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Abstract

Skin cancer is a prevalent and potentially life-threatening condition, where early and ac-
curate detection is crucial for effective treatment. Traditional diagnosis, based on visual
assessment, faces challenges due to inter-class variability and the similarity between be-
nign and malignant lesions. Although automated diagnostic systems are gaining attention,
few offer comprehensive evaluations. This study addresses this gap by systematically as-
sessing such systems and reporting extensive performance metrics.

This study contributes to both artificial intelligence and dermatological image analy-
sis by introducing an automated system for multi-class skin lesion classification. The sys-
tem was evaluated under various configurations, including original and artifact-inpainted
images. Three approaches were employed: deep learning, radiomics-based and hybrid.
Additionally, to enhance the interpretability, the system generates segmentation masks
and attribution maps.

Models were evaluated using five-fold cross-validation on the International Skin Imag-
ing Collaboration (ISIC) 2018 Challenge Task 3 training dataset, with final performance
assessed on the official test set. The best-performing model achieved a micro accuracy
of 79.76±0.73, macro F1-score of 73.62±1.38, precision of 74.80±0.84, and recall of
73.93±2.19, surpassing comparable methods reported in the literature.

The contribution to the research community is the release of a novel set of 57630
binary artifact labels for the ISIC-2018 Task 3 dataset, enabling research on the impact
of visual artifacts such as hair, rulers, and interface fluids. This contribution is supported
by statistical analysis and attribution map assessment, revealing significant differences
in artifact occurrence across lesion classes and highlighting the utility of these labels in
identifying and mitigating bias in skin lesion classification.
Keywords: radiomics, skin lesion classification, medical data analysis, explainable arti-
ficial intelligence, multi-modal data
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1 Introduction

Skin cancers are recognized as one of the most
prevalent cancers worldwide, ranking fifth among
all types of cancer [1]. They constitute a broad
and variable group of cancers developing from skin
cells containing dark pigment melanin (malignant
melanoma) or cells without it (e.g. basal cell carci-
noma, etc.). Despite varying prognoses and risks of
metastasis, all types can significantly affect phys-
ical and mental well-being. Risk factors for devel-
oping skin cancers include increased exposure to ul-
traviolet radiation or sunlight, ozone depletion, in-
creased participation in outdoor activities, genetic
predisposition and immunosuppression [2]. Preven-
tive measures, such as sun protection and regular
skin checks, are vital in reducing the risk of devel-
oping skin cancer.

Early detection is critical for effective treatment
and improved health outcomes. The rising inci-
dence of skin cancers [3] poses significant health
challenges, affecting people of various demograph-
ics. An effective way to diagnose skin cancer is
through dermatoscopy, which commonly employs
such criteria as the ABCDE criteria [4], the 7-point
checklist or the Menzies method [5], and the CASH
(color, architecture, symmetry, and homogeneity)
algorithm [6] to discriminate malignant melanoma
from other types of skin cancers. Among these, the
ABCDE rule developed by Kopf, Friedman, and
Rigel (1985) is the most frequently employed in
the diagnosis of melanoma. The diagnostic final
score is derived from the assessment of four fea-
tures: asymmetry (A), border irregularity (B), color
variation (C), and differential structures (D). An ad-
ditional criterion, Evolution (E), is often included
to assess changes in the lesion over a few months.
Omission of these methods and dependence on the
naked-eye assessment carries a high risk of misdi-
agnosis or under-diagnosis of malignant melanoma
of the skin.

The results of recent studies indicate that arti-
ficial intelligence (AI) based systems can reach al-
most human-level performance in many tasks, in-
cluding medical data analysis for disease diagno-
sis. The widespread adoption of medical deci-
sion support systems for diagnosis, also known as
Computer-Aided Diagnosis (CADx), has the poten-
tial to assist clinicians in making a diagnosis. Ma-

chine learning (ML) and AI-based CADx systems
facilitate fast, accessible, even remote, objective,
and cost-effective support in diagnosing, e.g. for
screening purposes or as supplementary diagnos-
tic assistance. A family of AI methods naturally
predisposed to efficiently analyze large amounts of
medical data includes deep neural networks (DNN).

Despite significant achievements which DNN
have reached in many fields, DNN and accompany-
ing learning algorithms still have many challenges
to tackle. In the case of medical applications, the
most important factors are: limited amount of rep-
resentative and good-quality data, dataset artifacts,
class imbalance within the datasets, poor perfor-
mance evaluation for AI systems, lack of trans-
parency and interpretability in both, the design
phase and the decision-making afterwards.

The lack of standardized reporting and evalua-
tion protocols remains a significant challenge, lim-
iting the comparability of results and the general-
izability of models to real-world clinical applica-
tions. While prior studies have made significant
progress in skin lesion classification, most rely on
customized evaluation setups, lack explainability,
or omit broader image quality issues, such as ar-
tifacts, that may affect model reliability. Moreover,
many previous studies rely on a narrow set of per-
formance metrics, typically limited only to accu-
racy, overlooking broader aspects of model perfor-
mance.

This study revisits the issue by strictly adher-
ing to the official ISIC-2018 dataset splits, avoid-
ing any custom partitions to ensure fair and repro-
ducible benchmarking. The ISIC 2018 dataset is
a widely adopted and valuable benchmark for skin
lesion classification, offering a diverse range of le-
sion types, and real-world variability. The perfor-
mance of three distinct machine learning pipelines
is evaluated for the classification of skin lesions into
seven categories: actinic keratoses and intraepithe-
lial carcinoma (akiec), basal cell carcinoma (bcc),
benign keratosis-like lesions (bkl), dermatofibroma
(df ), melanoma (mel), melanocytic nevi (nv), and
vascular lesions (vasc), using dermoscopic images.

In recent years, there has been a notable in-
crease in the incorporation of radiomic analyses
into the domain of AI-driven medical diagnostics.
Radiomic features, defined as quantitative descrip-
tors extracted from medical images, capture tex-
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ture, shape, and intensity patterns. These features
offer a rich source of complementary information,
thus their utilization in medical image classifica-
tion tasks has been increasingly recognized by ex-
perts as a powerful approach to enhance model in-
terpretability and diagnostic accuracy. Motivated
by this, the study presents a deep learning pipeline
(DLP), a radiomic-based pipeline (RBP) that incor-
porates an automatic segmentation model, and a hy-
brid one (HP) which combines the strengths of the
two previous approaches. The DLP uses convolu-
tional neural networks (CNNs) to identify features
from dermoscopic images, whereas the radiomics-
based approach extracts detailed, clinically inter-
pretable features from automatically segmented le-
sions. The HP enables joint information flow be-
tween modalities via feature-level integration and
shared training objectives. This design allows the
model to exploit both textural detail and global
context, offering improved diagnostic performance.
The system was designed assuming clinicians could
use it as a decision-support tool. Therefore, one of
the main objectives was to ensure that the end user
could interpret the system. In this regard, the sys-
tem prediction is accompanied by lesion segmenta-
tion and visual explanations of the predictions ade-
quate to the model.

Our study contributes significantly in the form
of new labels for the ISIC-2018 Task 3 dataset, both
for training – HAM10000 (Human Against Ma-
chine with 10,000 Training Images) – and dedicated
test dataset for this challenge [7, 8]. This involved
identifying and flagging any artifact present in the
image data. Afterwards, quantitative and qualita-
tive analyses were conducted to assess the poten-
tial impact of these artifacts on the results. To
address class imbalance, a stratified 5-fold cross-
validation (CV) was used to ensure a reliable model
performance assessment. The proposed classifica-
tion and segmentation pipelines were trained on
the HAM10000 dataset and evaluated on the ded-
icated ISIC-2018 test sets. The dual focus on seg-
mentation and classification also aligns with practi-
cal medical workflows, enhancing the study’s rele-
vance.

The findings demonstrate that both the hybrid
and deep learning pipelines achieved the state-of-
the-art performance, outperforming similar meth-
ods reported in the literature. Furthermore, the

proposed skin cancer diagnosis system performs
strongly on an independent dataset, indicating high
generalizability. By integrating into the diagno-
sis pipelines, one of the most efficient methods
of eXplainable Artificial Intelligence (XAI), the
Integrated Gradients (IG) [9], into the diagnosis
pipelines, the system oYers interpretable predic-
tions, highlighting the importance of both visual
and radiomic features, along with segmentation
masks.

The principal contribution of this paper can be
expressed as follows:

– proposition and in-depth analysis of radiomic-
based, deep learning-based, and hybrid multi-
modal approaches to multi-class skin lesion
classification,

– publication of a novel set of binary artifact labels
for ISIC-2018 Task 3 Challenge datasets (57 630
new label entries),

– publication of segmentation masks for ISIC-
2018 Task 3 test dataset,

– presentation of a comprehensive set of perfor-
mance metrics,

– quantitative statistical analysis of the datasets for
the occurrence of artifacts such as hair, ruler
marks, interface fluid, vignettes, and other, and
qualitative impact assessment on the model pre-
dictions supported by explainability techniques.

Together, these contributions address a key gap
in the literature: the lack of standardized, in-
terpretable, and artifact-aware evaluation of skin
lesion classification models, grounded in official
benchmarking protocols.

The structure of the paper is as follows: Sec-
tion 2 provides a brief description of the related
works. Section 3 covers the methodology employed
in developing and validating the proposed system,
including a detailed description of the datasets,
implemented pipelines, model interpretability, and
dataset analysis. Section 4 presents the results
of the experiments, including quantitative perfor-
mance metrics, and the results of the quantitative
and qualitative analyses. Section 5 discusses the
implications of the findings. Finally, Section 6 sum-
marizes the paper, provides recommendations, and
identifies directions for future research.
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2 Related Work

In previous studies, the potential of machine
learning and deep learning approaches has been
demonstrated in the context of skin lesion diag-
nosis [10, 11, 12]. The study by [13] proposed
two multi-class skin lesion classification methods:
one based on a single custom-built Convolutional
Neural Network and the other based on a com-
bination of several CNNs in a one-versus-all sce-
nario. The HAM10000 dataset was utilized and par-
titioned into training, validation, and test sets with
a split ratio of 75/5/20. The authors claim that their
system achieved an accuracy of 77% when using
the CNN alone, which improved to 92.9% with the
one-versus-all approach.

