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Artificial intelligence (AI) has shown promise in dermatology, offering accurate and non-invasive
diagnosis of skin cancer. While extensive research has addressed skin-tone bias, gender bias in
dermatologic AI remains underexplored, potentially perpetuating diagnostic disparities. In this study,
we developed LesionAttn, an algorithm designed to mitigate gender bias by directing model attention
toward lesions, thereby mirroring clinicians’ diagnostic focus. Combined with Pareto Frontier
optimization for dual-objective model selection, LesionAttn balances gender fairness and diagnostic
performance. Validatedon two large-scaledermatologic datasets for binarymalignancy classification,
LesionAttn significantly mitigated gender bias while maintaining high diagnostic performance,
outperforming existing bias-mitigation algorithms. Our study demonstrates that explicitly guiding
model attention to medically essential features provides a practical approach to advance both
performance and fairness in dermatologic AI. By leveraging clinical priors to bridge the gap between
human expertise and algorithmic optimization, this study demonstrates a feasible pathway for
developing equitable and reliable diagnostic tools.

Skin cancer poses amajor global health concern, withmore than 6.7million
malignant cases reported annually worldwide. Its incidence has risen
sharply over the past two decades1,2, highlighting the need for efficient and
accurate diagnostic tools. Conventional diagnosis often relies on invasive
biopsies that are time-consuming and uncomfortable for patients3. In
response, Artificial Intelligence (AI) has emerged as a transformative
solution, enabling non-invasive skin cancer diagnosis directly from der-
moscopic images4. These models now achieve diagnostic accuracy com-
parable to or exceeding that of expert dermatologists5 and are increasingly
integrated into clinical practice6,7.

Despite their promise of accurate diagnosis, dermatologic AI models
remain vulnerable to algorithmic bias, raising concerns about unequal care
across patient subgroups. Prior researchhas primarily focused ondisparities
across racial and skin tone groups, showing that models trained pre-
dominantly on lighter skin often underperform on darker tones8–13. These
skin tone-related biases risk exacerbating existing inequities in dermatologic
outcomes14. In contrast, gender bias in AI-based skin cancer diagnosis
remains relatively underexplored, perhaps because gender-specific differ-
ences, unlike visible variations in skin tone, are more subtle and less readily
recognized15,16.

Gender disparities in skin cancer diagnosis may stem from both bio-
logical and behavioral differences. These include variations in skin texture,
hormonal and vascular characteristics17,18, as well as gendered patterns in
sun protection and skin care practices19,20. Such factors could lead to uneven
performance of AI models across genders, perpetuating diagnostic inequi-
ties. Specifically, models may learn to rely on these gender-related features
present in the background skin as shortcuts, rather than focusing on the
disease-specific features21. Yet, few studies have systematically investigated
and mitigated gender bias in dermatologic AI.

The effectiveness of existing bias mitigation algorithms in skin
cancer diagnosis remains uncertain.Most were developed and validated
on non-medical datasets andmay not generalize to dermatologic image
analysis9,14,22, where domain-specific challenges such as variable light-
ing, occlusion, and ill-defined lesion boundaries complicate bias
mitigation23. They also usually lack interpretability, modifying model
parameters in ways that are difficult to trace or explain, which limits
clinical acceptance and trust24. Moreover, many achieve fairness at the
expense of diagnostic accuracy (for example, by enforcing similarity in
latent feature distributions across demographic subgroups), thereby
discarding clinically meaningful information25–27. Such trade-offs pose
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a major barrier to the clinical translation of bias mitigation techniques
in dermatologic AI.

To address this gap, we developed LesionAttn, a gender-equity-
aware algorithm designed to direct neural network attention specifically
toward clinically relevant lesion regions. This approach leverages a
learnable attention mechanism that dynamically assigns spatial weights
to input images, thereby prioritizing diagnostic features while actively
suppressing background noise that may encode gender-related bias. In
addition, we employ Pareto Frontier optimization during model training
to balance diagnostic performance and fairness. By utilizing clinician-
annotated lesion masks to guide spatial attention during model design,
LesionAttn reduces reliance on spurious background features and miti-
gates gender bias without sacrificing performance. These findings offer
an interpretable and clinically grounded approach to mitigating gender
bias in dermatologic AI and underscore the potential of using clinical
priors like annotation to advance both fairness and reliability in clinical
settings.

