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Achieving flexible fairness metrics in
federated medical imaging

Huijun Xing1,2,13, Rui Sun 1,2,13, Jinke Ren 1,2,13, JunWei 1,2,13, Chun-Mei Feng3,
Xuan Ding 4, Zilu Guo 1,2, Yu Wang 5, Yudong Hu 6, Wei Wei 7,8,
Xiaohua Ban8,9, Chuanlong Xie 4 , Yu Tan10, Xian Liu11, Shuguang Cui 1,2,
Xiaohui Duan 5,12 & Zhen Li 1,2

The rapid adoption of Artificial Intelligence (AI) in medical imaging raises
fairness and privacy concerns across demographic groups, especially in
diagnosis and treatment decisions. While federated learning (FL) offers
decentralized privacy preservation, current frameworks often prioritize col-
laboration fairness over group fairness, risking healthcare disparities. Here we
present FlexFair, an innovative FL framework designed to address both fair-
ness and privacy challenges. FlexFair incorporates a flexible regularization
term to facilitate the integration of multiple fairness criteria, including equal
accuracy, demographic parity, and equal opportunity. Evaluated across four
clinical applications (polyp segmentation, fundus vascular segmentation,
cervical cancer segmentation, and skin disease diagnosis), FlexFair outper-
forms state-of-the-art methods in both fairness and accuracy. Moreover, we
curate a multi-center dataset for cervical cancer segmentation that includes
678 patients from four hospitals. This diverse dataset allows for a more
comprehensive analysis of model performance across different population
groups, ensuring the findings are applicable to a broader range of patients.

Recent studies indicate that AI systems can exhibit biases against
demographic groups based on attributes such as age, race, gender,
and socioeconomic status, particularly in medical imaging tasks like
disease detection and treatment recommendations, which raises sig-
nificant ethical concerns1,2. To address privacy issues related to medi-
cal data, FL has emerged as a preferred approach, with several key

methods tackling fairness in different ways. FedAvg3 averages model
updates from clients but may lead to biased outcomes if certain
demographic groups are underrepresented. FedProx4 introduces a
proximal term to keep local models aligned with the global model,
mitigating the impact of Out-of-Distribution (OoD) data. FedNova5

normalizes local updates based on the number of training steps to
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balance contributions from clients with varying data amounts,
enhancing convergence. SCAFFOLD6 employs control variates to sta-
bilize learning and reduce bias fromOoD data distributions. Due to its
privacy-preserving capabilities, FL has gained significant attention in
the medical field in recent years.

However,most FL researchhas focusedonperformance fairness—
achieving consistent accuracy across clients—while overlooking group
fairness, a gap that risks exacerbating healthcare disparities by
underrepresenting diverse demographic groups. Addressing this issue
requires models that go beyond privacy preservation to actively
ensure fairness. Prioritizing such models is critical to tackling ethical
concerns, fostering equitable treatment across demographic groups,
and mitigating biases in healthcare applications. Moreover, these
advancements would enhance the robustness and generalizability of
medical AI systems, paving the way formore inclusive and dependable
healthcare solutions.

Several algorithms aim to enhance group fairness in centralized
learning7–10. For example, Fair-Mixup10 generates a distribution path
connecting sensitive groups and regularizes the smoothness of the
path to improve the generalization of group fairness metrics. Some
works11,12 formulate the constrained optimization problem as a two-
player game and analyze the solutions and generalization bounds.
Additionally, Fair-CDA13 illustrates that group fairness can be pro-
moted by regularizing models along the transitional paths of sensitive
attributes among groups. While these strategies show promise for
achieving better accuracy and fairness across various benchmarks,
their application inmedical settings often requires data frommultiple
centers, which raises privacy concerns. Integrating FL with fair
machine learning presents a potential solution by allowing institutions
to collaboratively train models without sharing raw patient data14.
However, directly addressing group fairness in heterogeneous dis-
tributed settings often necessitates feature exchange10,13, which can
lead to privacy leaks and contradict the fundamental principles of FL.

Most importantly, achieving fairness while preserving privacy in
medical imaging tasks remains a significant challenge15–17. FairFed18

addresses this challenge by using fairness-aware aggregation to
enhance fairness in FL. However, FairFed primarily focuses on group
fairness criteria and is not specifically designed to ensure performance
fairness, which we refer to as equal accuracy (EA) in this study. To
address these limitations, we propose FlexFair, a FL framework that
integrates three fairness criteria: EA19, demographic parity19 (DP), and
equal opportunity8 (EO). FlexFair was evaluated across four distinct
medical imaging tasks: polyp segmentation, fundus vascular segmen-
tation, cervical cancer segmentation, and skin disease classification.
Specifically, for cervical cancer segmentation, we curated a multi-
centre and diverse dataset of 678 patients from four hospitals,
reflecting the demographic diversity in clinical settings. By leveraging
data frommultiple institutions, FlexFair enhances generalizability and
ensures its approach can be effectively applied in real-world scenarios.
The pipeline of FlexFair is shown in Fig. 1. Our framework adaptively
balances trade-offs between fairness and accuracy, and theoretical
analysis shows it can accommodate different fairness metrics by
modifying a component of the loss function. Results demonstrate that
FlexFair achieves high performance and robustness while adhering to
fairness criteria like DP, EO, and EA, providing an effective mechanism
for ensuring fairness and privacy protection in medical imaging
research.

