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Abstract: Deep learning models for skin cancer diagnosis have improved, but most cannot quantify predictive uncertainty, are insensi-
tive to dataset bias, and are unreliable under distributional shifts. Previous experiments using hybrid Vision Transformer—Graph Neural
Networks (VIT-GNNs) with adaptive attention showed strong classification performance, but they were deterministic and made over-
confident, biased predictions. We propose a hybrid VIT-GNN model with adaptive uncertainty and bias attention to improve skin
cancer detection reliability and clinical acceptability. A supplementary prediction head estimates epistemic and aleatoric uncertainty
using Monte Carlo dropout and deep ensembles, extending the Region-Adaptive Attention VIT-GNN architecture. A fairness calibra-
tion module uses group-wise temperature scaling and regularization to reduce performance disparities across skin tones and imaging
situations. An out-of-distribution (OOD) detection system identifies anomalies and unfamiliar inputs to avoid overconfidence in wrong
predictions. A clinical risk stratification layer classifies predictions as low, medium, or high risk based on confidence and uncertainty.
The framework was evaluated on ISIC 2020, HAM10000, and PH2 datasets and cross-domain validated on unseen dermoscopic
sources. The Expected Calibration Error, Brier score, fairness gap, and OOD detection metrics assess reliability, calibration, fairness,
and safety beyond accuracy metrics. The empirical results suggest that the proposed model improves calibration and fairness without

lowering competitive diagnostic accuracy, creating a reliable, interpretable, and ready-to-deploy skin cancer screening system.
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1. Introduction

Skin cancer is one of the most common and deadly types
of cancer. The most deadly type of skin cancer is melanoma.
Timely diagnosis is important in patient prognosis and survival.
Nevertheless, correct diagnosis is challenged by visual similarities
of lesions, color changes of skin, and variability of dermoscopy
[1]. In the past few years, deep learning systems for computer-
aided diagnosis (CAD) have shown the ability to perform at
the same level as licensed dermatologists. CAD systems are able
to assist with mass screening of the population and minimize
routine work by the diagnostician [2]. Convolutional neural net-
works (CNNs) have become a popular topic of study in the
diagnosis of skin lesions because of their capability to acquire
hierarchical representations of localized features. Nevertheless,
CNNs are weak with regard to capturing remote relations and
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complicated lesion morphologies. Recently, Vision Transformers
(ViTs) have shown the potential to address a number of the draw-
backs of CNN, in particular, in learning long-range connections
through self-attention [3, 4]. But ViTs have their drawbacks as
well. ViTs are not able to learn to formulate definite spatial asso-
ciations, and this feature is significant in the representation of
irregularities of the borders and textual intricacies. Among the
suggested solutions are hybrid models that incorporate ViTs with
Graph Neural Networks (GNNs) to capture global context and
topology, particularly in subregions of lesions [5, 6].

A lot remains to be done to perfect hybrid models for
classification tasks. However, as with most models, they are deter-
ministic systems that provide one prediction. Above all, they
cannot express the certainty about that forecast. The implications
in actual clinical practice of an erroneous confident prediction
may be dismal [7, 8]. In the past few years, deep learning
models have been overconfident in making errors with ambigu-
ous lesions, when presented with rare types of cancer or when
encountering artifacts due to distributional changes in the training
data. According to the existing literature, the models, which are
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created to identify skin cancer, have been found to vary in their
efficiency with different demographics, especially with respect to
various skin tones and imaging tools. These disparities present a
significant ethical and safety threat since they can lead to a sys-
tematic disadvantage of underrepresented groups. Though these
risks exist, the majority of modern models assess performance
based only on the criterion of accuracy, without considering cali-
bration, fairness, and/or uncertainty [9, 10]. The shift of research
community is moving away from an accuracy-based evaluation to
a wider emerging paradigm of trust in artificial intelligence (AI)
that focuses on reliability, transparency, robustness, and fairness.
This involves systems that are (i) able to quantify predictive uncer-
tainty, (ii) able to stay calibrated in domain shifts, (iii) able to
reduce demographic and acquisition bias, and (iv) able to identify
out-of-distribution (OOD) situations when confident predictions
might be dangerous [11, 12].

Nonetheless, few skin cancer studies have examined these
elements within an integrated framework, and none have system-
atically incorporated plausibility reasoning, fairness, ignorance,
and risk-calibrated decision-making techniques within a hybrid
ViT-GNN framework. This paper introduces an integrated, trust-
worthy Al framework for skin cancer diagnosis, in contrast to
previous VIiT-GNN models that primarily maximize classifi-
cation accuracy. The innovation is a unified Region-Adaptive
Attention (RAA) VIT-GNN system spanning Bayesian uncer-
tainty estimation, fairness-aware calibration, OOD detection,
and clinical risk stratification. This integration enables cali-
brated confidence estimates, misprediction detection, mitigation
of demographic bias, and clinically relevant decision-making while
maintaining competitive diagnostic performance.

The main contributions of this study are that:

1) The authors make the first attempt to infuse a Bayesian uncer-
tainty framework into a hybrid ViT-GNN model to examine
both the epistemic and aleatoric uncertainty of predicting skin
cancer and skin cancer-related ailments. We also come up
with a fairness calibration module that enhances performance
parity in varying skin color and capture conditions.

2) Incorporating an OOD component to detect and alleviate the
risk of discovering anomalous and forecasting situations with
too much confidence.

3) Formulated a risk-adjusted stratification framework that
matches the output of the models with clinical action require-
ments. We also perform large-scale empirical assessments with
the conventional classification modes along the measures of
dependability, calibration, fairness, and safety.