Results
In this study, we proposed LesionAttn, a gender-equity-aware algorithm
that guides attention toward clinically relevant lesion areaswhile optimizing
both performance and fairness via Pareto Frontier optimization (Fig. 1).
Further details regarding the LesionAttn algorithm are elaborated in the
Methods section. LesionAttn was evaluated against existing fairness algo-
rithms across two large-scale public dermatologic datasets—the Human
Against Machine dataset (HAM)28 and the BCN20000 dataset (BCN)29 for
the binary classification ofmalignant versus benign skin lesions.We further
compared LesionAttn with a static lesion-masking approach, highlighting
the importance of maintaining spatial context for both diagnostic perfor-
mance and fairness.

Throughout this study, genderdisparity (bias)wasprimarilyquantified
using equalized odds (EO), defined as the larger disparity between groups in
either truepositive rates (TPR)or false positive rates (FPR).Wealsodenoted
the difference in TPR between male and female groups as EO[TP], and the
difference in FPR as EO[FP]. Model performance was evaluated using the

Fig. 1 | Illustration of the AI-based skin cancer diagnosis and the LesionAttn
algorithm. A The detailed architecture of the Residual Attention Neural Network
(RANN), including an attention block for generating attention maps and multiple
residual blocks for inference. B The workflow of the LesionAttn. The Soften
Attention Guidance Module guides the attention map during training. This module

encourages the AI model to focus on lesions by increasing the cosine similarity
between the attention map and the softened lesion mask through the loss function.
The Fairness-aware Selector is responsible for selecting the AI with optimal fairness
and diagnostic performance based on the Pareto Frontier optimization.
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areas under theReceiverOperatingCharacteristic (AUROC) and precision-
recall curves (AUPRC) for diagnostic performance and EO for fairness.

Gender bias mitigation using LesionAttn
The Residual Attention Neural Network (RANN) model, based on the
widely adopted convolutional neural network (CNN) architecture in skin
cancer diagnosis30–32, displayed marked gender bias in both internal (HAM
testing set) and external (BCNdataset) cohorts. TheRANNmodel achieved
high discrimination performance on HAM (AUROC: 0.903 [0.897–0.909];
AUPRC: 0.698 [0.668-0.727]) and moderate performance on the BCN
(AUROC: 0.723 [0.696–0.750]; AUPRC: 0.763 [0.742–0.784]) datasets. The
correspondingROCandPRCcurves are provided in Suppl. Fig. 1.However,
as shown in Fig. 2A, in both datasets, the male subgroup exhibited a sig-
nificantly higher TPR and lower TNR (i.e., 1-FPR), with statistical sig-
nificance compared to the female subgroups.

Critically, the RANN model yielded a substantial clinical discrepancy
in the number needed to screen (NNS), defined here as the reciprocal of
positive predictive value (PPV). Thismetric estimates the number of alerted
patients the models need to flag to identify one true positive case. In HAM
dataset, the discrepancy in NNS was 0.32 (1.16 for female patients vs. 1.32
formale patients),while inBCNdata, thediscrepancy inNNSwas0.91 (1.96
for female patients vs. 2.87 for male patients).

In the HAM dataset, LesionAttn reduced EO by 40.4% (from 0.109
[0.068–0.150] to 0.065 [0.041–0.089]; p = 0.041), while achieving an
AUROC of 0.909 [0.904-0.913] and AUPRC of 0.719 [0.696–0.742], higher
than the baseline model. In the BCN dataset, LesionAttn reduced EO by
23.5% (from 0.162 [0.146–0.177] to 0.124 [0.102–0.145]; p = 0.016), and
improved diagnostic performance (AUROC: 0.730 [0.712–0.747]; AUPRC:
0.766 [0.749–0.782]). Notably, LesionAttn mitigated the discrepancy in

NNS, reducing the gender gap from 0.32 to 0.08 in HAM dataset (1.15 for
female patients vs. 1.23 for male patients) and from 0.91 to 0.60 in BCN
dataset (1.93 for female patients vs. 2.53 for male patients).