Results
To evaluate the performance of FlexFair, we conducted experiments
across various medical imaging tasks, including segmentation and
diagnostic challenges, covering real-world scenarios with diverse data
distributions and complexities. To ensure a thorough assessment, we
employed a comprehensive set of evaluation metrics that simulta-
neously measured accuracy and fairness. These metrics included dice

scores for segmentation and overall accuracy for diagnostic tasks,
alongside fairness criteria such as EA, DP and EO. Each experiment was
executed acrossfive distinct randomseeds to enhance the reliability of
our findings, and we reported our results with accompanying statis-
tical analyses to provide a comprehensive understanding of FlexFair’s
performance and consistency across different initialization.

We conducted a comparative analysis of FlexFair against several
established FL and fair machine learning methods, such as FedAvg,
FedProx, FedNova, SCAFFOLD, FairFed, andFairMixup. This allowedus
to assess its ability to balance accuracy and fairness in diverse sce-
narios. The results demonstrated FlexFair’s superior capacity to man-
age the inherent variability in medical imaging tasks while reducing
performance disparities across clients. By enhancing the overall
effectiveness of FL in medical applications, FlexFair also highlights its
potential to promote equitable healthcare delivery, particularly in
multi-institutional and resource-limited settings.

FlexFair achieves flexible fairness in diverse medical imaging
scenarios
FlexFair exhibits consistent improvements in both fairness and per-
formance metrics, as demonstrated by the comparative analysis in
Fig. 2. The figure highlights FlexFair’s superior performance across
multiple datasets, including polyp, fundus vascular, cervical cancer,
and skin disease, where it consistently achieves lower fairness gaps,
indicating more equitable outcomes. By running each method across
five random seeds and averaging the results, the robustness of Flex-
Fair’s performance is confirmed. The Pareto front plots, which report
the top 20 test results under different weights, further underscore
FlexFair’s ability to balance high accuracy (measured by dice scores
and accuracy) with minimal fairness gaps (EA, DP, EO). This compre-
hensive evaluation reveals that FlexFair not only excels in predictive
accuracy but also maintains fairness across various demographic
attributes, making it a promising approach for both segmentation and
diagnostic tasks in diverse medical applications.

In terms of EA, we evaluated three segmentation tasks and chose
the site as the sensitive attribute. We measured the maximum dice
performance gap across different sites, calculated the overall mean
dice performance, and reported the maximum gap between the dice
performance of each site and the overallmeandice as the fairness gap,
as shown in Equation (1). Figure 2a–c presents the Pareto front, high-
lighting the trade-off between dice scores and fairness across various
methods. FlexFair, depicted in red, stands out for its superior perfor-
mance, achieving high dice scores while maintaining robust fairness
metrics. Among the baseline methods, most advanced FL approaches
outperform FedAvg, which yields moderate dice scores but often falls
short in terms of fairness. FedProx demonstrates competitive perfor-
mance but struggles to strike an optimal balance between fairness and
accuracy, frequently exhibiting higher max dice gaps that indicate
greater unfairness in segmentation outcomes. SCAFFOLD shows
inconsistent results, performing well on the fundus vascular dataset
but significantly underperforming on the cervical cancer dataset, as
shown in Fig. 3. Due to its poor performance on the cervical cancer
dataset, the Pareto front for SCAFFOLD is omitted. More detailed
results are shown in Table 1. Figure 2d–f presents the maximum gap
values of dice performance across different sites, serving as ameasure
of unfairness-higher maximum gap values indicate greater unfairness.
The minimal maximum gap values for each method, exceeding a cer-
tainperformance threshold, are reported. In Fig. 2, FedAvg exhibits the
highest maximum gap, signalling the greatest unfairness, while Flex-
Fair achieves the lowest maximum gap, indicating the most equitable
performance. In Fig. 2e for the fundus vascular Dataset, the maximum
gap values span from ~0.11 to 0.13. FedAvg again demonstrates the
highest maximum gap, suggesting the highest level of unfairness,
whereas FlexFair maintains the lowest maximum gap, indicating the
most balanced performance. In Fig. 2f for the cervical cancer dataset,
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SCAFFOLD shows the highest maximum gap, reflecting significant
unfairness, while FlexFair again exhibits the lowest maximum gap,
reinforcing its effectiveness in ensuring fairness.

In terms of DP, we ensured that the predictor Ŷ treats different
sensitive attribute groups equally by requiring that the prediction
probabilities remain the same regardless of the value of the sensitive
attribute A. We selected age and gender as sensitive attributes for this
metric. To measure the expected predictions under a binary classifi-
cation task, we applied the softmax function to the output logits of
samples and selected the output value at index 1 to represent the
probability of positive labels. We then calculated the overall expected

predictions and reported the maximum gap between the expected
predictions of each sensitive group and the overall expected predic-
tions as the fairness gap, as shown in Equation (2).

In terms of EO, we ensured that the predictor Ŷ maintains EO for
correct predictions across different sensitive attribute groups. We
applied age andgender as sensitive attributes for thismetric aswell. To
measure the expected predictions under a binary classification task,
we applied the same approach as for DP: we applied the softmax
function to the output logits of samples and selected the output value
at index 1 to represent the probability of positive labels. For samples
withpositive labels,we calculated theoverall expectedpredictions and
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Fig. 1 | Overview of our method for fairness and privacy. a Overview of the
proposed FlexFair and its comparison with both the centralized learning and the
vanilla FL method, FedAvg. FlexFair effectively mitigates prediction disparities
from task models through a weighted penalty mechanism while prioritizing data
privacy by integrating a federated framework. b Detailed design of FlexFair.