The authors in [14] further explored the fine-
tuning of several CNN architectures and included
model ensembling to enhance the performance. The
HAM10000 dataset was split into training and val-
idation subsets with a 90/10 split ratio. Ultimately,
an accuracy of 93.20% was achieved for both in-
dividual models, ResNetXt101 and InceptionRes-
NetV2, while the ensemble of these models yielded
92.83% accurate predictions.

The work presented by [15] demonstrated the
use of the differential evolution algorithm DE-ANN
for training the artificial neural network. The
HAM10000 dataset was used, with 500 data sam-
ples separated for testing. Following image seg-
mentation, a range of geometrical and texture fea-
tures were extracted, including those derived from
the RGB color space, color-level co-occurrence ma-
trix, and local binary pattern. Using these fea-
tures, the DE-ANN approach achieved an accuracy
of 97.7% in the binary classification task.

In [16], the authors selected a subset of 700 im-
ages from the HAM10000 dataset, with 100 im-
ages per class, and split the data into training and
test sets with an 80/20 ratio. Due to the observed
imbalance in the data, which was identified as the
primary reason for the necessity of data selection,
the authors subsequently enlarged these sets us-
ing augmentations. Notably, the test data was also
augmented. Many machine learning methods were
applied, including Decision Tree, Random For-
est, Support Vector Machine, Logistic Regression,
Naive Bayes, K-Nearest Neighbour, and a custom
CNN. Even though their work yielded a test accu-

racy of 86.43%, the authors presented their train-
ing accuracy of 95.18% for comparison with other
works.

In [17], the authors conducted the analysis
of data splits for training and testing within the
HAM10000 dataset, using ratios of 70/30, 80/20
and 85/15. The incorporation of the Soft Atten-
tion blocks into several widely used deep neu-
ral networks, including VGG, ResNet, Inception
ResNetv2 and DenseNet architectures, was pro-
posed. The performance of these modified models
was compared to the baseline models – without the
Soft-Attention mechanism. The best results were
observed for the 85/15 split ratio, achieving an ac-
curacy of 93.4% with Inception ResNetv2 with Soft
Attention. Nevertheless, the methodology used to
obtain these results remains somewhat ambiguous,
as only the training and test sets were employed.
The models were trained with early stopping, yet it
remains unclear whether the stopping criteria were
based on the test set or the validation set was de-
rived through other means. This raises concerns
about the reliability of the reported performance.

Another approach presented by [18] involved
the use of machine learning with hand-crafted fea-
tures extracted according to the ABCD rule, which
has been proven to be helpful in skin cancer di-
agnosis. First, masks of skin lesions were ob-
tained through thresholding-based image segmenta-
tion. The HAM10000 and ISIC-2017 datasets were
used with a 70/30 split ratio for training and testing,
achieving an accuracy of 97.3%. However, there is
no clear indication of which dataset this result refers
to – whether it applies to the HAM10000 dataset,
the ISIC-2017 dataset, or a combination of both. In
addition, the authors mention that they manipulated
the training and test data to remove outliers and ir-
relevant data yet provide no justification for these
decisions. No information was provided on how the
datasets were merged or handled, which raises sig-
nificant concerns about the validity of the reported
results.

Notably, the authors in [19] utilized the ISIC
2016–2020 datasets, applying exclusion criteria to
eliminate duplicate entries, patients lacking demo-
graphic information, missing images, and other in-
consistencies. Ultimately, the curated ISIC-2018
dataset was designated as the test set, while the
remaining data constituted the training set. The
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methodology involved the integration of a deep
learning and radiomics-based approach, further en-
riched with patient metadata, to enhance skin lesion
analysis. The hybrid model demonstrated strong
performance across binary and multi-class classi-
fication tasks, achieving AUROC, sensitivity, and
specificity ranging from 93.9% to 99%.

In the study [20] the authors have claimed to
use the ISIC-2018 dataset, however, only the Task
3 training data part was taken (HAM10000 dataset),
followed by selection of three classes from a to-
tal of seven. A split into training and test sub-
sets with an 80/20 ratio was performed, followed
by a further training and validation split. The pro-
posed CNN ensemble aggregation method with a
directed acyclic graph yielded a balanced accu-
racy of 76.6%. It is challenging to draw a valid
comparison with other results due to how the sub-
set of data was selected from the prepared train-
ing and test sets. Similarly, the work in [21] em-
ploys only three classes from the ISIC-2018 Task
3 training data (HAM10000). The training, vali-
dation and test sets were split with a 70/10/20 ra-
tio. The authors proposed a framework that incor-
porates one multi-class CNN and six binary CNNs,
which were modeled as players in a game theory
context. EfficientNet-B5 was used as the backbone
for this framework, and two distinct player strate-
gies were implemented. The first strategy involved
clustering the predictions by confidence level (i.e.
confident, medium, or uncertain), while the sec-
ond strategy focused on making the final predic-
tion. The models’ output probabilities determined
the payoff. Their results showed an Area Under
the Receiver Operating Characteristic Curve rang-
ing from 0.93 to 0.97 for the three selected classes.
The balanced accuracy varied from 81% to 94%
across one multi-class task and six binary tasks, in-
cluding one-vs-one and one-vs-all comparisons.

Ensemble methods have also been extensively
explored for this type of task. For example, an
ensemble integrating the features from 15 deep
learning models achieved 80.3% balanced multi-
class accuracy on a subset of the ISIC-2018 Task
3 test set [22]. In turn, [23] have combined models
trained on different image sizes and image crops of
HAM10000, resulting in 90 models that achieved a
balanced accuracy of 86.2% on the ISIC-2018 Task
3 test set. While these approaches achieve excellent

performance metrics, their design often prioritizes
accuracy over transparency. The resulting complex-
ity of such ensemble systems poses a challenge in
gaining the trust of medical professionals in deci-
sion support systems, who may be concerned about
relying on poorly understood models. This high-
lights the importance of balancing performance and
interpretability in systems intended for medical ap-
plications.

Currently, different variations of the original
datasets are being used in the literature, which
makes it challenging to directly compare the per-
formance evaluations. Establishing consistent and
comparable evaluation criteria is critical to advanc-
ing research in this area and enabling valid com-
parisons between the various methodologies. How-
ever, few studies have chosen to conduct research
and report findings using the ISIC-2018 dataset in
line with its original intent. Nevertheless, some no-
table studies have adhered to the dataset’s intended
purpose.

For instance, [24] proposed a hierarchical clas-
sification framework for skin lesions with three dif-
ferent taxonomic structures. The first structure, the
two-level taxonomy, starts with identifying a lesion
as melanocytic or non-melanocytic, followed by a
differential diagnosis, and the three-level taxonomy
adds an intermediate step for non-melanocytic le-
sions, classifying them as benign or malignant be-
fore the final diagnosis. On the other hand, the in-
verted taxonomy begins with malignancy determi-
nation, then distinguishes the melanocytic status,
and ends with the differential diagnosis. A bal-
anced accuracy of 72.6% for three-level taxonomy
was achieved on the ISIC-2018 Task 3 test set with
DenseNet-161 as the image encoder.

Moreover, [25] used merged ISIC 2017-2020
datasets and simultaneously proposed a strategy for
removing duplicates to curate the dataset. The au-
thors fine-tuned commonly used pre-trained DNNs
and then tested them, among others, on the ISIC-
2018 Task 3 test set, achieving the highest balanced
accuracy of 62.1% with EfficientNet-B0.

Another study that utilized the training and test
sets of the ISIC-2018 Task 3 dataset was conducted
by [26]. First, the authors trained the ResNet-34
model using supervised learning, achieving an aver-
age accuracy of 77.8%. Moreover, the authors pro-
posed an extended version of the system developed
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through reinforcement learning. Their model was
based on a deep Q-learning algorithm and used the
multi-class probabilities previously learned by the
supervised model. The advantage of their approach
was due to the adaptation of the reward function in
the form of a reward table provided by dermatolo-
gist experts. It allowed them to value correct and
incorrect diagnoses depending on the class. For in-
stance, classifying melanoma resulted in a higher
reward and penalty for correct and incorrect cate-
gorizations compared to the classification of vascu-
lar lesions. The integration of RL into the system
significantly improved sensitivity, increasing from
61.4% to 79.5% for melanoma and from 79.6% to
87.1% for basal cell carcinoma. In addition, the av-
erage accuracy increased to 79.2%.

The reviewed studies exhibit high variability in
the data used, making direct comparison of results
challenging. For a comprehensive understanding
of the diversity of the data utilized and its train-
ing, validation, and test splits, refer to [25]. Ta-
ble 1 provides a summary of the review of related
work carried out for this study, which goes a lit-
tle beyond what is discussed in [25]. Although a
few of the studies allow valid comparisons to be
made, they often lack comprehensive reporting of
the full range of relevant measures. For instance,
metrics such as accuracy and balanced accuracy are
commonly reported. However, precision, recall,
F1-score or specificity are frequently omitted, and
when present, the aggregation method (e.g., macro
or weighted average) is rarely specified. Moreover,
the absence of class-wise performance metrics in
reporting further complicates the understanding of
the model’s behavior across all categories. This is
particularly important in unbalanced scenarios and
for ensuring medical practicality, as certain classes,
such as malignant melanoma, are of greater clinical
importance due to a much worse prognosis.