We also compared LesionAttn against four established bias mitigation
methods: Reweighting33, LAFTR22, ADNet14, and ShorT9, using the same
model architecture of RANN. Further implementation details are provided
in the Methods section. LesionAttn consistently achieved the highest
diagnostic performance and fairness, across both internal (HAMtesting set)
and external (BCN dataset) cohorts. As shown in Fig. 2B, in the HAM
dataset, LesionAttn yielded the numerically lowest mean EO of 0.065
[0.041–0.089], outperforming other bias mitigation methods on average
across random seeds (Reweighting: 0.091 [0.068–0.114], p = 0.016; LAFTR:
0.090 [0.052–0.128], p = 0.197; ADNet: 0.099 [0.076–0.123], p = 0.086;
ShorT: 0.077 [0.043–0.111], p = 0.295), with comparable diagnostic per-
formance. Although the 95% CIs between LesionAttn and bias-mitigation
approaches like ShorToverlapon theHAMdataset, LesionAttn consistently
demonstrated an average numerical improvement in fairness across inde-
pendent runs. In the BCN dataset, although all bias mitigation methods
achieved better diagnostic performance relative to the baseline, only
LesionAttn improved the fairness (LesionAttn: 0.124 [0.102–0.145];
Reweighting: 0.165 [0.136–0.194], p = 0.016; LAFTR: 0.178 [0.163–0.194],
p = 0.001; ADNet: 0.180 [0.171–0.188], p = 0.008; ShorT: 0.154
[0.140–0.167], p = 0.037) with statistical significance.

Impacts of attention-based training
To assess the effect of attention-guided training, we examined attention
maps from LesionAttn, other bias mitigation methods, and the baseline
model. Spatial alignment of models’ attention and the reference lesion
regionswas quantifiedusing intersectionover union (IoU).As shown inFig.

Fig. 2 | Disparity in the baseline model and comparison of five bias mitigation
methods across datasets. A Gender disparity of the baseline model on HAM and
BCNdatasets. The fairness is evaluated by comparing the difference in TPR and FPR

between male and female groups. B Comparison of bias mitigation methods. Lower
values of Equalized Odds indicate lower gender bias.
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3 (left panel), LesionAttn achieved the highest median IoU (0.802) and the
lowest variability (standard deviation [SD]: 0.199) over the testing set,
outperforming other bias mitigation methods and the baseline (Reweight-
ing: median 0.590, SD 0.281; LAFTR: median 0.243, SD 0.270; ADNet:
median 0.578, SD 0.288; ShorT: median 0.214, SD 0.249; baseline: median
0.421, SD 0.278).

As shown in Fig. 3 (right panel), attention patterns varied across bias
mitigation methods. LAFTR typically highlighted non-lesion regions in its
attentionmaps (i.e., bright areas for the lesion regions and dark areas in the
non-lesion regions). Similar attentionpatterns also occasionally appeared in
Reweighting, ADNet, ShorT, and the baseline, particularly for benign
lesions in male patients (i.e., true negative cases). In contrast, LesionAttn
consistently concentrated attention on lesion areas, regardless of gender or
malignancy status, suggesting a more clinically aligned model reasoning.

In addition, restricting the image to lesion regions alone was not as
effective as the attention guidance employed by LesionAttn. We compared
LesionAttn with a variant that replaced the learnable attention map with
static lesion masks, termed LesionOnly. As shown in Fig. 4, LesionOnly
achieved low EO values in both datasets at the cost of markedly lower
diagnostic performance. In HAM, LesionOnly yielded an AUROC of 0.621
[0.591–0.657] and an AUPRC of 0.271 [0.253–0.290], far below both the
baseline and LesionAttn. Despite LesionOnly’s reduction to EO (0.073
[0.064–0.081]) compared to the baselinemodel, it was still outperformedby
LesionAttn. In BCN, LesionOnly significantly reduced gender disparity
(0.063 [0.052-0.074]), but collapsed to an AUROC of 0.537 [0.450–0.490]

and an AUPRC of 0.586 [0.547–0.626]. These results indicate that hard
cropping reduced gender bias but destroyed the spatial context essential for
accurate diagnosis.

Sensitivity analysis for the hyperparameter ρ that controls the soft-
guidance mechanism confirmed the attenuation of background noises is
critical formaintaining diagnostic capability (Suppl. Fig. 2). Comparedwith
LesionOnly (ρ ¼ 0Þ, diagnostic performance improved significantly even
with aminimalweight assigned to the background (e.g., ρ ¼ 0:02Þ. Thefinal
LesionAttn model was trained using the optimal hyperparameter identified
via grid-searching (i.e., ρ ¼ 0:7). We observed a broad range of ρ < 1 con-
sistently outperformed the baseline model regarding bias mitigation,
demonstrating the algorithmic robustness of our approach.

