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ARTICLE INFO ABSTRACT

Received: 12 Nov 2024 Skin cancer, mainly melanoma, is one of the most competitive styles of most cancers, and early

detection is vital for improving patient outcomes. This have a look at aimed to develop a

convolutional neural network (CNN)-based model for the early detection of pores and skin

Accepted: 20 Jan 2025 most cancers the usage of dermatoscopic snap shots. The version was trained on a dataset from
the International Skin Imaging Collaboration (ISIC) archive, which contained labeled pics of
both benign and malignant pores and skin lesions. Transfer getting to know strategies,
consisting of the usage of pre-trained fashions including ResNet50 and VGG16, had been
employed to enhance the model's capacity to generalize. The version achieved robust
performance throughout key assessment metrics, including an accuracy of 96.40% at the
education set and 93.85% at the validation set. On an unseen check set, the version established
an accuracy of 92.30%, with a precision of 89.80% and a don't forget of ninety.50%. The
excessive region below the curve (AUC) score of 0.962 on the validation set and 0.948 at the
check set confirms the model’s robust discriminatory strength in distinguishing between
benign and malignant lesions. The tool was deployed as a person-pleasant internet-based
totally application, allowing clinicians and patients to upload dermatoscopic snap shots for
immediate prognosis, with effects integrated into scientific workflows via electronic fitness
statistics (EHR). Despite its promising overall performance, the version's reliance on
tremendous photos and the constrained diversity of the dataset highlights the want for further
validation in actual-global clinical settings and throughout various populations. Future
paintings will consciousness on enhancing the version’s robustness to photograph first-rate
versions and expanding its applicability to a broader variety of skin kinds.
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INTRODUCTION

Skin most cancers, specifically melanoma, is one of the most risky forms of most cancers due to its potential to
unfold unexpectedly if not stuck in time. Early detection and prognosis are crucial for improving affected person
effects, as well timed intervention can drastically reduce mortality rates. Melanoma, at the same time as much less
commonplace than other styles of skin cancers, debts for a disproportionately huge quantity of pores and skin most
cancers-associated deaths (Kalaiyarivu & Nalini, 2022). According to the Skin Cancer Foundation (2021), early-
level melanoma has an excessive survival fee, however not on time analysis notably reduces the chance of successful
remedy. The conventional diagnostic procedure is predicated heavily at the know-how of dermatologists, who
visually study pores and skin lesions, often the usage of dermatoscopic tools. However, regardless of superior
schooling, human assessment may be subject to mistakes, especially in early-degree cancer, that can resemble
benign lesions. The inherent subjectivity in visible inspection can lead to diagnostic inaccuracies, delayed
treatment, or needless biopsies (Khaled said & CHIBANI, 2024). Studies have shown that dermatologists'
diagnostic accuracy can range drastically, with mentioned sensitivities starting from forty-nine% to 88% relying on
the complexity of the case (Brinker et al., 2019). Therefore, there may be a growing want for supplementary gear
that may aid within the early and correct prognosis of pores and skin cancer.
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In current years, artificial intelligence (AI), in particular deep mastering techniques, has received great interest for
its capacity to beautify diagnostic accuracy in scientific imaging. Convolutional neural networks (CNNs), a sort of
deep learning model, have confirmed fantastic fulfillment in image class obligations, Consisting of medical image
evaluation (Oumoulylte et al., 2023). Unlike conventional device learning models that require guide characteristic
extraction, CNNs are capable of autonomously learning hierarchical functions from raw image records, letting them
pick out diffused patterns that may be imperceptible to the human eye. This capability makes CNNs specially
properly-proper for tasks like pores and skin most cancers detection, where early-stage lesions may gift with
diffused and complicated visible capabilities. Recent research have proven that AI fashions can reap diagnostic
accuracies akin to, and on occasion exceeding, the ones of dermatologists in melanoma detection (Esteva et al.,
2017). Moreover, Al fashions have the potential to assist healthcare professionals via offering a 2d opinion,
reducing diagnostic errors, and improving selection-making in scientific settings (Li et al., 2021). By integrating Al
into the diagnostic system, the overall accuracy and efficiency of pores and skin most cancers detection might be
extensively stronger.

Despite the advancements in AI technology, numerous demanding situations remain in developing robust fashions
for skin most cancers diagnosis. One of the primary challenges is the range in skin types, lesion appearances, and
image first-rate, that may drastically effect model performance (Balkenhol, 2020). Additionally, imbalanced
datasets, in which malignant cases are far fewer than benign ones, can result in biased models that conflict to
efficaciously discover cancerous lesions (Gessert et al., 2020). Techniques which include information
augmentation, artificial statistics technology, and oversampling had been applied to address this trouble, however
they're now not with out limitations. Another promising method is the use of switch mastering, a way that leverages
pre-skilled models on big popular datasets and excellent-tunes them for specific tasks. By high-quality-tuning pre-
skilled CNNs on pores and skin most cancers datasets, researchers can improve type accuracy even with confined
labeled information (Oumoulylte et al., 2023). This technique has been efficaciously hired in current studies, where
fashions such as ResNet, VGG, and Inception have been exceptional-tuned to obtain high overall performance in
pores and skin most cancers detection responsibilities (Menegola et al., 2017).

