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Abstract
The influence of bias in datasets on the fairness of model predictions is a topic of ongoing research in various fields. In
this study, we evaluate the performance of skin lesion classification using ResNet-based convolutional models, focusing
on the impact of demographic bias in training data, particularly variations in patient sex and age. We use a linear
programming method to generate datasets with controlled demographic characteristics, allowing systematic investigation
of bias effects. Three distinct learning strategies are evaluated: a single-task model, a reinforcing multi-task model, and
an adversarial learning scheme.
Our sex-based analysis indicates that sex-specific training datasets optimise model performance. Notably, including male
patients in the training data improved performance for the male subgroup, even in female-majority cases. Reinforcing
and adversarial learning schemes narrowed or eliminated bias gaps in balanced and female-majority datasets. However,
these strategies proved less effective in male-majority settings, where models continued to perform better for males than
females. The two learning schemes showed marginal bias reduction compared to the baseline model in predominantly
male patient populations.
Age-based analysis demonstrates comparable baseline performance across the three model approaches, with performance
declining across age categories. Younger groups consistently achieve the highest performance, regardless of training data
distribution. Although balanced training yields optimal results for the youngest age category, performance decreases in
older categories.
We find that sex biases arise mainly from data imbalances, while age biases consistently favour younger groups regardless
of distribution. These distinct mechanisms require targeted mitigation strategies. Our work aims to advance equitable
AI in medical imaging by addressing these specific sources of disparity.
Additionally, cross-dataset validation on two external datasets revealed that domain shifts notably affect performance
and demographic bias patterns.
The source code and models are available on GitHub:
https://github.com/raumannsr/demographic-fairness-extended.
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1. Introduction

Deep learning has shown many successes in the diagnosis of
medical images, as demonstrated by several studies ( Saha
et al. (2024); Esteva et al. (2017); Bejnordi et al. (2017)),

but despite the high overall performance, models can be bi-
ased against patients from different demographic groups, a
concern highlighted in recent work (Abbasi-Sureshjani et al.
(2020); Larrazabal et al. (2020); Gichoya et al. (2022b)).
Bias and fairness have therefore become central research
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topics in medical imaging, with studies focusing, for ex-
ample, on skin lesions (Abbasi-Sureshjani et al. (2020);
Groh et al. (2021)), chest radiographs (Larrazabal et al.
(2020)) and brain magnetic resonance imaging (Petersen
et al. (2022)). Sensitive attributes commonly examined
are age, sex, or race. For the classification of skin lesions,
the Fitzpatrick skin type is often studied (Seth and Pai
(2024); Benčević et al. (2024); Groh et al. (2021); Wu et al.
(2022)).

While deep learning models continue to advance di-
agnostic capabilities, their fairness remains a significant
concern because model performance is fundamentally tied
to the quality and representativeness of the training data,
as well as the model’s ability to mitigate any bias embedded
in the training dataset.

Although bias and fairness in AI for medical imaging
have gained attention, prior studies have often examined in-
dividual demographic factors in isolation, typically within a
single imaging modality or without systematic control over
data distributions. A comprehensive evaluation compar-
ing how these demographic attributes, when systematically
skewed, influence model performance across different learn-
ing strategies (single-task, reinforcing, and adversarial) is
lacking. Moreover, the relative effectiveness of debiasing
approaches across specific demographic subgroups, particu-
larly under extreme distributional imbalances, remains un-
explored. Additionally, the utility of auxiliary demographic
prediction heads as fairness indicators has not been system-
atically assessed.

In this paper, we define dataset bias (also known as
representation bias) strictly as demographic bias, meaning
any systematic imbalance in age, sex, or other protected
attributes within the training set. Such imbalances lead to
unbalanced learning and performance gaps between sub-
groups. We examine both demographic and model bias,
measuring how controlled skews in the training data affect
performance, and testing multi-task learning strategies de-
signed to mitigate model bias. Using a balanced test set, we
quantify the degree to which demographic bias propagates
to model bias and identify the most effective approaches
for equitable skin-lesion classification across age and sex
groups.

This manuscript substantially extends our FAIMI 2024
workshop paper (Raumanns et al. (2025)). The work-
shop paper evaluated five distributions of male/female pa-
tients (sex demographics) with three learning strategies
(one single-task and two multi-task models). The evalua-
tion focused on overall and subgroup-specific performance
to assess whether training data distribution biases mani-
fested in results when tested on a balanced test set.

Extending our FAIMI 2024 workshop paper, we present
the following contributions:

1. We extend our linear programming (LP) method to con-
trol age subgroups in addition to sex, introducing five
age groups and three skewed age distributions.

2. We systematically evaluate two bias mitigation strategies
(reinforcing multi-task and adversarial) across various
age and sex subgroups. By presenting both overall and
subgroup-specific metrics, we determine how each strat-
egy performs under different conditions. This includes
two new sex-distribution scenarios, namely predominantly
male and predominantly female patients, which enable a
more granular evaluation of the models.

3. Beyond the internal hold-out validation, we extend our
external validation from the prior study. We introduce
a new dermatoscopic skin-lesion dataset in this work.
Alongside the retained smartphone dataset, the datasets
facilitate testing across diverse geographical regions, ac-
quisition methods, and demographic groups.

4. We analyse the auxiliary age-prediction head to assess its
utility as a fairness indicator.

2. Related work

We revisit prior studies on demographic bias and fairness in
medical imaging, highlighting how earlier work has examined
demographic disparities, bias mitigation techniques such as
multi-task and adversarial learning, and the limitations that
motivate our more systematic analysis.

Understanding representation bias Demographic bias
in medical imaging, referring to performance disparities
across protected attributes (such as biological sex, race,
age, and skin tone), has been extensively studied, revealing
how these imbalances can cause unfair or discriminatory
outcomes in healthcare. Glocker et al. showed that a
widely used chest radiography foundation model actually
encodes protected attributes, like biological sex and race,
leading to statistically significant performance gaps across
those subpopulations (Glocker et al. (2023)). Vaidya et al.
reported that deep learning pathology models exhibit racial
bias, as demonstrated on large publicly available cancer
imaging datasets (Vaidya et al. (2024)).

Demographic bias in machine learning manifests in vari-
ous forms, with representation bias being particularly signifi-
cant in healthcare. Representation bias occurs when certain
demographic groups are underrepresented in training data,
leading to reduced model performance for these groups
(Larrazabal et al. (2020)). This differs from bias caused
by inherent anatomical or physiological differences between
groups, though these can contribute to representation bias
when they affect data collection, for example, clinical pro-
tocols that exclude pregnant patients for safety reasons
(Seyyed-Kalantari et al. (2021)).
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Sies et al. assessed a market-approved skin cancer CNN
and documented a male predominance in the training data.
Despite this imbalance, performance on a balanced test set
showed no statistically significant sex-related disparity, sug-
gesting the extensive training set mitigated the imbalance
effect (Sies et al. (2022)). Conversely, even with deliber-
ately balanced datasets, intrinsic anatomical differences can
still generate bias. Klingenberg et al. demonstrated this by
showing that a CNN trained on a sex-balanced MRI cohort
for Alzheimer’s detection performed markedly better in fe-
male patients than males, underscoring that demographic
bias can arise from physiological factors rather than merely
data imbalance (Klingenberg et al. (2023)).

Understanding how representation bias influences model
performance is essential for building fair systems. By identi-
fying underrepresented populations or those with the poorest
performance, targeted corrections can be applied to the
dataset. Moreover, understanding these effects provides
insights for designing future datasets, allowing researchers
to avoid similar problems early on.

Role of demographics The role of demographics in med-
ical AI is multifaceted. Some demographic variations reflect
genuine biological differences that models should take into
account; for example, patient characteristics such as age
and sex significantly influence the predictive precision of
health markers, such as blood pressure, in retinal image
analysis (Gerrits et al. (2021)). Deep learning models can
extract demographic characteristics, such as sex and age, di-
rectly from medical images, such as chest X-rays, with high
accuracy (Gichoya et al. (2022a);Jones and Glocker (2025)).
This capability offers applications in forensic investigations,
aiding identification and uncovering novel anatomical land-
marks for sex and age determination (Yi et al. (2021)).

However, it is crucial to distinguish these valid demo-
graphic correlations from problematic representation bias,
which often relates to data collection practices rather than
physiological differences. Our research addresses this by
deliberately building datasets with specific demographic
imbalances, helping us determine whether performance dis-
parities are due to true physiological factors or simply to
data collection.

