.01
Group 2 (126) 0.75 0.93 0.84 0.71  0.18
Weak Bias
Pooled (63 G1 + 63 G2) 0.90 0.91 0.90 0.89 0.01
Group 1( 126) 0.90 0.90 0.90 0.90 0.002
Group 2 (126) 0.86 0.91 0.88 0.84 0.04

Table 3.4 Right and left nucleaus accumbens segmentation performance (DSC) stratified
by training cohort and evaluated on black and white subjects. The size of the training set is
written in parentheses

| Test

Training | DSC(W) DSC(B) DSC(WUB) ESSP A

Right accumben

Pooled (38 W+38B) | 0.770 0.726 0.748 0.716 0.04

Black (76) 0.758 0.729 0.744 0.723 0.02

White (76 ) 0.766 0.733 0.749 0.727 0.03

Left accumben

Pooled (38 W +38B) | 0.790 0.724 0.757 0.714 0.06

Black( 76 ) 0.749 0.725 0.737 0.719 0.02

White (76 ) 0.799 0.728 0.764 0.714 0.07
3.4.4 Active learning experiments

Results for the experiments starting from a balanced dataset (5 samples from each group) are

shown in the first row of Fig. 3.1 (ESSP). The 80/20 and 20/80 Group 1/Group 2 initializations
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are shown in rows 2 and 3, respectively. All methods start from the same training set and thus
exhibit identical performance at the first cycle (10 labeled). We also show A and DSC curves for
the strong bias experiment (Fig. 3.2). Results are very similar for the weak bias experiment and
can be found in the appendix. Overall, weighted localized entropy outperforms all methods in
terms of ESSP in all scenarios, followed closely by localized entropy, then random sampling.
Global entropy performs worse than all methods by a relatively large margin. In terms of
raw performance as measured by DSC (Fig. 3.2), random sampling is often the best strategy,
especially at the early stages of AL. However, this naive strategy fails to perform as well in
reducing A effectively, compared to localized entropy and the proposed weighted localized
entropy (Fig. 3.2). The significant lowering of A by weighted localized entropy, while still
remaining highly competitive in terms of DSC, allows it to achieve the top ESSP scores across

most experiments.

3.4.4.0.1 Selection dynamics and group composition.

As demonstrated in the baseline experiments (Table 3.4), the best ESSP is likely achieved by
over-representing Group 1 in the training dataset. This is illustrated in Fig. 3.3, where, under all
scenarios, the weighted localized entropy consistently favors adding Group 1 samples to the
training dataset. One can also observe a link between localized entropy and fairness as this
strategy also tends to select samples from Group 1, even though it does not explicitly account for
fairness. Random sampling behaves as expected, balancing data 50/50 over time, while global

entropy behaves counterintuitively by adding more samples from Group 2.

3.5 Discussion

In this work, we investigated the intersection of active learning and fairness in medical image
segmentation. We designed an acquisition algorithm to improve group-wise fairness rather
than solely optimizing accuracy. The proposed Weighted Localized Entropy consistently
achieved the strongest equity-aware performance across initialization regimes and bias strengths.

Unsurprisingly, localized entropy also reduced bias, although applying the group-fairness
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Figure 3.1 ESSP under different initial training set compositions. First row: balanced
initialization, second row: 80/20 Group 1/Group 2 ratio, third row: 20/80 ratio. Left
column: strong bias dataset, Right column: weak bias dataset

weights further yielded improvement in both fairness and accuracy. We note that random

sampling usually acquired the best accuracy results, but the equity-scaled performance was
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Figure 3.2 A and DSC metrics under different initial training set compositions for the
strong bias experiment only. First row: balanced initialization, second row: 80/20 Group
1/Group 2 ratio, third row: 20/80 ratio. Left column: A, Right column: DSC
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initial training set. First row: balanced initialization, second row: 80/20 Group 1/Group 2
ratio, third row: 20/80 ratio. Left column: strong bias dataset, Right column: weak bias
dataset
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harmed by the substantial group-wise performance disparity. Global entropy frequently became
the worst-performing method in terms of accuracy and fairness as it tended to add more Group 2
cases over time, despite Group 1 being the morphology-challenged subgroup. This behavior
can be because whole-volume uncertainty may be dominated by structural extent and incidental
variability rather than meaningful model confusion at the target boundary. By computing entropy
inside an ROI mask and normalizing by the ROI size (Eq. 3.1), the localized entropy better

isolates the uncertainty.