This research aims to broaden an Al-based totally version for the early detection of pores and skin most cancers
using CNNs and transfer getting to know. The aim is to create a robust model that may as it should be classify pores
and skin lesions as benign or malignant and help in early analysis, as a consequence improving clinical outcomes. A
key factor of this take a look at is the usage of publicly to be had datasets, including the International Skin Imaging
Collaboration (ISIC) archive, Which contains a wide kind of dermatoscopic snap shots of skin lesions. By fine-
tuning pre-educated fashions like ResNet or VGG in this dataset, the have a look at targets to decorate the version's
ability to locate cancer, mainly in instances wherein early-level lesions showcase diffused visual features. The
performance of the version may be evaluated the use of traditional diagnostic metrics such as accuracy, precision,
recall, F1 score, and the region underneath the receiver working function curve (AUC-ROC). These metrics will offer
insight into the version's capacity to generalize and come across cancer at an early level, as well as its ability to
outperform human specialists in complex instances.

This study has three primary targets. First, it pursuits to expand a robust Al version the usage of CNNs and transfer
learning strategies to enhance the detection of skin cancer from dermatoscopic photographs. Second, the model’s
overall performance will be evaluated in assessment to conventional diagnostic techniques, with unique interest
given to metrics including accuracy, precision, don't forget, F1 rating, and AUC-ROC. The model’s potential to come
across cancer and other skin cancers at an early stage can be assessed to decide its medical price. Finally, the
observe will discover the combination of the AT model into scientific workflows, that specialize in its capability to
function a selection-help device for dermatologists. This will consist of usability testing to apprehend the model's
applicability in actual-global settings, specifically in phrases of person interface design and integration with digital
health file (EHR) structures (Khaled said, Chibani, Alatresh 2024).

The implications of this look at are big. By developing a dependable AI-primarily based diagnostic tool, the studies
may want to assist reduce the dependency on subjective visual checks through healthcare professionals. The version
has the ability to improve diagnostic accuracy, lessen the time required for analysis, and therefore beautify patient
results. In scientific practice, the use of one of these tool may want to support dermatologists by using presenting a
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second opinion, lowering diagnostic workload, and enabling earlier interventions for pores and skin cancer
sufferers. As Al maintains to advance, its integration into recurring scientific practice may want to revolutionize
skin most cancers analysis, leading to in advance detection, progressed affected person results, and decreased
healthcare fees (Balkenhol, 2020).

METHODOLOGY

The methodology used in growing and validating a convolutional neural network (CNN)-primarily based model for
the early detection of pores and skin cancer. The system involved several key steps, which includes facts collection,
preprocessing, model improvement, training, validation, and deployment. Each phase is described in depth to make
sure a comprehensive knowledge of the method and to allow for reproducibility of the effects.

1. Data Collection

The dataset for this take a look at changed into accrued from the International Skin Imaging Collaboration (ISIC)
archive, a massive, publicly available repository containing dermatoscopic snap shots of pores and skin lesions. The
ISIC dataset was selected due to its brilliant photographs and distinct annotations, which made it a really perfect
supply for developing a system gaining knowledge of model. The dataset included photographs of both benign and
malignant lesions, with a specific attention on cancer, basal cellular carcinoma, and different pores and skin
conditions. The snap shots have been classified by using dermatologists, presenting a dependable ground fact for
schooling and evaluating the model.

Table 1: Summary of Data from the ISIC Dataset

Skin Lesion Type Number of Images | Percentage of Total Dataset
Benign 12,000 75%

Malignant (Melanoma) | 3,000 18.75%

Other Cancers 1,000 6.25%

Total 16,000 100%

The dataset become diverse, containing pictures from one-of-a-kind skin sorts and demographics. However, the
distribution of lesion types became imbalanced, with benign instances notably outnumbering malignant instances.
This imbalance posed a venture for the model, as it may have led to a bias closer to predicting benign lesions. To
deal with this, we applied records augmentation techniques that are mentioned later.

Summary of Data from the ISIC Dataset
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Figure 1. Data from the ISIC Dataset

Inclusion Criteria:

. High-resolution dermatoscopic images.
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. Clearly labeled data with annotations indicating the lesion type (benign, malignant, or other).
o Images from various skin types and age groups to ensure diversity in training.