3 Materials and Methods

3.1 Materials

This study utilized the ISIC-2018 Challenge
Task 3 [27, 28] dataset, which comprises a ded-
icated training dataset referred to as HAM10000
[7, 8] and a dedicated test dataset used for exter-
nal evaluation. The HAM10000 dataset was uti-
lized to train both the classification and segmenta-

tion models, while the entirely held-out ISIC-2018
Task 3 test set was employed to evaluate classifi-
cation performance. Additionally, the ISIC-2018
Task 1 test set was exclusively used for evaluating
the segmentation model. It should be underlined
that segmentation masks had to be generated be-
forehand for radiomic feature extraction from the
ISIC-2018 Task 3 test set using a model developed
on the HAM10000 dataset.

The HAM10000 consists of 10015 dermoscopic
images labeled in seven classes, paired with binary
segmentation masks, while the ISIC-2018 Task 3
test set consists of 1511 consistently categorized
images without segmentation masks. This dataset
is widely recognized as a benchmark due to its
rich collection of dermoscopic images, each of size
450×600 px. It provides a diverse array of skin
lesions for classification, detection, and segmen-
tation tasks. There are seven categories of skin
lesions: actinic keratoses and intraepithelial car-
cinoma (akiec), basal cell carcinoma (bcc), be-
nign keratosis-like lesions (bkl), dermatofibroma
(df ), melanoma (mel), melanocytic nevi (nv), and
vascular lesions (vasc). The class counts in the
training and test sets are shown in Figure 1. It
can be seen that there is a significant class imbal-
ance, with the melanocytic nevi class being highly
prevalent while others are comparatively under-
represented. The aforementioned imbalance intro-
duces challenges for model training and requires a
comprehensive set of performance metrics to en-
sure reliable evaluation. Furthermore, the dataset
comprises a diverse and representative set of real-
world clinical cases from various medical institu-
tions and research centers as part of the ISIC initia-
tive. While this diversity is crucial for model relia-
bility and generalization, it also adds complexity to
the training process.

3.2 Methods

This section provides a description of the de-
velopment process of the end-to-end diagnostic
pipeline with interchangeable classifiers, compris-
ing the following: data preprocessing, lesion seg-
mentation, radiomic-based pipeline, deep learning-
based pipeline or hybrid pipeline for classification,
and post hoc model explanations. This framework
is designed to be deployable in real-world med-
ical applications, with each component contribut-
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Table 1. Summary of studies on skin lesion classification based on the ISIC-2018 datasets.

STUDY DATASETS
NO. OF

CLASSES
NO. OF

IMAGES DATA SPLIT

[13] HAM10000 7 10015 1-fold 75/5/20
[14] HAM10000 7 10015 1-fold 90/10
[15] HAM10000, PH2 2 10215 1-fold (1000 test samples)
[16] HAM10000 7 700 1-fold 80/20
[17] HAM10000 7 10015 70/30, 80/20, 85/15
[20] HAM10000 3 8917 3-fold, 80/20
[21] HAM10000 3 8917 1-fold 70/10/20
[22] ISIC-2018 + other 7 30324 1-fold 90/10
[24] ISIC-2018 7 10015 (1512) 5-fold (Dedicated Test)
[23] ISIC-2016–18 7 12927 (1512) 5-fold (Dedicated Test)
[25] ISIC-2017–20 7 9810 (1512) Dedicated
[26] ISIC-2018 7 10015 (1511) 20-fold (Dedicated Test)
[19] ISIC-2016–20 + other 8 43534 5-fold
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Figure 1. Class distributions in the ISIC-2018 Challenge Task 3 dataset.
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ing critically to accurate and interpretable diagnos-
tic outcomes. Additionally, this section provides a
detailed description of a novel dataset analysis, in-
cluding new labels identifying the presence of the
features beyond the primary focus of interest, such
as hair, ruler marks, interface fluid, and vignettes.

3.2.1 Data Preprocessing

Consistent image processing procedures were
maintained in segmentation and classification tasks
across DLP, RBP, and HP, including radiomics ex-
traction in RBP and HP. The preprocessing phase
included a number of sequential steps: a center
square crop from 450×600 px to 450×450 px, fol-
lowed by resizing to 224×224 px while preserving
the aspect ratio. Hair removal was implemented
using a simple thin contour morphological inpaint-
ing technique. The parameters used in the hair re-
moval algorithm were selected based on their com-
mon application in community-driven solutions for
ISIC datasets on Kaggle1. In practice, these param-
eters have been shown to effectively suppress hair
artifacts without noticeably distorting the lesion re-
gions. The images were then standardized with
ImageNet [29] statistics, aligning with the transfer
learning approach employed. Morphological oper-
ations were applied to the segmentation masks to
improve structural integrity by removing noise and
filling in empty areas within the lesions. Subse-
quently, a connected component analysis was per-
formed to retain only the largest lesion mask area,
which typically corresponds to the primary lesion.
Using masks prepared in such a way, training, vali-
dation and test set radiomic features were extracted
and then standardized feature-wise using the train-
ing fold statistics.

The augmentation pipeline included various
transformations such as flipping, cropping, rotat-
ing, color adjustments, affine transformations, and
perspective distortions to obtain diverse data rep-
resentations. Online augmentations, using contin-
uous transformations and combinations of discrete
ones, resulted in almost every sample being unique.
Note that the degree of similarity to the original
image remains very high. The test and validation
sets were preprocessed as described in this section
and excluded from the augmentation processes to
ensure their independence and unbiased nature in

the final model evaluation. Due to the significant
imbalance in the distribution of classes, the dataset
was divided into five equal-sized folds for CV us-
ing a class-stratified sampling in HAM10000 pro-
portions. In each iteration, one fold was held out
as the validation set, while the remaining four folds
were used for the training.

3.2.2 Lesion Segmentation

The model used for segmentation of lesions was
of great importance for incorporating radiomic fea-
tures into the classification of skin lesions within the
RBP and HP. To address this, a lesion segmentation
model was trained using the image-mask pairs from
the training HAM10000 dataset, thereby enabling
the generation of masks for the incomplete exter-
nal ISIC-2018 Task 3 test set. In this study three
distinct deep learning-based segmentation architec-
tures: U-Net [30], U-Net++ [31], and DeepLabV3+
[32] were trained and carefully evaluated. Each
architecture was equipped with an EfficientNet-B7
[33] as a backbone of the encoder and initialized
with the ImageNet [29] pre-trained weights. The ar-
chitecture that exhibited the optimum performance,
U-Net, as determined by validation loss, was there-
fore selected for further utilization in subsequent
downstream tasks.

3.2.3 Deep Learning Pipeline

The DLP pipeline (Figure 2) included the eval-
uation of four distinct CNN architectures to de-
termine the most effective one. The evaluated
backbones were: ResNet34 and ResNet50 [34],
DenseNet121 [35], and EfficientNet-B0 [33]. Each
model leveraged transfer learning by initializing
with ImageNet [29] pre-trained weights. The last
fully connected layer was replaced to align the mod-
els into a seven-class lesion classifier, and a soft-
max activation function was used to obtain the class
probabilities. Among several deep neural network
architectures evaluated during preliminary experi-
ments, the model achieving the best performance
on the validation set was selected for subsequent
analyses – EfficientNet-B0. As these exploratory
comparisons were not central to the study’s objec-
tives, detailed results are omitted. Once its head is
detached, the selected architecture will act as a fea-
ture extractor for the hybrid framework.

1https://www.kaggle.com/code/vatsalparsaniya/melanoma-hair-remove
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the training HAM10000 dataset, thereby enabling
the generation of masks for the incomplete exter-
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[32] were trained and carefully evaluated. Each
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[33] as a backbone of the encoder and initialized
with the ImageNet [29] pre-trained weights. The ar-
chitecture that exhibited the optimum performance,
U-Net, as determined by validation loss, was there-
fore selected for further utilization in subsequent
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The DLP pipeline (Figure 2) included the eval-
uation of four distinct CNN architectures to de-
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model leveraged transfer learning by initializing
with ImageNet [29] pre-trained weights. The last
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To get insight into the model’s underlying
decision-making process, the local axiomatic vi-
sual explanation method, Integrated Gradients (IG)
[9], was employed to provide fine-grained attribu-
tion maps. Various baselines were evaluated for In-
tegrated Gradients, including zero image baseline,
uniform image, and blurred image. Among these,
the uniform image baseline was the most appropri-
ate, as it provides an universally effective contrast
for darker and lighter image regions, such as hair or
ruler marks. The Grad-CAM method [36] was also
analyzed; however, its visualizations were overly
coarse, as the lesions often spanned nearly the en-
tire image, resulting in a limited ability to provide
precise heat maps facilitating the identification of
image regions that are most important for the pre-
diction.

3.2.4 Radiomic-based Pipeline

The RBP pipeline (Figure 2) incorporates the
segmentation model selected from the earlier eval-
uation of the three architectures (Section 3.2.2).
Before feature extraction, the images were prepro-
cessed as described in Section 3.2.1. Subsequently,
the images and their associated masks were utilized
to compute the radiomic features. Radiomics are
quantitative descriptors extracted from medical im-
ages that capture, among others, the texture, shape,
intensity, and spatial distribution of the pixel val-
ues within the region of interest [37]. It should
be emphasized that the radiomic feature extraction
process was performed following the standards set
forth by the Image Biomarker Standardisation Ini-
tiative (IBSI) [38].

In contrast to conventional approaches that ex-
tract radiomic features exclusively from grayscale
representations, our study explores radiomic analy-
sis on both grayscale and RGB image channels to
leverage complementary texture and color informa-
tion. A total of 102 radiomic features per channel
were extracted exclusively from the original images
only, i.e. no filters were applied. Selected fea-
ture classes included: First Order statistics, Shape
2D, GLCM (Gray Level Co-occurrence Matrix),
GLDM (Gray Level Dependence Matrix), GLRLM
(Gray Level Run Length Matrix), GLSZM (Gray
Level Size Zone Matrix), and NGTDM (Neighbour-
ing Gray Tone Difference Matrix). In total, 408 ra-
diomic features were extracted for each lesion.