The proposed method demonstrated robustness in both strong and weak bias scenarios. In the
strong bias setting, we observed a reduction in A of approximately 75% (0.0176 vs. 0.0692)
relative to standard entropy at the final cycle. Notably, in the weak bias setting in which
morphological differences are harder to detect, our method was even more effective relative to
baselines, reducing disparity by approximately 86%. This indicates that the weighted entropy

signal is sensitive enough to detect and correct minor performance drifts.

As it was observed in Table 3.4, the relationship between training composition and equitable
performance is non-trivial. In the weak bias dataset, the Group 1-only configuration became the
best fairness baseline (DSC=0.90, ESSP=0.90, A = 0.002), outperforming training on all groups
(DSC=0.90, ESSP=0.89, A=0.01). Overall, these outcomes suggest that the subgroup associated
with more challenging morphology (Group 1) acts as a fairness anchor and overrepresenting
it can reduce group disparity without severely compromising overall utility. This observation
motivates the core design of our AL strategy, which adaptively increases the selection pressure

toward the currently under-performing group.

We tackle the AL for segmentation with a lightweight mechanism that uses only labeled-set
performance to estimate group weights and requires no additional fairness classifier or expensive
representativeness modeling. Our approach is close to performance-driven group reweighting

strategies proposed in classification (Wang et al., 2022), but adapted to voxel-wise uncertainty.

Although one might suspect overfitting to Group 1, this is not supported in the classical sense:

when trained only on Group 1, the model still generalizes well to Group 2, with Group 2
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performance remaining close to Group 1. Additionally, the performance differences when

predicting Group 2 across all baseline experiments are only minor.

We argue that the higher ESSP achieved by training on Group 1 only is not driven by overfitting, but
by robust generalization from training with the more morphologically challenging Group 1 dataset.
Group 1 includes both global inter-subject variability and additional localized deformations.
A model trained on Group 1 learns features that remain valid when evaluated on Group 2,
where the task is effectively easier because the localized deformations are absent. In contrast,
training on pooled Group 1 and Group 2 data can encourage shortcut learning, where the model
preferentially fits the easiest, most frequent patterns (Group 2) and underfits the complex Group 1

cases, consistent with the gaps observed in Table 3.4.

Importantly, Group 1-only training is not presented as a universally optimal deployment strategy.
ESSP is not a pure accuracy metric: it explicitly penalizes between-group disparity through
(A), defined as the sum of absolute deviations from the overall dice. Since Group 1 is the
morphology-challenged subgroup by construction, the fairness gain under Group 1-only training
increases. Group 2 performance remains high while the inter-group gap shrinks, and this is
exactly what ESSP rewards. Moreover, the Table 1 results are computed on a held-out, balanced

test set (15 subjects per group), so the effect is not memorization-based overfitting.

We agree that one limitation of this study is the use of a synthetic dataset, which we selected to
explicitly control the presence and magnitude of morphological bias. This controlled setting
enables a clear link between sampling strategy and performance bias. Real-world medical
data contains complex biases (e.g., scanner artifacts correlated with hospital demographics)
that are harder to disentangle than anatomical deformations. Evaluating our framework in
real-world data scenarios requires (i) identification of a dataset with known biases to confirm
that a measurable disparity exists, and (ii) reliable reference segmentations for training, ideally
generated without performance biases. In practice, finding such datasets is extremely challenging.
Automatic segmentations may carry performance biases making fairness evaluation challenging,

and manual annotations by experts are scarce. Moreover, real cohorts may exhibit subtle or
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region-specific morphometric differences (or none at all), and the existence of such differences
cannot be assumed a priori. These challenges led us to perform these experiments solely with
synthetic data. Our results support the use of a weighted sampling strategy to avoid performance
bias associated with group level attributes. If one were to translate or apply our framework
in a real-world scenario, one would need to identify one or more sensitive attributes based on
apriori hypotheses (structure X has been reported to be larger in sub-population Y) and guide

the sampling strategy using the weighted localized entropy (eq. 2 3.2).

Another limitation of our work is that our weighting strategy relies on the availability of group
labels for the labeled set. While it is a reasonable assumption in a controlled AL setup, extending

this to scenarios where sensitive attributes are missing is a necessary future step.