The purpose of the work is to enhance Al-based skin cancer
detection systems by focusing on clinical trustworthiness rather
than simple accuracy to ensure that they can be utilized in a safe,
ethical, and pragmatic way.

2. Literature Review

More complex neural models have fueled recent advances in
skin cancer diagnosis with deep learning, namely, convolutional,
transformer, and hybrid graph models. Nevertheless, the major-
ity of the research appears to be concerned with the expected
accuracy and does not take into consideration model reliability,
uncertainty estimates, and equitable demography. In this section,
we analyze related works on four relevant aspects: (i) classification
of skin cancer using deep learning, (ii) transformers and hybrid
architectures, (iii) medical image analysis and uncertainty, and
(iv) fairness and reliability in Al for clinical applications.
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2.1. Deep learning for skin cancer classification

The first automated systems for categorizing skin lesions
primarily used CNNs, including ResNets, DenseNet, and
EfficientNet, achieving performance comparable to dermatol-
ogists across various benchmarks. CNNs excel at pinpointing
cancer based on local texture and color. However, they face lim-
itations, including a too-small receptive field and a lack of global
context modeling [13]. As a result, CNNs have limited capacity
to describe lesion structures and are unable to handle complex
spatial relations. The field has used CNNs, with modifications
such as attention and multi-scale pooling to improve these aspects.
While these changes improve performance, these systems have no
model of uncertainty in their predictions. Thus, they can produce
high-confidence predictions that turn out to be incorrect, which
is problematic in clinical settings [14].

2.2. Transformer and hybrid graph-based frameworks

GNNs provide an additional benefit for reasoning over and
representing non-Euclidean spaces and the relationships they con-
tain [15]. As a result, models that combine GNNs and ViTs have
been proposed to capture both global context and spatial reason-
ing over image parts. Such models have been shown to achieve
better classification and explainability using attention and graph-
based reasoning. However, most current hybrid approaches focus
on architecture and often ignore aspects of dependability, uncer-
tainty, and bias. These are important when models are to be used
in real-world situations [16].

2.3. Uncertainty-aware learning in medical imaging

The estimation of uncertainty has become an integral build-
ing block of reliable medical Al systems. Certain techniques
in Bayesian deep learning—for example, Monte Carlo (MC)
dropout, variational inference, and deep ensembles—have been
used to analyze and explain epistemic and aleatoric uncertainty in
image classification. In medical imaging, uncertainty-aware mod-
els have been employed in radiology, pathology, and dermatology
to identify uncertain or low-confidence phenomena [17].

Focusing on the main problem, however, the most well-
known uncertainty-aware frameworks have been developed for
CNN-based architectures. Their integration into transformer-
based or hybrid graph models is limited, and in the recent
scientific literature, uncertainty estimation, explainability, and
fairness tracking have been combined only sparingly. Addition-
ally, there are only a limited number of studies that evaluate the
effect of uncertainty on downstream clinical decision-making, for
example, the risk assessment or dismissal of a case [18].

2.4. Fairness and bias in skin cancer Al

Recent studies have indicated that most datasets employed to
train skin cancer detection algorithms do not consider the under-
representation of darker skin tones, resulting in biased algorithms
that do not perform well across various demographic groups [19].
There are very large disparities in performance, sensitivity, and
calibration when light-skin-centered datasets are trained on detec-
tion algorithms and applied to various populations. Such injustices
are morally disturbing and will prevent fair application of Al
to assist in skin cancer diagnosis [20]. Fairness-aware machine
learning is one of the ways to address these challenges in the
area of Al to assist with the diagnosis of skin cancer, especially
reweighting, domain adaptation, or calibration. Nevertheless,
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most of the studies based on fairness are independent of uncer-
tainty modeling and do not take into account the interrelationships
between bias, faith in the prediction, and domain changes. Uncer-
tainty and reliability are the main concerns that are not addressed
in the diagnosis of skin cancer [21].

2.5. Trustworthy Al and foundation models in
dermatology

Recent research has focused on establishing dependable,
explainable, fair, and clinically practical Al systems rather than
diagnostic accuracy. Several recent studies have noted that medical
Al must provide calibrated confidence estimates, identify question-
able predictions, be fair across demographic groups, and remain
reliable under distributional shifts [22]. These properties are crucial
in dermatology because they affect model accuracy with different
skin tones, imaging technologies, and acquisition settings.

Understanding uncertainty is one way to improve the reliabil-
ity of deep learning models. Quantifying uncertainty in prediction
model outputs using Bayesian deep learning, MC dropout, ensem-
ble learning, and conformal prediction to detect ambiguous or
incorrect predictions has been considered a means to improve
clinical decision-making. Recent skin lesion categorization eval-
uations include uncertainty evaluation to increase diagnostic
accuracy and physician confidence [23].

Fairness-aware medical Al is a crucial research issue because
many dermatology datasets are racially skewed and perform
differently on different demographic groups. Recent studies
emphasize the necessity of bias mitigation through fairness-aware
learning, calibration, and systematic evaluation across diverse
patient populations to achieve equitable healthcare outcomes [24].

Foundation models are very significant in medical image
analysis. Pre-trained vision models are generalizable and

transferable, but they also pose novel challenges for robustness,
calibration, explainability, fairness, and clinical trust. The secure
implementation of foundation models in healthcare requires
uncertainty quantification, fairness assessment, and robustness
testing, according to a recent survey [25].

These advances inspired the hybrid VIT-GNN framework,
which improves Al-powered skin cancer diagnosis by combining
uncertainty estimation, fairness calibration, OOD detection, and
clinical risk stratification.