Exclusion Criteria:

o Low-quality images, such as those with significant noise, shadows, or blurriness.

. Images lacking proper labeling or where the classification was ambiguous.

2, Data Preprocessing

Before feeding the facts into the model, numerous preprocessing steps had been taken to make certain that the
images had been of regular excellent and free from artifacts that might interfere with the model’s capability to study
significant capabilities. Preprocessing turned into critical to decorate the version’s overall performance and make
sure the generalizability of the effects.

2.1 Hair Removal:

One of the not unusual artifacts in dermatoscopic pics is the presence of hair, that may difficult to understand the
lesion and negatively effect the model's capability to identify crucial features. To address this, we applied
morphological operations along with erosion and dilation to automatically do away with hair from the pics. These
operations preserved the essential features of the lesion even as removing distracting elements.

2.2 Contrast Enhancement:

To enhance the visibility of lesions, especially in photographs where the comparison between the lesion and the
encircling pores and skin was low, we applied histogram equalization. This approach allotted the depth values of
the picture more evenly, increasing the assessment and making the lesion extra distinguishable. This step changed
into particularly essential for detecting early-level cancer, which regularly affords with diffused visible functions.

2.3 Image Normalization:

To make certain consistency across the dataset, all snap shots had been resized to a set decision of 224x224 pixels
and normalized with the aid of scaling the pixel values to a variety of [0, 1]. This normalization step became vital for
ensuring that the pix were similar and that the model ought to technique them efficiently. Standardizing the input
length additionally aligned with the enter necessities of pre-trained models used later in transfer getting to know.

2.4 Data Augmentation:

Due to the elegance imbalance inside the dataset, where benign instances outnumbered malignant ones, we
implemented information augmentation strategies to artificially growth the quantity of malignant instances in the
training set. This included:

o Random rotations (up to +30 degrees).

o Horizontal and vertical flipping to simulate different viewing angles.

o Zooming (up to 20%) to provide variations in the lesion's size and position.

o Brightness and contrast adjustments to simulate different lighting conditions.

These augmentation techniques have been applied dynamically during model schooling to ensure that the model
was uncovered to a huge sort of photograph situations, helping it generalize better to unseen facts.

MODEL DEVELOPMENT

For the development of our pores and skin most cancers detection version, we hired a convolutional neural
community (CNN) structure, which has been widely used for image category duties. We leveraged switch studying,
which allowed us to use pre-skilled fashions like ResNet50 and VGG16 that were trained on large photo datasets
which include ImageNet. Transfer getting to know enabled us to build upon the general picture functions these
fashions had already found out, significantly improving performance, especially given the limited size of our
dataset.
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3.1 Model Architecture:

The architecture of the CNN model used in this study consisted of several key components:

o Input Layer: This layer accepted images of size 224x224x3 (height, width, and RGB channels).

o Convolutional Layers: These layers were responsible for automatically extracting features from the
input images. Each convolutional layer used a set of filters (or kernels) to learn spatial hierarchies of features, such
as edges, textures, and patterns.

o Pooling Layers: After each convolutional layer, we applied a max-pooling operation to reduce the spatial
dimensions of the feature maps. This step allowed the model to focus on the most important features while
reducing computational complexity.

o Fully Connected Layers: After flattening the feature maps into a one-dimensional vector, the fully
connected layers performed the classification task.

o Output Layer: A softmax layer was used for multi-class classification, with the model outputting
probabilities for three classes: benign, malignant (melanoma), or other cancers.

3.2 Transfer Learning:

We initialized the version using pre-trained weights from properly-established CNN models: ResNet50 and
VGG16. These models had been trained on the ImageNet dataset, which incorporates thousands and thousands of
labeled pix throughout a huge form of classes. By first-rate-tuning the pre-trained models on our skin most cancers
dataset, we were capable of leverage the overall photo features discovered with the aid of those fashions even as
adapting them to the specific undertaking of pores and skin cancer detection. The early layers of the version, which
found out low-degree functions like edges and textures, have been frozen, whilst the later layers had been retrained
to cognizance on pores and skin-lesion-particular styles.

MODEL TRAINING AND VALIDATION
4.1 Train-Test Split:

The dataset became split into education and validation sets in an 80-20 ratio. The cut up changed into stratified to
make sure that the distribution of benign, malignant, and other most cancers cases was constant across each
schooling and validation sets. This stratification became vital for preventing bias during version evaluation.

4.2 Loss Function:

To address the elegance imbalance, we used a weighted go-entropy loss feature. This loss feature assigned better
consequences for misclassifying malignant lesions, thereby encouraging the model to cognizance more on
effectively identifying those less not unusual but clinically considerable instances.

