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Abstract. Machine learning is widely utilized across diverse fields, including
healthcare. In this context, issues such as privacy and model fairness have been
gaining increasing importance. It is not sufficient for a model to achieve good
overall performance: it must be effective for all subgroups comprising the target
population. This study investigates breast cancer tumor segmentation models
using DCE-MRI from a fairness perspective. The experiments were conducted
using the MAMA-MIA dataset and the nnU-Net framework, which represents
the state-of-the-art in several medical image segmentation tasks. Model per-
formances were compared through a fairness lens. In the investigated models,
performance discrepancies were found across all evaluation metrics used.

1. Introduction

Machine Learning (ML) algorithms, particularly those based on Deep Learning
[LeCun et al. 2015], have been successfully applied across diverse fields of knowl-
edge, with notable prominence in healthcare [Esteva et al. 2021, Faiyazuddin et al. 2025,
Abdelwanis et al. 2025]. These algorithms have demonstrated a remarkable capability to
assist in complex tasks, such as disease classification, anatomical segmentation, lesion
delineation, and image reconstruction [Ricci Lara et al. 2022], thereby contributing to the
development of clinical decision support tools and the achievement of more accurate di-
agnoses.

Decision support systems, particularly in medical contexts, are capable of han-
dling high levels of complexity that often exceed human analytical capacity. However,
these systems are not immune to biases. Consequently, researchers must remain atten-
tive not only to the overall accuracy of the system but also to how it responds to data
from specific subgroups within the dataset [Barocas and Selbst 2016]. In this context,
relevant ethical questions have emerged, among which algorithmic fairness stands out
[Pessach and Shmueli 2020]. There is a common tendency to attribute greater objectivity
and impartiality to these systems compared to human decision-making [Maybury 1990];
however, recent studies demonstrate that this premise does not always hold true, re-
vealing that algorithms can reproduce and even amplify biases present in the training
data [Kleinberg et al. 2017, Rabonato and Berton 2025]. Certain demographic groups,
defined by sensitive attributes such as sex, race, or ethnicity, can be systematically
disadvantaged by these systems, resulting in significantly lower performance outcomes



compared to other groups [Buolamwini and Gebru 2018], which highlights the pres-
ence of algorithmic biases with potential discriminatory impacts. Pessach and Shmueli
[Pessach and Shmueli 2020] identify research on fairness in Artificial Intelligence (AI)
systems as an emerging and promising domain.

Among the various applications of ML models, tumor segmentation stands out
as highly critical. Among women, breast cancer is the most incident type of cancer
in Brazil, when excluding non-melanoma skin tumors. The National Cancer Institute
(INCA) estimates that for the 2026-2028 triennium, Brazil will face 78,610 new cases an-
nually [Instituto Nacional de Cancer (INCA) 2026]. Furthermore, cancer mortality rates
in Brazil have been steadily approaching those of cardiovascular diseases. When a pa-
tient is diagnosed early, the likelihood of a cure is high. A study published in 2019
[Makdissi et al. 2019] illustrates the evolution of survival rates. The data indicate that
patient survival associated with tumor sizes T1 and T2 (early stages) rose from 89.7%
(2000-2004) to 95% (2010-2012).

In Brazil, public screening policies for patient identification recommend perform-
ing a mammogram every 2 years for women aged 50 to 69 [Costa et al. 2019]. Mammog-
raphy offers the advantage of considerably lower costs compared to magnetic resonance
imaging (MRI). Luczynska et al. [Luczynska et al. 2022], however, note that MRI is a
widely used examination in breast cancer diagnosis, both for identifying the cancer type
and evaluating its recurrence. Bitencourt and Chojniak [Bitencourt and Chojniak 2021]
also emphasize that MRI is indicated to resolve inconsistencies resulting from in-
conclusive mammography and ultrasonography exams. The rising number of breast
cancer cases, the importance of early diagnosis—which in turn can increase patient
survival rates—and the high complexity of the 3D medical image interpretation task
[van Montfort et al. 2021] render ML models an important tool to assist healthcare pro-
fessionals.