FlexFair addresses fairness and privacy challenges in federated environments by
incorporating multiple sensitive attributes, e.g., age, gender, and site, into its fra-
mework. It evaluates fairness usingmetrics like EA,DP, and EO, and integrates these
attributes into a weighted regularized loss to ensure the training process promotes
fairness across all groups.
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reported themaximum gap between the expected predictions of each
sensitive group and the overall expected predictions as the fairness
gap, as shown in Equation (3). Similar to segmentation tasks, Fig. 2g–n
presents the Pareto front and bar charts for the skin disease diagnosis
task. The Pareto front uses accuracy as the performance metric, while
DP and EO considering different attributes (age and gender) are used
as fairness metrics. Notably, FlexFair (represented by the red line)
consistently demonstrates superior performance across thesemetrics.
For instance, in the age DP plot (g), FlexFair shows a significant
improvement in accuracy as DP value increases. Similarly, the gender

DP plot (i) highlights FlexFair’s ability to maintain fairness across
genders while improving accuracy. These trends are consistently
observed in the age EO (h) and gender EO (j) plots as well, further
reinforcing FlexFair’s balanced and equitable performance across dif-
ferent demographic groups. The bottom rowbar charts (k-n) provide a
comparative analysis of the fairness metrics across different methods.
In all four charts—age DP (k), age EO (l), gender DP (m), and gender EO
(n)—FlexFair consistently exhibits lower values compared to other
methods. The lower maximum gap value across all metrics indicates
that FlexFair achieves more equitable performance, effectively

Fig. 2 | FlexFair achieves superior fairness and accuracy across diverse medical
datasets. We compare FlexFair with six baseline methods (FedAvg, FedNova,
FedProx, SCAFFOLD, FairFed, and FairMixup) across four datasets: polyp, fundus
vascular, cervical cancer, and skin disease. Each method is evaluated on fairness
(EA, DP, EO) and accuracymetrics (dice score for segmentation tasks and accuracy
for diagnostic tasks). a–c illustrate the Pareto front for segmentation datasets,
highlighting trade-offs between fairness and accuracy. FlexFair highlightedwith red
color consistently achieves superior dice scores and fairness gap. d–f depict

maximum gap values for dice scores, where lower values indicate greater fairness.
FlexFair outperforms other methods by minimizing the max dice gap across sites.
g–j analyze fairness and accuracy in diagnostic tasks on the skin disease dataset,
emphasizing FlexFair’s ability to balance demographic parity and equal opportu-
nity across age and gender attributes. k–n confirm that FlexFair achieves the lowest
max dice gap values, ensuring equitable performance across all metrics and data-
sets. Source data are provided as a Source Data file.
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reducing bias related to age and gender in diagnostic tasks. Overall,
these visualizations underscore FlexFair’s superior performance in
maintaining high accuracy while ensuring fairness across diverse
patient groups.

FlexFair enhances accuracy in both segmentation and
diagnostic tasks
Figure 3 presents a comparative analysis of various FL methods
alongside FlexFair on segmentation tasks for threemedical conditions.
The dice scores, which serve as a measure of segmentation accuracy,
consistently indicate that FlexFair outperforms the other methods
under comparison. This superior performance is reflected in the violin
plots, which visualize central tendency measures (mean and median),
interquartile ranges, and outliers. The results highlight FlexFair’s abil-
ity to deliver both accuracy and robustness across diverse datasets,
emphasizing its effectiveness.

To determine whether there are statistically significant differ-
ences in performance between FlexFair and the baseline methods, we
performed t tests on each method’s accuracy, calculating the p value
for each comparison. Table 1 and Table 2 present the mean and stan-
dard deviation from five random seeds for both segmentation and
diagnostic tasks, which include polyp segmentation, fundus vascular
segmentation, cervical cancer segmentation, and skin disease classifi-
cation. The p values, which highlight the statistical significance of the
results, were derived by comparing each method’s accuracy with that
of FlexFair.

In these tables, FlexFair consistently outperforms other methods
under similar fairness gaps. For example, in the polyp dataset, FlexFair
achieves a dice score of 0.885 ±0.004, and in the fundus vascular
dataset, it scores 0.658 ±0.007. FlexFair also excels in the cervical
cancer dataset with a dice score of 0.801 ± 0.003. For skin disease

classification, FlexFair records an accuracy of 0.824 ± 0.004 for ageDP
and 0.824 ±0.003 for gender DP. The low p values (<0.05) in these
tables confirm the statistical significance of FlexFair’s superior per-
formance, indicating that its improvements are not due to random
variations.

FlexFair exhibits consistent improvements in fairness and per-
formance while maintaining user privacy
FlexFair prioritizes user privacy through its FL framework, which
ensures that sensitive data remains decentralized. By allowing indivi-
dual users to retain control of their data, FlexFair mitigates the risks
associated with data sharing and potential breaches. This decen-
tralized approach not only aligns with privacy regulations but also
fosters a collaborative environment for model training without com-
promising user confidentiality. The distributed training approach
enables multiple clients to work together effectively, training a shared
model while keeping their raw data secure and local.