Thereafter, two deep models were trained and
evaluated, including custom DNN (CDNN) and tab-
ular DNN (TDNN) employing TabNet architecture
[39]. TabNet is described by its developers as
specifically designed to process raw tabular data. It
incorporates a feature selection and attention mech-
anism by design to automatically identify important
features while offering local and global explain-
ability. This integrated approach offers the conve-
nience of eliminating the need for supporting meth-
ods, such as Lasso [40] for feature selection and
SHAP [41] for explanation, and thus streamlining
the model development process. Furthermore, Tab-
Net model processes the features in a hierarchical
manner through multiple decision steps, where a
new subset of features is selected at each step, and
partial decisions are made. The model aggregates
these partial decisions to produce the final classifi-
cation. This hierarchical approach allows the model
to capture high-level patterns (e.g. overall lesion
shape) and finer-grained details (e.g. texture vari-
ations). Consequently, the model can adapt to the
intricacies of the data which makes it well suited to
the heterogeneous nature of skin lesions.

On the other hand, CDNN is a compact deep
neural network, which applies batch normaliza-
tion to the input features, followed by fully con-
nected hidden layers with ReLU activation func-
tions. A dropout layer is incorporated for regular-
ization, and the final classification is performed us-
ing a fully connected layer mapping to the seven
lesion classes. The custom RBP used CDNN and
a more standardized approach to feature selection.
This process included eliminating duplicate fea-
tures, as certain features exhibited identical values
across the RGB channels and the grayscale image.
Subsequently, the reduction in dimensionality was
further refined by applying 5-fold CV Lasso regres-
sion, which incorporates L1 regularization to pro-
mote sparsity in the feature set. To maintain con-
sistency with the previous DLP, visual explanations
were generated using IG.

3.2.5 Hybrid Pipeline

The HP (Figure 2) integrates the deep learn-
ing architecture of the best-performing CNN model
from the DLP with radiomic pipelines, employing
both the TDNN and the CDNN. In both cases, late
feature fusion was performed by the feature vec-
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tor concatenation, thus leveraging the complemen-
tary strengths of both deep learning and radiomic
features. In this pipeline, TabNet provides the sig-
nificance score for the combined features. In the
case of custom architecture, IG simultaneously pro-
vides an attribution maps from the image input and
provides the importance scores of the radiomic fea-
tures. In this comprehensive framework, along with
the prediction and explanations, a segmentation of
lesions is provided.

3.2.6 Performance Evaluation

The performance of the segmentation and clas-
sification models was evaluated using a set of met-
rics: accuracy (1), precision (2), recall (3), F1-score
(4), area under the receiver operating characteristic
curve (AUC-ROC), Dice coefficient (5), and inter-
section over union (6). The definitions of these met-
rics are:

Accuracy =
T P+T N

T P+T N +FP+FN
, (1)

Precision =
T P

T P+FP
, (2)

Recall =
T P

T P+FN
, (3)

F1-score = 2 · Precision ·Recall
Precision+Recall

, (4)

Dice score =
2 ·T P

2 ·T P+FP+FN
, (5)

IoU =
T P

T P+FP+FN
, (6)

where T P denotes true positives, T N true negatives, FP
false positives and FN false negatives.

Class-wise metrics, along with aggregated mi-
cro, macro and weighted averages, were reported to
provide a comprehensive evaluation of the model’s
performance. For the ROC AUC, the metrics were
aggregated in the one-vs.-rest strategy. The class-
wise metrics enable a detailed assessment of the
model’s accuracy in identifying each specific skin
lesion class. The micro-average aggregates the per-
formance across all classes, treating each instance
equally, whereas the macro-average is the mean of
the metrics across all classes, treating each class
equally regardless of its frequency. The weighted

average accounts for the class distribution, provid-
ing a balanced measure that reflects the relative im-
portance of each class in the dataset.

The metrics reported are presented in the form
of MEAN (SD), computed across five indepen-
dently trained models obtained via 5-fold CV, each
evaluated separately on the fixed ISIC-2018 test set.
All metrics are normalized to the range of 0–100 to
ensure consistency in the representation. Balanced
accuracy was excluded from the tables, as it is iden-
tical in value to the weighted recall metric, differing
only in terminology. This approach limits redun-
dancy and still allows comparison of results with
other studies.

3.2.7 Model Interpretability

In the development of the proposed skin lesion
diagnosis support system, a principal objective was
to guarantee the system’s interpretability for the
end users. The system incorporates a segmentation
neural network that generates binary lesion masks,
thereby facilitating clear delineation of lesions for
subsequent analysis by experts.

Furthermore, the system provides predictions
accompanied by the IG. This choice ensures that
the attribution maps remain sufficiently fine-grained
to visually inspect the contribution of artifacts (like
hair or ruler marks). In our previous benchmark-
ing, no single XAI method consistently dominated
across metrics such as Faithfulness, Sensitivity,
Localization, Complexity, and Randomness [42],
which measure different aspects of attribution qual-
ity. Based on these results and our knowledge of
the methods, we selected Integrated Gradients, as
it allows us to verify whether the model focuses on
artifacts rather than the lesion regions, which is crit-
ical.

Moreover, an optimal feature selection mecha-
nism is employed to enhance transparency, which
strategically simplifies the analysis of feature im-
portance without overwhelming the end user. The
system employs radiomic features, offering a well-
established medical solution for providing insights
into lesion characteristics. Radiomic feature im-
portance can be assessed using two combined ap-
proaches: the inherent attention mechanism within
TDNN based RBP and HP, and the IG algorithm
in the CDNN based RBP and HP. This comprehen-
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sive strategy is designed to improve the system’s
trustworthiness and users’ understanding of clinical
decision-making procedures, thereby enhancing the
system’s usability in real-world clinical settings.

3.2.8 Data Investigation

All three pipelines were analyzed separately
with and without a hair removal procedure. Unex-
pectedly, hair removal led to poorer results. There-
fore, it was decided to analyze the data more deeply,
particularly in terms of the occurrence of various
types of artifacts. In this regard, binary labels were
prepared for the entire ISIC-2018 Task 3 training
(HAM10000) and test datasets for five categories.
Prior to the dataset labeling, a consensus on the def-
inition of artifacts was established and agreed upon.
This consensus allowed for a standardized labeling
approach that focused on the features easily recog-
nizable, even by non-medical specialists, as hair,
ruler marks, interaction fluid, and vignettes. An ag-
gregate category, termed ”other”, was designated to
include various non-skin background elements (as
in-ear or arm images), color markings, unusual vi-
gnettes, and other anomalous features that did not fit
into the predefined categories (examples are shown
in Appendix Figure D.1). This category also in-
cluded ruler marks with text and other atypical or
irregular visual artifacts that could be disruptive.

Subsequently, a statistical analysis was per-
formed to determine whether the occurrence of
these factors differed between the semantic classes
of skin lesions. The Chi-squared test for indepen-
dence was used, followed by post-hoc test with
Bonferroni correction to account for multiple com-
parisons. P-value less than .05 was considered to be
statistically significant. In addition, the Cramér’s
V effect size was calculated to assess the strength
of the association, with values classified as weak
(≤ 0.2), moderate (0.2 < and ≤ 0.6), or strong
(> 0.6).

Changes in predictions were analyzed for a
model trained on data with and without the hair
removal algorithm applied. Additionally, predic-
tion entropy was examined using Shannon’s en-
tropy [43] as a quantitative indicator to measure the
uncertainty in the model predictions.

Further analysis was conducted using pixel at-
tribution methods to extract the attention maps,

which were employed to identify and visualize the
regions of interest within the skin lesions. These
maps allowed for a more detailed understanding of
the model’s decision-making process and helped to
determine whether the presence of artifacts influ-
enced the model’s ability to classify the lesions cor-
rectly. The analysis aimed to assess potential bias
introduced by these artifacts, as their presence could
disproportionately affect the model’s performance
and lead to skewed predictions, particularly in cases
where the artifacts were more prevalent in specific
semantic classes of skin lesions.

3.3 Implementation Details

3.3.1 Lesion Segmentation Models

EfficientNet-B7, pre-trained on ImageNet,
served as the encoder backbone for the segmen-
tation models. The training was conducted with
a batch size of 8, for a maximum of 100 epochs,
ADAM as optimizer, an initial learning rate of
1× 10−3, first and second moment decay rates of
0.9 and 0.999, respectively, and early stopping with
a patience of 10 epochs. Dice loss was employed as
the optimization objective to enhance segmentation
performance.

3.3.2 Custom Lesion Classification

For RBP and HP, after removing duplicate ra-
diomic features, the features were standardized and
a nested CV strategy was employed inside the train-
ing fold, utilizing Lasso regularization with a max-
imum iteration count of 1 × 104 and a tolerance
threshold of 1× 10−3 to further reduce dimension-
ality. During the training phase, online augmenta-
tions were applied to the images for both DLP and
HP. Stochastic gradient descent (SGD) with a learn-
ing rate of 1× 10−3 was used for model optimiza-
tion, and the weight decay was set to 1× 10−3 to
regularize the model. The batch size was set to 32
and a weighted random sampler with class weights
inversely proportional to class frequency was im-
plemented for RBP, DLP, and HP to address class
imbalances. All pipelines were trained end-to-end
for up to 1000 epochs, with early stopping triggered
after 50 epochs without improvement in the valida-
tion loss. Categorical cross-entropy was used as the
objective function.
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sive strategy is designed to improve the system’s
trustworthiness and users’ understanding of clinical
decision-making procedures, thereby enhancing the
system’s usability in real-world clinical settings.