Addressing bias Research on fairness usually involves
baseline studies that demonstrate bias between groups
and/or suggest methods to enhance fairness. These ap-
proaches mainly tackle representation bias through sampling
or weighting strategies during training (Groh et al. (2021)).
Alternatively, they implement architectural techniques that
prevent models from depending on sensitive attributes, such
as adversarial learning (Abbasi-Sureshjani et al. (2020)).
For example, Yang et al. developed an adversarial frame-
work to mitigate biases arising from hospital location and
patient ethnicity (Yang et al. (2023)). Wu et al. intro-

duced FairPrune, which trims parameters based on their
importance to both privileged and unprivileged groups (Wu
et al. (2022)). Other methods focus on data augmentation.
Stanley et al. proposed a synthetic bias framework for brain
MRI. They showed that simple sample reweighting effec-
tively reduces hidden biases (Stanley et al. (2024)). Ktena
et al. demonstrated that diffusion-generated synthetic im-
ages improve fairness across histopathology, chest X-ray,
and dermatology datasets (Ktena et al. (2024)).

Commonly used datasets for studying demographic bias
in skin lesion classification include the ISIC skin lesion
datasets (Gutman et al. (2016); Codella et al. (2018, 2019);
Tschandl et al. (2018); Combalia et al. (2019); Rotem-
berg et al. (2021)) and Fitzpatrick-17K (Groh et al. (2021,
2022)). However, researchers typically rely on pre-provided
data splits or stratify by a single demographic attribute
(e.g., male vs female). Crucially, these methods often fail
to control for the interplay between attributes, treating sex
and age as independent variables rather than managing
their joint distribution. Our linear programming approach,
however, explicitly enforces constraints on both sex and age
simultaneously, ensuring that specific subgroups (such as
older males or younger females) are accurately represented
according to the desired ratios.

Bias mitigation approaches Our current study builds on
two crucial insights from medical imaging: multi-task learn-
ing and shortcut learning (Geirhos et al. (2020); Nauta et al.
(2021)). The reinforcing model uses multi-task learning,
which trains multiple related tasks simultaneously, aiming
to enhance the model’s generalisability while also reducing
bias in two ways. Firstly, when the same hidden layers
support multiple related tasks (Ruder (2017)), the network
must learn features that work across various contexts. Ben-
efiting one task over another is not the goal, as this would
diminish performance on other tasks. Joint training of the
tasks improves generalisability, as each task regularises the
others (Caruana (1993)). Secondly, training a multi-task
model requires more diverse data than a single-task model;
in addition to medical image data, demographics are also
included in the training. This learning approach exposes the
model to a broader range of data, which may help reduce
the influence of patterns that are prominent only in a subset
of the data. Having more data lets multi-task models build
stronger, more general features that work across several
tasks, helping prevent overfitting (Zhang and Yang (2022)).
This suggests that incorporating an auxiliary task, specifi-
cally addressing potential bias factors such as age and sex,
alongside the primary binary classification (malignant or
not), could help mitigate bias.

In addition to the standard multi-task approach, our
study also employs an adversarial model approach, a special
variant of multi-task learning. As previously demonstrated

202



Demographic Bias in Skin Lesions

(Adeli et al. (2021); Abbasi-Sureshjani et al. (2020)), this
strategy reduces output bias to some degree through ad-
versarial training. The model aims to minimise bias by
decreasing the mutual information between learned features
and the protected attribute, employing a negative-squared
Pearson correlation loss for age and binary cross-entropy
for sex.

We use the auxiliary head’s performance as a diagnostic
tool for the reinforcing model. Moderate to high accuracy
confirms that the demographic signal has been learned and
that regularisation is active, serving as a direct indicator
that the debiasing mechanism is functioning properly.

Studies have explored different approaches to handling
demographic attributes in model training. Some use de-
mographics within multi-task learning settings (Liu et al.
(2019)), where attributes reinforce diagnosis during op-
timisation. This contrasts with more recent adversarial
strategies (Adeli et al. (2021); Abbasi-Sureshjani et al.
(2020)) that specifically aim to reduce representation bias
by preventing models from predicting sensitive attributes.
Additionally, representation bias can be confounded by cor-
relations between demographics and imaging characteristics,
leading to shortcut learning. These characteristics include
variations in imaging devices (such as different scanner
types or image acquisition protocols) and technical artefacts
such as surgical markers or medical instruments (Willemink
et al. (2020); Jiménez-Sánchez et al. (2023); Gichoya et al.
(2022b); Bissoto et al. (2020)). For example, Bevan and
Atapour-Abarghouei specifically demonstrated how these
technical artefacts can introduce bias in the classification
of skin lesions, developing methods to identify and mitigate
their impact (Bevan and Atapour-Abarghouei (2023)). In
such cases, addressing representation bias requires consid-
ering multiple confounding factors, as balancing data for
one demographic attribute may leave other sources of bias
unaddressed.

We aim to comprehensively evaluate AI-based skin-lesion
classification models across demographic groups, with a
particular focus on identifying and mitigating representation
bias. Whereas Sies et al. examined a market-approved CNN
in its uncontrolled training set and considered only sex bias
(Sies et al. (2022)), we deliberately construct subsets with
exact sex and age ratios to study how the combination of
demographic skews affect performance.

3. Methods

To evaluate the impact of demographic imbalance in train-
ing data on skin-lesion classification, we conducted two
parallel experiments: one manipulating the distribution of
patient sex and another modifying the age distribution. In
the sex-based analysis, we created datasets with different
male-to-female ratios. In the age-based analysis, we built

datasets with skewed age profiles, favouring younger, older,
or balanced age groups, while keeping a 1:1 sex ratio. Both
analyses followed the same methodological pipeline, using
linear programming, with the only difference being the de-
mographic attribute constrained during dataset creation.
We first describe the data collection and preprocessing
steps, then outline the model architectures and evaluation
methods.

3.1 Data

We used three skin-lesion datasets: a curated ISIC subset
(for training, validation, and internal testing), plus PAD-
UFES-20 and DERM7PT (for external testing only). The
ISIC subset was derived from the full archive after pre-
processing (Section 3.1.1), with controlled demographic
distributions for sex and age. Figure 1 illustrates represen-
tative samples. Dermoscopic images (ISIC and DERM7PT,
respectively, in the left and middle panels) show greater
detail and subsurface structures, particularly with polarised
dermoscopy, potentially improving diagnostic accuracy (Kit-
tler et al. (2002)). Smartphone images (PAD-UFES-20)
exhibit greater variation in lighting, angle, and background.

3.1.1 Collection and preprocessing

ISIC based dataset We used the ISIC archive’s gallery
browser (Gutman et al. (2016); Codella et al. (2018, 2019);
Tschandl et al. (2018); Combalia et al. (2019); Rotemberg
et al. (2021); ISIC2024), which contained 81,155 dermo-
scopic images of skin lesions with associated age and sex
metadata. The archive was queried for dermoscopic images
with diagnoses of ”benign” or ”malignant” in all age groups
and both sexes, yielding 71,035 images (62,439 benign,
8,596 malignant). After data collection, we performed sev-
eral preprocessing steps to ensure data quality. First, we
removed cases lacking age attribute values, leaving 70,843
lesions (62,291 benign and 8,552 malignant). We then
removed duplicate images by comparing MD5 hash-values,
following Cassidy’s method (Cassidy et al. (2022)). After
duplicate elimination, 69,982 lesions remained (61,472 be-
nign and 8,510 malignant). Finally, we identified multiple
images of the same patient (multiplets) using patient ID
attributes and excluded them, resulting in 35,884 lesions
(28,810 benign and 7,074 malignant). This removal reduces
bias by preventing a single patient from disproportionately
influencing the model and eliminates the risk of data leak-
age across train/validation/test splits. Among the benign
lesions, 13,207 were from female patients and 15,603 from
male patients. Among malignant lesions, 3,012 were from
female patients and 4,062 from male patients.

PAD-UFES-20 based dataset For external validation,
we used the PAD-UFES-20 dataset (Pacheco et al. (2020)),
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Table 1: Overview of the curated skin-lesion datasets used in this study.

Dataset Modality Total Malignant Benign Age Geographic
samples (female/male) (female/male) info origin

ISIC Dermoscopic 35,884 7,074 (3,012/4,062) 28,810 (13,207/15,603) Yes Global
PAD-UFES-20 Smartphone 1,179 833 (401/432) 346 (198/148) Yes Brazil

DERM7PT Dermoscopic 1,011 294 (160/134) 718 (362/355) No Italy

(a) F. malignant (b) M. malignant

(c) F. benign (d) M. benign

(e) F. malignant (f) M. malignant

(g) F. benign (h) M. benign

(i) F. Malignant (j) M. malignant

(k) F. benign (l) M. benign

Figure 1: Comparison of skin lesion images: The left panel shows ISIC dermoscopic images, the middle panel presents four
representative lesions DERM7PT dermoscopic images, and the right panel displays PAD-UFES-20 smartphone-captured
images. In each panel, the top row contains malignant lesions from a male (M.) and a female (F.) patient, while the
bottom row shows benign lesions from male and female patients, illustrating the visual characteristics across the different
sources.