In addition to its decentralized architecture, FlexFair incorporates
a flexible regularization term that accommodates various fairness cri-
teria, addressing the inherent variability in medical imaging tasks. This
adaptability is crucial for reducing disparities in model performance
across different demographic groups, ensuring that healthcare deliv-
ery is equitable. Through empirical validation across diverse datasets,
FlexFair demonstrates its ability tomaintain high accuracy and fairness
while safeguarding user privacy, making it an ideal solution for sensi-
tive applications in resource-constrained settings.

Discussion
FlexFair stands out by effectively integrating three critical fairness
criteria: EA, DP and EO. These criteria are essential for ensuring that
machine learning models provide equitable outcomes across diverse

Fig. 3 | Comparative segmentationanalysis.Weevaluate FlexFair against baseline
methods on segmentation tasks across three datasets: cervical cancer, polyp, and
fundus vascular. Violin-box plots depict the distribution of the top 20 test results
for each method across different weight configurations and random seeds. The
boxes represent the interquartile range (IQR), with themedianmarked by thewhite
line and themean indicated by the red 'x'.Whiskers extend to data points within 1.5

times the IQR, with black diamonds showing outliers. Dice scores, serving as a
metric for segmentation accuracy, highlight FlexFair’s consistently superior per-
formance across all tasks, characterized by a tighter distribution around higher
median and mean values compared to the baseline methods. Source data are
provided as a Source Data file.
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demographic groups while safeguarding user privacy, particularly in
sensitive applications like healthcare. In terms of EA, FlexFair demon-
strates significant superiority over existing methods. FairMixup
emphasizes fairness and achieves better Pareto front results than some
baseline methods, though it remains less competitive compared to
FlexFair. However, FairMixup’s approach comes with a notable draw-
back: it compromises privacy, a crucial concern in FL scenarios. On
three segmentation datasets, FairFed underperforms compared to
FlexFair, suggesting that it is not specifically tailored for these sce-
narios. In terms of DP and EO, FairFed occasionally attains higher
accuracy. Despite this, FairFed struggles to achieve a better trade-off
between fairness and accuracy, highlighting that while it excels in
specific conditions, FlexFair demonstrates more consistent and
superior performance across various tasks. Also, FlexFair’s simple
implementation allows for easy integration and plug-and-play use,
making it accessible for a wide range of applications. By consistently
achieving lower fairness gaps and higher performance metrics, Flex-
Fair showcases its ability to address the inherent variability in medical
imaging tasks while maintaining robust and accurate outcomes. This
dual capability highlights FlexFair’s potential as a valuable tool in
achieving both fairness and accuracy in FL settings.

FlexFair distinguishes itself from traditional FL and centralized
learning methods by its ability to meet various fairness criteria while
ensuring privacy. Traditional FL methods often struggle to guarantee
group fairness, as this typically requires centralized access to raw data
or features, which is challenging to achieve without compromising
data privacy. FlexFair addresses these limitations by incorporating a
flexible regularization term within an FL framework. While FairFed
aims to enhance group fairness in FL, it struggles to achieve a better
balance between fairness and accuracy compared to FlexFair. In con-
clusion, FlexFair enables decentralized data processing, preserves user
privacy, and promotes equity, making it particularly vital for applica-
tions in healthcare where both fairness and privacy are critical.

Another key contribution of this work is the collection of a private
dataset for the important yet data-scarce disease of cervical cancer. By
gathering clinical data from multiple centres and establishing a com-
prehensive multi-centre data setting, we have validated FlexFair’s
effectiveness in a real-world scenario. This dataset not only enhances
the demographic diversity required for thorough evaluation but also
supports the development of an efficient diagnosticmodel for cervical
cancer. It underscores the practical applicability and potential of
FlexFair to support equitable and precise diagnostic outcomes, ulti-
mately contributing to improved healthcare delivery in multi-
institutional and resource-constrained settings.

After consulting with several clinicians, we gathered valuable
feedback on the FlexFair algorithm. These clinicians, with extensive
experience in the collection and analysis of multi-centre clinical data,
provided insightful input on the algorithm’s real-world applications.
They unanimously agreed that FlexFair significantly improved both
model fairness and accuracywhile ensuring data privacy. The ability of
FlexFair to address various fairness criteria, such as DP and EO, was
particularly praised, as it is crucial formitigating diagnostic bias across
diverse demographic groups. Additionally, clinicians highlighted its
exceptional performance in multi-centre data environments, show-
casing its potential for widespread adoption across different medical
institutions. They believe that applying this algorithmwill substantially
enhance the fairness and effectiveness of medical diagnostics, parti-
cularly in resource-limited healthcare settings.

In conclusion, FlexFair’s innovative integration of fairness criteria
significantly enhances model performance while addressing critical
privacy concerns in healthcare applications. By effectively balancing
EA, DP, and EO, FlexFair offers a promising approach for promoting
equitable outcomes in FL. Despite its advantages, FlexFair is not
without limitations. One notable challenge is the potential commu-
nication overhead associated with FL frameworks. As model updatesTa
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are transmitted between local devices and the central server, there
may be delays that can impact the speed of convergence during
training. Additionally, achieving group fairness often necessitates
access to sensitive attributes, which complicates effective perfor-
mance in scenarios where such labels are not available. Therefore,
developing our method in an unsupervised manner is essential.
Addressing these challenges will be crucial for maximizing FlexFair’s
effectiveness in diverse real-world scenarios, ensuring that it continues
to deliver on its promise of fairness and accuracywhile upholding user
privacy.