2.6. Research gap

Some notable improvements have been made through the
application of transformer-graph hybrid models to classify skin
lesions, but there is a lot of determinism, overconfidence, and
bias in the present methodology. The current literature does not
have a coherent strategy that quantifies uncertainties, calibrates
fairness, and detects OOD within a high-performing ViT-GNN
network [26]. These systems are important to improve to make
the transition from the experimental phase to clinically trustwor-
thy and reliable AI. The current study addresses this void by
constructing a hybrid ViT-GNN architecture system, which is
uncertainty conscious and bias adjusted to enhance reliability,
fairness, and safety in skin cancer diagnosis. Table 1 presents the
gaps in research and limitations of current methods.

A few methods, such as uncertainty estimation, fairness-
aware learning, and OOD detection, have been explored in
isolation for medical image analysis, but their utilization within
a hybrid ViT-GNN framework is yet to be thoroughly investi-
gated in skin cancer diagnosis. The proposed framework addresses
the aforementioned shortcoming to develop a unified architecture
that can simultaneously improve prediction accuracy and clinical
reliability.

Table 1
Research gaps, limitations of existing approaches, and improvements in the proposed method

Research dimension

Existing approaches—drawbacks

Improvement in proposed

Identified research gap methodology

Model calibration Most models are poorly cali-
brated; probability scores do
not reflect true likelihood of

correctness

Fairness across skin tones Datasets are demographically
imbalanced; models perform

poorly on darker skin types

Out-of-distribution
robustness

Models fail when exposed to
unseen datasets, devices, or
skin tones; no detection of
abnormal inputs

Clinical decision safety Outputs are binary without risk
communication; unsafe con-
fident predictions are not
filtered

Post hoc explanations only high-
light regions; do not convey

trustworthiness or reliability

Interpretability scope

Absence of calibra- Temperature scaling and

tion mechanisms Expected Calibration
in dermatology Al Error (ECE)-guided loss
pipelines regularization

No explicit bias mitigation
or fairness constraints in

Group-wise fairness calibra-
tion and equalized-odds

existing hybrid models regularization to reduce
performance disparity
Lack of domain shift Energy-based and Maha-

lanobis OOD detection
integrated into the inference
pipeline

awareness and OOD
detection in skin lesion
classifiers

No risk-aware decision
support for clinicians

Risk stratification (low/medi-
um/high) using prediction
confidence and uncertainty

Absence of confidence-
aware explanations

Uncertainty-weighted
Grad-CAM and SHap-
ley Additive exPlanations
(SHAP) aligned with
predictive confidence

(Continued)
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Table 1
(Continued)

Research dimension

Existing approaches—drawbacks

Improvement in proposed

Identified research gap methodology

Evaluation protocol

Deployment readiness Models are optimized for
benchmarks, not real-world

variability

Focus only on accuracy, F1, and
Area Under the Curve (AUC)

No assessment of reli-
ability, fairness, or
safety.

Evaluation using ECE, Brier
score, fairness gap, OOD
Area Under the Receiver
Operating Characteris-
tic Curve (AUROC), and
rejection accuracy

Lack of real-world
screening readiness

Trustworthy Al framework
designed for clinical triage
and safe deployment

2.7. Advances beyond the existing ViT-GNN
framework

The earlier RAA ViT-GNN achieved excellent classification
performance by combining a transformer-based global feature
extraction module with graph-based relational reasoning, but it
was essentially a deterministic predictor optimized for classifica-
tion accuracy [27]. The proposed design is significantly improved
through four complementary modules that enhance reliability and
clinical usability.

This module implements Bayesian uncertainty estimates
using MC dropout and deep ensembles, enabling quantification
of epistemic and aleatoric uncertainty, as well as confidence pre-
dictions. To address performance differences across skin tone
groups, a fairness calibration module is proposed to scale each
group’s temperature and regularize fairness across groups. A third
component, which combines an energy-based OOD detection
technique, is added to detect previously unseen or untrusted
samples before clinical decisions are made. The clinical risk
stratification module then translates prediction confidence and
uncertainty into low-, medium-, and high-risk categories.

The proposed framework goes beyond traditional classi-
fication to provide calibrated confidence scores, a bias-aware

decision-making process, resilience to distribution shifts, and
clinically interpretable risk assessment, thereby improving the
reliability of Al-aided skin cancer diagnosis.

3. Research Methodology

This part outlines the suggested Hybrid Vision Trans-
former—Graph Neural Network (ViT-GNN) model that can
potentially correct bias and model uncertainty to accurately diag-
nose skin cancer. The model is based on Bayesian uncertainty
and fairness modeling, bias reduction, OOD detection, and clin-
ical risk stratification with the addition of RAA to a VIT-GNN
backbone. Figure 1 shows the entire workflow.

3.1. System overview

The proposed framework consists of six major components:

1) Preprocessing and augmentation

2) VIiT global feature encoder

3) RAA

4) GNN relational reasoning

5) Bayesian uncertainty prediction head

Figure 1
ViT-GNN framework for skin cancer prediction
Input ) ViT with Graph Neural Bayesian Uncertainty Out-of-Distribution ~ Risk Stratification
Dermoscopic Region-Adaptive Network Estimation Detection & Output
Image Attention
) Graph Nodes & Edges Monte Carlo Dropout Energy-Based Risk Assessment
*HHHHB 00D Detector
b 5 | High Risk
Medium Risk
P " Self-Attention
reprocessing P—
Py Deep Ensemble Low Risk
Augmentation GNN Aggregation i
S Region-Adaptive
4 Attention .
O = = Epistemic & Aleatoric Ill . Final Output:
. . . C . . ‘ Uncertainty a Uncertainty Measures ‘
_— , - S — l ‘ 0 Safe Prediction
Group-Wise Temperature Scaling Fairness Regularization ] ST
¥ 00D Scores ‘ Reject
—
Fairness Regularization
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6) Fairness calibration, OOD detection, and risk stratification
layer

ViT-GNN-RAA backbone identifies lesion features and
factors in inter-region relationships, and the additional modules
guarantee the reliability and fairness of predictions.