3.2.8 Data Investigation

All three pipelines were analyzed separately
with and without a hair removal procedure. Unex-
pectedly, hair removal led to poorer results. There-
fore, it was decided to analyze the data more deeply,
particularly in terms of the occurrence of various
types of artifacts. In this regard, binary labels were
prepared for the entire ISIC-2018 Task 3 training
(HAM10000) and test datasets for five categories.
Prior to the dataset labeling, a consensus on the def-
inition of artifacts was established and agreed upon.
This consensus allowed for a standardized labeling
approach that focused on the features easily recog-
nizable, even by non-medical specialists, as hair,
ruler marks, interaction fluid, and vignettes. An ag-
gregate category, termed ”other”, was designated to
include various non-skin background elements (as
in-ear or arm images), color markings, unusual vi-
gnettes, and other anomalous features that did not fit
into the predefined categories (examples are shown
in Appendix Figure D.1). This category also in-
cluded ruler marks with text and other atypical or
irregular visual artifacts that could be disruptive.

Subsequently, a statistical analysis was per-
formed to determine whether the occurrence of
these factors differed between the semantic classes
of skin lesions. The Chi-squared test for indepen-
dence was used, followed by post-hoc test with
Bonferroni correction to account for multiple com-
parisons. P-value less than .05 was considered to be
statistically significant. In addition, the Cramér’s
V effect size was calculated to assess the strength
of the association, with values classified as weak
(≤ 0.2), moderate (0.2 < and ≤ 0.6), or strong
(> 0.6).

Changes in predictions were analyzed for a
model trained on data with and without the hair
removal algorithm applied. Additionally, predic-
tion entropy was examined using Shannon’s en-
tropy [43] as a quantitative indicator to measure the
uncertainty in the model predictions.

Further analysis was conducted using pixel at-
tribution methods to extract the attention maps,

which were employed to identify and visualize the
regions of interest within the skin lesions. These
maps allowed for a more detailed understanding of
the model’s decision-making process and helped to
determine whether the presence of artifacts influ-
enced the model’s ability to classify the lesions cor-
rectly. The analysis aimed to assess potential bias
introduced by these artifacts, as their presence could
disproportionately affect the model’s performance
and lead to skewed predictions, particularly in cases
where the artifacts were more prevalent in specific
semantic classes of skin lesions.

3.3 Implementation Details

3.3.1 Lesion Segmentation Models

EfficientNet-B7, pre-trained on ImageNet,
served as the encoder backbone for the segmen-
tation models. The training was conducted with
a batch size of 8, for a maximum of 100 epochs,
ADAM as optimizer, an initial learning rate of
1× 10−3, first and second moment decay rates of
0.9 and 0.999, respectively, and early stopping with
a patience of 10 epochs. Dice loss was employed as
the optimization objective to enhance segmentation
performance.

3.3.2 Custom Lesion Classification

For RBP and HP, after removing duplicate ra-
diomic features, the features were standardized and
a nested CV strategy was employed inside the train-
ing fold, utilizing Lasso regularization with a max-
imum iteration count of 1 × 104 and a tolerance
threshold of 1× 10−3 to further reduce dimension-
ality. During the training phase, online augmenta-
tions were applied to the images for both DLP and
HP. Stochastic gradient descent (SGD) with a learn-
ing rate of 1× 10−3 was used for model optimiza-
tion, and the weight decay was set to 1× 10−3 to
regularize the model. The batch size was set to 32
and a weighted random sampler with class weights
inversely proportional to class frequency was im-
plemented for RBP, DLP, and HP to address class
imbalances. All pipelines were trained end-to-end
for up to 1000 epochs, with early stopping triggered
after 50 epochs without improvement in the valida-
tion loss. Categorical cross-entropy was used as the
objective function.
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3.3.3 Tabular Lesion Classification

The models were trained on balanced data
for each fold by applying an offline oversampling
method. The method used was SMOTETomek [44],
where SMOTE [45] generates synthetic samples for
under-represented classes, and Tomek links remove
noisy or overlapping majority class samples. In
HP, a two-stage approach was applied. Deep fea-
tures were pre-extracted using DLP and combined
with radiomic features to represent each patient.
This joint feature set underwent offline augmen-
tation with SMOTETomek to balance the dataset
prior to training.

The training was performed with a batch size of
4096, a maximum of 10000 epochs, ADAM as the
optimizer, first and second moment decay rates of
0.9 and 0.999, respectively, and early stopping after
100 epochs without improvement in validation loss.
The learning rate was reduced when the validation
loss plateaued to allow more effective convergence
during the training. Categorical cross-entropy loss
was used as the objective function.

In the tabular RBP and HP pipelines, the op-
timization of hyperparameters was performed us-
ing a three-fold CV. The optimized hyperparame-
ters comprised learning rate and the TabNet archi-
tectural configuration such as width of the decision
prediction layer, width of the attention embedding,
number of decision steps, as well as the sparsity reg-
ularization coefficient. The hyperparameter search
space was carefully designed based on prior empir-
ical findings and dedicated guidelines presented in
the original paper [39]. The number of trials con-
ducted for hyperparameter tuning was limited to
one hundred.

3.3.4 Model Interpretability

Model interpretability for custom RBP, DLP
and HP pipelines was achieved by applying the IG,
the method from the XAI family algorithms. A to-
tal of 200 integration steps were used, with a uni-
form baseline applied to the image data and a zero
baseline applied to the radiomic features. The uni-
form baseline was chosen for the image data be-
cause it facilitates the identification of attributions
not only to the lesion, but also to hair and ruler
marks, which are occasionally present in the images
as dark or light pixels. Only the positive-sign attri-

butions were visualized in image attribution maps
to highlight the regions contributing most signifi-
cantly to the model’s predictions. With regard to
the radiomic features, the zero baseline was selected
based on the fact that the features were normalized
using training data statistics to have a zero or near-
zero means in the test set as a result of differences
in data distributions. Based on their absolute val-
ues, the top 10 radiomic attributions were selected
for visualization. In case of tabular models, the at-
tention scores were used to rank the importance of
the features used in the model predictions.

3.3.5 Hardware and Software

The experiments were carried out on a work-
station comprising an Intel Core i9-14900K CPU
equipped with 32GB of RAM and an NVIDIA
RTX4090 GPU with 24GB of memory, running on
Ubuntu 22.04 distribution. The software was de-
veloped using Python version 3.10. The PyTorch
deep learning framework (v2.2.1) was employed
for model implementation, with GPU acceleration
provided by CUDA (v12.4). Hyperparameter tun-
ing was performed using the Optuna Optimization
Framework (v4.0.0). For model interpretability, the
Captum library (v0.6.0) was used. The statistical
analyses, including Chi-squared tests for indepen-
dence, were performed using the SciPy (v1.9.1)
stats module, and corrections for multiple com-
parisons were implemented using the Statsmodels
(v0.14.0) stats module. Radiomics were extracted
using the PyRadiomics library (v3.0.1). Random
seed initialization (seed=42) was applied consis-
tently to ensure the reproducibility of experiments.

4 Results

All the benchmark results reported in this study
were obtained using the official ISIC-2018 Chal-
lenge testing data.

4.1 Segmentation Performance

The segmentation performance of the proposed
system was assessed using external ISIC-2018 Task
1 test set, with the results summarized in Table 2.
Of the models evaluated, U-Net++ without hair re-
moval yielded slightly better segmentation perfor-
mance. All segmentation models delivered satis-
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factory results, showcasing their ability to reliably
produce precise lesion masks. Notably, the applica-
tion of the hair removal algorithm had only a min-
imal effect on the segmentation accuracy, indicat-
ing that the models are robust against common im-
age artifacts. Overall, these segmentation outcomes
confirm the effectiveness of the proposed approach
in accurately identifying skin lesions, thereby sup-
porting the subsequent classification tasks.

4.2 Classification Performance

The performance of the proposed approaches
was evaluated on the ISIC-2018 Task 3 test set.
The results of the evaluation are gathered in Table
3 (for AUC-ROC, see Appendix Table A.1). The
results were also benchmarked against other stud-
ies reported in the literature in order to demon-
strate their effectiveness in skin lesion classifica-
tion. The results reveal that the proposed models
achieve competitive performance across all evalu-
ated metrics, with improvements observed in clas-
sification accuracy and balanced accuracy (macro
recall) compared to the previous studies. Despite
the evident lower performance of the RBP com-
pared to DLP, both in the custom and tabular model,
the integration of radiomic and deep learning fea-
tures through multi-modal data fusion in HP im-
proved all classification metrics. Notably, the cus-
tom RBP performed better than the tabular RBP
in terms of performance. Although the tabular HP
sometimes shows better average performance com-
pared to other lesion types, it has higher variabil-
ity. This improvement underscores the complemen-
tary nature of the radiomic and deep features, with
the former providing handcrafted and more inter-
pretable features and the latter capturing complex
imaging patterns.

The summarized findings suggest that the ap-
plication of the hair removal algorithm led to a de-
crease in performance across all evaluated metrics.
Contrary to initial expectations, these results may
indicate the possibility of a biasing factor result-
ing from the presence of particular image artifacts
or the degradation of the image quality. Notably,
radiomic-based models exhibited the least sensitiv-
ity to the application of the hair removal algorithm.
This can be attributed to the fact that the radiomic
features were extracted solely from the segmented
lesion region, minimizing the likelihood of includ-

ing artifacts such as hair or interface fluid. In addi-
tion, the region of interest used for radiomic feature
extraction typically excludes areas containing ruler
marks and vignettes, as these artifacts are generally
located outside the lesion boundary. As a result,
their influence on the radiomic features is minimal
or negligible. These findings led us to manually la-
bel the dataset for the presence of hair and other task
specific artifacts, such as rulers, interface fluids, and
vignettes, and then perform quantitative and quali-
tative analyses.

The average results of class-wise metrics,
specifically precision, recall, F1-score, and AUC-
ROC, obtained from the 5-fold CV, are shown in
Appendix Tables A.2–A5. In general, the results
were considered satisfactory for each class, al-
though it was noted that there was a potential for
improvement in the mel and akiec classes.