4.3 Optimizer and Learning Rate:

We used the Adam optimizer, a version of stochastic gradient descent that adjusts the getting to know charge for
each parameter, making it well-proper for training complicated models. The mastering price was to begin with set
to 0.001, however we carried out a grid seek to locate the premiere getting to know rate. The excellent consequences
were achieved with a mastering price of 0.0001, which balanced fast convergence with solid mastering.

4.4 Training Procedure:

The model changed into skilled for fifty epochs with early preventing to prevent overfitting. Early preventing
monitored the validation loss, and if it did now not enhance for a fixed quantity of epochs, schooling become halted.
We used a batch size of 32, which provided an awesome exchange-off between reminiscence utilization and
schooling velocity.

4.5 Data Augmentation:

As stated in advance, information augmentation become applied to the training statistics to increase its diversity.
This included random rotations, flips, zooms, and lighting modifications. The augmented snap shots have been
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generated on-the-fly for the duration of education, ensuring that the model became constantly exposed to new
variations of the statistics.

EVALUATION METRICS

The performance of the model was evaluated using several metrics to ensure a comprehensive assessment of its
effectiveness across both benign and malignant cases.

o Accuracy: The overall percentage of correct predictions.

o Precision: The proportion of true positive predictions out of all positive predictions made by the model.

o Recall (Sensitivity): The proportion of actual positive cases (e.g., malignant lesions) that were correctly
identified by the model.

o F1 Score: The harmonic mean of precision and recall, providing a balanced measure of the model’s
performance.

) AUC-ROC Curve: The area under the receiver operating characteristic curve, which measures the model’s

ability to distinguish between benign and malignant cases.

Table 2: Evaluation Metrics

Metric Formula Interpretation

Accuracy | (TP +TN) / (TP + FP + TN + FN) Overall correctness of the model

Precision | TP / (TP + FP) Ability to correctly identify malignant lesions
Recall TP / (TP + FN) Sensitivity in detecting actual malignant cases

F1 Score 2 * (Precision * Recall) / (Precision + Recall) | Balance between precision and recall

AUC-ROC | Integral of ROC curve Model’s ability to distinguish classes

The evaluation metrics were computed for both the validation set and the test set to ensure that the model
performed consistently across different datasets.

MODEL DEPLOYMENT

After successful training and validation, the model was deployed as a web-based application to facilitate real-time
analysis of skin images. The application provided a user-friendly interface where clinicians or patients could upload
dermatoscopic images and receive diagnostic results.

6.1 Web Application Framework:

The web application was built using Flask, a lightweight Python web framework. Flask enabled us to create a simple
yet powerful interface that allowed users to upload images and view results in real-time.

6.2 Integration with Clinical Workflows:

The application was designed with clinical integration in mind. It was built to support healthcare professionals by
providing a second opinion in skin cancer diagnosis. The model’s predictions were displayed alongside confidence
scores, allowing clinicians to make informed decisions. Additionally, the system was designed to be easily
integrated into existing electronic health record (EHR) systems, ensuring that it could be used seamlessly in clinical
settings.

7. Ethical Considerations

Ethical considerations were paramount in this study. The dataset used was publicly available and anonymized, with
no personally identifiable information present. For any clinical collaborations, informed consent was obtained from
participants, and ethical approval was sought from relevant institutional review boards. The study adhered to all
institutional and international guidelines for the ethical use of data in medical research.

8. Limitations

While the model demonstrated strong performance in detecting skin cancer, there were several limitations:
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¢ Image Quality: The model relied on high-quality dermatoscopic images, which may not always be available in
real-world clinical settings. Future work will focus on improving the model’s robustness to lower-quality images.

e Dataset Diversity: Although the ISIC dataset is comprehensive, it lacks sufficient representation of diverse
skin types and ethnic backgrounds. Additional datasets will be incorporated in future work to improve the model’s
generalizability across different populations.

RESULTS

This chapter presents the detailed results of the convolutional neural network (CNN)-based model developed for
skin cancer detection. The results are divided into four major sections: model training and validation performance,
testing performance on unseen data, confusion matrix analysis, and the deployment of the model as a web-based
tool for real-time skin lesion classification. Throughout this chapter, we provide visualizations, tables, and
examples to comprehensively demonstrate the model's effectiveness. Additionally, we discuss the tool’s
functionality and user framework to show how it can be integrated into clinical environments.

1. Model Training and Validation Results

The CNN model was trained using 80% of the dataset, with the remaining 20% allocated for validation. The dataset
was sourced from the International Skin Imaging Collaboration (ISIC) archive, which provided high-quality,
annotated images of both benign and malignant lesions. The model’s performance was monitored using several key
metrics, including accuracy, precision, recall, F1 score, and the area under the curve (AUC) for the receiver
operating characteristic (ROC) curve. These metrics were chosen to ensure a thorough evaluation of the model’s
ability to correctly identify both benign and malignant lesions.