75.0 50.0 25.0 0.0 25.0 50.0 75.0 100.0
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Figure 2: Age distribution across sex and diagnosis type
in the curated PAD-UFES-20 dataset, showing the break-
down between male and female patients with benign versus
malignant skin lesions. For a detailed breakdown of lesion
counts, see the Appendix C.

which comprises clinical skin-lesion photographs taken with
smartphones from patients in Brazil. The original collection
comprised 2,298 records. To prepare the data for cross-
validation, we performed a sequence of cleaning operations
to ensure completeness, consistency, and nonredundancy.
First, we removed all entries lacking a sex label (804 rows
in total), leaving a fully sex-annotated cohort (741 male

and 753 female patients). No records were missing age
information, eliminating the need for further imputation.
Next, we excluded any lesion without an associated biopsy
result, thereby ensuring that every sample used for model
evaluation had a definitive pathological ground truth; this
filtering reduced the set to 1,179 cases. We then consoli-
dated diagnostic labels into two broad categories: malignant
(Melanoma, Basal Cell Carcinoma, Squamous Cell Carci-
noma) and benign (Actinic keratosis, Nevus, and Seborrheic
keratosis). Finally, we checked for duplicate entries repre-
senting the same patient-lesion pair and found none. The
final curated dataset comprises a malignant subset of 432
male and 401 female patients, and a benign subset of 148
male and 198 female patients, resulting in a dataset of
1,179 unique records. Figure 2 illustrates the age distribu-
tion stratified by sex for both malignant and benign cases
in the curated dataset.

DERM7PT based dataset We used the publicly released
dermoscopic collection (Kawahara et al. (2018)), comprising
1,011 cases originally curated for the Interactive Atlas of
Dermoscopy by Argenziano et al. (Argenziano et al. (2000)).
Each case includes a dermoscopic image, a clinical image,
patient metadata, and eight labels (seven 7-point checklist
criteria plus diagnosis). Sex metadata is available for all
samples, though age information is absent. We grouped
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diagnostic codes into two categories: benign lesions (nevi,
dermatofibromas, lentigines, melanoses, vascular lesions,
and seborrheic keratoses) and malignant lesions (basal cell
carcinoma and all melanoma subtypes, including in situ,
invasive, and metastatic). The malignant subset comprises
160 female and 134 male patients, while the benign subset
includes 362 female and 355 male patients. For analysis,
we utilised only the dermoscopic images.

Table 1 provides an overview of the curated datasets
used in this study, including their modalities, sample sizes,
geographic origins, and demographic distributions.

3.1.2 Dataset creation

We developed a method (Raumanns et al. (2025)) to cre-
ate diverse dataset compositions using linear programming
(LP), a standard mathematical optimisation technique. Our
pipeline consists of two steps: (1) generating a demographi-
cally controlled subset using an LP model, and (2) splitting
it into training, validation, and hold-out test sets. We
applied this exact pipeline to every experiment, whether
adjusting the male-to-female patient ratio or reshaping the
age-group distribution. We chose LP over random sampling.
LP exactly satisfies multiple demographic constraints (sex,
age, lesion diagnosis) while selecting the largest possible sub-
set meeting those ratios. Random sampling approximates
the target distribution but often discards or duplicates rare
cases. It cannot guarantee specific subgroup constraints
(e.g., dark-skinned males aged 50–60 with malignant le-
sions). The accurate and reproducible control provided
by LP is therefore essential for rigorous bias and fairness
analysis. It can also be easily extended with additional
constraints that random sampling cannot accommodate. In
what follows, we describe the specific steps used to create
the datasets for each age- and sex-related experiment.

Dataset composition using linear programming The
goal of the LP model is to maximise the number of instances
of skin lesions within defined constraints, as we express
below:

Find a vector x (decision variables)
that maximises f = x1 (objective function)
subject to ai1x1 + ai2x2 + · · · + ainxn ≤ bi (constraints)

for i = 1, . . . , Ni

and xj ≥ 0 (non-negativity constraints)
for j = 1, . . . , Nj

The model has Nj decision variables (x1, . . . , xNj ) and
Ni constraints. Each decision variable corresponds to spe-
cific categories (e.g., benign lesions in female patients aged
> 60 years). The objective function maximises the count of
malignant instances x1. In the ISIC archive, there are fewer

malignant instances than benign ones, and the goal is to
achieve a balance between the two. The constraints enforce
bounds on individual groups and maintain inter-group ratios.
Representative groups include all benign lesions, all females
over 60 years old, and all males under 60 years of age. A
key constraint maintains class balance by ensuring an equal
number of malignant and benign lesions (x1 − x2 = 0).
Non-negativity constraints prohibit negative values for all
decision variables. The complete LP formulation is detailed
in Appendix A.

Within set constraints, the optimal solution maximises
malignant lesions and assigns value to decision variables.
To find this solution, we created a unique LP model for each
dataset. Table 2 shows the result of the LP model for the
different datasets. We adopted a procedure to obtain the fi-
nal solution for each distribution, consisting of the following
steps. First, we solved the LP model to identify the optimal
composition of a balanced test set while maximising the
number of malignant lesions. From this balanced set, we
reserved one-eighth as a hold-out test set. Second, we recal-
ibrate the upper-bound constraints using the lesion counts
observed in the hold-out set. With these updated bounds,
we resolved the LP model to derive the final solutions for
the various distributions. Third, after obtaining solutions
from the LP model, we determined the minimum number of
malignant instances in all datasets. Fourth, we scaled each
dataset proportionally to the minimum value, preserving
demographic distributions while ensuring comparability.

Sex distribution analysis We created seven distinct train-
ing and validation datasets to analyse sex-related biases
with varying patient ratios of female (F) to male (M). Each
of the seven dataset instances was created using a distinct
random seed. For each seed, we first created a hold-out test
set; the remaining data were then shuffled and split strictly
into an 80% training subset and a 20% validation subset
while preserving the original demographic ratios. There was
no overlap of lesions between the training and validation
sets for any given seed, preventing overlapping samples from
inflating performance. We maintained the same number of
malignant and benign lesions in all datasets and balanced
age distributions with the same numbers of patients below
and above 60 years (median age) for each sex.

The datasets consisted of a M100 set (100% male
patients), a F100 set (100% female patients), a F95M5
set (95% female, 5% male patients), a F75M25 set (75%
female,25% male patients), a F50M50 set (50% female,
50% male patients), a F25M75 set (25% female, 75% male
patients), a F5M95 set (5% female, 95% male patients), and
a separate balanced test set that matches the distribution
of the F50M50 (equally-split) dataset.

Figure 4 illustrates the age distributions across the sex-
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Table 2: ISIC-based datasets are distributed amongst malignant, benign, male patients (M), and female patients (F)
categories for both training and validation. Bold value indicates the minimal malignant-lesion count.

M100 F5M95 F25M75 F50M50 F75M25 F95M5 F100
Malignant (M/F) 2206 (2206/0) 2322 (2206/116) 2941 (2206/735) 4412 (2206/2206) 3235 (809/2426) 2554 (128/2426) 2426 (0/2426)
Benign (M/F) 2206 (2206/0) 2322 (2206/116) 2941 (2206/735) 4412 (2206/2206) 3235 (809/2426) 2554 (128/2426) 2426 (0/2426)

based training datasets and the balanced test set.

Age distribution analysis Similar to the sex-distribution
analysis, we built the training, validation, and test sets for
the age-focused experiments using an LP model (see Ap-
pendix B for full details). We defined three age-distribution
schemes, each spanning the same five age brackets. Table 3
shows the definition and proportions of the five age brackets
(A1–A5) for each of the three schemes. In the YOUNGER
scheme, the majority of samples come from the youngest age
brackets, with the proportion gradually decreasing toward
older age groups. The BALANCED scheme allocates sam-
ples uniformly across all five brackets. Finally, the OLDER
scheme is the inverse of the younger-skewed arrangement,
concentrating most samples in the oldest age groups. Each
distribution enforces a strict 1:1 balance between malig-
nant and benign lesions and a 1:1 balance between male
and female patients. For each scheme, we generated five
independent instances using five different seeds. For each
seed, we divided the data into non-overlapping training and
validation sets and reserved a holdout test set with a uni-
form age category distribution (based on the BALANCED
scheme). See Table 4 for the count of skin lesions in each
split.

Table 3: Proportion of the five age groups (A1–A5) across
the three schemes (YOUNGER, BALANCED, and OLDER)
for the ISIC-based data. The age brackets are defined
as follows, where a represents the patient’s age in years:
A1 = 0 ≤ a ≤ 50, A2 = 51 ≤ a ≤ 60, A3 = 61 ≤ a ≤ 70,
A4 = 71 ≤ a ≤ 80, and A5 = a ≥ 81.