4.3 Statistical Analysis

A review of the literature and the analysis of
the datasets revealed numerous arguments both for
and against hair removal from dermoscopic images,
often lacking clear statistical evidence. To address
this, a comprehensive analysis of the prevalence of
artifacts was undertaken to provide a clearer under-
standing of their impact and to support future re-
search in this area. The occurrence of the identified
artifacts on the images from the ISIC-2018 Task 3
training and test datasets is presented in Table 4 (see
Appendix Figure B.1 for visual comparison).

In the case of the training set (n=10015), be-
nign cases seem to be more frequently associated
with the presence of hair in the images, particularly
in nv (80.4%), df (73.9%) and vasc (69.0%), com-
pared to other classes, which exhibit hair in 60% of
cases. In contrast, benign cases, such as nv (10.9%)
or vasc (12.7%), were not typically associated with
ruler marks in the images, whereas the other seman-
tic classes, including malignant mel, bcc, and pre-
cancerous akiec had rulers in about 30% of cases.
In general, the interface fluid was the most common
in malignant cases such as mel (24.3%) and bcc
(19.6%). The presence of vignettes was also more
frequent in images of malignant lesions such as mel
(22.9%) and bcc (17.5%), however, vignettes were
also present in benign df (23.5%) images. Note-
worthy, in the training set, the majority class nv
(n=6705) exhibited the largest fraction of images
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factory results, showcasing their ability to reliably
produce precise lesion masks. Notably, the applica-
tion of the hair removal algorithm had only a min-
imal effect on the segmentation accuracy, indicat-
ing that the models are robust against common im-
age artifacts. Overall, these segmentation outcomes
confirm the effectiveness of the proposed approach
in accurately identifying skin lesions, thereby sup-
porting the subsequent classification tasks.

4.2 Classification Performance

The performance of the proposed approaches
was evaluated on the ISIC-2018 Task 3 test set.
The results of the evaluation are gathered in Table
3 (for AUC-ROC, see Appendix Table A.1). The
results were also benchmarked against other stud-
ies reported in the literature in order to demon-
strate their effectiveness in skin lesion classifica-
tion. The results reveal that the proposed models
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recall) compared to the previous studies. Despite
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in terms of performance. Although the tabular HP
sometimes shows better average performance com-
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ity. This improvement underscores the complemen-
tary nature of the radiomic and deep features, with
the former providing handcrafted and more inter-
pretable features and the latter capturing complex
imaging patterns.

The summarized findings suggest that the ap-
plication of the hair removal algorithm led to a de-
crease in performance across all evaluated metrics.
Contrary to initial expectations, these results may
indicate the possibility of a biasing factor result-
ing from the presence of particular image artifacts
or the degradation of the image quality. Notably,
radiomic-based models exhibited the least sensitiv-
ity to the application of the hair removal algorithm.
This can be attributed to the fact that the radiomic
features were extracted solely from the segmented
lesion region, minimizing the likelihood of includ-

ing artifacts such as hair or interface fluid. In addi-
tion, the region of interest used for radiomic feature
extraction typically excludes areas containing ruler
marks and vignettes, as these artifacts are generally
located outside the lesion boundary. As a result,
their influence on the radiomic features is minimal
or negligible. These findings led us to manually la-
bel the dataset for the presence of hair and other task
specific artifacts, such as rulers, interface fluids, and
vignettes, and then perform quantitative and quali-
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The average results of class-wise metrics,
specifically precision, recall, F1-score, and AUC-
ROC, obtained from the 5-fold CV, are shown in
Appendix Tables A.2–A5. In general, the results
were considered satisfactory for each class, al-
though it was noted that there was a potential for
improvement in the mel and akiec classes.

4.3 Statistical Analysis

A review of the literature and the analysis of
the datasets revealed numerous arguments both for
and against hair removal from dermoscopic images,
often lacking clear statistical evidence. To address
this, a comprehensive analysis of the prevalence of
artifacts was undertaken to provide a clearer under-
standing of their impact and to support future re-
search in this area. The occurrence of the identified
artifacts on the images from the ISIC-2018 Task 3
training and test datasets is presented in Table 4 (see
Appendix Figure B.1 for visual comparison).

In the case of the training set (n=10015), be-
nign cases seem to be more frequently associated
with the presence of hair in the images, particularly
in nv (80.4%), df (73.9%) and vasc (69.0%), com-
pared to other classes, which exhibit hair in 60% of
cases. In contrast, benign cases, such as nv (10.9%)
or vasc (12.7%), were not typically associated with
ruler marks in the images, whereas the other seman-
tic classes, including malignant mel, bcc, and pre-
cancerous akiec had rulers in about 30% of cases.
In general, the interface fluid was the most common
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(19.6%). The presence of vignettes was also more
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(22.9%) and bcc (17.5%), however, vignettes were
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Table 2. Segmentation models metrics on ISIC-2018 Task 1 test set: 5-
fold CV [Mean (SD)].

MODEL* IoU DICE PRECISION RECALL F1-SCORE

U-Neth 81.14 (0.47) 88.79 (0.31) 85.10 (0.60) 95.54 (0.11) 88.79 (0.30)
U-Netnh 80.84 (0.42) 88.60 (0.34) 85.08 (0.42) 95.26 (0.82) 88.60 (0.34)
U-Net++h 81.30 (0.34) 88.90 (0.21) 85.50 (0.44) 95.27 (0.08) 88.90 (0.21)
U-Net++nh 81.00 (0.43) 88.66 (0.56) 85.40 (0.27) 95.08 (0.76) 88.66 (0.56)
DeepLabV3h 81.02 (0.37) 88.72 (0.23) 85.00 (0.62) 95.55 (0.31) 88.72 (0.23)
DeepLabV3nh 81.02 (0.51) 88.62 (0.54) 85.60 (0.71) 94.78 (0.76) 88.62 (0.54)

* The abbreviations used are: h for with hair, nh for no hair.

Table 3. Aggregated metrics for classification models: 5-fold CV [Mean (SD)].

MODEL*
MACRO ↑ WEIGHTED ↑

PRECISION RECALL** F1-SCORE PRECISION RECALL** F1-SCORE

RBPh
C 45.84 (1.02) 53.80 (1.74) 47.18 (1.28) 71.37 (0.77) 57.64 (1.31) 61.12 (1.09)

RBPnh
C 45.55 (0.99) 54.15 (0.85) 47.30 (0.82) 71.41 (0.53) 57.91 (1.42) 61.46 (1.15)

RBPh
T 25.76 (0.99) 28.05 (0.51) 26.09 (0.81) 51.59 (0.89) 45.42 (2.64) 47.71 (1.53)

RBPnh
T 23.73 (1.16) 25.86 (1.14) 23.91 (1.04) 51.03 (1.17) 43.75 (1.62) 46.60 (1.13)

DLPh 72.69 (1.28) 70.20 (1.18) 70.25 (1.09) 80.82 (0.47) 77.60 (0.67) 78.48 (0.53)
DLPnh 69.12 (2.11) 69.97 (1.28) 69.12 (1.93) 79.20 (0.55) 76.88 (0.80) 77.69 (0.66)
HPh

C 74.80 (0.84) 73.93 (2.19) 73.62 (1.38) 82.23 (0.41) 79.76 (0.73) 80.48 (0.63)
HPnh

C 69.38 (1.03) 70.65 (2.34) 69.60 (1.10) 76.88 (1.08) 79.17 (0.40) 77.66 (0.89)
HPh

T 73.49 (0.87) 65.19 (0.56) 68.30 (0.40) 80.42 (0.32) 80.38 (0.38) 80.00 (0.26)
HPnh

T 69.86 (1.07) 61.62 (0.99) 64.68 (0.59) 78.17 (0.30) 77.90 (0.51) 77.79 (0.51)
[24] — 72.60 — — — —
[26] — — — — 79.20 —
[25] — 62.10 — — — —
[23] — 86.20 — — — —

* The abbreviations used are: h for with hair, nh for no hair, C for custom classifier, and T for tabular classifier.
** The MACRO RECALL is equivalent to BALANCED ACCURACY, and WEIGHTED RECALL is equiva-

lent to MICRO ACCURACY.
— indicates that metric was not reported in the paper.
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Table 4. Artifact occurrence and Chi-square test results in train and test datasets [n (%)].

ARTIFACT
CATEGORY

OCCURRENCE PER CLASS IN THE TRAIN SET (n=10015)
CHI-SQUARE

TEST RESULTSnv
(n=6705)

mel
(n=1113)

bkl
(n=1099)

bcc
(n=514)

akiec
(n=327)

vasc
(n=142)

df
(n=115)

HAIR
5389
(80.4)

700
(62.9)

710
(64.6)

313
(60.9)

191
(58.4)

98
(69.0)

85
(73.9)

χ2(6) = 356.19
p < .001 V = 0.19

RULER
MARKS

734
(10.9)

299
(26.9)

351
(31.9)

161
(31.3)

130
(39.8)

18
(12.7)

40
(34.8)

χ2(6) = 637.37
p < .001 V = 0.25

INTERFACE
FLUID

692
(10.3)

271
(24.3)

197
(17.9)

101
(19.6)

73
(22.3)

21
(14.8)

13
(11.3)

χ2(6) = 225.31
p < .001 V = 0.15

VIGNETTE
432
(6.4)

255
(22.9)

203
(18.5)

90
(17.5)

30
(9.2)

18
(12.7)

27
(23.5)

χ2(6) = 421.77
p < .001 V = 0.21

OTHER
137
(2.0)

68
(6.1)

39
(3.5)

30
(5.8)

12
(3.7)

2
(1.4)

0
(0.0) —

OCCURRENCE PER CLASS IN THE TEST SET (n=1511)

nv
(n=908)

mel
(n=171)

bkl
(n=217)

bcc
(n=93)

akiec
(n=43)

vasc
(n=35)

df
(n=44)

HAIR
788

(86.8)
120

(70.2)
159

(73.3)
62

(66.7)
27

(62.8)
30

(85.7)
34

(77.3)
χ2(6) = 63.04
p < .001 V = 0.20

RULER
MARKS

142
(15.6)

55
(32.2)

86
(39.6)

29
(31.2)

14
(32.6)

9
(25.7)

18
(40.9)

χ2(6) = 82.61
p < .001 V = 0.23

INTERFACE
FLUID

94
(10.4)

46
(26.9)

56
(25.8)

32
(34.4)

7
(16.3)

6
(17.1)

9
(20.5)
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47

(21.7)
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(16.1)
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(4.7)
5

(14.3)
9

(20.5)
χ2(6) = 57.20
p < .001 V = 0.19

OTHER
114

(12.6)
42

(24.6)
60

(27.6)
42

(45.2)
5

(11.6)
13

(37.1)
12

(27.3) —
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Table 4. Artifact occurrence and Chi-square test results in train and test datasets [n (%)].