Methods
The private dataset for this retrospective study was created under a
waiver of informed consent, as the institutional review boards deter-
mined that the retrospective design and use of de-identified data posed
minimal risk to participants. We conducted the research with a strict
commitment to fairness, transparency, and respect, ensuring that all
data were meticulously handled and protected. Additionally, we upheld
diversity, inclusivity, academic integrity, and ethical guidelines, with no
conflicts of interest throughout the study. The ethical considerations
underlying this work were rigorously reviewed and approved by the
ethics committees of all participating institutions: the Ethics Committee
of Sun Yat-sen Memorial Hospital of Sun Yat-sen University (SYSKY-
2024-400-01), the Ethics Committee of Guangdong Maternal and Child
Health Hospital (202401201), the Ethics Committee of Sun Yat-sen
University Cancer Center (SL-G2023-231-01), and the Ethics Committee
of Guangdong Province Traditional Medical Hospital (BE2023-146).

Private cervical cancer dataset collection
Cervical cancer. Cervical cancer is the fourth most common malig-
nancy in women, with a 6.5% incidence and 7.7% mortality worldwide.
In 2020, there have been more than 340,000 deaths due to cervical
cancer were reported worldwide, which remains a significant threat to
female health20. External beam radiation therapy (EBRT) and bra-
chytherapy (BT) are the primary radiation modalities for locally
advanced cervical cancer21. Accurate segmentation of clinical target
volumes and organs at risk is a crucial step for EBRT and BT treatment
options, as inaccuracies may result in either over-irradiation of normal
tissues or insufficient radiation dose delivery to the tumor22. Magnetic
resonance imaging (MRI)-guided treatment planning in EBRT and BT
for cervical cancer demonstrates a significant advantage in tumor
localization and assessment of tumor infiltration23,24. However, manual
MRI image segmentation is a cumbersome process and may be inac-
curate due to the inherent bias of the radiation oncologists. This
underlines the necessity of rapid and accurate automatic segmenta-
tion methods that would improve the workflow efficiency of clinicians
and reduce variability in radiotherapy planning.

Cervical cancer dataset collection. The dataset is composed of
multiple pre-treatment pelvic MRI scans in female patients at four
institutions, i.e., Sun Yat-sen Memorial Hospital of Sun Yat-sen Uni-
versity (center A), Sun Yat-sen University Cancer Center (center B)
Guangdong Province Traditional Medical hospital (center C) and
Guangdong Maternal and Child Health Hospital (center D). We define
the inclusion criteria as follows: (1) an age ≥18 years; (2) confirmed
pathological diagnosis of cervical cancer. We define the exclusion
criteria as follows: (1) previous history of chemoradiotherapy therapy
at cervical cancer; (2) those presenting tumors with a diameter of <5
mm that were invisible on MRI images; (3) image quality with severe
artifact affecting the subsequent analysis. Theworkflow is illustrated in
Fig. 4. The MRI protocols for the four centers are as follows: center A
includes an axial T2-weighted sequence (repetition time [TR],
3500ms; echo time [TE], 129ms; slice thickness, 5mm; acquisition
matrix 384 × 269); center B includes an axial T2-weighted sequence
(TR, 5100ms; TE, 85ms; slice thickness, 6mm; acquisition matrix,Ta
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320 × 224); center C includes an axial T2-weighted sequence (TR,
5050ms; TE, 72ms; slice thickness, 5mm; acquisition matrix,
256× 320);center D includes an axial T2-weighted sequence (TR,
3000ms: TE, 98ms: slice thickness,6mm; acquisition matrix,
256× 288).

Cervical cancer dataset annotation. Radiologists used ITK-SNAP
software (www.itksnap.org) to draw regions of interest (ROIs) around
the tumor on T2W images to delineate the whole tumor volume. Dis-
crepancies between the readers were resolved through consensus.
These labeled ROIs are considered the ground truth data in training.

Dataset statistics
Polyp dataset. The polyp dataset comprises data from two distinct FL
clients: CVC-30025 and Kvasir26, with sample sizes of 610 and 1000,
respectively, as shown in Table 3. The table also displays the propor-
tion of samples between these datasets, showing Kvasir constituting
62.1% and CVC-300 making up 37.9% of the total dataset. This notable
discrepancy in data volume among groups underscores the imperative
for models capable of adapting to diverse data sources while preser-
ving accuracy amidst such imbalances.

Skin disease dataset. The skin disease dataset leverages the HAM-
1000027 and BCN-2000028 datasets, known for their comprehensive
annotations encompassing sensitive attributes such as age, gender,
and skin type. After filtering samples without gender and age infor-
mation, the sample sizes are 8819 for HAM-10000 and 7705 for BCN-
20000. The gender distribution shows a slight male majority with
52.7% male and 47.3% female in HAM-10,000, and a slight female
majority with 48.7% male and 51.3% female in BCN-20000. The age
distribution indicates a higher number of samples (80.3% in HAM-
10000 and 72.6% in BCN-20000) in the age group under 60 for both
datasets. This dataset provides a robust foundation for evaluating the
fairness and efficacy of skin disease detection algorithms across varied
demographics.