In this scenario, studies on algorithmic fairness and equity have been gaining sub-
stantial relevance. Verma and Rubin [Verma and Rubin 2018] show that more than 20
definitions of fairness exist in the literature. Algorithmic fairness can be analyzed under
two distinct aspects: group fairness and individual fairness ([Dwork et al. 2012]). From
an individual fairness perspective, a ML model is considered fair if, and only if, similar
individuals obtain similar outcomes. In the present work, the focus is placed on group
fairness. Regarding group fairness, when evaluating two distinct groups, the subgroup
achieving higher accuracy is referred to as the privileged group, whereas the one with
lower accuracy is termed the underprivileged group. It can be asserted that group fairness
is achieved when both privileged and underprivileged groups receive equitable treatment
from the model.

Measuring fairness in ML models constitutes a challenge in itself, since there is
no universally accepted definition of what characterizes a fair model [Verma et al. 2021].
Several metrics have been proposed in the literature to quantify and evaluate a model’s
level of equity, each grounded in different conceptions of justice and tailored to distinct
application contexts [Mehrabi et al. 2021]. Given this plurality, the selection of the most
appropriate metrics must be guided by the specific application domain and the vulnerable
groups involved [Barocas and Selbst 2016].



Despite these advancements, an important research gap remains: while fairness
interventions are heavily explored in classification tasks, extending these concepts to
complex, dense regression spaces like 3D semantic image segmentation is an active and
under-researched challenge. Traditional group-fairness metrics do not directly translate to
pixel-level predictions, and there is a critical shortage of comprehensive multi-axis sub-
group evaluations in diverse clinical backgrounds. Furthermore, in deeply heterogeneous
populations such as Brazil’s, disparities in scanner hardware acquisition, distinct patient
biotypes, and ethnic demographics often compound hidden algorithmic biases, potentially
leading to disparate health outcomes across sub-populations.

To bridge this gap, this work systematically investigates breast cancer tumor
segmentation models developed using the state-of-the-art nnU-Net framework on 3D
DCE-MRI scans from the MAMA-MIA dataset [Garrucho et al. 2025] through a rigor-
ous multi-axis group fairness lens. We analyze the behavior of these models across dis-
tinct demographic, clinical, and technical strata to expose hidden performance disparities.
Specifically, our main contributions are as follows:

* Multi-Axis Fairness Benchmarking: We provide a comprehensive evaluation of
semantic segmentation fairness across three distinct and critical context dimen-
sions: scanner manufacturer (c) to capture technical acquisition bias, patient eth-
nicity (c) to capture demographic bias, and BMI/weight groups (c3) to evaluate
morphological and anatomical variation bias.

* Quantification of the Subgroup Performance Gap (SPG): We establish empir-
ical evidence that state-of-the-art segmentation frameworks, despite showing high
overall cumulative performance, suffer from significant degradation and perfor-
mance gaps when evaluated on minority or clinically underrepresented subgroups.

 State-of-the-Art Baseline Optimization: We present an optimized baseline
model using the nnU-Net version 2 framework that outperforms previously re-
ported results on the MAMA-MIA dataset, setting a new rigorous performance
standard against which future fair-learning mitigation strategies can be bench-
marked.

2. Related Work

The intersection of Al and clinical workflow monitoring demands models that are both
operationally adaptive and ethnically equitable [Chen et al. 2023]. This section contextu-
ally positions our study by reviewing the recent literature across algorithmic fairness in
medical computer vision.

Recent years have witnessed growing attention toward identifying and mit-
igating biases embedded within medical ML systems [Pessach and Shmueli 2020,
Jiang and Nachum 2020]. Biases frequently manifest in clinical models due to training
data imbalances, disparities in historical data-generating workflows, biological hetero-
geneity across subgroups (e.g., age, sex, race), or distinct hardware specifications among
device manufacturers [Chen et al. 2023, Mehta et al. 2024]. For instance, landmark in-
vestigations by Seyyed-Kalantari et al. documented significant underdiagnosis rates and
performance drops for underrepresented racial groups when deep classification networks
were applied to chest X-rays. Similarly, Larrazabal et al. demonstrated how gender-
imbalanced training datasets severely compromise the diagnosis of thoracic diseases in
the underrepresented sex.