3.2. Data preprocessing and augmentation

Each dermoscopy image is resized to 224 X 224 pixels and
adjusted to a mean of 0 and a variance of 1. Augmentation strate-
gies (random rotation and horizontal/vertical flipping, contrast
jitter, CutMix, and MixUp) are primarily applied to enhance
the data imbalance of the minor malignant classes. For lesion
segmentation, a pre-trained U-Net is used only for region refine-
ment, thus retaining the independence of the classification and
segmentation error spectrum [28].

3.3. Vision Transformer (ViT) feature encoder
The input image 7 is partitioned into fixed-size patches p; € R
16x16 Each patch is flattened and projected into a D-dimensional
embedding:
Xi = piE + Epos (1)

where E is a learnable projection matrix and E,, is positional
encoding. Multi-head self-attention computes global contextual

representations:
KT
2 )v @
V.

3.4. Region-Adaptive Attention (RAA)

Attention(Q, K, V) = softmax(

Each patch embedding x; is assigned an adaptive importance
score:

rp = o(W.x; + b,) 3)
These scores modulate the self-attention weights:

ql'ij
af}AA = r; - softmax| —= 4)

dj.

This ensures that diagnostically relevant lesion regions
contribute more strongly to the final representation.

3.5. Graph Neural Network (GNN) relational
modeling

ViT token embeddings are mapped into graph nodes. Edges
are formed using cosine similarity:

_ {1, ifcos (xj, xj) > T
Aij = 0, otherwise ©)
Graph convolution updates node features:
H(l+1) — U(D—I/Z[JD—I/ZHII/V/ (6)

The GNN output is fused with ViT features for classification.

3.6. Bayesian uncertainty estimation

To quantify predictive uncertainty, MC dropout and deep
ensembles are used. For each input x, the model is run 7 times
[28]:

— 1 T
PO = 7.2, 201 ™

Epistemic uncertainty:

Uap ) = 5 30 (s 510 = F 1)) ®)

Aleatoric uncertainty is learned via variance prediction. Total
uncertainty:

Uiotal = Uepi (x) + Uge(x) )

3.7. Fairness calibration module

To reduce bias across skin tones and acquisition conditions,
group-wise temperature scaling is applied:

pe ) = Sofimax (32 (10)

g

Fairness regularization minimizes group disparities:

L juir = Zgi,g, |TPR,; — TPR,| (11)
3.8. Out-of-Distribution (OOD) detection
OOD samples are detected using the energy score:
E(x) = —logzce“"f("') (12)
Samples exceeding a threshold are flagged as unreliable.

3.9. Risk stratification

Predictions are mapped into clinical risk levels using
probability and uncertainty, as shown in Table 2.

Table 2
Risk stratification values: Interpretation of the mean scale
for belief, concern, and practice

Probability Uncertainty Risk
High Low High
Medium Medium Medium
Low High Low

The loss function is calculated as shown below. The variables
are explained in Table 3.

L= LCE + )‘lLuntertainty + )LZLfair + )“3Lcu1 (13)
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Table 3

Symbols used and their definition
Symbol Definition
I Input dermoscopic image
Di (i)-th image patch extracted from (/)
X; Feature embedding of patch (p;)
E Learnable linear projection matrix
Epos Positional encoding vector
0KV Query, Key, and Value matrices in self-attention
dy Dimension of key vectors
i Attention weight between tokens (i) and (/)
7 Region-adaptive importance score of patch (i)
W., b, Learnable parameters of RAA
A Adjacency matrix of the graph
T Similarity threshold for graph edge creation
H Node features at GNN layer (/)
w! Learnable GNN weight matrix at layer (/)
A Adjacency matrix with self-loops
D Degree matrix of (\tilde{A})
a(.) Nonlinear activation function (ReLU)
z(x) Logit output of the classifier
T Number of Monte Carlo forward passes
Uepi(x) Epistemic uncertainty
U 1(X) Aleatoric uncertainty
Utoral(X) Total predictive uncertainty
T, Temperature parameter for group (g)
g Demographic group/skin tone
Lcg Cross-entropy classification loss
Lincert Uncertainty regularization loss
Ly, Fairness regularization loss
Ly Calibration loss (ECE)
A1, Ay, Az Loss weighting hyperparameters
E(x) Energy score for OOD detection
(€] OOD detection threshold
B, Confidence bin in ECE calculation
acc(B,,) Accuracy of bin (B,)
conf(B,,)) Mean confidence of bin (B,,)

Algorithm: Uncertainty-Aware and Fairness-Calibrated Hybrid-
ViT-GNN for Skin Cancer Detection

Input:

Dermoscopic image dataset D = {(x;, y;, g)}N,

where x; = image, y; = class label, g; = demographic/skin tone
group

Output:

Risk-aware prediction with uncertainty and fairness calibration
Training Phase

1: Initialize ViT backbone, RAA module, GNN layers

2: Initialize Bayesian head (MC dropout + ensemble)

3: Initialize fairness calibration temperatures T_g for each group g
4: for epoch = 1 to E do