Fundus vascular dataset. The fundus vascular dataset includes three
primary datasets: CHASE-DB129, DRIVE30, and STARE31, with sample
sizes of 28, 40, and 20, respectively. These datasets are limited in size,
as illustrated in Table 3, presenting significant challenges in training
robust machine learning models due to the constrained dataset size
and the risk of overfitting.

Cervical cancerdataset. As previouslymentioned, the cervical cancer
dataset is collected from four centers: center A, center B, center C, and
center D, with sample sizes of 1383, 1332, 323, and 328 respectively.
Table 3 illustrates the distribution of samples among these centers,
with center A having the largest share at 41.1%.

Network architecture
We selected SANet32 as our foundational architecture due to its
effectiveness in medical image segmentation. SANet addresses chal-
lenges across three key dimensions: image color, background noise,
and foreground-background distribution. It uses data augmentation
methods like randomcolor swappingduring training to focus on shape
and structural information, rather than lesion color. Attention
mechanisms are employed to suppress background noise, and a post-
processing strategy balances the distribution of predicted results
during inference. For segmentation tasks, SANet serves as the back-
bone model, while ResNet-5033 is used for classification tasks.

Experimental settings
In our comparative study of FL methods, we assess and improve upon
four FL methods: FedAvg3, FedProx4, SCAFFOLD6, FedNova34, and two
state-of-the-art group fairnessmethods: FairMixup10, and FairFed18. For
each dataset and task, we ensure that all methods use the same
learning rate, batch size, and number of epochs.

To achieve the fairness-accuracy trade-off, we adjust specific
hyperparameters within each method. For FlexFair, we adapt the
weight of the penalty, while FedAvg remains unchanged as it is not
designed for fairness. For FedProx, we adjust the penalty constant μ.
Similarly, SCAFFOLD, FedNova, FairMixup, and FairFed have specific
hyperparameter adjustments tailored to their frameworks, such as
local client stepsize ηt, client momentum factor ρ, penalty weight λ,
and perturbation ratio β. These adjustments allow us to compre-
hensively evaluate and enhance the performance of each method,
highlighting the trade-offs between fairness and accuracy.

Statistics & reproducibility
To comprehensively evaluate both the performance and fairness of
each algorithm, all experiments were conducted under five different
random seeds, and each method was further explored with multiple
hyperparameter settings (e.g., μ in FedProx, fairness penalty λ in
FlexFair and FairMixup, and local client stepsize ηt in SCAFFOLD). This
strategy ensures a thorough search of the fairness-accuracy trade-off

Center D 
Original
patients

patients Center C 
Original
patients

patients Center B 
Original
patients

patients Center A 
Original
patients

patients 
for final analysis

Original patients

Excluded with the previous history of 
chemotherapy or radiation therapy

Excluded with the maximum 
diameter of mass less than 5mm

Excluded with the 
output file with
severe motion
shadow artifacts

Female patients with pathology-
confirmed cervical cancer underwent 
preoperative MRl examination

Fig. 4 | Multi-center cervical cancer dataset collection. The cervical cancer
dataset is collected across four medical centers with a detailed process outlining
patient selection, exclusion criteria, and final cohort composition. From an initial
pool of 1144 patients, individuals whomeet the inclusion criteria (age ≥18 years and

pathology-confirmed cervical cancer) and do not meet exclusion criteria (prior
chemoradiotherapy, tumor diameter <5 mm, or severemotion artifacts in MRI) are
included in the analysis. After applying these criteria, the final dataset comprises
89, 65, 278, and 246 patients from centers A, B, C, and D, respectively.
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space and provides robust conclusions about each method’s sensitiv-
ity to initialization and parameter choices.

In the bar charts and tables (Tables 1 and 2), each bar or entry
corresponds to the averaged result and associated standard deviation
over five seeds at a particular hyperparameter setting. To establish the
statistical significance of any observed performance differences, we
conducted paired t tests with the null hypothesis that no performance
difference exists compared to our proposed method; p values below
0.05 indicate statistically significant improvements.

By systematically varying hyperparameters and repeating
experiments under multiple random seeds, we ensure that our
comparisons and conclusions about fairness and accuracy are robust
to minor changes in initialization and parameter tuning. Sample size
selection was based on literature references and practical data con-
siderations. No statistical method was used to predetermine the
sample size. No data were excluded from the analyses. Furthermore,
the experimental process did not involve randomization, and no
blinding was performed.

Evaluation metrics
We utilize three fairness metrics: EA, DP, and EO to assess the fairness
of our methods. Specifically, we use EA to measure performance fair-
ness in segmentation tasks, and DP and EO to measure group fairness
in diagnostic tasks. Suppose that we have a set of data points {(xi, yi)}
drawn from an unknown joint distribution over cx × cy, where cx is a
subset ofRd . The attribute A represents a sensitive characteristic that
should not influence decision-making differently. Ak represents the
condition set satisfying ∪Ak =A.

EA is a fairness metric used to address disparities in prediction
accuracy across different groups. It quantifies unfairness bymeasuring
themaximumdifference in prediction accuracy between thesegroups.
We specifically apply it to assess the gap in dice performance for
segmentation tasks. The formula for EA is shown in Equation (1). In this
context,Ak represents distinct hospitals. A predictor Ŷ satisfies EA if it
minimizes the maximum difference in prediction accuracy across

these hospital groups.