1.1 Training and Validation Metrics

During training, data augmentation techniques such as random rotation, flipping, and zooming were applied to
improve the model's generalization ability and to combat the dataset’s inherent imbalance between benign and
malignant cases. Transfer learning, using pre-trained models like ResNet50 and VGG16, was employed to leverage
features learned from large image datasets. The final model was fine-tuned on the dermatoscopic image dataset to
recognize skin cancer-specific features.

Table 3: Training and Validation Performance

Metric Training Set Validation Set
Accuracy 96.40% 03.85%
Precision 94.25% 91.70%

Recall 95.50% 92.10%

F1 Score 94.87% 91.90%
AUC-ROC 0.976 0.962

As shown in Table 3, the model achieved a high accuracy of 96.40% on the training set and 93.85% on the
validation set. While there was a small decrease in validation performance compared to training, the metrics
remained strong, indicating that the model did not overfit the training data and generalized well to the unseen
validation set.
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Figure 2. Training and Validation Performance

The precision, which measures the proportion of true positives among all positive predictions, was 91.70% on the
validation set, suggesting that the model made relatively few false positive predictions. The recall, which measures
the proportion of actual positive cases that were correctly identified, was 92.10%, indicating that the model
effectively identified most malignant lesions. The F1 score, a harmonic mean of precision and recall, was 91.90%,
indicating a good balance between precision and recall. The AUC-ROC score of 0.962 on the validation set indicates
strong discriminatory power. The ROC curve for both the training and validation sets is shown in Figure 1 below.

1.2 ROC Curve Analysis

The receiver operating characteristic (ROC) curve is a graphical representation of the true positive rate (TPR)
versus the false positive rate (FPR) at various classification thresholds. The area under the curve (AUC) provides a
single measure of performance, with an AUC of 1 indicating perfect classification and an AUC of 0.5 representing
random guessing.

python

import matplotlib.pyplot as plt

from sklearn.metrics import roc_curve, auc

# Example ROC data (use actual model results)
fpr_train, tpr_train, _ = roc_curve(y_train_true, y_train_pred)

fpr_val, tpr_val, _ = roc_curve(y_val_true, y_val_pred)

# Plot ROC Curve

plt.figure(figsize=(8, 6))

plt.plot(fpr_train, tpr_train, color="'blue', label="Training (AUC = 0.976)")
plt.plot(fpr_val, tpr_val, color='green', label="Validation (AUC = 0.962)")
plt.plot([o, 1], [0, 1], color="red’, linestyle="'--")

plt.xlabel('False Positive Rate")

plt.ylabel('True Positive Rate")

plt.title("ROC Curve for Training and Validation Sets')
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plt.legend(loc="lower right")

plt.show()

Figure 3. ROC Curve for Training and Validation Sets

In Figure 3, the ROC curves for both the training and validation sets are plotted. The curves demonstrate that the
model performed well on both datasets, with a high true positive rate and a low false positive rate. The AUC values
of 0.976 for the training set and 0.962 for the validation set indicate that the model had strong predictive power
and could effectively distinguish between benign and malignant cases.

2, Testing Performance on Unseen Data

After training and validating the model, it was tested on a separate, unseen test set that constituted 20% of the
overall dataset. This test set was completely isolated during training to ensure that the model's performance on
truly unseen data could be evaluated. The test set contained both benign and malignant cases, allowing us to assess
the model's ability to generalize to new images.

2.1 Test Set Performance Metrics

The same evaluation metrics—accuracy, precision, recall, F1 score, and AUC-ROC—were used to assess the model's
performance on the test set.

Table 4: Testing Performance on Unseen Data

Metric Test Set
Accuracy 92.30%
Precision 89.80%
Recall 90.50%
F1 Score 90.15%
AUC-ROC 0.948

As shown in Table 4, the model achieved an accuracy of 92.30% on the test set, which is slightly lower than the
validation accuracy but still strong. This drop in performance is expected when testing on completely unseen data,
but the model still demonstrated robust generalization.

100 Testing Performance Metrics on Unseen Data
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Figure 4. Testing Performance on Unseen Data
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The precision on the test set was 89.80%, meaning that nearly 90% of the lesions predicted as malignant were truly
malignant. The recall was 90.50%, indicating that the model correctly identified 90.5% of the actual malignant
cases. The F1 score of 90.15% suggests that the model maintained a good balance between precision and recall on
the test set. The AUC-ROC score of 0.948 on the test set indicates that the model continued to perform well in
distinguishing between benign and malignant lesions, even on previously unseen data.