3.6 Conclusion

We presented a fairness-aware active learning framework for brain MRI segmentation. Through
using a performance-based weighting scheme and localized entropy, the proposed algorithm
actively constructs a training set that prioritizes equity. This can be especially practical for
deploying segmentation models in settings where both labeling budgets and fairness requirements
are critical. Our study provides a robust foundation for advancing fair active-learning approaches

in medical image segmentation.



CONCLUSION AND RECOMMENDATIONS

The first paper shows that demographic bias is method-dependent. Some models were relatively
robust, while others were much more sensitive to demographic mismatch. Although we did not
observe extreme bias, we found subtler effects, including the loss of race-related volumetric
patterns that were still visible in the manual ground-truth annotations. At the same time, these
findings must be interpreted with caution, since our analysis focused only on the right and left
nucleus accumbens. Broader studies across more brain structures will be needed to understand

the full extent of demographic bias in brain segmentation.

The second paper shows that fairness can be improved during the active learning process itself.
By combining group-aware weighting with localized uncertainty, the proposed method reduced
group disparities in the strong-bias and weak-bias settings. Together, the two studies support a
broader shift in medical image analysis: fairness should not be considered a secondary concern,

but a central design principle.

A natural next step would be to translate the Weighted Localized Entropy framework from
synthetic experiments to real clinical datasets with measurable bias. Another important direction
is to design an attribute-agnostic, fair active learning framework that does not require explicit
group labels during training. This would make the approach more practical in real-world settings
where sensitive attributes are missing, incomplete, or noisy. Future work should also extend the
evaluation beyond small subcortical structures to larger-scale and whole-brain segmentation

tasks.

It is also important to acknowledge a key nuance. In medical diagnosis, strict mathematical
fairness is not always beneficial. Recent perspectives (Sabuncu, Wang & Nguyen, 2025) caution
against enforcing performance parity across protected groups as an absolute objective. Such
constraints may unintentionally reduce diagnostic accuracy in certain subpopulations. A more

appropriate goal is to achieve the highest possible performance within each demographic group
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while reporting residual disparities transparently. Thus, although this work highlights equity as
an important principle, future clinical deployment must carefully balance fairness with diagnostic

precision.



APPENDIX I

INVESTIGATING DEMOGRAPHIC BIAS IN BRAIN MRI SEGMENTATION: A
COMPARATIVE STUDY OF DEEP-LEARNING AND NON-DEEP-LEARNING
METHODS

Table-A I-1 Dice coeflicients of the UNesT model for different training and testing
datasets. The columns represent the subgroup on which the model was trained, while the
rows indicate the subgroup on which the model was evaluated. ( right NAc)

Testm“" UNesTWM | UNesTWF | UNesTBM | UNesTBF
DSC Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.86 | 0.03 | 0.80 | 0.03 | 0.79 | 0.04 | 0.80 | 0.03
WF 0.82 | 0.04 | 0.81 | 0.03 | 0.78 | 0.03 | 0.79 | 0.03
BM 0.81 | 0.04 | 0.81 | 0.04 | 0.81 | 0.03 | 0.80 | 0.04
BF 0.82 | 0.03 | 0.83 | 0.04 | 0.81 | 0.03 | 0.82 | 0.03

Table-A I-2  Dice coeflicients of the UNesT model for different training and testing
datasets. The columns represent the subgroup on which the model was trained, while the
rows indicate the subgroup on which the model was evaluated (left NAc)

Train

UNesTWM | UNesTWF | UNesTBM | UNesTBF
Test
DSC Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.85 ] 0.03 | 0.81 | 0.04 | 0.78 | 0.058 | 0.79 | 0.04
WF 0.81 | 0.03 | 0.80 | 0.02 | 0.78 | 0.03 | 0.78 | 0.03
BM 0.80 | 0.05 | 0.80 | 0.05 | 0.81 | 0.04 | 0.79 | 0.05
BF 0.81 | 0.03 | 0.82 | 0.03 | 0.81 | 0.03 | 0.81 | 0.03
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Table-A I-3  Dice coeflicients of the nnU-Net model for different training and testing
datasets. The columns represent the subgroup on which the model was trained, while the
rows indicate the subgroup on which the model was evaluated (right NAc)