FEA =maxk jDiceðAkÞ � Dicej: ð1Þ

DP ensures that a predictor Ŷ treats different sensitive attribute
groups equally. Specifically, it requires that the prediction probabilities
remain the same regardless of the value of the sensitive attribute A:
PðŶ jA=0Þ=PðŶ jA= 1Þ. In other words, the model’s predictions should
not be influenced by variations in the sensitive attribute. DP emphasizes
group fairness, aiming to ensure that individuals within different groups
based on sensitive features receive positive decisions at equal rates. To
evaluate the fairness of a trainedmodel f under the DP definition, we use
a relaxed metric called FDP. This metric quantifies the difference
between the expected predictions for different sensitive attribute
groups, as shown in Equation (2). The goal is for FDP to approach zero,
indicating that the model achieves DP. However, meeting strict DP
requirements can lead to reduced prediction accuracy, especially for
certain predictions (such as hobbies or expertize) where genuine dif-
ferences exist between groups. As an alternative, we consider other
fairness criteria to address these limitations.

FDP =maxk jPrðfθðxÞ= 1jAkÞ � PrðfθðxÞ= 1Þj: ð2Þ

EO ensures that a predictor Ŷ maintains EO of correct predictions
across different sensitive attribute groups. Specifically, the EO viola-
tion metric is given by Equation (3). Unlike DP, EO considers the cor-
relation between Y and A, allowing for variations in base rates across
groups. In real-world applications, EO serves as a fairness criterion
when there are strict requirements for accurate predictions, and we
prioritize the qualifications of candidates when making decisions. The
goal is to minimize FEO while ensuring fairness across different sensi-
tive attribute groups.

FEO =maxk jPrðfθðxÞ= 1jy= 1,AkÞ � PrðfθðxÞ= 1jy= 1Þj: ð3Þ

Table 3 | Datasets overview across four medical domains: polyp detection, fundus vascular segmentation, skin disease
classification (stratified by age and gender), and cervical cancer diagnosis

Domain Dataset Sensitive attribute Training set Test set Total(Proportion) Color Task

Polyp CVC-30025 Site 550 60 610(37.9%) RGB Segmentation

Kvasir26 900 100 1000(62.1%)

Fundus Vascular CHASE-DB129 Site 21 7 28(31.8%) RGB Segmentation

DRIVE30 20 20 40(45.5%)

STARE31 15 5 20(22.7%)

Cervical Cancer Center A Site 1041 342 1383(41.1%) Grayscale Segmentation

Center B 940 392 1332(39.6%)

Center C 242 81 323(9.6%)

Center D 197 131 328(9.7%)

Skin Disease (Age) HAM-1000027 Age ≤60 4970 2111 7081(80.3%) RGB Classification

Age >60 1203 535 1738(19.7%)

BCN-2000028 Age ≤60 3546 1537 5083(72.6%)

Age >60 1357 565 1922(27.4%)

Skin Disease
(Gender)

HAM-1000027 Male 3231 1420 4651(52.7%) RGB Classification

Female 2942 1226 4168(47.3%)

BCN-2000028 Male 2389 1022 3411(48.7%)

Female 2514 1080 3594(51.3%)

The table details sensitive attributes, training and test set sizes, total sample counts (with proportions), imaging modalities, and task types. Notable observations include disparities in sample
contributionswithin polyp datasets, size constraints in fundus vascular datasets, and imbalances revealed throughage andgender stratification in skindiseasedatasets. Thecombination of RGBand
grayscale images highlights the diversity of imaging modalities, while the variety of task types, i.e., segmentation and classification tasks, demonstrates the datasets’ applicability for diverse
algorithmic evaluations in medical research.
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Algorithm
In the context of collaborative training in FL, it is possible to create a
high-performing global model that may inadvertently incorporate
latent discriminatory biases against specific demographic groups in
the dataset. To address this issue, we develop a weighted-variance-
regularization approach that aims to enhance the model’s fairness
while preserving prediction accuracy.

For group fairness assessment, there have been various metrics,
which quantify the disparity between the model’s performance on spe-
cific demographic groups and the average performance across all
groups8,35–42. In this study, we consider the maximum performance gap
amongdifferent groups as an evaluationmeasure to gauge the fairness of
the learnedmodel. Themaximumperformance gap is defined as follows:

FðA, ‘,wÞ≜ max
k2f1:::,Kg

jRkðθ;AkÞ � �Rðθ,w;AÞj

= max
k2f1:::,Kg

jE½‘ðfθðxÞ, yÞjAk � �E½‘ðfθðxÞ, yÞjA�j, ð4Þ

where w represents a weight vector, ℓ denotes an utility function, Ak

represent the k-th group and A=A1
SA2

S � � �SAK : Here Rkðθ;AkÞ
and �Rðθ,w;AÞ are empirical estimates of E½‘ðfθðxÞ, yÞjAk � and
E½‘ðfθðxÞ, yÞjA� respectively:

Rkðθ;AkÞ=
P

ðx, yÞ‘ðfθðxÞ, yÞIfðx, yÞ 2 Akg
P

ðx, yÞIfðx, yÞ 2 Akg
ð5Þ

and

�Rðθ,w;AÞ=
XK

k = 1

wkRkðθ;AkÞ: ð6Þ

Next, we show that both DP and EO can be written in the form of
Equation (4).