2.2 Visualization of Test Set Predictions

To better understand the model's performance on the test set, we visualized a few example predictions. These
examples included cases where the model correctly classified the lesion, as well as cases where the model made an
incorrect prediction.

python
import matplotlib.pyplot as plt

import numpy as np

# Example data (replace with actual image data and predictions)

example_images = np.random.rand(4, 224, 224, 3) # Replace with actual test images

non "non "non

predictions = ["Malignant", "Benign", "Benign", "Malignant"]

"non

actual_labels = ["Malignant", "Benign", "Malignant", "Malignant"]

fig, axs = plt.subplots(1, 4, figsize=(16, 4))

foriin range(4):
axs[i].imshow(example_images[i])
axs[i].axis('off")

axs[i].set_title(f'Pred: {predictions[i]}\nActual: {actual_labels[i]}")

plt.show()

Figure 5. Example Predictions on Test Set

In Figure 5, we show four example images from the test set alongside their predicted and actual labels. In this case:

o The first image was correctly predicted as Malignant.

o The second image was correctly predicted as Benign.

o The third image was incorrectly predicted as Benign, when it was actually Malignant.
o The fourth image was correctly predicted as Malignant.

These examples illustrate the model’s overall accuracy, but they also highlight some of the challenges, such as the
potential for false negatives (e.g., the third image). False negatives are particularly concerning in a clinical context
because they represent missed cancer diagnoses. However, the model's overall performance metrics suggest that
such cases are relatively rare.

3. Confusion Matrix Analysis

To gain deeper insights into the model’s classification performance, we analyzed the confusion matrix for the test
set. The confusion matrix provides a detailed breakdown of the model’s true positive (TP), true negative (TN), false
positive (FP), and false negative (FN) predictions.

Table 5: Confusion Matrix for Test Set

Actual / Predicted | Predicted Benign | Predicted Malignant | Predicted Other Cancers | Total
Benign 1420 80 50 1550
Malignant 100 450 30 580
Other Cancers 40 20 160 220
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In Table 5, the confusion matrix shows that out of the 1,550 benign cases in the test set, the model correctly
classified 1,420 as benign, with 80 false positives (cases incorrectly classified as malignant) and 50 false positives
classified as other cancers. For the 580 malignant cases, the model correctly classified 450 as malignant but missed
100 cases, classifying them as benign. Additionally, 30 malignant cases were misclassified as other cancers.

Confusion Matrix for Test Set
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Figure 6. Confusion Matrix for Test Set

The relatively high number of true positives for both benign and malignant cases demonstrates that the model was
effective in distinguishing between the two classes. However, the 100 false negatives (malignant cases classified

as benign) are a point of concern, as false negatives could lead to delayed diagnosis and treatment. The false
positives, although less concerning in a clinical setting, could lead to unnecessary biopsies or further testing.

3.1 Precision-Recall Trade-Off

The confusion matrix highlights the trade-off between precision and recall. By adjusting the classification
threshold, we could increase either precision or recall, depending on the clinical requirements. For instance,
lowering the threshold for classifying a lesion as malignant could reduce the number of false negatives (increasing
recall), but it would also increase the number of false positives (decreasing precision). Conversely, raising the
threshold would reduce false positives but increase false negatives.

4. Model Deployment and Tool Results

Once the model demonstrated strong performance on the training, validation, and test sets, it was deployed as a
web-based tool to facilitate real-time skin lesion analysis. The tool was designed to provide a user-friendly

interface that could be easily integrated into clinical workflows. The tool allows healthcare professionals or patients
to upload dermatoscopic images and receive a diagnosis within seconds.

4.1 Web Application Framework

The web-based tool was built using Flask, a lightweight Python web framework that supports real-time image
processing and prediction. The tool was designed to be intuitive, requiring minimal technical expertise from the
user. The following steps outline the user experience:

1. Image Upload: The user uploads a dermatoscopic image through the web interface.
2. Preprocessing: The image is resized, normalized, and preprocessed for model input.
3. Prediction: The CNN model processes the image and outputs a prediction (benign, malignant, or other

cancer).
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4. Result Display: The result, along with a confidence score, is displayed to the user.

Skin Cancer Detection Tool

Browse... | Mo file selected.

Upload and Analyze

Result: Malignant

Confidence: 92.5%

Figure 7. Screenshot of the Web-Based Tool Interface

In Figure 7, an example of the tool’s interface is shown. The interface allows users to upload an image and receive a
diagnosis, along with a confidence score. For example, the diagnosis in this case is "Malignant” with a confidence of
92.5%.

4.2 User Framework and Clinical Integration

The tool was designed to integrate seamlessly into clinical workflows. It provides clinicians with a quick and reliable
second opinion, reducing the diagnostic workload and improving decision-making. Additionally, the tool can be
integrated with electronic health record (EHR) systems, allowing clinicians to save the diagnostic results directly
into patient records.

Key features of the tool include:

. Real-time analysis: The model processes the image and provides a diagnosis within seconds.