While fairness interventions are heavily researched in classification domains, ex-
tending these concepts to complex, dense regression spaces like semantic image segmen-
tation is an active challenge [Tian et al. 2024]. Traditional group-fairness metrics such as
Demographic Parity or Equalized Odds do not directly translate to multi-dimensional,
pixel-level predictions [Tian et al. 2024]. To bridge this gap, Tian et al. introduced
Harvard-FairSeg, the first large-scale medical image segmentation dataset explicitly cu-
rated for fairness benchmarking, alongside a Fair Error-Bound Scaling (FEBS) opti-
mization framework to enforce metric equity during boundary parsing [Tian et al. 2024].
More recently, Oh et al. approached distribution-aware fairness from a control-theoretic
standpoint, introducing a Distribution-aware Mixture of Experts (AMoE) network to han-
dle anatomical and hardware acquisition shifts across diverse demographic subgroups
[Oh et al. 2025]. Furthermore, Mehta et al. established that bias in deep medical vision
models extends beyond raw performance drop, heavily skewing the network’s predictive
confidence and uncertainty estimates across sensitive subpopulations [Mehta et al. 2024].

3. Proposed Method

The proposed methodology consists of the following steps: model development (utiliz-
ing nnU-Net), inference and prediction using the trained models, metric calculation, and
performance analysis.

3.1. Notation

The MAMA-MIA dataset was analyzed separately under different demographic and clin-
ical contexts. Let the set of contexts be denoted by: C = {¢; | ¢ = 1,2,...,n}.
Each context c;, in turn, is composed of a set of subgroups g;. as represented as:
Gi=1{g,1j=1,2,...,m}, where g} represents subgroup j within context ;. When the
context is clear, we will use simply g; to denote subgroup j. All analyzed contexts and
their respective subgroups are summarized in Table 1.

Table 1. Analyzed contexts and subgroups within the MAMA-MIA dataset

Context Subgroups No. of Scans
GE (¢1) 706
Manufacturer (c;) | Philips (g5) 129
Siemens (g3) 287
Caucasian (g7 860
Ethnicity (cs) African-American (g2) 160
Asian (g3) 73
Normal (g7) 505
BMI / Weight (c3) | Mixed Obesity (g3) 54
Class 3 Obesity (g3) 35

Within a given context i,, each subgroup g§ is associated with a subset pair
(T'rj,T's;), where T'r; represents the training data for that subgroup and 7's; represents
its corresponding test data. It is worth noting that the nnU-Net framework automatically
handles the internal split of 7'r; into training and validation sets. We denote by Mg a
model trained exclusively on data Trj-, simplifying the notation to mg,, when the con-
text ¢ is clear. Furthermore, met(my,, g;) represents the evaluation metric computed on
subgroup g; when predictions are generated using model m, .



For each context, multiple models were developed. First, a reference model was
trained using all available images, disregarding the underlying subgroup distributions.
Subsequently, for each context, a model was trained strictly on the majority subgroup (the
one with the largest sample size) and then evaluated to generate predictions for the test
sets of each minority subgroup. These outcomes were subsequently analyzed.

3.2. Dataset

The MAMA-MIA dataset, introduced by Garrucho et al. [Garrucho et al. 2025], com-
prises 1,506 cases of patients diagnosed with breast cancer. For each case, five three-
dimensional dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) scans
were provided, consisting of one pre-contrast and four post-contrast images. Furthermore,
the dataset offers tumor segmentations performed by experts alongside clinical patient
data, establishing a comprehensive resource for the development and evaluation of ML
models applied to breast cancer diagnosis. In addition to the annotated images, MAMA-
MIA provides the pre-trained nnU-Net model weights, as well as a clinical dataset com-
prising 21 clinical variables, six demographic variables — including ethnicity and weight
— and 22 imaging parameters, such as acquisition time and spatial resolution. The dataset
is hosted on Synapse'.