ain
nnUNetWM | nnUNetWF | nnUNetBM | nnUNetBF
Test

DSC Avg | Std | Avg | Std | Avg | Std | Avg Std

WM 0.87| 0.02 | 0.85| 0.03 |0.85| 0.02 | 0.85 | 0.03

WF 0.86 | 0.03 | 0.85| 0.02 | 0.85| 0.02 | 0.85 0.02

BM 0.85| 0.02 | 0.85| 0.03 | 0.86| 0.02 | 0.85 | 0.04

BF 0.87 | 0.01 |0.87| 0.02 | 0.87| 0.02 | 0.87 0.02

Table-A I-4  Dice coeflicients of the nnU-Net model for different training and testing
datasets. The columns represent the subgroup on which the model was trained, while the
rows indicate the subgroup on which the model was evaluated (left NAc)

ain
nnUNetWM | nnUNetWF | nnUNetBM | nnUNetBF
Test

DSC Avg | Std | Avg | Std | Avg | Std | Avg Std

WM 0.86 | 0.03 | 0.85| 0.03 | 0.84 | 0.03 | 0.85 | 0.03

WF 0.86 | 0.02 | 0.85| 0.03 | 0.85| 0.02 | 0.85 0.02

BM 0.85| 0.04 | 0.85| 0.04 | 0.86| 0.02 | 0.85 | 0.04

BF 0.86 | 0.02 | 0.87 | 0.03 | 0.85| 0.04 | 0.86 0.02
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Table-A I-5 Dice coeflicients of the Colr model for different training and testing datasets.
The columns represent the subgroup on which the model was trained, while the rows
indicate the subgroup on which the model was evaluated (right NAc)

Train
CoIrWM | CoIrWF ColrBM CoTrBF

Test

DSC Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.86 | 0.02 | 0.85 | 0.03 | 0.85 | 0.02 | 0.85 | 0.03
WF 0.85 1 0.02 | 0.85|0.02 | 0.85 ] 0.02 | 0.85 | 0.02
BM 0.85 | 0.03 | 0.85|0.03 | 0.86 | 0.02 | 0.85 | 0.04
BF 0.87 | 0.02 | 0.87 | 0.02 | 0.86 | 0.02 | 0.87 | 0.02

Table-A I-6  Dice coeflicients of the Colr model for different training and testing datasets.
The columns represent the subgroup on which the model was trained, while the rows
indicate the subgroup on which the model was evaluated (left NAc)

Train
CoIrWM | CoIrWF ColTrBM CoTrBF

Test

DSC Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.86 | 0.03 | 0.85 | 0.03 | 0.84 | 0.04 | 0.84 | 0.03
WF 0.85{0.02 | 0.85|0.03 | 0.84 | 0.02|0.84 | 0.02
BM 0.85]0.04 | 0.85 | 0.03 | 0.86 | 0.02 | 0.84 | 0.04
BF 0.85{0.03 ] 0.86 | 0.03 | 0.85 | 0.04 | 0.86 | 0.02
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Table-A I-7 Dice coeflicients of the ANTs model for different training and testing datasets.
The columns represent the subgroup on which the model was trained, while the rows
indicate the subgroup on which the model was evaluated (right NAc)

Train
ANTsWM | ANTsWF | ANTsBM | ANTsBF

Test

Dice Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.82 |1 0.02 | 0.81 | 0.03 | 0.76 | 0.05 | 0.77 | 0.06
WF 0.81 | 0.04 | 0.80 | 0.04 | 0.74 | 0.04 | 0.75 | 0.05
BM 0.80 | 0.04 | 0.81 | 0.04 | 0.81 | 0.03 | 0.81 | 0.05
BF 0.82 | 0.04 | 0.82 | 0.04 | 0.80 | 0.03 | 0.82 | 0.04

Table-A I-8 Dice coeflicients of the ANTs model for different training and testing datasets.
The columns represent the subgroup on which the model was trained, while the rows
indicate the subgroup on which the model was evaluated (left NAc)

Train
ANTsWM | ANTsWF | ANTsBM | ANTsBF

Test

Dice Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.82 |1 0.03 | 0.81 | 0.03 | 0.73 | 0.06 | 0.76 | 0.06
WF 0.80 | 0.04 | 0.80 | 0.03 | 0.72 | 0.05 | 0.72 | 0.07
BM 0.80 | 0.06 | 0.80 | 0.06 | 0.78 | 0.06 | 0.79 | 0.06
BF 0.80 | 0.06 | 0.80 | 0.06 | 0.77 | 0.03 | 0.80 | 0.03