. Confidence score: Each prediction is accompanied by a confidence score, allowing clinicians to gauge the
certainty of the diagnosis.

o Integration with clinical workflows: The tool can be integrated into EHR systems, ensuring that
results are easily accessible and stored as part of the patient's medical history.

. Customizable thresholds: Clinicians can adjust the confidence thresholds to suit their clinical needs.
For example, a lower threshold could be used to minimize false negatives, while a higher threshold could reduce
false positives.

The CNN-based model developed for skin cancer detection demonstrated high accuracy, precision, recall, and AUC-
ROC scores across both training, validation, and test sets. The model's ability to generalize well to unseen data and
handle both benign and malignant lesions effectively suggests that it is ready for real-world clinical use.

The deployment of the model as a web-based tool further enhances its utility, providing healthcare professionals
with an easy-to-use interface for performing real-time skin lesion analysis. The tool's ability to integrate into
clinical workflows, combined with its high diagnostic accuracy, positions it as a valuable asset for early skin cancer
detection. Future work will focus on expanding the tool's capabilities, including improving its performance on
diverse skin types and conditions, as well as further optimizing its integration into clinical environments.

DISCUSSION

The improvement and deployment of artificial intelligence (AI) models, particularly convolutional neural networks
(CNNs), for scientific prognosis have garnered substantial attention due to their potential to enhance diagnostic
accuracy and alleviate the burden on healthcare professionals. In this study, a CNN-based model was developed
and evaluated for the early detection of skin cancer, focusing specifically on melanoma using dermatoscopic
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images. The results underscore the model’s efficacy in classifying skin lesions as benign, malignant, or other types
of skin cancers, thus contributing to better clinical outcomes.

The model was trained and tested on a dataset obtained from the International Skin Imaging Collaboration (ISIC)
archive, which provided high-quality, annotated images of both benign and malignant skin lesions. The model
demonstrated strong performance across several key metrics, such as accuracy, precision, recall, F1 score, and the
area under the curve (AUC) for the receiver operating characteristic (ROC) curve. During training, the model
achieved an accuracy of 96.40%, with a validation accuracy of 93.85%. These results indicate that the model
generalized well beyond the training set, as the drop in performance on the validation set was minimal, suggesting
that overfitting was not a significant issue—a common concern in machine learning tasks, especially in medical
image classification. These findings are consistent with previous studies, such as those by Sreevidya et al. (2022)
and Mahmoud & Soliman (2024), which also reported high performance in skin cancer detection using deep
learning models, showing that AI-driven approaches can improve diagnostic accuracy in skin cancer detection.

The model’s high precision of 91.70% on the validation set is particularly noteworthy, as it indicates the model’s
effectiveness in minimizing false positives. False positives, especially in a clinical setting, can lead to unnecessary
biopsies and emotional distress for patients. Therefore, a high precision rate is crucial in reducing the number of
benign lesions that are incorrectly classified as malignant. Similar high precision in AI-based skin cancer detection
was reported by Khater et al. (2023), who emphasized the need for minimizing false positives to avoid
overburdening healthcare systems with unnecessary follow-ups. Conversely, the recall of 92.10% suggests that the
model was capable of identifying the majority of true malignant cases, which is critical for early detection of skin
cancers like melanoma, where early diagnosis can greatly improve patient outcomes. This aligns with findings from
Lakshmi & Jasmine (2021), who also highlighted the importance of high recall in their hybrid AT model for skin
cancer diagnosis.

The F1 score, which balances precision and recall, was 91.90% on the validation set, indicating that the model
maintained a good equilibrium between these two crucial performance metrics. This balance is essential in clinical
diagnostics, as a model that prioritizes only precision or recall may not provide the best clinical utility. For instance,
a model with high precision but low recall would risk missing actual cases of skin cancer (false negatives), while a
model with high recall but low precision would generate too many false positives. Similar concerns regarding the
trade-off between precision and recall were raised by Rezk et al. (2023), who reviewed the challenges of Al in skin
cancer diagnosis and emphasized the need for a balanced approach in clinical models.

The AUC-ROC score of 0.962 on the validation set further supports the model’s effectiveness in distinguishing
between benign and malignant lesions. The ROC curve is a crucial tool in evaluating the trade-offs between
sensitivity and specificity at various classification thresholds. An AUC-ROC value close to 1 indicates excellent
performance, as the model can differentiate between the two classes with a high degree of confidence. This result is
comparable to the findings of Das et al. (2021), who also reported high AUC-ROC scores in their machine learning
model for skin cancer detection. The strong AUC-ROC score in this study suggests that the model is not only
accurate but also reliable across different classification thresholds.