A1 A2 A3 A4 A5
YOUNGER 0.35 0.30 0.20 0.10 0.05
BALANCED 0.20 0.20 0.20 0.20 0.20
OLDER 0.05 0.10 0.20 0.30 0.35

Table 4: Division of the in ISIC-based dataset into training
and validation subsets for all three age-distribution schemes.
The numbers shown in the diagram indicate the count of
skin-lesion images in each split.

Training Validation Testing
YOUNGER 4740 1192
BALANCED 4120 1040 1020
OLDER 2348 600

3.2 Model

Using our carefully constructed datasets, we implemented
three different architectures based on the ResNet50 model
(He et al. (2016)). We selected ResNet50 for its proven
performance in medical imaging and widespread adoption
(Xu et al. (2023)), enabling meaningful study comparisons.
These architectures evaluate different approaches to han-
dling demographic information:

The single-task baseline model The single-task baseline
model, enhanced with two fully connected layers, uses a
sigmoid activation function and binary cross-entropy loss.

The multi-task reinforcing model The multi-task “rein-
forcing” model with three layers added to the convolutional
base, produces two outputs: one for classification and an-
other for the demographic attribute (either sex or age,
depending on the specific experiment). Please note that we
use the term reinforcing here in the sense of “strengthening
influence”, not in the reinforcement learning (RL) sense.
When the attribute is sex (binary: male/female), we used
a binary cross-entropy loss (Lc) and a sigmoid activation
function for both heads. For age, which is treated as a
continuous variable, we replace the binary loss with a mean-
squared error loss applied to the normalised age value. Both
heads (primary and demographic) receive equal weighting
in the overall objective, while the classification head con-
tinues to use its standard loss function. When we use the
auxiliary head for age prediction, we first normalise the age
labels to the unit interval ([0, 1]) using the minimum and
maximum ages observed in the dataset. During inference,
we denormalise the sigmoid output back to the original age
scale. Because the admissible age range is fixed and known
a priori, this normalisation-denormalisation procedure pre-
serves the semantic meaning of the prediction while keeping
an identical model architecture for both auxiliary tasks.

The multi-task adversarial model The multi-task adver-
sarial model was implemented following the methodology
of Adeli et al. and Abbasi-Sureshjani et al. (Adeli et al.
(2021); Abbasi-Sureshjani et al. (2020)), using a network
with a shared feature encoder and two classifier heads.
One classifier targeted skin cancer classification; the other
predicted confounders such as sex or age. We used the
ResNet architecture to compare performance with base-
line and reinforcement models in a systematic way. We
trained the skin-cancer classifier and its encoder with a stan-
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dard cross-entropy loss (Lc). The choice of bias-predictor
head loss (Lbp) depended on the demographic variable un-
der study: for age-distribution experiments we employed
an age bias predictor head whose loss was defined as the
negative-squared Pearson correlation coefficient loss (this
worked for protected attributes that are continuous or ordi-
nal (Adeli et al. (2021)), while for sex-distribution experi-
ments we used Lbp as a binary cross-entropy loss, reflecting
the binary nature of the attribute.

To reduce the predictiveness of the encoded features, we
adversarially adjusted the encoder using a third loss term
(Lbr), with λ governing the penalty for accurate demo-
graphic predictions: Lbr = λLbp, following the practice of
Abbasi-Sureshjani and colleagues (Abbasi-Sureshjani et al.
(2020)).

Model training parameters We optimised the single-
task model using a grid search over random seeds, learning
rates, and momentum values, selecting the combination
that yielded the highest validation performance across all
experiments. Subsequently, these optimised parameters
were then applied to the reinforcement and adversarial
models for a fair comparison. The optimal hyperparameters,
selected via validation set performance, are as follows:

Pre-training: ImageNet
Input size: 384 × 384 pixels
Max epochs: 40
Batch size: 20
Learning rate: 2.0 × 10−5

To mitigate overfitting and improve model robustness,
we implemented an early stopping technique (patience =
10 epochs) and data augmentation techniques. Following
prior implementations in the literature, we implemented
our baseline and reinforcement models in Keras with the
TensorFlow backend (Géron (2022)), while our adversarial
model was implemented in PyTorch (Paszke et al. (2019))
to maintain consistency with existing adversarial learning
frameworks.

4. Experiments

4.1 Demographic bias evaluation

Defining test, training and validation bundles We took
steps to ensure that any observed performance differences
between models are attributable to the models themselves
and the underlying data distributions, rather than to in-
consistencies in how we split the data. By fixing a single
random seed for each run, we use the same hold-out test
set across distributions, making cross-distribution compar-
isons meaningful. Importantly, we deliberately construct the
hold-out test set to be balanced across relevant subgroups

(such as age or sex). This balanced test set removes bias
toward any particular segment and allows us to isolate the
effect of bias in the training data itself. We acknowledge,
however, that measuring “true” behaviour across the en-
tire population would require a test set whose distribution
matches the expected real-world population; our balanced
test set is chosen specifically to evaluate bias rather than
to predict real-life performance. When we generate the
training and validation partitions with the same seed, we
ensure that these splits faithfully reflect the target distribu-
tion. By repeating the entire process with several different
seeds, we reduce the influence of random variation in the
data. Implementation is illustrated in Figure 3. Our ex-
perimental workflow enables both within-distribution and
cross-distribution model comparisons.

Sex distribution For a thorough evaluation, we created
five bundles for each of the seven distributions: F100,
F5M95, F25M75, F50M50, F25M75, F5M95, and M100,
resulting in 35 bundles (seven distributions × five seeds).
We assessed AUC overall and within male and female sub-
groups for each learning strategy and dataset combination.
Using three learning strategies on 35 bundles, we conducted
105 experiments to evaluate model performance within and
across all seven distributions. Notably, multi-task mod-
els cannot unlearn constant protected attributes (as in
M100 and F100 experiments). These edge cases serve to
stress-test the training pipeline’s stability when demographic
attributes are absent.

Age distribution In our age experiments, we conducted
comprehensive evaluations using age-stratified data sets.
We generate three distinct data distributions, across five age
categories (A1 − A5): YOUNGER (predominantly young
patients), BALANCED (evenly distributed age categories),
and OLDER (predominantly elderly patients). For each
configuration, we evaluated the three model architectures.
Performance was measured using AUC scores, with results
visualised across different age distributions and model ar-
chitectures. We conducted 45 experiments in total (15
bundles and three learning strategies) to evaluate model
performance within and across the three distributions.

4.2 Reinforcing model: Auxiliary head analysis

We evaluate the auxiliary prediction head of the reinforcing
model to serve two purposes: (1) assessing whether the
multi-task architecture successfully learns the demographic
signal, and (2) providing a mechanistic explanation for bias
mitigation in the primary task. Specifically, if the auxiliary
head fails to learn the demographics, the reinforcing model
loses its regularisation effect, which may explain observed
failures in bias mitigation. An auxiliary-head analysis was
omitted for the adversarial model because the original net-
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Figure 3: Experimental workflow (age analysis; sex analysis is analogous): for each distribution D, we build five
independent bundles B, each split into mutually exclusive test, training, and validation sets with a fixed seed S. The
same test set is shared by all distributions for a given seed, and training/validation splits use the same seed. The
distribution properties of the training/validation splits are consistent with the distribution under test. All three models
are evaluated on this test set, allowing within- and cross-distribution comparisons, and the process is repeated with
multiple seeds to reduce random effects.

work implementation did not provide demographic outputs.

Evaluation of the sex-prediction head We evaluated
the auxiliary sex-prediction head of the multi-task reinforc-
ing model using two complementary metrics. First, we
computed the AUC to assess discriminative ability. Second,
we measured the Brier score (Rufibach (2010)) separately
for male and female patients. We interpret the Brier score
(β) for binary classification as follows: strong calibration
for 0 ≤ β < 0.05, moderate for 0.05 ≤ β < 0.15, weak for
0.15 ≤ β < 0.25, poor for 0.25 ≤ β < 0.35, and very weak
for β ≥ 0.35. Lower Brier scores indicate tighter alignment
between predicted probabilities and observed outcomes,
whereas higher values reflect increasingly poor calibration.
We do not evaluate the two edge cases (F100, M100) with
a training set containing only one sex; the auxiliary head
cannot learn a useful decision boundary.