5: for each mini-batch B ¢ D do
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6:  Preprocess and augment images in B
7.  Extract patch embeddings using ViT
8: Apply Region-Adaptive Attention (RAA)
9: Construct graph G using token similarity
10: Perform GNN message passing

11: Fuse ViT + GNN features

12: Perform T stochastic forward passes with dropout
13: Compute predictive mean p(y|x)

14: Estimate epistemic uncertainty U_epi

15: Estimate aleatoric uncertainty U_ale

16: Compute total uncertainty Usga = Uepi + Ugle
17: Apply group-wise temperature scaling using T_g
18: Compute CE loss Lcg

19: Compute uncertainty regularization L .er

20: Compute fairness loss Lg,;: (TPR disparity)
21: Compute calibration loss L., (ECE)

22: Compute total loss:

L =Lcg + A1 Lypeert + 42 Lpyir + 43 Ly
23: Backpropagate and update all parameters
24:  end for
25: end for

Inference Phase

26: For test image x:
27:Run ViT — RAA — GNN feature extraction
28: Perform T stochastic passes with dropout

29: Compute p(y|x) and Ucgrar (X)

30: Compute energy score E(x) for 00D
detection

31: if E(x) > OODihresholg then

32: Flag as OOD — Reject prediction

33: else

34: Assign risk:

35 if p(y|x) high and Ugya; low — High Risk
36: if p(y|x) medium — Medium Risk

37 else — Low Risk

38: end if

39: Return class label, uncertainty, and risk
level

Our approach begins with dermoscopic image augmentation
and preprocessing and then works with a ViT to generate global
patch embeddings. The RAA mechanism alters the embedding
based on which regions of the lesion the clinician considers most
affected. The enhanced features are structured as graphs and pro-
cessed with a GNN to capture and compute the spatial relations
among lesion subregions. The fused features of ViT and GNN are
then processed by a Bayesian prediction head (BPH), which uses
a series of stochastic rounds with MC dropout and deep ensem-
bles to estimate the predictive mean and uncertainty. The outputs
of the different skin tone classes are adjusted using group-specific
temperature scaling, and the fairness regularization component
reduces the performance gaps. The model is trained with a com-
posite loss that combines classification, uncertainty, fairness, and
calibration losses. During inference, the model predicts and eval-
uates the confidence of its predictions and their uncertainty.
An energy-based detector for OOD samples is employed to dis-
card anomalous inputs, and skin cancer diagnoses are made in
a safe and secure manner, with multiple risk tiers (low, medium,
and high) assigned to each case. All symbols and variables used
in the proposed equations are defined in Table 3 to ensure clarity
and reproducibility.



Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

3.10. Implementation details and hyperparameter
settings

Implementation of the suggested framework was carried
out using PyTorch 2.3 and trained on the NVIDIA RTX 4090
GPU (24 GB memory) with CUDA 12.1. The weights of the
ViT backbone were initialized using the pretrained weights from
the ImageNet dataset, and the GNN consisted of two graph
convolutional layers with a hidden size of 256.

The model was trained with the AdamW optimizer using an
initial learning rate of 1 x 107#, a weight decay value of 1 x 1074,
and a cosine annealing learning rate schedule. The batch size was
set to 32, and the training duration was 100 epochs; training was
stopped when the validation loss became 15 epochs.

A dropout rate of 0.30 was used for both the transformer
encoder and the BPH to reduce overfitting. Table 4 gives the
complete table of hyperparameters used in this research and their

corresponding values.

Table 4
Hyperparameter table
Parameter Value
AdamW

Learning rate 1x10*
Batch size 32
Epochs 100
Weight decay 1x10*
Dropout 0.30
Monte Carlo passes 30
Ensemble size 5
Hidden dimension 256
Learning rate scheduler Cosine annealing
Early stopping patience 15
Temperature scaling L-BFGS
ECE bins 15
Ay (uncertainty loss) 0.30
A, (fairness loss) 0.20
A3 (calibration loss) 0.10
Random seed 42

1) Calibration Settings

Temperature scaling was performed on the validation dataset

after model training.

a. Initial temperature = 1.0

b. Optimization algorithm = Limited-memory Broyden—
Fletcher-Goldfarb—Shanno (L-BFGS)

c. Objective = Negative Log-Likelihood (NLL)

Expected Calibration Error (ECE) was computed using 15
confidence bins.

2) Fairness Constraint

Fairness calibration was performed using a regularized loss
function:

L =LCE+ /11Luncert + /12Lfair + /13Lwl (14)
where
a. A; =030
b. A, = 0.20
c. A3 =0.10

The fairness regularization minimizes the difference in true
positive rate (TPR) across demographic skin tone groups.

3) OOD Detection Settings

OOD samples were detected using the energy score

—_ _ Z,T

E(x) = Tlogzl_e ‘ (15)

The detection threshold 6 was selected from the validation
set by maximizing the AUROC between in-distribution and OOD
samples.

The optimal threshold obtained during validation was

6=-78

Samples with E(x) > 6 were classified as OOD and excluded
from automatic diagnosis.

4. Result Analysis

This section provides a thorough analysis of the sug-
gested uncertainty-conscious, bias-calibrated Hybrid ViT 2-GNN
model on three dermoscopy benchmark datasets: ISIC 2020 [29],
HAM10000 [30], and PH2 [31]. Besides the usual classification
findings, we evaluate the reliability of the model, its calibration,
fairness, distributional robustness, and clinical safety.

