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Abstract- This paper proposes an interpretable and
explainable multi-class skin lesion classification model for the
HAM10000 dataset. Timely detection of skin cancer is
important but difficult due to class imbalance and
uninterpretability of current models. The model employs
EfficientNetV2-L with channel attention for improved feature
extraction and classification. An effective preprocessing
strategy with data augmentation and smart class balancing is
used. Progressive training in three stages enhances
generalization. Visual Explainable Al, including Grad-CAM
and saliency maps, explains predictions visually. The model
has 91.15% accuracy and 99.33% AUC across seven classes.
The solution enhances diagnostic performance and
interpretability, enabling its use as a decision support system.
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I. INTRODUCTION

Skin cancer is a major health concern and melanoma
is the most aggressive type because it can be lethal if not
detected early. Current diagnosis largely relies on
dermatologists' experience, which can sometimes vary. So,
there is an urgent need for accurate and automated detection
methods. Convolutional Neural Networks (CNNs), one type of
deep learning, has proven successful in medical image
analysis. But issues such as class imbalances and
interpretability still need to be addressed. Most models are
black boxes, making them hard for doctors to interpret. To
address these challenges, a new explainable deep learning
model based on EfficientNetV2-L with attention mechanisms
is developed. Data augmentation and balancing, along with
progressive training, are employed to address data imbalance
and enhance model performance. Furthermore, Grad-CAM
and saliency maps are used to create visual explanations to
enhance transparency.
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Il. RELATED WORK

Artificial intelligence (Al) is increasingly being used
in medical image processing. Deep learning-based skin lesion
classification has gained significant attention, given the rising
incidence of skin cancer and the critical importance of early
detection. Convolutional Neural Networks (CNNSs) have been
extensively employed for the detection of skin cancer,
showing impressive results in the classification of
dermatoscopic images. Initial studies used models like
Inception and ResNet, with high accuracy and even matching
dermatologists in some cases. These research efforts laid the
groundwork for Al-based digital tools for diagnosing skin
cancer. While successful, conventional CNN-based models
have limitations. For example, a significant problem is the
lack of interpretability, with these models operating as "black
boxes" - they make predictions but do not explain how. In
healthcare, this limits the confidence of medical practitioners
and inhibits practical use. Explainable Artificial Intelligence
(XAIl) methods have been developed to overcome this issue.
Techniques like Gradient-weighted Class Activation Mapping
(Grad-CAM) and saliency maps allow for the highlighting of
relevant areas in input images that influence the model's
predictions. This provides visual explanations that help align
Al predictions with clinical expertise, enhancing trust and
adoption of Al models. Class imbalance is another significant
problem in skin image analysis. In the HAM10000 dataset,
there are many more images of common skin lesions, such as
melanocytic nevi, and far fewer images of rare but clinically
relevant lesions, such as melanoma. This can result in models
that are biased towards the majority classes and underperform
on the minority classes. To address this, various approaches
include Synthetic Minority Over-sampling Technique
(SMOTE), MixUp and CutMix. These techniques boost model
performance by increasing training data and diversity. But
many of the studies use these methods as stand-alone
techniques and do not embed them within the learning
process. Convolutional neural networks such as ResNet and
Inception are effective in classifying skin lesions. But they
lack interpretability. Techniques like Grad-CAM enhance
interpretability by visualising relevant areas. Imbalanced data
is a significant issue in datasets such as HAM10000, and can
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be resolved by methods including SMOTE, MixUp and
CutMix. EfficientNets increase accuracy with reduced model
size, while Vision Transformers achieve good accuracy but are
resource-intensive. Attention mechanisms improve feature
extraction by selectively attending to parts. Previous research
focuses on one aspect. This paper combines accuracy,
efficiency, and interpretability.

I1l. SYSTEM DESIGN

The system is a web-based application that combines
the frontend, backend, database, and machine learning
modules to classify skin diseases.

The system starts with the user inputting data via the
user interface. The user's input is sent to the Flask backend,
which handles requests, validates user input, and preprocesses
the data (cleaning and formatting).

Upon successful validation, the data is sent to the
machine learning module, which uses the trained model to
process the input features and make predictions. The
prediction module receives the output and returns it to the
backend.

The backend communicates with the database for
storing users' credentials and system logs. This guarantees
data security and allows the system to scale.

Finally, the backend returns the results of the
prediction to the user interface, which presents the information
to the user. The system is designed to ensure seamless
communication, quick data processing and accurate
classification.

IV. SYSTEM ARCHITECTURE

e User Interface: for user input and displaying the result

e Backend (Flask): handles processing and communication
between different components

o Database: stores all user-related information

e  Preprocessing Module: cleans and formats user input

e ML Model: performs classification on the preprocessed
data

e Prediction Module: generates outputs for users
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Figure 1 : System Architecture
V. SYSTEM WORKFLOW

e Input data from a dermatology database was received.

e Data preprocessing will be completed for this dataset via
data cleaning and missing data imputation.

e Important feature selection methods were employed to
identify relevant features.

e The dataset was split into an 80% training set and 20%
test set.

e Multiple machine learning models were built using the
training dataset.

e Metrics will be used to evaluate models to determine
which performs best on the overall dataset.

e The best performing machine learning model will be
selected from all models trained.

e The selected model will predict the category of skin
disease using the test data.