Evaluation of the age-prediction head For the auxiliary
age-prediction head of the multi-task reinforcing model, we
used mean absolute error (MAE) as our primary performance
measure. MAE computes the average absolute difference
between the predicted age and the ground-truth age across
all test samples. To disclose any systematic biases through-
out the age spectrum, we compute MAE for the five age
categories (A1–A5, see Table 3). Furthermore, to assess
the quality of the age predictions, we computed the Pearson
correlation coefficient (ρ) between the predicted ages and
the ground-truth ages. This metric quantifies the linear
relationship between the two variables and complements the

MSE by indicating how well the model captures age trends.
We interpret the Pearson correlation coefficient as follows:
strong correlation for 0.5 ≤ ρ < 1, moderate correlation for
0.3 ≤ ρ < 0.5, and weak correlation for 0 ≤ ρ < 0.3. Only
correlations with p < 0.05 were retained for further analyses.

4.3 Cross-dataset evaluation

To validate our findings and assess generalisability, we per-
formed additional experiments using two external skin-lesion
datasets: PAD-UFES-20 (both sex and age) and DERM7PT
(no age information). Using the saved weights from our
previously trained models (base, reinforcement, and adver-
sarial), we evaluated them on the external datasets without
any further fine-tuning, using the same evaluation met-
rics. This cross-dataset validation approach provides insight
into the robustness and transferability of our models across
different patient populations and data collection contexts.

4.4 Exploratory performance assessment

We did not conduct formal statistical testing because our
study is exploratory, and the number of observations is
minimal. Applying p-value–based tests to the model perfor-
mances would yield unstable estimates that provide little
trustworthy insight into whether any actual effect exists.
Consequently, we refrained from labeling results as “signifi-
cant” or “non-significant.” As Amrhein et al. highlighted,
such dichotomous labeling often leads to misinterpretation,
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Figure 4: Age distributions in the ISIC-based datasets range from M100 to F100 (a to e), with a balanced test set
(f). The training sets (3,528 records, approximately 80% of the total) and corresponding validation sets (880 records,
approximately 20%) span distributions from M100 to F100 and maintain similar population compositions. The total
of 4,412 records (2 × 2, 206 lesions) reflects the inclusion of both malignant and benign cases, with the base value of
2,206 taken from Table 2. Test sets contain 1,264 records. The visualised distributions correspond to seed value 1970;
distributions for other seeds are equivalent.
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and non-significant findings are frequently mistaken for ev-
idence of no effect (Amrhein et al. (2019)). Instead, we
present AUC values as boxplots and provide descriptive
comparisons across subgroups, allowing readers to assess
the magnitude and direction of any observed differences.

5. Results

5.1 Sex-specific model assessment

Figure 5 shows the performance of the model in sex distri-
butions using box plots of AUC metrics for three types of
models (base, reinforcement, adversarial). Figure 6 shows
the impact of dataset distributions on three learning strate-
gies, reporting AUC scores for both sexes.

Comparable performance at model level Our analysis
in Figure 5 demonstrates that all three learning strate-
gies achieve similar levels of effectiveness, showing only
slight performance variations. Across the three model archi-
tectures, the accuracy scores maintain a consistent range
between 0.79 and 0.85. Although there are minor varia-
tions between the approaches, none clearly outperforms the
others.

Sex-specific training data yields better results Figure
6 shows that all models perform better for male patients
in male-only (M100), predominantly male (F5M95) and
lightly male-skewed (F25M75) scenarios. The reinforcing
and base models show the most pronounced performance
gap in the predominantly male dataset. The base and re-
inforcing show equal performance between subgroups in
the balanced, lightly female-skewed (F75M25) and predom-
inantly female (F95M5) scenarios. The base model shows
better performance for female patients in the female-only
(F100) scenario, while the reinforcing and adversarial models
show equal performance between male and female patients.
Thus, our models appear more attuned to male patients
in mixed-sex training sets, regardless of the percentage of
female patients. The best results are achieved when both
sexes are trained exclusively on their respective data. We
hypothesise that a model trained on a single-sex dataset
may specialise in those sex-specific cues and often attains
higher accuracy. In mixed-sex training, the network must
accommodate both distributions, which can lead to a mod-
est performance dip, typically favouring the more dominant
signal.

Base model reveals sex bias We found substantial sex
bias in the performance of the base model (see Figure 6).
In the male-only and predominantly male scenarios, we
observed a substantial performance gap between male and
female patients. In the female-only scenario, there is also
a performance gap; however, this is less pronounced. We
found that the base model performed comparably for male

and female patients across balanced, lightly skewed, and
predominantly female experiments. We assume the base
model binds onto the most prevalent cues in the training
set. When the data consist of only one sex or are heavily
skewed, it reveals sex-specific visual patterns (e.g., hair
density, skin texture) that aid classification, performing
well for the majority sex but poorly for the minority. In a
balanced, only mildly skewed female dataset, both sexes
are equally represented, forcing the model to rely on lesion-
intrinsic features for discrimination, leading to comparable
accuracy for males and females.

Reinforcement model partially successful in sex bias
mitigation When we trained the model on male majority
data, we observed performance disparities between the sexes
(see Figure 6). With balanced training data, the reinforce-
ment model successfully mitigates sex-based bias. Notably,
this same bias reduction effect is observed in female-majority
training sets as well. We hypothesise that the reinforcing
multi-task model can reduce sex bias only when its auxiliary
sex-prediction head receives sufficiently informative female
patient-related signals. In the only-male and predominantly-
male scenarios, the encoder overfits to male-specific cues
because the auxiliary head lacks enough female examples to
learn a meaningful discriminator. Conversely, with balanced
or mostly-female settings, the auxiliary head can learn a
reliable sex classifier; its loss then regularises the shared
encoder towards sex-invariant representations, thereby re-
ducing bias.

Adversarial model reduces sex bias in predominantly fe-
male training scenarios. The adversarial model reduces
sex bias in scenarios with predominantly female patients
but is less effective in other scenarios, often favouring male
patients. Its performance varies between experiments and
datasets (see Figure 6). We suspect that complex anatomi-
cal confounders, such as variations in body hair distribution
or skin texture, continue to act as strong proxies for sex
in mixed populations, resisting the adversarial removal of
these features.

5.2 Age-specific model assessment

Figure 7 presents a comparative analysis using box plots
to illustrate AUC metrics across YOUNGER, BALANCED,
and OLDER datasets. For a more granular understanding,
Figure 8 provides an age-stratified evaluation using five
distinct age categories (A1–A5), demonstrating how each
model architecture performs when trained on differently
distributed datasets and evaluated against a balanced test
set.

Comparable overall model performance Looking at
the overall performance of the model in all experiments
(Figure 7), the adversarial model shows the highest variance
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Figure 5: Comparison of model performance across sex distributions using datasets generated from the curated ISIC
dataset. Box plots display AUC metrics for three model architectures (base, reinforcing, and adversarial) trained and
validated on sex-biased datasets (M100, F5M95,F25M75, F50M50, F75M25, F95M5, F100) and evaluated on a balanced
dataset.

M100 F5M95 F25M75 F50M50 F75M25 F95M5 F100

0.78

0.80

0.82

0.84

0.86

AU
C

female male base reinforcing adversarial

Figure 6: The AUC score varies based on data splits ranging from only male patients (M100) to only female patients
(F100) in the ISIC dataset. We show base, reinforcing and adversarial model performance for female and male patient
subgroups.
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Figure 7: Comparison of model performance across different age distributions using curated ISIC dataset. Box plots
show the AUC metrics of three model architectures (base, reinforcing, and adversarial) trained and validated on age-biased
datasets (YOUNGER, BALANCED, OLDER) and evaluated on a balanced test set.
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Figure 8: Age-stratified (using five age categories (A1 − A5)) model evaluation across datasets with varying age
distributions based on the curated ISIC dataset. The analysis compares AUC scores for three model architectures
(base, reinforcing, and adversarial) using age-biased training sets (YOUNGER, BALANCED, OLDER). Each model
was evaluated on a balanced test set, showing performance variations across different age distributions. The age
brackets are defined as follows, where a represents the patient’s age in years: A1 = 0 ≤ a ≤ 50, A2 = 51 ≤ a ≤ 60,
A3 = 61 ≤ a ≤ 70, A4 = 71 ≤ a ≤ 80, and A5 = a ≥ 81.
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in performance in different seeds compared to the other
two strategies, particularly in the YOUNGER and OLDER
cases. All three model approaches demonstrate comparable
base performance levels with AUC scores falling within a
0.06 range, with both the base and reinforcement models
showing a slight advantage compared with the adversarial
model.

Declining trend across categories As shown in Figure
8, all three distributions show a decreasing AUC trend, with
the youngest age bracket achieving the highest AUCs and
the oldest the lowest. In the balanced distribution, the de-
creasing trend does not hold for the A4 age bracket in either
baseline or reinforcing models. A4 performance is higher
in the balanced case than in the younger-age distribution.
In the older age distribution, A1 bracket models show a
slight performance decrease compared to the younger and
balanced distributions. This decline is most pronounced for
the baseline and adversarial models. We assume the perfor-
mance drop with increasing age is due to the nature of older
skin, which exhibits more heterogeneous visual traits (such
as wrinkles, pigment changes, and vascular alterations) that
mask lesion cues.