Discussion
While AI shows promise in early skin cancer diagnosis, its fairness across
gender subgroups remains insufficiently studied. In this study, we intro-
duced LesionAttn, an attention-guided algorithm that utilizes expert lesion
annotations to guide spatial focus during model training and incorporates
gender fairness in model selection. Using two large-scale dermatologic
datasets, LesionAttn effectively mitigated algorithmic gender bias while
maintaining strong diagnostic performance, compared to the baseline
model unmitigated for bias. This study also highlights that aligning model
attention with annotations from clinicians can enhance both model per-
formance and fairness in dermatologic AI, underscoring the value of
domain knowledge as a key driver of equitable and reliable diagnostic tools.

Fig. 3 | Visualization of input images and their corresponding attention maps
generated byRANNmodels trainedwithBaseline, Reweighting, LAFTR,ADNet,
ShorT, and LesionAttn.Higher heatmap intensity indicates greater attention to one

pixel, while lower intensity indicates less attention to one pixel. In the image col-
umns, (−) denotes a pathologically confirmed benign lesion, and (+) denotes a
pathologically confirmed malignant lesion.
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We found that the baselinemodel consistently exhibited lowerTPRs in
female patients across both internal and external cohorts. Because delayed
diagnosis of melanoma can lead to rapid disease progression and worse
prognosis, prioritizing high TPR is critical for triage and AI-assisted early
diangosis34,35. These disparities suggest that female patients may suffer from
a higher risk of missed or delayed diagnoses, raising concerns about the
equitable deployment of AI models in dermatology. We hypothesized that
this gender bias is primarily driven by misdirected model attention. As
shown in Fig. 3, the baseline model frequently focuses on background
healthy skin rather than the lesion itself when not explicitly guided36–38.
Background skin inherently encodes subtle gender-specific cues due to
biological variations (e.g., hair density, skin texture, vascularity)17,18 and
behavioral differences (e.g., sun exposure patterns, skincare products)19,20.
When the baseline model over-relies on these non-lesion regions, it inad-
vertently exploits these gender markers as predictive shortcuts, leading to
the observed gender bias.

LesionAttn directly addresses this spurious correlation. By explicitly
aligning model focus with the actual lesion regions used by clinicians, the
framework prevents the model from accessing demographic information
hidden in the background. Consequently, the model’s reasoning is groun-
ded in themorphological features of the tumor, effectivelymitigating gender
bias while preserving diagnostic accuracy.

This reliance on intrinsic disease morphology, rather than idiosyn-
cratic background artifacts, may be central to the framework’s superior
generalizability. As illustrated in Fig. 2, existing bias-mitigation methods
often failed to translate fairness gains during external evaluation due to their
dependenceondataset-specific features. In contrast, the robust performance
of LesionAttn across geographically distinct cohorts underscores its relia-
bility and readiness for real-world clinical deployment.

Among the comparative bias mitigation methods, ShorT improved
fairness while preserving performance by discouraging the model from
exploiting visual shortcuts9.As shown inFig. 3, its attentionmapsweremore
diffusely distributed, likely reducing bias by minimizing dependence on
spurious background cues of demographics36,39. However, ShorT offers no
positive guidance on where the model should focus for its diagnosis, as the
model learns only what to avoid rather than what to prioritize, thereby
limiting clinical interpretability. In contrast, LesionAttn adopted a funda-
mentally different and clinically grounded strategy by explicitly directing
model attention to lesion regions. This approach not only proved more
effective but also provided clear insight into where and how the model
achieved its fairness status.

This study highlights the potential of integrating clinical knowledge
(e.g., the localization of disease-relevant features) into AI model design to
advance both fairness and accuracy. However, our comparative analysis
reveals that the method of integration is critical. While hard-cropping
images to strictly isolate the lesion (i.e., the LesionOnly variant) yields better
fairness, it results in a catastrophic loss of diagnostic performance. This
degradation underscores the necessity of maintaining contextual features
rather than enforcing rigid attention constraints40. Clinically, the transition
zone between a lesion and the surrounding normal skin is critical for
assessing border irregularity and edge fading, key indicators of malignancy
that are lostwhen thediagnostic boundary is removed41,42. Computationally,
binary masks introduce artificial, high-frequency gradients that might dis-
rupt feature extraction in convolutional networks,whichare highly sensitive
to such stark edges21. LesionAttn strikes this balance through the soft-
guidance of attention, preserving spatial relationships while learning to
prioritize medically relevant areas43. Future work may further optimize the
integration of information across both background skin and lesion regions
to refine these synergistic effects.