The entire system follows a well-structured workflow:

User Input
v

Data Preprocessing

v

Feature Selection

A
Machine Learning Model

v
Prediction Output

Figure 2: System Flow
VI. SYSTEM IMPLEMENTATION
System Implementation Process
The implementation of the project will consist of 5

phases, from a state of raw data to clinical evidence that has a
defined process of how to rationalize its findings.
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6.1 Preparation of Data

e HAM10000 (a total of 10,015 images)

e Resized the images to 384x384

e The pixel values of the image will be normalized across
all of the images

6.2 Balancing and Augmenting Data

e Increasing the size of the minority class through
upsampling

e Augmenting the images through transforming them (i.e.
rotations, flipping, brightness)

e Applying mixup and dropout

6.3 Model Architecture

e  The backbone of the model is EfficientNetV2-L

e Channel attention module added to improve model
performance

e Dense classification layers added to the network for final
classification

6.4 Progressive Training

«Stage 1: Freezing model parameters
Stage 2: Partially unfreezing some layers
Stage 3: Full fine-tuning of the model

6.5 Explainable Al

e Heatmaps using Grad-CAM
e Saliency Maps

VIl. RESULT AND PERFORMANCE EVALUATION
Project Result Overview:

A unified deep learning framework was implemented
with the use of EfficientNetV2-L (includes channel attention)
to classify skin lesions into 7 separate categories using the
HAMZ10000 dataset.

The system addresses three critical gaps in current
dermatological Al:

e Class Imbalance — an “intelligent balancing” approach
with dynamic data augmentation solved this issue.

e Explainability — this was resolved by incorporating Grad-
CAM and Saliency Maps to visually demonstrate clinical
evidence for trust purposes.
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e Efficiency — the model is able to achieve much higher
performance (91.15%) while having fewer trainable
parameters than other vision transformer models such as
DermViT.

Performance Metrics:

e Accuracy = 91.15%
e Fl-score: 85.45%
e AUC: 99.33%

The Model demonstrated great accuracy and
effectiveness among all classes with particular strength shown
in identifying Melanoma lesions.

VIll. PERFORMANCE EVALUATION
1. Primary Metrics
This model produced an outstanding range of results,

displaying superiority over all other seven tier systems to
produce maximum effectiveness:

Metric Achievemen
t

Total Accuracy 91.15%

Macro F1-Score 85.45%

Micro-average AUC | 99.33%

Given the large diversity of the models classifying
seven types of skin lesions we find the accuracy achieved,
Precision F1 and AUC scores produce quality assurance in
their relation to individual classes and total population.

The high Predictive Values observed by the model
while detecting both those types of lesions deemed
particularly clinically important (M - Melanoma) as well as
those found most frequently on all patients (MN - Melanocytic
Nevi) provide a basis for comparison of the current system
with DermViT. When stacking the current system against
DermViT, it should be noted that two major factors account
for the difference between performance measures of the two
models; specifically the number of skin lesions classes
supported (7 vs 4) and difference in AUC was three
percentage (99.3 vs 98.0). The final measure is trainability of
each of the two models. The current system is significantly
more trainable than DermViT as demonstrated by the
significant advantages associated with Class-imbalance
handling through advanced data balancing process, three step
progressive training approach to model development, and the
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inclusion of Explainable Al methods via the use of Grad-CAM

that map closely with clinical practice. Create an account
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Complete the form below with 27 feature values and click
Predict.

IX. WEBAPPLICATION INTERFACE Feasure 1

The designed Program will contain an interactive
hallmark website app that provides users with a quick way to

access the Skin Disease Prediction Program. The app will =
provide a user-friendly platform that enables smooth =
interaction between the user and the machine learning

prediction model.

Figure 7: Skin Disease Classifier Interface

Prediction Display, Data Visualization Dashboard,
Responsive Design, User Experience
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Logged in successfully.
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Figure 8: Univariate Distribution plot dashboard
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Figure 9: Feature Correlation Heatmap
X. DISCUSSION

The project went from being a deep-learning method in
the Zeroth Review to being a web-based machine-
learning application in the Final Review.

The system originally used Convolutional Neural
Network (CNN), Transfer Learning and Explainable
Artificial Intelligence (XAI). While it was accurate, it was
also complex.

In the final version of the project, various ML models
were tested and Random Forest was chosen due to its
higher accuracy and efficiency than the other models. The
project now has a user-friendly web interface with EDA
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visualizations including histograms, heat map and ROC
curve.

Overall, the project became more practical (i.e., faster and
easier), however, it does not include either image-based
prediction or XAl capabilities.

XI. CONCLUSION

A high-performance machine learning model to predict
skin disease was created as part of this project.

The Random Forest model had excellent performance and
provided reliable results.

A web-based interface allows the end user to easily
interface with the model to predict potential skin disease.
This system can be utilized for preliminary screening
purposes for those with skin disease.

Future enhancements may include adding Deep Learning
methodologies.

Explainable Artificial Intelligence can be leveraged to
improve understanding of predictions made by the model.
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