Strong performance for younger age categories Mod-
els trained on the balanced dataset show the highest AUC
for age category A1, but experience a small performance
drop for age category A2 compared to models trained on
the YOUNGER dataset (see Figure 8). In contrast, the
AUC values for the age categories A3, A4, and A5 generally
fall below 0.85. We hypothesise that the model excels in the
youngest age group because young skin presents the most
explicit lesion cues, with fewer wrinkles, pigment variations,
or vascular artefacts to obscure the diagnostic signal, and
the balanced training set supplies fewer examples of these
clean patterns.

Performance improvement of balanced models Figure
8 illustrates that the base and reinforcing models trained on
a balanced dataset show improved performance for the A4
age category compared to the same models and age category
trained in the younger dataset. We assume the balanced set
provides enough examples that force the encoder to learn
features that work across age groups. In the younger-skewed
data the model overfits to smooth, youthful textures, so its
performance drops on the A4 group. Adding balanced age
samples thus improves AUC for that category.

5.3 Sex-prediction head evaluation

Table 5 reports the auxiliary sex-prediction head’s perfor-
mance in the reinforcing model, including overall AUC and
Brier scores for male and female subgroups. Predictive
performance was limited across all skewed distributions but
reached reasonable accuracy in the balanced case (AUC

Table 5: Performance evaluation of the auxiliary sex-
prediction head within the reinforcement model. Metrics
include overall AUC and Brier scores (β), computed sepa-
rately for male and female patient subgroups. Bold values
denote optimal performance per column (highest AUC, low-
est Brier score).

Training AUC β
dataset Female Male
F50M50 0.732 ± 0.012 0.234 ± 0.049 0.238 ± 0.033
F5M95 0.644 ± 0.012 0.959 ± 0.013 0.001 ± 0.000
F25M75 0.682 ± 0.043 0.730 ± 0.132 0.028 ± 0.021
F75M25 0.691 ± 0.014 0.040 ± 0.012 0.645 ± 0.086
F95M5 0.612 ± 0.012 0.001 ± 0.001 0.948 ± 0.026

= 0.732), indicating that the encoder successfully learns
sex-related features when the data is balanced. This aligns
with the observed reduction in sex bias for the reinforc-
ing model under balanced settings. However, in skewed
scenarios (e.g., F5M95), the auxiliary head’s performance
becomes highly asymmetric: it predicts the majority sex
with high confidence (a weak Brier score) but fails on the
minority sex (a strong Brier score). This inability to learn a
robust sex discriminator explains why the reinforcing model
cannot effectively regularise the encoder under skewed dis-
tributions, leading to persistent bias gaps (see F5M95 in
Figure 6).

Highest AUC and weak Brier for the balanced training
set When we train the reinforcing model with equal num-
bers of male and female patients, the auxiliary sex-prediction
head learns a discriminative representation and achieves the
highest AUC among the experiments. Brier scores for the
F50M50 case are weak for female and male patients (see
Table 5).

Strong Brier for the majority, very weak for the minor-
ity When we train on a majority of male patients (and
F5M95 and F25M75), the Brier score for males is strong
whereas that for females is very weak. When we train with
a minority of male patients (F95M5 and F75M25), the
opposite occurs (see Table 5).

5.4 Age-prediction head evaluation

We evaluated the auxiliary age prediction head by reporting
both the Pearson correlation (Table 6) and the distribution
of the mean absolute error (Figure 9). Table 7 provides the
overall MAE for the three training-bias configurations.

In the BALANCED training configuration, the auxiliary
head shows a moderate Pearson correlation (ρ = 0.433),
indicating that the model recognises age patterns without
relying on them as a dominant shortcut. This supports the
hypothesis that balanced sampling forces the encoder to
learn features that generalise across age groups. In contrast,
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Table 6: Pearson correlation (ρ) between predicted and true
ages for the reinforcing multi-task model. Correlation coef-
ficients are reported for three training-bias configurations
(younger-skewed, balanced, older-skewed) evaluated on a
balanced test set. The table lists the overall ρ as well as
the ρ for each age category. “-” indicates too low to be
meaningfully reported.

ρ YOUNGER BALANCED OLDER
overall 0.319 0.433 0.517
A1 0.354 0.471 0.710
A2 0.104 0.105 0.078
A3 - 0.070 -
A4 - - -
A5 - 0.069 -

the older-skewed training yields a strong correlation (ρ =
0.710) for the youngest cohort, suggesting the model relies
heavily on shortcut-related age cues when the distribution
is imbalanced.

Increasing correlation with older-skewed training The
reinforcement model trained on the OLDER dataset ex-
hibits a strong Pearson correlation between predicted and
ground-truth ages. In contrast, models trained on the BAL-
ANCED and YOUNGER datasets show only moderate and
weak correlations, with the BALANCED model achieving
a slightly higher correlation than the YOUNGER model
(Table 6).

Youngest cohort shows strongest correlation A1 cor-
relates most strongly with older-skewed data (Table 6).

Middle group shows weakest correlation The middle
age groups (A2–A4) correlations are uniformly weak and
often marked with a dash ”-” in (Table 6).

Oldest cohort shows practically no correlation Only
the balanced scheme shows a very weak correlation for the
oldest cohort (A5); for the other schemes, the correlation
score is marked with a dash ”-” in Table 6.

Table 7: Mean Absolute Error (MAE) of the auxiliary
age-prediction head for the reinforcing multi-task model
under three training-bias configurations.

YOUNGER BALANCED OLDER
MAE 15.335 ± 0.643 13.409 ± 1.031 14.252 ± 0.586

MAE of age categories We find that the model we
trained on a balanced age distribution yields the lowest
overall average error (Table 7), whereas the younger-skewed
and older-skewed configurations show higher MAE. For the
youngest cohort of patients, we see relatively high MAE
scores for all three models (Figure 9). The MAE scores

of the youngest cohort increase as the number of patients
in that cohort in the training set decreases. We observe
the same pattern for the oldest patient cohort. However,
in skewed training, the oldest cohort scores better when
trained with mainly older patients than the youngest cohort
trained with mostly younger patients. The oldest age groups
(A4 and A5) exhibit high MAE when the model is trained
mostly on younger patients, while the youngest age groups
(A1 and A2) show high MAE when trained mainly on older
patients. The A2 age cohort achieves the lowest score when
we train with predominantly younger patients. The scores
of the A3 cohort change little in all models. The MAE
score of the A4 cohort decreases as the proportion of A4
patients relative to the total training population increases.
The A4 age cohort achieves the lowest score when we train
the model with mostly older patients.

5.5 Cross-dataset analysis

5.5.1 PAD-UFES-20

Figures 10 and 11 present our model performance evaluation
on the PAD-UFES-20 dataset, examining age-stratified
and sex-stratified distributions. While Figure 10 breaks
down performance across five age categories (A1-A5) for
different age-biased training sets, Figure 11 analyses sex-
based performance variations across multiple male-female
distribution ratios.

External validation shows performance drop During
external validation, model performance in both sex- and age-
based evaluations showed notably lower metrics compared
to internal validation scenarios (Figures 10 and 11).

External validation shows best performance for younger
age groups For age-based models, we observe a different
pattern in external validation compared to internal valida-
tion. The models trained on the YOUNGER, BALANCED,
and OLDER cases show similar performance ranges in the
three learning strategies for age categories A2, A3, A4, and
A5. Across all configurations, models show notably better
performance for the A1 age category. The adversarial model
also shows improved performance for the A2 age category,
achieving results comparable to the performance of the A1
category (Figure 10).

Sex-based validations show contrasting patterns In
internal validation, we observed an X pattern: as the per-
centage of male patients in the training and validation sets
decreased, male patients’ performance declined, whereas
female patients’ performance improved. However, the X
pattern is less pronounced than in the internal validation.
For adversarial models, we observed a different pattern
(see Figure 11): in the internal validation with F75M25
adversarial models, the performance for female patients was
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Figure 9: The top figure shows the Mean Absolute Error (MAE) distributions for five age groups (A1–A5). Each plot
depicts the MAE, calculated from predicted versus reference ages, under one of the three training biases (younger,
balanced, older) using the reinforcing model. We evaluated all models on a balanced test set. The bottom three
figures show the age distribution for the younger, balanced, and older training datasets (from left to right). The same
colour legend that appears in the top panel (mapping A1–A5 to their respective colours) is reused for the three lower
panels. The age brackets are defined as follows, where a represents the patient’s age in years: A1 = 0 ≤ a ≤ 50,
A2 = 51 ≤ a ≤ 60, A3 = 61 ≤ a ≤ 70, A4 = 71 ≤ a ≤ 80, and A5 = a ≥ 81.
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lower than for male patients, while in the internal validation
with F100 adversarial models, the performance for male and
female patients was equal. However, in external validation,
we observe a notable improvement in performance in female
patients.