ARTIFACT
CATEGORY
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CHI-SQUARE
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with hair, and the lowest fractions of images with
rulers, interface fluids, and vignettes.

In the case of the test set (n=1511), the pres-
ence of hair was also common in images of benign
lesions, particularly in nv (86.8%), vasc (85.7%),
and df (77.3%), compared to other classes being
present in approximately 70% of cases. Ruler
marks were least frequent in nv (15.6%) and vasc
(25.7%), while in the other classes, their occurrence
ranged from 31.2% in bcc to 40.9% in df. Inter-
face fluid was common in malignant cases such as
mel (26.9%), bcc (34.4%), as well as benign case
bkl (25.5%). In contrast, its occurrence in other be-
nign cases ranged from 10.4% in nv to 20.5% in
df. The occurrence of vignettes was lower in be-
nign cases such as nv (6.9%), akiec (4.7%) and vasc
(14.3%), while other classes, including malignant
mel (18.7%) and bcc (16.1%), ranged from 16.1%
in bcc to 21.7% in bkl. Similarly, in the test set,
the majority class nv (n=908) showed the highest
proportion of images with hair and the lowest pro-
portion of images with all artifacts except vignettes,
in favour of akiec.

In general, the rankings of lesion semantic
classes for the four artifacts show general consis-
tency between the training and the test sets, with
similar top-ranking classes for each artifact. How-
ever, the exact order often differs, particularly for
ruler marks, interface fluid, and vignettes. These
variations highlight dataset-specific differences, as
the training set and the test set are independent
datasets collected under different conditions. In
both class-unbalanced datasets, the largest fraction
of images are nv lesions, which often contain hair
but not the other artifacts, and this could introduce
potential bias in model training.

Finally, the elevated occurrence of the artifacts
in the other category may reflect increased com-
plexity within the test set compared to the training
data, or imply a potential domain shift. This can
be justified, as the ISIC-2018 Challenge Task 3 test
set was designed to evaluate model generalization
under more challenging and diverse conditions than
the training data. This observation may help to clar-
ify the potential negative impact on model general-
ization, as the model may have difficulty adapting
to unseen artifacts, which might be responsible for
performance degradation.

The Chi-square test for independence (Table 4)
revealed significant differences in the occurrence of
hair, rulers, interface fluids and vignettes across le-
sion semantic classes, for both the train and test
sets. Cramér’s V effect sizes for these differences
ranged from 0.15 to 0.25 in the training set and
from 0.19 to 0.23 in the test set, indicating associa-
tions at the borderline between weak and moderate
strength. Consequently, post-hoc multiple compar-
ison chi-square tests were carried out. The p-values
for pairwise comparisons, adjusted using the Bon-
ferroni correction, are presented in Figure 3. The
results indicate that, to some extent, both datasets
show comparable patterns of similarities and differ-
ences in the occurrence of labeled artifacts. The re-
sults also suggest that the nv class differs the most
from the other classes in terms of the presence or
absence of artifacts, particularly in the test set.

4.4 Impact of the Hair Removal

A quantitative analysis of the impact of apply-
ing the hair removal algorithm on the models per-
formance was investigated. This analysis focused
on evaluating changes in the semantic class pre-
dictions of lesions and the entropy of the model’s
output. Specifically, class migrations were ana-
lyzed using the Sankey diagram. The class migra-
tions were defined as changes in the predicted le-
sion types between the model trained and tested on
the data without the application of the hair removal
algorithm and that trained and tested on data with
the algorithm applied. This analysis was conducted
using a single-fold HP model. Class migrations
shown in Figure 4 demonstrate the flow of three
level labels for the test set: ground truth (gt), model
predictions without hair removal (h), and predic-
tions with hair removal (nh). The width of the bands
indicates the proportion of samples that move be-
tween the categories. It can be seen that all the se-
mantic classes contain instances that show consis-
tent behaviour in both scenarios. For the majority
class nv, there is a visible exchange of predictions
between the nv, mel, and bkl classes after the hair
removal algorithm is applied. Benign cases such as
df and vasc seem to be unaffected by the algorithm.
On the other hand, akiec and bkl show more false
positives, with the primary target of the prediction
shifting away from bcc. The diagram illustrates that
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Figure 3. Pairwise comparison Bonferroni corrected p-values for artifact presence in training and test
datasets.
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Figure 4. Sankey diagram showing ground truth (gt) labels and test set predictions migration between mod-
els trained on data with hair (h) and without hair (nh).
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even simple image processing steps can lead to sig-
nificant and unexpected changes.

The results of further analysis regarding predic-
tion entropy are shown in Figure 6. The box plot
presents the impact of the hair removal algorithm
on the certainty of the model’s predictions across
seven skin lesion classes. The hair removal algo-
rithm, originally designed to selectively target hair,
has been observed to incidentally impact other thin
features, such as ruler marks and lesion boundaries
or texture. As a result, in general, the utilization of
the algorithm led to an average increase in predic-
tion entropy. In cases where images contained sub-
stantial hair coverage, the algorithm unintention-
ally altered essential diagnostic features. This re-
sulted in a few modified images that, in certain in-
stances, exhibited a higher degree of similarity to
lesions from different diagnostic categories. For ex-
ample, as illustrated in Figure 5, the processed im-
age showed textural patterns similar to the peeling
epidermis characteristic of akiec, thereby contribut-
ing to misclassifications in the algorithm’s output.
This aligns with previous findings, indicating that
the model not only becomes less accurate but also
less confident in its predictions following the hair
removal.

Notably, classes with a higher prevalence of
hair artifacts (see Table 4), such as nv and vasc, did
not exhibit a decrease in classification performance
following hair removal, while the remaining classes
exhibited a noticeable performance drops (see Ap-
pendix, class-wise F1-score Table A.4). This could
also be influenced by other artifacts such as ruler
marks. Hair removal may falsely clean inputs for
classes like nv, aiding classification, while remov-
ing biased features such as rulers in other classes,
potentially degrading performance in models influ-
enced by such artifacts.

4.5 Model Interpretability

A qualitative analysis was performed to assess
the interpretability of the model, with a focus on
whether the labeled artifacts identified in our study
significantly affected the model predictions. Fur-
thermore, the analysis examined the impact of the
image feature degradation resulting from the appli-
cation of the hair removal algorithm on the model’s
performance. The presence of pixel attributions tar-
geting the hair was occasionally (only for several

test cases, for an example see Figure 7, more in
Appendix C) associated with predictions for the nv
class. It should be noted that hair appeared in a
wide range of complex anatomical forms, including
different thicknesses, colors, lengths, being shaved
or unshaved, and a variety of shapes. These dif-
ferences have the potential to influence the model’s
ability to consistently assign the hair to a particular
class. Primarily, long and thick hair were among
these that received higher attribution scores (Figure
7 and Appendix Figure C.2). In the case of rulers,
they generally did not affect the predictions (see
Appendix Figures C.3–C.5). However, it was ob-
served that in several cases, the test set contained
different types of ruler, including a physical one
placed near the lesion to show the scale. In con-
trast, the training set contained mainly rulers inte-
grated with the magnifying lenses. These physi-
cal rulers appeared to contribute significantly to the
predictions, probably because the model had not
seen them before during the training and misinter-
preted them as the skin lesions (see Appendix Fig-
ures C.6 and C.7).

On the other hand, in many cases, the appli-
cation of the hair removal algorithm visibly de-
graded the texture of the lesion, which resulted in
lower prediction probabilities or even altered pre-
dictions, with notably reduced pixel attributions ob-
served within the lesion area itself (see Appendix
Figures C.3, C.8, C.9 and C.10). Vignettes and
interface fluid were not found to contribute much
to class prediction. The former, while consisting
mainly of black pixels at the image boundaries, did
not provide useful information and were among the
least common artifacts (see Appendix Figure C.11).
Similarly to hair, interface fluid appeared in various
forms, ranging from small, homogeneous bubbles
to large, heterogeneous gel pools (see Appendix
Figures C.4 and C.6). These variations may poten-
tially complicate the model’s ability to distinguish
meaningful information from misleading patterns
introduced by such artifacts.

5 Discussion

All the evaluated segmentation models for the
lesion segmentation performed well, both with and
without the hair removal algorithm. This may be
due to the lesions being typically well-defined, with
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(a) No hair removal; Prediction: bcc,
p=0.95

(b) With hair removal; Prediction:
akiec, p=0.79

Figure 5. Example of the degrading impact of the hair removal algorithm, illustrating changes in lesion
structure and the model’s prediction (ground-truth: bcc).
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Figure 6. Entropy distribution by predicted class (with and without hair).
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Figure 7. SYSTEM INPUT: processed image; SYSTEM OUTPUTS: class probabilities, segmentation
mask, attribution map, radiomic importance ranking.
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clear boundaries that the models can accurately de-
tect. It was observed that the lesion masks for the
models without hair removal were only marginally
obscured at the boundaries (see Appendix Figure
C.2). Furthermore, the presence of ruler marks, in-
terface fluid or vignettes may not significantly af-
fect the model’s ability to segment lesions, as these
factors are less likely to come into contact with the
lesion area.