3.3. The Framework

The nnU-Net framework was developed based on the U-Net architecture
[Ronneberger et al. 2015], a Convolutional Neural Network (CNN) widely rec-
ognized in the field of biomedical image segmentation. U-Net stood out by
achieving state-of-the-art results in several medical segmentation challenges
[Ronneberger et al. 2015, Isensee et al. 2021], and it is considered the benchmark
architecture for medical image segmentation tasks.

The nnU-Net features AutoML capabilities, being able to adaptively self-
configure based on the dataset properties and the available hardware setups
[Isensee et al. 2021], thereby eliminating the trial-and-error process typically required in
the development of domain-specific solutions — a task acknowledged as non-trivial and
computationally expensive. This self-configuration capability makes nnU-Net particu-
larly well-suited for scenarios with a scarcity of annotated data, as is the case with DCE-
MRI scans for breast cancer segmentation. Furthermore, the performance of nnU-Net out-
paces most other deep learning pipelines across 19 international public competitions, be-
ing considered the state-of-the-art for 49 medical segmentation tasks [Isensee et al. 2021].

In the present study, a 3D U-Net architecture dynamically configured by nnU-
Net was employed. The network consists of six encoder stages and five decoder stages,
interconnected via skip connections, which constitute the core characteristic of the U-
Net architecture [Ronneberger et al. 2015]. The number of feature channels scales pro-
gressively from 32 to 320 along the encoder pathway. Each stage is composed of two
convolutional layers with 3 x 3 x 3 kernels, followed by Instance Normalization and
LeakyReL U activation functions. Downsampling is executed via strided convolutions,
including anisotropic strides to account for voxel spacing anomalies. The network was
trained utilizing 3D patches with a target size of 96 x 160 x 160 voxels sampled from
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the input volumes. All configurations generated by nnU-Net are compiled within the
nnUNetPlans. json file, allowing for specific adjustments based on experimental
needs [Isensee et al. 2021].

3.4. Hardware and Software

Experiments were conducted utilizing the Santos Dumont cluster?, a high-performance
supercomputer managed by the National Laboratory for Scientific Computing (LNCC).
Job scheduling is based on resource demand: larger requests incur longer waits. Because
training time was not studied, resources were minimized to the baseline needed for execu-
tion. Consequently, a single computational node was configured with the following spec-
ifications: two Intel Xeon Cascade Lake Gold 6252 processors (24 cores per processor),
24 GB of RAM, and one NVIDIA Volta V100 GPU. Regarding software infrastructure,
the environment integrated Slurm 20.11.8 (Linux), Python 3.9.18, nnU-Net version 2.5.2
[Isensee et al. 2021], and the seg-metrics library version 1.2.8 [Jia et al. 2024].

3.5. Preprocessing

Two primary preprocessing operations were automatically executed by nnU-Net in its
default 3D pipeline configuration [Isensee et al. 2021]: z-score intensity normalization
of the scans, computed from the mean and standard deviation of all acquisition phases
(pre- and post-contrast), and voxel spacing standardization to a uniform isotropic resolu-
tion of 1 x 1 x 1 mm?3. The nnU-Net incorporates a data augmentation strategy during
training, wherein the post-contrast phase images are augmented by a subtraction image,
derived from the voxel-wise difference between the pre-contrast volume and the first post-
contrast acquisition. The data were partitioned into 80% for training/validation and 20%
for independent testing.

3.6. Training

During the first stage of the experiment, model training was carried out using the de-
fault configuration of nnU-Net v2 [Isensee et al. 2021]: execution over 1,000 epochs,
optimized via Stochastic Gradient Descent (SGD) with an initial learning rate of 0.01,
a momentum of 0.99, and a weight decay factor of 3 Xx 107°. The loss function
was defined as a combination of the Dice Similarity Coefficient (DSC) loss and cross-
entropy loss. All default hyperparameters are stored and can be customized within the
nnUNetTrainer.py class module.