Example 1 (DP). The DP violation metric is given by

FDP = max
k2f1:::,Kg

jPrðfθðxÞ= 1jAkÞ � PrðfθðxÞ= 1Þj

= max
k2f1:::,Kg

jE½IffθðxÞ= 1gjAk � �E½IffθðxÞ= 1gjA�j: ð7Þ

Therefore, FDP = FðA, ‘,wÞ if ‘ðfθ, zÞ= IffθðxÞ= 1g
and wk =

P
ðx, yÞIfðx, yÞ2Ak gP

k

P
ðx, yÞIfðx, yÞ2Ak g

:

Example 2 (EO). The EO violation metric is given by

FEO = max
k2f1:::,Kg

jPrðfθðxÞ= 1jy= 1,AkÞ � PrðfθðxÞ= 1jy= 1Þj

= max
k2f1:::,Kg

jE½IffθðxÞ= 1gjy = 1,Ak � �E½IffθðxÞ= 1gjy= 1,A�j: ð8Þ

Then, FEO = FðA, ‘,wÞ if we change the grouping strategy
Ak , k = 1, . . . ,K

� �
to Ak \ f y= 1g, k = 1, . . . ,K� �

.
For smooth training, we propose a variance-regularization

approach that directly constrains the max performance gap and
allows for easy extension to incorporate other types of fairness con-
siderations. The regularization is designed as:

Penaltyðθ,w;AÞ=
XK

k = 1

Rkðθ;AkÞ � �Rðθ,w;AÞ� �2
: ð9Þ

Note that FðA, ‘,wÞ≤
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Penaltyðθ,w;AÞ

p
≤

ffiffiffiffi
K

p
FðA, ‘,wÞ, which implies

that constraining the variance-regularization is equivalent to con-
straining the max performance gap. To facilitate optimization and
implementation, we use dice loss asRkðθ;AkÞ in the segmentation task
and cross entropy loss for the classification task. This approach bears a
similarity to the VREx41method. However, ourmethod is not limited to

task loss; Rkðθ;AkÞ can be adapted based on specific metrics. This
flexibility allows our approach to be tailored to different fairness
metrics and objectives.

Ourmethod is specifically designed for the FL context, addressing
the unique challenges of FL environments. By incorporating various
fairness criteria while ensuring privacy, our weighted-variance-
regularization approach provides a robust framework for achieving
equitable outcomes. It allows decentralized data processing, preserves
user privacy, and promotes equity, making it particularly crucial for
applications in healthcare and other sensitive fields.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
In this study, we utilize the following datasets: Polyp dataset. The
training and testing datasets, including Kvasir and CVC-300 are
obtained from PraNet https://github.com/DengPingFan/PraNet. The
training dataset is available at https://drive.google.com/file/d/
1lODorfB33jbd-im-qrtUgWnZXxB94F55/view?usp=sharing, and the
testing dataset is available at https://drive.google.com/file/d/
1o8OfBvYE6K-EpDyvzsmMPndnUMwb540R/view?usp=sharing. Note
that since our training only examined the goal of training with the
specified dataset (site) and measuring fairness, test datasets other than
these two datasets are not considered by us for participation in the
training since they do not have a corresponding training set. Fundus
dataset. The datasets include CHASE_DB1, DRIVE, and STARE, acces-
sible at https://www.kaggle.com/datasets/khoongweihao/chasedb1,
https://www.kaggle.com/datasets/andrewmvd/drive-digital-retinal-
images-for-vessel-extraction, and https://paperswithcode.com/dataset/
stare, respectively. Skin disease dataset. We use the HAM10000 and
BCN20000 datasets, which have been filtered to exclude data lacking
the required sensitive attributes. Metadata containing data information
is provided in our code repository. The original image data can be
obtained from https://www.kaggle.com/datasets/kmader/skin-cancer-
mnist-ham10000and https://paperswithcode.com/dataset/bcn-20000.
Private dataset. The dataset generated and analyzed in this study is
currently stored on Google Drive and can be accessed via our code
repository at https://github.com/MaksimXing/FlexFair. In line with
Nature’sopen-dataprinciples and toensurepermanent linkage,wehave
deposited the dataset on Figshare (https://doi.org/10.6084/m9.
figshare.28639598). The dataset will remain available for the foresee-
able future. There are no restrictions on who may request access, and
the data may be used for research purposes. Source data are provided
with the paper as a single Excel file, in which we have consolidated all
raw experimental results. Each sheet in the file corresponds to the raw
data for a specific figure or table from the main manuscript and Sup-
plementary Information. This file has been uploaded to our GitHub
repository (release version available). Source data are provided with
this paper.

Code availability
The code used in this study is available at the FlexFair GitHub
repository43 and has been made citable with the https://doi.org/10.5281/
zenodo.14926975. The plotted function, corresponding raw data, and
dataset resources used in this study (including skin disease and private
cervical cancer datasets) are also accessible via the repository. Notably,
the code for training the polyp, cervical cancer, and fundus models is
based on a modified version of SANet: https://github.com/weijun-arc/
SANet. In addition, we provide pre-trained models to start training for
these three datasets. For the dermatology dataset, we used the standard
ResNet-50 for training, and running the code automatically downloads
the official pre-trained model released by PyTorch: https://download.
pytorch.org/models/resnet50-19c8e357.pth.
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