Table-A 1-9  NSD of the nnU-Net model for different training and testing datasets. The
columns represent the subgroup on which the model was trained, while the rows indicate
the subgroup on which the model was evaluated (right NAc)

ain
nnUNetWM | nnUNetWF | nnUNetBM | nnUNetBF
Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg Std

WM 054 | 0.05 | 053 | 0.08 | 049 ] 0.05 | 0.53 | 0.09

WF 051 0.07 | 051 | 0.06 | 0.48 | 0.05 | 0.52 0.05

BM 0.50 | 0.06 |0.51| 0.08 | 0.54| 0.06 | 0.51 | 0.10

BF 0.56 | 0.05 | 0.56 | 0.04 | 0.56 | 0.05 | 0.56 0.05

Table-A I-10 NSD of the nnU-Net model for different training and testing datasets. The
columns represent the subgroup on which the model was trained, while the rows indicate
the subgroup on which the model was evaluated (left NAc)

ain
nnUNetWM | nnUNetWF | nnUNetBM | nnUNetBF
Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg Std

WM 052 | 0.07 | 052 | 0.08 | 048 | 0.07 | 0.51 | 0.08

WF 0.53 | 0.05 | 052 | 0.07 | 0.51| 0.05 | 0.53 0.06

BM 0.52| 0.09 | 0.50| 0.08 | 0.55| 0.05 | 0.52 | 0.09

BF 0.53 | 0.06 | 0.55| 0.07 | 0.53 | 0.08 | 0.56 0.06
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Table-A I-11  NSD scores of the Colr model for different training and testing datasets.
The columns represent the subgroup on which the model was trained, while the rows
indicate the subgroup on which the model was evaluated (right NAc)

Train
CoIrWM | CoIrWF CoTrBM CoTrBF

Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.53 | 0.05 | 0.51 | 0.08 | 0.49 | 0.04 | 0.51 | 0.09
WF 0.50 | 0.06 | 0.49 | 0.06 | 0.47 | 0.05 | 0.51 | 0.05
BM 0.48 | 0.08 | 0.49 | 0.08 | 0.53 | 0.07 | 0.49 | 0.09
BF 0.54 | 0.05 | 0.56 | 0.04 | 0.55 | 0.05 | 0.54 | 0.04

Table-A I-12  NSD scores of Colr model for different training and testing datasets. The
columns represent the subgroup on which the model was trained, while the rows indicate
the subgroup on which the model was evaluated (left NAc)

Train
CoIrWM | CoIrWF ColTrBM CoTIrBF

Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.51 { 0.07 | 0.51 | 0.08 | 0.47 | 0.07 | 0.49 | 0.08
WF 0.51 | 0.05 | 0.51 | 0.06 | 0.49 | 0.05 | 0.50 | 0.06
BM 0.51 { 0.09 | 0.51 | 0.06 | 0.54 | 0.06 | 0.50 | 0.09
BF 0.53 | 0.07 | 0.54 | 0.07 | 0.52 | 0.08 | 0.55 | 0.07
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Table-A I-13  NSD scores of ANTs model for different training and testing datasets. The
columns represent the subgroup on which the model was trained, while the rows indicate
the subgroup on which the model was evaluated (right NAc)

Train
ANTsWM | ANTsWF | ANTsBM | ANTsBF

Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.44 |1 0.05 | 043 | 0.08 | 0.35 | 0.07 | 0.38 | 0.12
WF 0.43 | 0.07 | 0.41 | 0.07 | 0.31 | 0.06 | 0.36 | 0.06
BM 0.4 |0.05|0.44 ] 0.07 | 043 | 0.07 | 0.44 | 0.10
BF 0.45 | 0.08 | 0.45 | 0.08 | 0.43 | 0.08 | 0.46 | 0.09

Table-A I-14 NSD scores of ANTs model for different training and testing datasets. The
columns represent the subgroup on which the model was trained, while the rows indicate
the subgroup on which the model was evaluated (left NAc)

Train
ANTsWM | ANTsWF | ANTsBM | ANTsBF

Test

NSD Avg | Std | Avg | Std | Avg | Std | Avg | Std
WM 0.42 1 0.07 | 0.42 | 0.07 | 0.35 | 0.07 | 0.36 | 0.10
WF 0.42 1 0.07 | 0.43 | 0.06 | 0.33 | 0.06 | 0.34 | 0.08
BM 0.41]0.09 | 0.42 | 0.08 | 0.43 | 0.07 | 0.43 | 0.10
BF 0.43 1 0.09 | 0.43 | 0.09 | 0.42 | 0.06 | 0.42 | 0.07
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Table-A I-15 Results for evaluating race effects on volumes by segmentation models for
right and left NAc (Coeft. is coeflicient and its value is rounded to upper value, Std Err is
standard deviation, P is p-value)