As a reference baseline scenario, model m, was trained using the complete com-
piled dataset. The obtained performance was evaluated against the results reported by the
MAMA-MIA authors in their public repository [Garrucho et al. 2025] (see Table 2).

3.7. Prediction and Inference

For each context ¢;, following the training of the primary model m,, , inference was per-
formed across all remaining subgroups g using the independent test set 7's;. Figure 1
illustrates the cross-sectional slices of a segmentation generated by a model trained on the
full dataset for a patient belonging to the African-American ethnic subgroup. Figure 2
displays the 3D rendering of the same model-generated segmentation volume. This pre-
diction pipeline provided the inputs required to compute the target evaluation metrics for
each developed model.

2https://sdumont.Incc.br



Figure 1. Examples of segmentation slices

Patient ID: ISPY2_843554 .
Coronal Axial

Sagittal

Figure 2. 3D rendering of the segmentation volume

3.8. Evaluation Metrics

The DSC, IoU, HD95, and MSD metrics were utilized to evaluate the models. The calcula-
tion of all metrics was performed using the Python-implemented seg-met rics library?
[Jia et al. 2024]. These four metrics were chosen because they are among the most widely
adopted for evaluating the performance of image segmentation models, and they were also
utilized by the team that developed the MAMA-MIA dataset. Consequently, this allows
for a direct comparison with the benchmark model for breast cancer image segmentation.
We also utilize the Subgroup Performance Gap (SPG) [Parikh et al. 2026] to quantify the
discrepancy in model performance between the privileged and underprivileged groups
(A = g. — gp) across each of the four selected metrics.

4. Results and Discussion

To verify that the framework was correctly installed and configured, an initial training run
was executed utilizing all available data in the MAMA-MIA dataset. Table 2 presents the
comparison of the DSC, loU, HD95, and MSD metrics. The results obtained at this base-
line stage, where the model was trained and tested on the complete heterogeneous dataset,

Shttps://pypi.org/project/seg-metrics/



constitute the reference baseline scenario (my) for this work, against which all subsequent
experiments are compared. In the subsequent contexts, training and testing were executed
on isolated subgroups to evaluate the impact of continuous learning strategies on model
performance. In the following tables, upward arrows (1) indicate metrics for which higher
values are better, whereas downward arrows ({) indicate metrics for which lower values
are better.

Table 2. Preliminary results utilizing the full dataset

Context DSC1 | IoUT | HDY9S | | MSD |
Garrucho2025 (Mean) | 0.762 | 0.654 | 37.41 11.08
mg 0.802 | 0.702 | 32.44 8.15

The results achieved by our developed model were slightly superior to those re-
ported by the original MAMA-MIA project [Garrucho et al. 2025], as detailed in Table 2.
The model achieved a DSC of 0.802, compared with 0.762 reported in the original study
and an loU of 0.702 compared to 0.654. Superior performance was also observed in
the boundary distance metrics, with HD95 and MSD values reaching 32.44 and 8.15,
respectively, compared to 37.41 and 11.08 in the original study. The use of nnU-Net
v2, likely contributed to the higher performance observed, as this iteration introduced
key structural enhancements and optimization pipeline improvements over its predeces-
sor [Isensee et al. 2021].

To enable model analysis from a fairness perspective, an experimental protocol
was designed wherein the data were stratified according to different demographic and
clinical contexts (see Table 1). The objective of this approach was to evaluate the impact
on performance metrics when a model trained with data from a specific group is applied
to a distinct group, thereby simulating real-world scenarios of data variability. Metadata
on manufacturer, ethnicity, and weight were omitted in training.