5.5.2 DERM7PT

External validation shows performance drop During
external validation, we observed that the models showed
considerably lower AUC metrics than in the internal valida-
tion experiments (see Figure 12). Nevertheless, we found
that their performance remained higher than the sex-based
results obtained on PAD-UFES-20.

Reduced subgroup performance gaps across exter-
nal datasets We observed that the performance of the
male and female sub-groups remained much closer together
across the various training scenarios than it did in the
ISIC-based experiments, and less pronounced than that
seen with PAD-UFES-20. In other words, the sex ratio
distribution in the training data had a markedly smaller
effect on the performance gaps between subgroups for the
DERM7PT validation.

6. Discussion and conclusions

We investigated the effect of demographic bias on skin le-
sion classification performance using three ResNet-50-based
CNN models, with a specific focus on variations in patient
sex and age in the training data. Using linear programming
to generate datasets with controlled demographic distribu-
tions, we evaluated three learning strategies: a single-task
model, a reinforcing multi-task model, and an adversarial
learning scheme. Additionally, we performed cross-dataset
validation to assess the model’s generalisation capabilities.
Overall, the results highlight that sex-related performance
gaps are largely driven by training set imbalances, whereas
age-related declines persist even with balanced sampling,
and that domain shifts (from dermoscopic to smartphone
images) cause substantial drops in external validation accu-
racy. Bias patterns were not consistent across all datasets.

Sex based analysis In our sex-based analysis, we ob-
served that sex-specific training data produced better re-
sults, though single-task models exhibited notable sex bias.
The reinforcement approach was partially effective in re-
ducing this bias. The adversarial model eliminated sex bias
specifically in cases involving predominantly female distri-
butions (F95M5). An unexpected result emerged regarding
sex-related bias in ISIC-based datasets. When the patient
cohort was male-dominated, models achieved higher accu-
racy on male patients. Conversely, in female-dominated
cohorts, models did not show a comparable boost for fe-
male patients. This asymmetry suggests that models tend

to overfit to male-specific cues. In contrast to ISIC-based
datasets, PAD-UFES-20 and DERM7PT showed that the
adversarial model performed better on female patients than
on male patients in female-dominated cohorts.

The auxiliary sex-prediction head heavily relies on data
composition: it learns demographic signals under balanced
distributions but struggles in skewed scenarios. This shows
that the reinforcing model cannot build a robust discrimi-
nator when the minority class is underrepresented, leading
to the collapse of the regularisation signal. Our Brier score
analysis confirms this mechanism: in balanced datasets,
the head makes well-calibrated predictions for both sexes,
whereas in skewed datasets, it becomes over-confident for
the majority and inaccurate for the minority. Ultimately,
effective debiasing depends on the auxiliary head’s ability
to reliably learn the attribute. When data scarcity prevents
this, the reinforcing model overfits to the dominant group,
and the regularisation mechanism fails.

Our findings on sex-related bias contradict the conclu-
sion of Sies et al. that despite sex-related imbalances in
open access training data, the diagnostic performance of
the CNN tested showed no sex-related bias in the classifi-
cation of skin lesions (Sies et al. (2022)). We hypothesise
that dataset size contributes to these divergent findings.
Whereas Sies et al. leveraged over 150,000 dermoscopic
images, our smaller dataset may have rendered the CNN
more vulnerable to sex-related biases. Larger datasets typ-
ically offer greater diversity across demographic groups,
facilitating the learning of robust and generalisable features.
Conversely, smaller datasets may amplify existing biases or
result in overfitting to specific demographic characteristics.

As expected, the base model shows sensitivity for sex
bias, likely driven by overfitting and various anatomical
confounders in the training data. These include sex-specific
variations in skin thickness, hair distribution, lesion location,
and underlying vasculature, as well as differences in sun
exposure patterns linked to sex-linked behavioural factors.
While the reinforcing and adversarial models incorporate
regularisation techniques to mitigate such bias, our experi-
ments revealed limited success: bias correction was observed
only in the adversarial model for female-only cohorts. This
suggests that complex anatomical confounders continue
to substantially influence model predictions in mixed-sex
populations, resisting standard regularisation approaches.

Age based analysis In age-related experiments, we found
comparable baseline performance across all three model
approaches, with an evident decline in performance in older
age categories. We observed a clear decline trend across
age categories: the age group A1 consistently achieved the
highest performance, while subsequent age groups showed
progressively lower scores, regardless of the training data
distribution used (YOUNGER, BALANCED or OLDER).
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Figure 10: Age-stratified model evaluation showing AUC performance across different age categories (A1-A5) for three
model architectures (base, reinforcing, and adversarial) trained and validated on age-biased ISIC datasets (YOUNGER,
BALANCED, OLDER) and evaluated on the curated PAD-UFES-20 dataset. The analysis demonstrates how each
model type performs across different age distributions. The age brackets are defined as follows, where a represents the
patient’s age in years: A1 = 0 ≤ a ≤ 50, A2 = 51 ≤ a ≤ 60, A3 = 61 ≤ a ≤ 70, A4 = 71 ≤ a ≤ 80, and A5 = a ≥ 81.
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Figure 11: Sex-stratified model evaluation showing AUC performance across male and female categories for three model
architectures (base, reinforcing, and adversarial) trained and validated on sex-biased ISIC datasets (M100, F5M95,
F25M75, F50M50, F75M25, F95M5 and F100) and evaluated on the curated PAD-UFES-20 dataset.

The moderate predictive power of the age head (0.319 ≤
ρ ≤ 0.517) suggests it may not strongly influence bias
mitigation. As shown in Figure 8, performance disparities

remain evident across all training distributions. While the
OLDER dataset shows smaller subgroup gaps than the
YOUNGER and BALANCED cases, we cannot definitively
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Figure 12: Sex-stratified model evaluation showing AUC performance across male and female categories for three model
architectures (base, reinforcing, and adversarial) trained and validated on sex-biased ISIC datasets (M100, F5M95,
F25M75, F50M50, F75M25, F95M5 and F100) and evaluated on the curated DERM7PT dataset.

attribute this to successful bias mitigation. Instead, it
appears to result from the model exploiting age-related
shortcuts. This is supported by the strong correlation for
the youngest cohort (A1, ρ = 0.710) under older-skewed
training, suggesting the model may rely on age-specific
cues.

A plausible explanation for the trend of increasing over-
all correlation from the youngest cohort to the oldest cohort
is that the model trained on a cohort dominated by older
patients learns a more reliable mapping from image char-
acteristics to chronological age because aging skin shows
more significant structural alterations, such as wrinkles, skin
texture degradation, increased density of pigmentary spots,
and larger pigmentary spots (Flament et al. (2019)).

Based on Pearson correlation and MAE analyses, the
auxiliary age-prediction head functions as a demographi-
cally sensitive regressor that performs optimally when age
distributions are balanced and match the training data.
Fairness-focused pipelines should therefore employ balanced
age sampling or explicit re-weighting and augmentation to
mitigate systematic bias. This is particularly evident in the
MAE analysis, which shows substantially higher errors for
underrepresented age groups.

Several factors likely contribute to the observed age-
related performance differences. Natural changes in skin
characteristics with age can influence lesion classification.
Even with balanced sampling, intrinsic skin conditions may
differ between age groups, potentially affecting model per-
formance.

Within the youngest age group (A1), malignant cases

show a concentration toward the end of the age range,
close to the upper boundary of the group. This contrasts
with benign lesions, which are well-represented throughout
the group, including at the beginning. This internal skew
results in an unequal distribution within the category: an
overrepresentation of benign samples at the beginning of the
group and malignant samples at the end. Such a subgroup
distribution can influence model training and complicate the
interpretation of the corresponding test results. While we
maintained class balance across age distributions through
our LP constraints, we recognise that the natural prevalence
of malignancy varies by age in clinical practice.

The consistent decline in performance for older age
categories initially suggests a need for more balanced age
representation in training data. However, since this pattern
persists even with balanced training sets, it indicates that
factors beyond mere data distribution, such as intrinsic
biological or physiological differences, are driving these
performance gaps.

The discretisation of continuous variables such as age
presents methodological challenges, given that age is inher-
ently continuous. While categorical variables like patient sex
have natural groupings, age categorisation necessitates arbi-
trary cut-off points that may not correspond to biologically
or clinically meaningful boundaries.