4.1. Datasets and experimental protocol

The splits of train-validation-test used in the previous study
were used to ensure consistency. Training and evaluation on
HAM10000 and PH2 were done with ISIC 2020 in the domain
generalization mode, without fine-tuning. Each model was trained
for 100 epochs with AdamW (Ir = le—4, batch size = 32). For
each model, 7' = 30 stochastic forward passes were performed for
MC dropout [32].

4.2. Classification performance

Table 5 reports standard classification metrics. The proposed
model maintains competitive accuracy while introducing reliability
constraints.

Table 5
Performance metrics on three datasets
Dataset Accuracy (%) Precision (%) Recall (%) F1 (%) AUC
ISIC 2020 93.1 92.4 91.8 92.1 0.965
HAM10000 89.9 89.1 88.6 88.8 0.941
PH2 91.3 90.6 91.0 90.8 0.956
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Despite the added uncertainty and fairness constraints,
the model preserves strong diagnostic accuracy comparable to
performance-centric architectures.

4.3. Calibration and reliability analysis

The proposed model significantly reduces calibration error,
as shown in Table 6, indicating that predicted probabilities align
closely with true outcome frequencies.

Table 6
Calibration and reliability analysis
Model ECE | Brier | NLL |
ResNet-50 0.084 0.152 0.481
Swin Transformer 0.063 0.124 0.397
ViT-GNN (baseline) 0.051 0.108 0.362
Proposed 0.019 0.062 0.211

4.4. Fairness evaluation across skin tones

The fairness calibration module reduces performance gaps by
more than 60%. The results are shown in Tables 7 and 8.

Table 7
Fairness evaluation table
Group Baseline AUC Proposed AUC
Light 0.96 0.96
Medium 0.89 0.94
Dark 0.82 0.91
Table 8
Fairness evaluation table
Metric Baseline Proposed
AAUC 0.14 0.05
ATPR 0.18 0.06

4.5. Uncertainty quality

Higher uncertainty values correlate strongly with misclassi-
fication and domain shift, validating the Bayesian module, as
shown in Table 9 and Figure 2.

Table 9
Uncertainty predications evaluation
Category Avg uncertainty
Correct predictions 0.12
Incorrect predictions 0.41
OOD samples 0.58

4.6. OOD detection performance

The proposed model has better OOD detection performance
compared to other baseline methods, as shown in Table 10 and
Figure 3.
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Table 10
OOD performance evaluation
Method AUROC FPR@95%TPR
MSP 0.74 0.41
Mahalanobis 0.81 0.27
Energy-based 0.92 0.09
(proposed)
Figure 3
OOD detection performance bar graph
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4.7. Risk stratification accuracy

The results, as shown in Table 11, suggest that adding uncer-
tainty and fairness constraints improves clinical reliability with no
reduction in performance.

Table 11
Risk stratification evaluation
Risk level Precision Recall
High 0.91 0.93
Medium 0.86 0.84
Low 0.89 0.90

The model demonstrates the ability to make accurate pre-
dictions and also to self-diagnose and signal underperforming
areas, including atypical cases, and reduce bias across different
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demographic groups. These characteristics are important for the
model to be safely used in real-world screening situations.

4.8. Reliability diagram and calibration curves

The reliability diagrams in Figure 4 show the difference
between the baseline VIT-GNN model and the calibrated model
on the ISIC 2020 dataset. The baseline model is extremely over-
confident and out of the diagonal reference line. In contrast, the
proposed model closely follows the diagonal line, which means the
predicted probabilities are in accordance with the true probabil-
ities of being correct. The ECE [33] has decreased from 0.051 to
0.019, which means the added calibration module has positively
improved the reliability of the confidence probabilities.

Figure 4
Reliability diagram on the ISIC 2020 dataset
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4.9. Selective classification and risk-aware rejection

To evaluate whether the model can confidently defer
uncertain instances, we studied the performance of selective clas-
sification by progressively deferring predictions with heightened
uncertainty. These results are detailed in Table 12. After rejecting
30% of the most uncertain instances, the accuracy of the diag-
nosis improves from 93.1% to 98.5%, whereas the baseline model
achieves only 96.0% at the same rejection rate. This shows that,
when a given proportion of predictions are rejected, the system
can identify unconfident predictions, dissociate them from the
prediction value, and refer them to expert review, which is the
most important feature for this system to be clinically deployed.
Accuracy increases as low-confidence predictions are rejected.

Table 12
Risk-aware rejection comparison table

Rejection rate Baseline accuracy Proposed accuracy

0% 93.1 93.1
10% 94.6 96.2
20% 95.3 97.8
30% 96.0 98.5

4.10. Robustness to image perturbations

We also evaluated the resilience of the model to real-life
image degradations, such as Gaussian noise, motion blur, and

low contrast. As observed in Table 13 and Figure 5, the suggested
framework constantly performed better than the baseline, increas-
ing the accuracy rates by 6-9% in all the corruption cases. The
results show that uncertainty-aware learning improves robustness
to acquisition noise and image artifacts.

Table 13
Test with Gaussian noise, blur, and contrast drop
Baseline Proposed
Corruption accuracy accuracy
Gaussian noise 78.2 85.6
Motion blur 80.1 87.3
Low contrast 76.5 84.9
Figure 5
Selective classification curve
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4.11. Stability of explanations under uncertainty

Besides predictive stability, we evaluated the consistency
of Gradient-weighted Class Activation Mapping (Grad-CAM)
explanations through the iterations of the stochastic inference.
The proposed approach has notably less stochastic variance of the
heatmap (0.11) and higher localization stability (IoU = 0.81) than
the baseline models, as presented in Table 14. This states that the
generated explanations are clinically interpretable and robust to
model uncertainty, increasing the trust of clinicians.