St Trained on BF ‘ Trained on BM ‘ Trained on WF ‘ Trained on WM
ructure Model
vy StdErr Py, StdErr P vy, StdErr P y; StdErr P
ANTSs 31 52.1 0552 10 50.5 0.835 -32 593 0583 40 63.8 0.530
Right NAc CoTr 136 84.1 0.104 120 1054 0.253 153 853 0.073 124 962 0.197
nnU-Net 137 84.4 0.103 113 1045 0.277 125 82.0 0.127 118 943 0.209
UNesT 9 648 0881 -65 745 0381 70 773 0.365 13 80.7 0.867
ANTs 29 523 0579 34 527 0517 -26 582 0.651 41 60.7 0.496
Left NAc CoTr 173 862 0.044 113 105.1 0.281 95 82.2 0.245 144 100.0 0.148
nnU-Net 154 87.8 0.078 124 99.5 0.210 60 83.0 0466 151 956 0.114
UNesT 4 720 0956 -20 775 0.789 7 754 0922 110 79.8 0.168

Table-A I-16  Results for evaluating race X sex effects on volumes by segmentation models
for right and left NAc (Coefl. is coefficient and its value is rounded to the upper value, Std
Err is standard deviation, P is p-value)

St Trainedon BF | TrainedonBM | Trainedon WF | Trained on WM |
ructure Model
vy StdErr P vs StdErr P vs StdErr P v StdErr P
ANTs 38 72.6 0.596 23 71.1 0.739 90 84.2  0.283 40 88.5 0.644
Right NA Colr -94 1124 0399 -42 149.3 0.775 -53 1203 0.657 -19 136.5 0.889
nnU-Net -103 116.1 0.374 -44 1472 0.766 -46 114.1 0.681 -7 131.5 0.955
UNesT -39 90.7 0.661 -13 106.0 0.896 -97 108.3 0.367 131 111.9 0.240
ANTSs 8 74.0 0911 -4 73.6 0.956 127 81.7 0.118 42 83.8 0.614
Left NAc Colr -94 120.9 0432 -2 1463 0984 3 112.8 0972 7 139.8  0.958
nnU-Net -107 1224 0.378 -38 138.7 0.781 21 1153 0.855 -22 134.2 0.869
UNesT 20 99.4 0.836 -38 109.3 0.722 18 1053 0.862 17 111.1  0.877
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Figure-A I-1 Race coefficients in mixed linear models’ results for measuring its influence
on volume(right NAc). Significance using linear mixed effects model is denoted by ***
(1.00 x 107* < P < 1.00 X 1073), ** (1.00 X 107> < P < 1.00 x 107%), and *
(1.00x 1072 < P < 5.00 x 107%)
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Figure-A I-2 Race coefficients in mixed linear models’ results for measuring its influence
on volume(left NAc). Significance using linear mixed effects model is denoted by ***
(1.00 x 107* < P < 1.00 X 1073), ** (1.00 X 107> < P < 1.00 x 1072), and *
(1.00x 1072 < P <5.00 x 1072)




68

250

200

=
w
o

Coefficient

100

50

Model

Figure-A I-3  Sex coefficients in mixed linear models’ results for measuring its influence
on volume(right NAc). Significance using linear mixed effects model is denoted by ***
(1.00 x 107* < P < 1.00 X 1073), ** (1.00 X 107> < P < 1.00 x 107%), and *

(1.00 x 107 < P < 5.00 X 1072)
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Figure-A I-4  Sex coeflicients in mixed linear models’ results for measuring its influence
on volume(left NAc). Significance using linear mixed effects model is denoted by ***
(1.00 x 107* < P < 1.00 X 1073), ** (1.00 X 107> < P < 1.00 x 107%), and *

(1.00 x 1072 < P < 5.00 x 107%)



APPENDIX II

EXPLORING ENTROPY-BASED ACTIVE LEARNING FOR FAIR BRAIN

SEGMENTATION
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Figure-A II-1

A and dice for the weak bias experiments. First row: balanced initialization,

second row: 80/20 Group 1/Group 2 ratio, third row: 20/80 ratio
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