Adversarial learning is designed to reduce reliance on
confounding features by training a discriminator to predict
protected attributes, while updating the main model to min-
imise the discriminator’s prediction. However, our results
show that this approach succeeded only in certain data com-
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positions, failing to mitigate bias in other scenarios. This
discrepancy suggests that shortcut learning (the reliance
on superficial correlations rather than clinically relevant
features) remains a significant concern. For instance, body
hair patterns, which dermatologists have noted can sig-
nificantly interfere with dermatoscopic examinations (Fink
et al. (2020)), could be unintentionally used by the model
as a proxy for sex or age classification, potentially affecting
performance differences between male and female patients.
Similarly, confounding factors such as skin colour and image
artefacts may influence classification performance across de-
mographic subgroups. Future research should systematically
investigate these factors to determine whether adversarial
learning can be adapted to address them more robustly
across all demographic compositions. Furthermore, we will
examine the bias mechanisms by analysing the auxiliary
head’s behaviour in the adversarial setting.

We demonstrate that skewed distributions in training
data cause performance disparities across sex and age
groups. Consequently, when using a dataset with a certain
level of skewness, one possible mitigation strategy is to
rebalance the data through augmentation. However, in
many practical scenarios, acquiring additional instances is
often infeasible in the short term. Under such constraints,
introducing synthetically generated images may provide an
alternative way to restore balance (Stanley et al. (2024),
Kebaili et al. (2023)). Nonetheless, it remains crucial to
understand the root sources of bias, such as demographic
representation, acquisition protocols, or annotation prac-
tices, so these factors can be explicitly considered during
the synthesis process.

Cross-dataset validation and future directions In our
cross-dataset validation, we observed performance patterns
by demographics: younger age groups generally performed
better but showed a notable decline in performance during
external validation. In the external validation of models
trained on varying female-to-male ratios, we observed im-
proved performance for female patients.

External-validation performance may be affected by
numerous factors, including differences in training data,
imaging equipment (such as smartphones versus dermo-
scopes), population demographics, and image-collection
protocols. The PAD-UFES-20 set comprises digital camera
photographs that differ markedly from the dermoscopic
images used for training. Because we evaluated the models
without any fine-tuning, we observed a sharp drop in accu-
racy for the PAD-UFES-20 set. We assume that the lack
of adaptation contributed to this decline, although other
factors may also play a role. Previous research has pro-
vided valuable information in this area. DERM7PT showed
lower AUC than internal validation but outperformed PAD-
UFES-20, with smaller male/female performance gaps than

ISIC-based experiments. This likely reflects modality consis-
tency (dermoscopic-to-dermoscopic transfer reduces domain
shift) and potentially less salient sex-related visual cues in
DERM7PT images compared to ISIC.

Previous research has provided valuable information in
this area. Bevan and Atapour-Abarghouei demonstrated
improved generalisation through “unlearning” spurious varia-
tions in skin lesion imaging instruments (Bevan and Atapour-
Abarghouei (2023)). Daneshjou and colleagues empha-
sised the need to address skin tone bias in dermatology
AI systems before deploying them to diverse populations
(Daneshjou et al. (2022)). These studies confirm that
performance decline results from differences in image ac-
quisition methods and varying population characteristics
between datasets. Additional research is needed to inves-
tigate cross-dataset performance across different imaging
modalities, such as comparing model robustness between
dermoscopic, smartphone, and conventional digital camera
images. We recommend that future studies separate modal-
ity effects from demographic bias. One way is to assemble
paired datasets where the same lesions are photographed
with dermoscopes, smartphones, and regular digital cam-
eras. These “multi-view” benchmarks would let us measure
performance loss caused by modality changes while keeping
lesion identity and patient demographics constant.

Concluding remarks In conclusion, our experiments show
that imbalanced training data mainly cause sex-related per-
formance differences in skin-lesion classification. Conversely,
age-related performance gaps remain even when the training
set is balanced.

Our findings highlight the importance of understanding
two key aspects when designing and implementing AI in
medical imaging: explicit factors (such as imaging proto-
cols, patient demographic data, data set distributions, and
sampling methods) and implicit factors (such as geographic
differences, biological variations, and demographic imbal-
ances). Specifically, our research concludes that even with
balanced training sets, performance disparities between de-
mographic groups persisted, indicating that the relationship
between these factors is complex. Previous studies have
shown that bias in medical imaging arises from multiple
interconnected factors (Zong et al. (2023)). Disentangling
how these factors reinforce or oppose each other, as well as
their impact on the performance of medical image applica-
tions, remains a challenging area for further research.

We hope that the methodologies and insights developed
through our research can serve as building blocks to create
more sophisticated and equitable healthcare AI systems that
better serve diverse patient populations.
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Appendix A. Sex distribution LP model

A.1 Decision variables
x1: # malignant instances
x2: # benign instances
x3: # male patients (M) with malignant lesions
x4: # female patients (F) with malignant lesions
x5: # benign M
x6: # benign F
x7: # malignant lesions of M (age < 60)
x8: # malignant lesions of M (age ≥ 60)
x9: # malignant lesions of F (age < 60)

x10: # malignant lesions of F (age ≥ 60)
x11: # benign M (age < 60)
x12: # benign M (age ≥ 60)
x13: # benign F (age < 60)
x14: # benign F (age ≥ 60)

A.2 Constraints

x1 − x2 = 0 (1)
rx4 − x3 = 0 (2)
sx8 − x7 = 0 (3)
tx10 − x9 = 0 (4)
x1 − x3 − x4 = 0 (5)
x3 − x7 − x8 = 0 (6)
x4 − x9 − x10 = 0 (7)
ux12 − x11 = 0 (8)
vx14 − x13 = 0 (9)
x2 − x5 − x6 = 0 (10)
x6 − x13 − x14 = 0 (11)
x5 − x11 − x12 = 0 (12)
wx6 − x5 = 0 (13)

Eq. 1: # of malignant records equals # benign records.

Eq. 2: Ratio r of malignant male (M) to female patients (F).

Eq. 3: Ratio s of malignant M (age < 60) to M (age ≥ 60).

Eq. 4: Ratio t of malignant F (age < 60) to F (age ≥ 60).

Eq. 5: # of malignant lesions equals sum of malignant M and F.

Eq. 6: # M with malignant lesions is equal to that of all ages.

Eq. 7: # F with malignant lesions is equal to that of all ages.

Eq. 8: Ratio u of benign M (age < 60) to M (age ≥ 60).

Eq. 9: Ratio v of benign F (age < 60) to F (age ≥ 60).

Eq. 10: # benign lesions equals sum of benign M and F.

Eq. 11: # F with benign lesions is equal to # all ages.

Eq. 12: # M with benign lesions is equal to # all ages.

Eq. 13: Ratio w of benign M to F.

Appendix B. Age distribution LP model

B.1 Decision variables
The age brackets are defined as follows, where a represents the
patient’s age in years.
x1:# 0 ≤ a ≤ 50(A1) instances
x2:# 51 ≤ a ≤ 60(A2) instances
x3:# 61 ≤ a ≤ 70(A3) instances
x4:# 71 ≤ a ≤ 80(A4) instances
x5:# a ≥ 81(A5) instances

B.2 Objective function
Find a vector x (decision variables)
that maximises f = x1 (objective function)
subject to ai1x1 + ai2x2 + · · · + ai5x5 ≤ bi (constraints)

for i = 1, . . . , 5
and xj ≥ 0 (non-negativity constraints)

for j = 1, . . . , 5

B.3 Constraints

(100 − p1)x1 − p1x2 − p1x3 − p1x4 − p1x5 = 0 (1)
− p2x1 + (100 − p2)x2 − p2x3 − p2x4 − p2x5 = 0 (2)
− p3x1 − p3x2 + (100 − p3)x3 − p3x4 − p3x5 = 0 (3)
− p4x1 − p4x2 − p4x3 + (100 − p4)x4 − p4x5 = 0 (4)
− p5x1 − p5x2 − p5x3 − p5x4 + (100 − p5)x5 = 0 (5)

Eq. 1 : Distribution for first category with percentage p1.

Eq. 2 : Distribution for second category with percentage p2.

Eq. 3 : Distribution for third category with percentage p3.

Eq. 4 : Distribution for fourth category with percentage p4.

Eq. 5 : Distribution for fifth category with percentage p5.

Appendix C. PAD-UFES-20 demographics

Table 8: Age distribution (A1 − A5) of skin lesions across
sex and diagnosis in the curated PAD-UFES-20 dataset,
showing the breakdown between male and female patients.
The age brackets are defined as follows, where a repre-
sents the patient’s age in years: A1 = 0 ≤ a ≤ 50, A2 =
51 ≤ a ≤ 60, A3 = 61 ≤ a ≤ 70, A4 = 71 ≤ a ≤ 80, and
A5 = a ≥ 81.

Category Female Female Male Male
benign malignant benign malignant

A1 34 52 28 56
A2 52 110 36 98
A3 31 88 45 119
A4 59 88 22 114
A5 22 63 17 45
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