While LesionAttn reduced the EO on the external BCN dataset by
23.5% (from 0.162 to 0.124), the remaining disparity remains non-trivial.
This translates to differential clinical screening burdens: theNNS to identify
onemalignancywas still 1.93 for female patients, compared to 2.53 formale
patients. Notably, this higher screening burden for males occurred despite
their significantly higher malignancy prevalence (58.6% vs. 42.8%), sug-
gesting thatmale patientsmay undergomore “unnecessary” evaluations per
case identified. These observations suggest that the residual disparitymay be
influenced by non-visual demographic and epidemiological factors. As
shown in Table 1, in the BCN cohort, male patients are older on average
(59.1 vs. 54.1 years) and likely presented withmore complex skin textures29.
Since LesionAttn intervenes exclusively on visual spatial attention, it is not
designed to correct for these non-visual, demographic imbalances. Fur-
thermore, the persistence of bias during external validationunderscores that

Table 1 | Demographics of each gender group of HAM
and BCN

Average Age Positive Rate Count

HAM (Internal)

Male 54.545 0.227 5406

Female 48.712 0.160 4552

Total 51.864 0.196 10,015

BCN (External)

Male 59.121 0.586 6499

Female 54.137 0.428 5840

Total 56.762 0.511 12,411

Fig. 4 | Comparison between LesionAttn and LesionOnly across datasets. A, comparison on the HAM dataset. B, comparison on the BCN dataset. Lower values of
Equalized Odds indicate lower gender bias.
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fairness is not a static model property but is context-dependent; therefore,
local algorithmic auditing and site-specific mitigation still remain essential
when deploying such frameworks across diverse clinical environments13.

While LesionAttn demonstrates robust performance, it currently
necessitates lesion annotations during the training phase. This requirement
introduces an annotation burden and inherently couples the framework’s
efficacy to the quality of expert-defined masks7,28. Relying heavily on
human-defined boundaries also carries a risk of supervision bias, where the
model may inadvertently inherit human “blind spots” or subjective diag-
nostic patterns44. To mitigate the potential supervision bias, our soft-
guidance mechanism allows the model to retain critical contextual features
rather than strictly cropping to the annotated region, thereby reducing the
impact of potential edge-case inaccuracy in the masks. Looking forward,
future work could explore the integration of weakly supervised learning to
generate high-fidelity pseudo-masks. Transitioning toward such automated
algorithms would significantly reduce the reliance on costly human
expertise and facilitate the scaling of this framework to larger, more diverse
clinical datasets.

There are limitations to this study. First, while we acknowledge non-
binary gender identities, the datasets used were annotated only with binary
gender labels, limiting the granularity of subgroup analysis. Second, while
our study demonstrates the efficacy of LesionAttn using the RANN archi-
tecture, the evaluation was conducted on a single model backbone. While
the proposed fairness-enhancingmechanism is designed to be architecture-
agnostic, further research is required to validate its generalizability across
diverse architectures. Finally, we observed fluctuation in fairness across
random seeds for all models, a phenomenon likely attributable to the
inherent noise within medical imaging datasets. Future work involving
larger, more diverse cohorts may help further stabilize the fairness against
stochastic training variations.

This study reveals gender bias in AI-based skin cancer diagnosis and
demonstrates that aligning model attention with clinically relevant lesion
regions can mitigate these disparities without compromising diagnostic
accuracy. LesionAttn exemplifies how incorporating clinical expertise into
algorithm design promotes fairness, interpretability, and clinical reliability
in dermatologic AI. Furthermore, the underlying principle of attention-
guidance holds significant potential for broader application across other
medical imaging domains to develop more equitable and trustworthy AI
diagnostic tools.