Table 14
Measure variance of Grad-CAM heat maps

Model Heat map variance | IoU stability 1
Swin 0.31 0.62
ViT-GNN 0.24 0.69
Proposed 0.11 0.81

4.12. Comparative analysis with recent
state-of-the-art methods

The suggested approach has been found to yield classifica-
tion performances comparable to recent state-of-the-art methods,
as shown in Table 15 and Figure 6, but mostly, it helps to
increase the trustworthiness of the model, instead of only increas-
ing its accuracy. Most existing methods focus on a lesion’s
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Table 15
Comparison with recent skin cancer detection methods
Method Year Architecture Accuracy (%) F1-score (%) AUC
Vision Transformer for Skin Cancer 2024 ViT 92.79 91.20 0.94
Detection
Skin Cancer Segmentation and 2024 ViT-Based 91.80 90.60 0.93
Classification Using ViT
Multi-Scale Attention Ensemble ViT 2025 Ensemble ViT 93.00 92.10 0.96
Least Mean Squares (LMS)-ViT 2025 Multi-Scale ViT 92.70 91.80 0.95
Shifted Window Vision Transformer 2025 Swin ViT 93.00 92.00 0.96
Hybrid ViT-GNN with 2026 ViT + GNN 93.50 92.60 0.97
Region-Adaptive Attention
Proposed Uncertainty-Aware and Bias- Proposed ViT + GNN + 93.10 92.10 0.965
Calibrated ViT-GNN Bayesian +
Fairness +
OOD
Figure 6
Bar graph showing comparison with existing methods
TABLE XIV. Comparison with Recent State-of-the-Art Skin Cancer Detection Methods (2024-2026)
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(2024) (2025)
Methods
classification accuracy with only minor suggestions to con- The cross-dataset generalization research shown in

sider uncertainty assessment using a Bayesian approach, fairness
calibration between skin tone groups, OOD detection and classifi-
cation according to clinical risk. These components are very useful
for increasing the reliability, calibration accuracy, and readiness
of use of clinical decision-support systems. The model suggested
achieves the ECE of 0.019 and the OOD detection AUROC of
0.92, rarely seen in current skin cancer detection research. In sum-
mary, the proposed framework provides a more comprehensive
and clinically reliable approach for real-life applications for skin
cancer screening.

Table 16, using three public image databases, ISIC 2020,
HAM10000, and PH2, evaluated the framework’s efficacy and
applicability. In cross-dataset testing, the model is assessed on
new imaging devices, patient populations, imaging settings, and
data distributions that differ from the training data, as opposed
to the usual evaluations performed on the same dataset. In this
experiment, the model was trained on ISIC 2020 and tested on
HAM10000 and PH2 without fine-tuning. The results can be
found in Table 15. The uncertainty-aware and bias-calibrated
ViT-GNN outperforms the other models with 89.9% accuracy for

Table 16
Cross-dataset generalization performance of the proposed framework
Training dataset Testing dataset Accuracy (%) Fl1-score (%) AUC
ISIC 2020 ISIC 2020 93.1 92.1 0.965
ISIC 2020 HAM10000 89.9 88.8 0.941
ISIC 2020 PH2 91.3 90.8 0.956
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the HAM10000 dataset and 91.3% for the PH2 dataset, indicating
high transferability to various datasets. The proposed framework
is evaluated with this cross-dataset approach, and it reveals that
the suggested framework demonstrated high classification accu-
racy and great generalization, which can be considered a reliable
option for practical skin cancer screening and diagnostic support
systems.

The cross-dataset evaluation demonstrates the robustness and
versatility of the proposed architecture on various dermoscopic
picture datasets. The model achieved accuracy of 93.1% on ISIC
2020, 89.9% on HAM 10000, and 91.3% on PH2, with consistently
high F1-scores and AUC values, as shown in Figure 7.

Figure 7
Cross-dataset generalization performance of the proposed
uncertainty-aware and bias-calibrated ViT-GNN framework on
ISIC 2020, HAM10000, and PH2 datasets
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4.13. Ablation study

An ablation research was performed to measure the contri-
bution of each proposed component, starting with the baseline
RAA VIiT-GNN model, as shown in Table 17. The proposed
modules were added in a systematic fashion to the baseline
model, and the model’s performance was evaluated through
classification accuracy, ECE, fairness gap (ATPR), and OOD
detection AUROC. This work explains the role played by each
component in the dependability and clinical effectiveness of the
framework.

The ablation experiment shows that the baseline ViT-GNN
model has strong classification accuracy but has relatively high
calibration errors and demographic differences. The use of
Bayesian uncertainty estimation substantially improves confi-
dence calibration, and the fairness calibration module sub-
stantially reduces performance differences between demographic
groups. OOD detection enhances adaptability to unexpected
distributions and identifies those predictions that are not reliable.

The clinical risk stratification module allows the framework to
be more clinically interpretable and useful without affecting the
classification performance. Overall, the findings indicate that all
components proposed in this study are unique in increasing the
reliability of Al in the diagnosis of skin cancer.

5. Conclusion and Future Work

The proposed framework adds many reliable AI compo-
nents to an integrated clinical decision-support system to augment
existing hybrid VIT-GNN designs. The study demonstrates how
uncertainty estimation, fairness calibration, OOD detection, and
risk-aware decision support can be combined to improve the reli-
ability and usability of Al diagnostics of skin cancer, not a new
backbone network. The proposed framework is able to partially
overcome the drawbacks of traditional skin cancer classification
models by combining complementary learning processes to arrive
at many benefits, resulting in competitive diagnostic performance.
In ViT, long-range contextual relationships between lesion regions
are captured, while the GNN models the structural interactions
between subregions. This enables the framework to capture global
semantic information and local properties of relationships, thus
providing more discriminative representations for complex lesion
patterns.