Naturally, the RBP showed lower performance
due to the limited expressive power of handcrafted
features, while the DLP achieved stronger results
at the cost of increased opacity. Notably, the ra-
diomics extracted from color channels as proposed
in this paper, were more often important for predic-
tions than those derived from the grayscale chan-
nel, even though radiomic features were originally
designed for gray-level intensity distributions, are
therefore most commonly used in that context.

The HP for multi-class classification, combin-
ing both deep learning and radiomic image features,
demonstrated superior performance compared to
its individual counterparts. While this improve-
ment introduces additional complexity, the con-
cerns around interpretability were partially miti-
gated by employing Integrated Gradients, providing
insights into both image-based and radiomic feature
contributions, hence helping maintain clinical rel-
evance despite the increased model depth. More-
over, by leveraging lesion segmentation, one can
visually compare the attribution maps with the seg-
mentation masks to assess the spatial alignment be-
tween model explanations and clinically relevant re-
gions. In contrast to ensembling methods suffering
from large number of parameters, which may of-
fer superior performance, our approach may yield
slightly lower performance but provides greater in-
terpretability, making it more practical and valuable
for medical applications where understanding and
validating model predictions is crucial.

The results highlight that the presence of arti-
facts in medical images can bias model predictions,
although this is not always the case. Statistical anal-
ysis revealed significant differences in the presence
of artifacts in certain classes. However, if artifact
appearance or characteristics vary significantly be-
tween images, it may be difficult for the model to
learn consistent patterns, reducing the likelihood of
these artifacts being used to falsely improve the per-

formance. As all images were systematically in-
spected and labeled for artifacts, the considerable
variability in their characteristics became apparent.
It is speculated that natural variations in artifact ap-
pearance may limit the model’s ability to learn re-
liable patterns, thus reducing the likelihood of arti-
facts contributing to improved performance.

The algorithms developed to mitigate artifact-
related biases, such as hair removal techniques, can
reduce the influence of artifacts such as hair. How-
ever, these approaches can also have unintended
adverse effects, such as the degradation of impor-
tant image textures, resulting in reduced prediction
performance. Overall, the application of hair re-
moval algorithms was found to have a predomi-
nantly negative effect on model performance, con-
trary to the expected outcome of facilitating bet-
ter lesion analysis. The evidence for this tendency
included increased entropy and decreased perfor-
mance metrics. This highlights the importance of
caution when implementing such procedures.

While there is some residual evidence of bias
in certain cases, it is not widespread. This suggests
that the model might benefit from learning to ac-
count for these artifacts.

Moreover, extending this concept beyond hair
removal, an alternative, more effective de-biasing
strategies could be implemented. For instance, aug-
menting the training data with synthetic artifacts
while preserving lesion texture would help mini-
mize the risk of unintended bias [46, 47]. In the
light of the reported results, it is clear that a much
more thorough comparative study in this context is
needed.

This study has several limitations that should be
considered when interpreting the results.

First, the ISIC-2018 dataset does not include
annotations for skin tone, Fitzpatrick type, or eth-
nicity, and prior analyses indicate that the dataset is
dominated by images of lighter skin tone [48]. Con-
sequently, the reported performance may not gener-
alize to populations with darker skin tones, where
lesion appearance and contrast differ.

Second, the proposed approach relies on a con-
ventional hair removal technique. More sophis-
ticated methods might be utilized. Recent state-
of-the-art approaches to hair removal in dermo-
scopic images emphasize that the overall effec-
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ing both deep learning and radiomic image features,
demonstrated superior performance compared to
its individual counterparts. While this improve-
ment introduces additional complexity, the con-
cerns around interpretability were partially miti-
gated by employing Integrated Gradients, providing
insights into both image-based and radiomic feature
contributions, hence helping maintain clinical rel-
evance despite the increased model depth. More-
over, by leveraging lesion segmentation, one can
visually compare the attribution maps with the seg-
mentation masks to assess the spatial alignment be-
tween model explanations and clinically relevant re-
gions. In contrast to ensembling methods suffering
from large number of parameters, which may of-
fer superior performance, our approach may yield
slightly lower performance but provides greater in-
terpretability, making it more practical and valuable
for medical applications where understanding and
validating model predictions is crucial.

The results highlight that the presence of arti-
facts in medical images can bias model predictions,
although this is not always the case. Statistical anal-
ysis revealed significant differences in the presence
of artifacts in certain classes. However, if artifact
appearance or characteristics vary significantly be-
tween images, it may be difficult for the model to
learn consistent patterns, reducing the likelihood of
these artifacts being used to falsely improve the per-

formance. As all images were systematically in-
spected and labeled for artifacts, the considerable
variability in their characteristics became apparent.
It is speculated that natural variations in artifact ap-
pearance may limit the model’s ability to learn re-
liable patterns, thus reducing the likelihood of arti-
facts contributing to improved performance.

The algorithms developed to mitigate artifact-
related biases, such as hair removal techniques, can
reduce the influence of artifacts such as hair. How-
ever, these approaches can also have unintended
adverse effects, such as the degradation of impor-
tant image textures, resulting in reduced prediction
performance. Overall, the application of hair re-
moval algorithms was found to have a predomi-
nantly negative effect on model performance, con-
trary to the expected outcome of facilitating bet-
ter lesion analysis. The evidence for this tendency
included increased entropy and decreased perfor-
mance metrics. This highlights the importance of
caution when implementing such procedures.

While there is some residual evidence of bias
in certain cases, it is not widespread. This suggests
that the model might benefit from learning to ac-
count for these artifacts.

Moreover, extending this concept beyond hair
removal, an alternative, more effective de-biasing
strategies could be implemented. For instance, aug-
menting the training data with synthetic artifacts
while preserving lesion texture would help mini-
mize the risk of unintended bias [46, 47]. In the
light of the reported results, it is clear that a much
more thorough comparative study in this context is
needed.

This study has several limitations that should be
considered when interpreting the results.

First, the ISIC-2018 dataset does not include
annotations for skin tone, Fitzpatrick type, or eth-
nicity, and prior analyses indicate that the dataset is
dominated by images of lighter skin tone [48]. Con-
sequently, the reported performance may not gener-
alize to populations with darker skin tones, where
lesion appearance and contrast differ.

Second, the proposed approach relies on a con-
ventional hair removal technique. More sophis-
ticated methods might be utilized. Recent state-
of-the-art approaches to hair removal in dermo-
scopic images emphasize that the overall effec-
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tiveness of the preprocessing pipeline is strongly
dependent on the accuracy of the hair segmenta-
tion stage [49]. Early methods predominantly re-
lied on handcrafted image processing techniques,
such as morphological closing or top-hat filtering,
derivative-based operators, and conventional edge
detectors, followed by interpolation or diffusion-
based inpainting to reconstruct occluded regions
[50, 51, 52, 53, 54]. While computationally effi-
cient, these techniques are sensitive to variations in
hair thickness, color, illumination, and background
texture, and segmentation errors at this stage di-
rectly propagate to the inpainting step, potentially
distorting lesion structures. More recent approaches
like Efficient Hair Removal proposed in [49] have
shifted toward supervised deep learning–based hair
segmentation, leveraging pixel-level annotations to
explicitly learn hair appearance from data. How-
ever, it requires pixel-level annotations, which are
costly and time-consuming to obtain, and such an-
notations are largely unavailable in existing skin le-
sion datasets, making their adoption a nontrivial and
often impractical requirement in many experimen-
tal settings. More sophisticated artifact removal
techniques that handle not only hair, but also ruler
marks or interface fluid should be considered. No-
tably, such methods could be extended to remove
other artifacts, such as ruler marks or interface fluid.

Another limitation is that recent model fam-
ilies, such as Vision Transformers and hybrid
CNN–Transformer architectures, were not explored
in this study, and their potential impact on per-
formance and robustness therefore remains unex-
plored.

Furthermore, the artifact labels were annotated
such that each case was labeled by a single anno-
tator, with no overlap between annotators. This
does not allow the computation of inter-annotator
agreement statistics. While simple artifacts such as
hair, ruler marks, interface fluid and vignettes are
typically easy to identify, the ’other’ artifact cat-
egory may contain heterogeneous image patterns
with greater ambiguity.

6 Conclusions

The hybrid-based pipeline combining deep
learning and radiomic image features outperformed
individual methods for lesion segmentation and

classification. The system demonstrated strong,
state-of-the-art performance proven by the set of
dedicated metrics, and robustness, with lesion
masks being well-defined and only marginally ob-
scured by artifacts. Additionally, the integration of
XAI through integrated gradients enhanced the in-
terpretability of the model, offering insights into the
most influential features. Although the identified
artifacts can influence the model behaviour, their
impact is different, suggesting that the model can
adapt to diverse artifact appearances.

The comprehensive set of metrics reported in
this paper is expected to facilitate easier and more
consistent comparisons of different methods in fu-
ture research on skin lesion classification and seg-
mentation. Additionally, the novel artifact labels
produced for the ISIC-2018 Task 3 dataset are
hoped to serve as valuable resources for other re-
searchers.

Future research will focus on incorporating un-
certainty quantification into the model and XAI
methods to assess model confidence and improve
the trustworthiness. In addition, efforts will be di-
rected towards identifying the most robust radiomic
features and developing a more refined feature se-
lection process to improve model generalizability
and stability. Furthermore, artifact labels will be
considered in adaptive preprocessing strategies and
artifact-aware training, such as attention mecha-
nisms that can dynamically adapt to artifacts. Fi-
nally, the availability of pixel-level artifact anno-
tations could enable a quantitative assessment of
whether and to what extent image artifacts intro-
duce bias into model predictions.
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