Methods
Dataset
In this study, we focused on the binary classification of malignant versus
benign skin lesions from dermoscopic images5,45. The HAM dataset
comprises 10,015 dermoscopic images collected over a two-decade period
from theMedical University of Vienna (Austria) and a dermatology clinic
in Queensland (Australia)28. The BCN dataset comprises 19,424 dermo-
scopic images acquired between 2010 and 2016 at the Hospital Clinic in
Barcelona, of which 12,411 images with a confirmed outcome of interest
were included in this study29. Both datasets cover various skin conditions.
In HAM, basal cell carcinoma (BCC), melanoma (MEL), and actinic
keratoses/intraepithelial carcinoma (AKIEC)were labeled asmalignant. In
BCN, BCC, MEL, actinic keratoses (AK), and squamous cell carcinoma
(SCC) were considered malignant. All other included conditions were
categorized as benign.

To provide the clinical guidance for LesionAttn, we utilized official
lesion segmentation masks from the International Skin Imaging Colla-
boration (ISIC) archive for both the HAM and BCN datasets7,28. These
masks were curated and validated by expert dermatologists associated with
theoriginal dataset releases.Theground-truthdiagnoses followeda rigorous
hierarchy of evidence: histopathology for malignant cases, and expert
consensus or longitudinal follow-up for benign cases. To ensure high-
quality annotation, images were manually reviewed by multiple dermatol-
ogists, incorporating metadata such as anatomical site and patient age to
account for clinical complexity and diagnostic nuances7,28.

Demographic and clinical characteristics stratified by gender are
summarized in Table 1. In both datasets, male patients were older on
average and had higher malignancy rates than female patients. To assess
model robustness and generalizability, we conducted both internal and
external validations. HAM was randomly split into 60% training, 20%
validation, and 20% internal testing sets strictly at the patient level. The
entireBCNdatasetwas reserved for external testing to evaluate performance
in an independent clinical setting. As HAM and BCN were collected from
entirely different institutions and geographic locations, there is no patient-
level overlap between the internal training data and the external testing
cohort.

Residual Attention Neural Network (RANN) for skin cancer
diagnosis
The RANNmodel is based on the widely adopted CNN paradigms in skin
cancer diagnosis30–32 and additionally incorporates attention maps into a
residual learning framework. By embedding attention maps within a resi-
dual structure, the model can dynamically refine feature representations,
providing a robust but simple-implementation demonstration of attention-
driven dermatology AI.We trained the RANNmodel following established
protocols for AI-based skin cancer classification30–32.

As shown in Fig. 1A, themodel processes an input dermoscopic image
X, where the attention is computed via:

A ¼ Softmax Conv Xð Þð Þ; ð1Þ

withConv Xð Þ denoting a convolution transformation applied toX and
the activation function Softmax ensuring a spatial probability distribution.
The attention-weighted image is then computed as:

XA ¼ A� X; ð2Þ

and passed through residual blocks for classification. This architecture
allows the network’s attention to be visualized, facilitating interpretability
and clinical alignment31.

LesionAttn algorithm for bias mitigation
We proposed LesionAttn to improve gender fairness in skin cancer diag-
nosis while preserving diagnostic performance. This bias mitigation
approach employs two key mechanisms (Fig. 1B): (1) soft-guided attention
alignment with lesion annotations, and (2) Pareto Frontier optimization.

To guide the model’s attention to clinically relevant lesion regions, we
maximize the alignment between attention maps and lesion masks using
cosine similarity. This encourages the model to prioritize features within
lesion regions and reduce reliance on possibly gender-correlated back-
ground features. Given a lesion mask M and the attention map A, the
alignment is quantified as:

Cos M;Að Þ ¼ M � A
Mj jj jjjAjj ; ð3Þ

where � denotes the dot product, and jj � jj denotes the L2 norm. While
focusing on lesions is beneficial,maintaining the contextual features can also
be crucial to fully leverage the model’s capability43. To preserve contextual
skin features, we introduce a softened maskMs:

Ms ¼ ρ þ 1� ρ
� � �M; ð4Þ

where ρ 2 ½0; 1� controls attention to the background. The attention loss is
then defined as:

lA ¼ 1� Cos Ms;A
� �

; ð5Þ

as a component of the overall loss function for model training.
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Model selection in fairness-aware modeling often involves balancing
between competing objectives ofmaximizing diagnostic performancewhile
minimizing algorithmic bias25,26. To address this, LesionAttn employed the
Pareto Frontier algorithm46, a widely used approach in multi-objective
optimization, to identify models representing optimal trade-offs between
the objectives. Unlike approaches that use a single weighted composite loss,
which forces a predetermined trade-off between gender fairness andmodel
performance25,26, the Pareto Frontier algorithm preserves the independence
of both objectives46. This also allows the training to explore models that
simultaneously achieve high diagnostic performance and fairness without
imposing artificial weighting.