The module for Bayesian uncertainty estimation performed
the best in terms of improvement of calibration performance.
Conventional deterministic neural networks tend to overpredict
for unclear lesions or for cases that are not within the training
distribution. The suggested approach combines MC dropout and
deep ensembles to capture both epistemic and aleatoric uncer-
tainty, enhancing the trustworthiness of predictions and models.
This is why, in evaluation, the ECE is significantly reduced.

The fairness calibration module helps decrease performance
variations between skin tone groups. The framework explicitly
enforces inter-group prediction discrepancies, which is beyond
classification accuracy, by group-wise temperature scaling and
fairness regularization. Diagnostic performance is more stable
within demographic groups, improving the fairness of models and
clinical equity.

The energy-based OOD detection approach detects samples
that are very different from the training distribution, which makes
it more robust. The framework does not ask for confident predic-
tions in cases of unknown images but rather identifies faulty cases
for clinical assessment. Selective prediction reduces the number
of diagnosis errors, particularly when the confidence level is high,
and improves the safety of the system.

The performance is influenced by the interaction between
these components as well. Bayesian uncertainty estimation for
risk stratification and OOD detection, and fairness calibration
to ensure that confidence estimation is the same across the vari-
ous demographic groups. All these modules are not independent

Table 17
Ablation table
Model configuration Accuracy (%) ECE| ATPR | OOD AUROC?T
Baseline ViT-GNN 84.14 0.051 0.18 N.A
+ Bayesian Uncertainty 86.56 0.048 0.17 0.85
+ Fairness Calibration 88.92 0.037 0.15 0.87
+ OOD Detection 90.34 0.028 0.10 0.89
+ Clinical Risk Stratification (Full Model) 93.1 0.019 0.06 0.92
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but are designed to complement each other in order to enhance
their reliability, strength, and clinical usability without losing
diagnostic accuracy.

Experimental results demonstrate that the proposed
paradigm can overcome some of the typical clinical deployment
challenges beyond conventional performance optimization. The
classification accuracy of the model is marginally better than
previous VIT-GNN models, and the quality of calibration,
fairness, robustness, and clinical decision assistance are sig-
nificantly improved. These characteristics represent the key
contribution of the automated skin cancer diagnosis system and
make the diagnosis more reliable.

5.1. Limitations

By combining complementary learning methods, the sug-
gested framework can partially overcome the shortcomings of
standard skin cancer classification models and achieve competi-
tive diagnostic performance. ViT captures long-range contextual
relationships between lesion regions, while GNN models subre-
gional structural interactions. This lets the framework capture
global semantic information and local relationship features,
making complex lesion patterns more distinguishable.

The Bayesian uncertainty estimation module improved cal-
ibration performance most. Conventional deterministic neural
networks overpredict unclear lesions or cases outside the training
distribution. MC dropout and deep ensembles incorporate epis-
temic and aleatoric uncertainty, making predictions and models
more reliable. Thus, evaluation reduces ECE dramatically.

The fairness calibration module reduces skin tone perfor-
mance differences. The framework enforces inter-group prediction
differences beyond classification accuracy with group-wise tem-
perature scaling and fairness regularization. Diagnostic perfor-
mance is more stable within demographic groupings, enhancing
model and clinical equity.

Energy-based OOD detection finds samples substantially dif-
ferent from the training distribution, making it more robust.
Instead of reliable predictions for unknown images, the frame-
work indicates problematic cases for clinical examination. Selec-
tive prediction lowers diagnosis errors, especially with high
confidence, and increases system safety.

Interaction between these components affects performance.
Fairness calibration and Bayesian uncertainty estimation for risk
stratification and OOD detection ensure confidence estimation is
the same across demographic groups. These modules are meant
to work together to improve dependability, strength, and clinical
usefulness without compromising diagnostic accuracy.

Experimental results show that the suggested paradigm can
solve clinical deployment obstacles beyond performance optimiza-
tion. The model has superior calibration, fairness, robustness, and
clinical decision support compared with prior ViIT-GNN models
and somewhat greater classification accuracy. These traits make
the automated skin cancer diagnosis system more accurate.

5.2. Future research

The authors of the paper admit that the suggested sys-
tems were characterized by a high level of trust and equitability.
However, they outline some possible research paths in the future.

1) Multimodal Data Integration: Future studies may enhance
diagnostic accuracy by adding clinical metadata, patient
historical data, and histopathology data.

2) Real-Time Clinical Validation: The capability of the sys-
tems suggested in this document to be used in a real-time
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environment should also be tested in a clinical environment to
assess their clinical integration and operational shortcomings.

3) Lightweight Model Deployment: Knowledge distillation and
model compression are two methods that could enable these
systems to run at the edge or on mobile devices to triage
communities and screen them.

4) The systems could also be improved by means of continu-
ous learning and domain adaptation: The systems can evolve
by the creation of adaptive learning algorithms upon which
the system can adapt to the patterns of skin lesions and
demographics of a specific population.

5) Explainable Al and Uncertainty: The authors propose that
causal explainability in conjunction with uncertainty estima-
tion will enhance the usefulness and usability of diagnostic
support to clinicians.

The key objectives of these research directions are to enhance
the fairness, safety, and clinical value of Al systems in skin cancer
screening.
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