4.1. Context c;: Manufacturer

In the first context of the experiment, cases were stratified based on the manufacturer of
the equipment used for image acquisition, resulting in three groups: GE equipment (g;),
Philips equipment (g2) and Siemens equipment (gs)(see Table 1). The model m,, was
trained on the GE group and evaluated separately on the Philips and Siemens groups.
The results of the classic metrics for this scenario are presented in Table 3 and compared
against the baseline scenario.

The results demonstrate that when the model trained on the GE group is evaluated
on the Siemens group, all metrics exhibit lower performance compared to the baseline
scenario. When evaluated on the Philips group, a degradation is observed in the DSC and
IoU metrics, whereas an improvement is found in the HD95 and MSD metrics. This pat-
tern suggests that differences in acquisition protocols across distinct manufacturers intro-
duce variability into the image features, negatively impacting the model’s generalization
capability.

4.2. Context co: Ethnicity

In the second scenario analyzed, cases were stratified into three ethnic groups: Caucasian
(g1), African-American (gs), and Asian (g3) (see Table 1). The model was trained on Cau-



Table 3. Baseline case and subgroups by manufacturer
Context: ¢; DSC1 |IoUT | HDY95 | | MSD |
met(mgr, g2) | 0.798 0.696 | 24.45 5.30
met(mg,gs) | 0.782 | 0.675 | 46.79 11.29
SPG(g2,93) | 0.016 |0.021 | -22.34 | -5.99

casian group and evaluated separately on African-American and Asian groups. Table 4
presents the results of the classic metrics for the analyzed groups.

The results demonstrate that when the model trained on the Caucasian group is
evaluated on the African-American group, all metrics show lower performance compared
to the baseline scenario. When evaluated on the Asian group, a degradation is observed in
the DSC and IoU metrics, along with an improvement in the HD95 and MSD metrics. It
is worth noting, however, that the Asian group is considerably smaller in terms of sample
size — 73 cases compared to 160 in the African-American group —, which may influence
the stability and reliability of the results obtained for this specific group.

Table 4. Baseline case and subgroups by ethnicity
Context: ¢y Dicet | IoU 1 | HD95 | | MSD |
met(mg, g2) | 0.788 | 0.688 | 35.10 9.91
met(mg1,gs) | 0.784 | 0.676 | 28.76 5.90
SPG(g2,93) | 0.004 | 0.012 | -6.34 -4.01

4.3. Context c3: Weight / BMI

In the final context, cases were stratified into three groups according to Body Mass Index
(BMI) classification: patients with normal weight, patients with overweight or mild obe-
sity (denoted as the mixed obesity group), and patients with class 3 obesity (see Table 1).
The model was trained on normal-weight group and evaluated separately on the mixed
obesity group and the class 3 obesity groups. Table 5 presents the results of the classic
metrics for the analyzed groups.

The results demonstrate that when the model trained on the normal-weight group
is evaluated on the remaining groups, all metrics exhibit lower performance compared
to the baseline scenario. This degradation is particularly pronounced in the HD95 and
MSD metrics, suggesting that morphological variability associated with obesity poses
severe challenges to model generalization when dealing with cohorts that display distinct
anatomical characteristics from those available in the training set.

Table 5. Baseline case and subgroups by weight/BMI
Context: cg DSC*t |IoUt | HD95 | | MSD |
met(myg,, g2) | 0.727 | 0.617 | 71.18 21.29
met(myg,, g3) | 0.719 | 0.602 | 71.97 24.19
SPG(g2,93) | 0.004 | 0.012 | -6.34 -4.01

5. Conclusion

The concept of fairness cannot be considered of minor interest by researchers in the field.
There is a critical need to achieve a balance within models between metrics that eval-



uate the entire dataset distribution and those that account for the individual subgroups
composing that population.

In the conducted experiments, it was observed that the outcomes across the dis-
tinct population subgroups are not always equitable, as a significant disparity persists
between the performance of the privileged and underprivileged groups. It is crucial that
these aspects are carefully taken into account during model evaluation. Future work may
expand this fairness evaluation to other imaging datasets, as well as test different ML
architectures and architectural variants.
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