We define the Pareto Frontier as the set of non-dominated model
checkpoints during the training process, where an improvement in gender
fairness cannot be achieved without a concurrent reduction in diagnostic
accuracy, as visualized in Fig. 1B. The formed boundary acts like the “outer
edge” of the eligible models regarding Pareto-optimality. It represents the
superior trade-off between competing metrics and effectively excludes any
candidate models that are objectively inferior in these two dimensions.
Specifically, we simultaneously maximized diagnostic performance (Ppred,
measured byAUROC) and fairness (Pfair, quantified by 1� EO).Amodel f
is considered as Pareto-optimal (i.e., lying on the Pareto frontier) if there
exists no other model f 0 that performs as well as f in both objectives and
strictly better in at least one:

8f 0; Ppred f
� �

≥ Ppred f 0
� �

and Pfair fð Þ≥Pfair f 0
� �

;

with at least one strict inequality.
As the Pareto frontier is dynamically updated throughout training, a

deterministic rule was applied to select the final model for evaluation. We
selected the last model checkpoint that resided on the Pareto frontier upon
the completion of training. Notably, we implemented a 10-epoch early
stopping protocol, which means the training is terminated if no new non-
dominated model checkpoints are discovered for 10 consecutive epochs.
This deterministic approach ensures that the final selected model benefits
from the most mature state of network weight convergence, while still
representing a mathematically optimal trade-off between predictive per-
formance and fairness.

Attention analysis
To examine the attention behavior, we extracted and visualized attention
maps from RANN models trained with the baseline, LAFTR, ADNet,
ShorT, and LesionAttn. Attention maps were obtained from the final
attention layer and overlaid on the input images to compare the models’
regions of focus. Quantitatively, the attention-lesion alignment was
measured using the Intersection over Union (IoU). To enable a standard
IoU calculation between the continuous soft-attention map and the
binary ground-truth lesion mask, we applied a dynamic, proportion-
based binarization procedure. For each image, we calculated the positive
pixel ratio (Pr) of the ground-truth lesion mask. We then binarized the
model’s soft-attention map by assigning a positive label to the top Pr
fraction of pixels with the highest attention weights, and a negative label
to the rest. The standard IoU was then calculated between this binarized
attention map and the ground-truth mask, ensuring the metric evaluated
the spatial ranking of the model’s focus while controlling for absolute
lesion size.

For illustration,we randomly selected four cases from theHAMtesting
set for examples: a benign lesion in amale patient, a benign lesion in a female
patient, a malignant lesion in a female patient, and a malignant lesion in a
male patient, respectively.

Experiment settings
To evaluate the effectiveness of LesionAttn, we compared it with four
established bias mitigation methods (Reweighting, LAFTR, ADNet, and
ShorT) under the same experimental settings. All models shared the same
RANN architecture to ensure consistency in comparison. Additionally, to

isolate the effect of learnable attention, we constructed a LesionOnly variant
of RANN, in which input images were cropped using binary lesion masks
rather than learned attention maps. This setup enabled assessment of
whether static lesion focus alone could reproduce the fairness improvement
achieved by LesionAttn.

All models underwent hyperparameter optimization via grid search,
using AUROC on the validation set as the selection criterion. Hyperpara-
meter ranges and final settings are detailed in the Suppl. Table 1. A sensi-
tivity analysis of the hyperparameter ρ, which regulates the soft-guidance of
attention, was conducted to evaluate the algorithmic robustness of
LesionAttn.

Each experiment was repeated five times with different random seeds,
and results are reported as mean values with 95% confidence intervals. To
evaluate performance improvements, we conducted a paired one-sided t-
test across the experimental seeds, with p < 0.05 defined as the threshold for
statistical significance.

Data availability
The data used in this study are derived from publicly available resources
within the International Skin Imaging Collaboration (ISIC) Archive
(HAM10000: BCN20000).

Code availability
The code supporting the findings of this study is available in a GitHub
repository at https://github.com/nliulab/LesionAttn.
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