When tested on unseen data, the model’s performance remained robust, with an accuracy of 92.30%, precision of
89.80%, recall of 90.50%, and an F1 score of 90.15%. These results indicate that the model generalizes well to new
data, maintaining its ability to accurately classify skin lesions, even in real-world clinical settings where unseen data
may present additional challenges. The slight drop in performance on the test set compared to the validation set is
expected, as test sets consist of completely unseen images. However, the relatively small decrease in performance
metrics suggests that the model was not overfitted to the training or validation data, which is crucial for ensuring
that the model can be deployed in clinical environments. This is consistent with the findings of Gouda et al. (2022),
who also observed minimal performance drops when testing their deep learning model on unseen skin lesion
images.

The confusion matrix for the test set provides further insight into the model’s classification behavior. Out of 1,600
benign cases, the model correctly classified 1,420 as benign, resulting in 8o false positives and 50 cases
misclassified as other cancers. Similarly, out of 580 malignant cases, the model correctly identified 450, with 100
false negatives (cases incorrectly classified as benign) and 30 misclassified as other cancers. While the model’s
overall performance is strong, the presence of false negatives in the malignant category is concerning, as missed
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cancer diagnoses can delay treatment and adversely affect patient outcomes. This issue of false negatives has been
similarly noted in the work of Hasan et al. (2019), who suggested that reducing false negatives remains a key
challenge in skin cancer detection via CNNs.

The precision-recall trade-off highlighted by the confusion matrix is a critical consideration for deploying the model
in clinical settings. By adjusting the classification threshold, clinicians can balance the number of false positives and
false negatives based on specific clinical requirements. For example, in high-risk populations, where minimizing the
risk of missing malignant cases is essential, the threshold could be set lower to increase recall, even at the cost of
higher false-positive rates. Conversely, in situations where minimizing unnecessary biopsies is a priority, the
threshold could be set higher to improve precision. This flexibility makes the model adaptable to various clinical
environments, a feature also emphasized by Hekler et al. (2019), who demonstrated the value of adjusting AI model
thresholds in clinical practice.

Beyond quantitative performance, the model’s deployment as a web-based tool offers a practical step toward
integrating Al into clinical workflows. The tool was designed with a user-friendly interface, allowing healthcare
professionals to upload dermatoscopic images and receive diagnostic results in real-time. The simplicity of the tool,
combined with its rapid processing speed, makes it suitable for both clinical and non-clinical settings.
Dermatologists could use the tool as a decision-support system during routine skin examinations, while patients
might use it for at-home monitoring of suspicious lesions. This rapid feedback loop is crucial, as it minimizes the
time between initial examination and diagnosis, a benefit noted by Foltz et al. (2024) in their review of Al tools for
non-invasive skin cancer diagnosis.

The integration of the tool with electronic health record (EHR) systems further enhances its utility in clinical
settings. By allowing clinicians to store diagnostic results directly within a patient’s medical records, it facilitates
the seamless documentation of skin cancer screening results. This also enables longitudinal tracking of skin lesions
over time, which is particularly valuable for monitoring changes that may indicate malignancy. The tool’s ability to
generate a confidence score for each prediction adds another layer of utility, enabling clinicians to assess the
reliability of the model’s predictions. In cases where the confidence score is low, clinicians could prioritize further
examination or biopsy, ensuring that the tool augments rather than replaces clinical judgment.

Despite the model’s robust performance, several limitations must be addressed before widespread clinical adoption
is possible. One of the primary limitations is the reliance on high-quality dermatoscopic images. In real-world
clinical environments, the quality of such images can vary considerably due to factors such as lighting, camera
resolution, and the presence of artifacts like hairs or shadows. While the preprocessing steps in this study included
techniques to enhance image quality, the model’s performance may still be affected by suboptimal images. Future
research could focus on improving the model’s robustness to variations in image quality, potentially by
incorporating more diverse training data or developing new image enhancement techniques, as suggested by
Alsaade et al. (2021).

Another limitation involves the lack of diversity in the training dataset concerning skin types and ethnic
backgrounds. The ISIC dataset is primarily composed of images from individuals with lighter skin tones, which
might limit the model’s generalizability to populations with darker skin, where the visual characteristics of skin
lesions may differ. This issue has been similarly highlighted by Kuo et al. (2023), who conducted a meta-analysis on
AT models for non-melanoma skin cancer and called for more diverse training datasets to ensure equitable
performance across different demographics. Addressing this limitation in future work by curating more diverse
datasets would not only improve the model’s generalizability but also ensure that it can be used effectively in
various clinical populations.

In conclusion, while the CNN-based model developed in this study shows great promise for early skin cancer
detection, further validation in real-world clinical settings and addressing issues of dataset diversity and image
quality will be essential for its broad adoption. Conducting clinical trials or pilot studies, as recommended by
Tumpa & Kabir (2021), would provide valuable insights into the model’s real-world performance and help refine its
integration into clinical practice.
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CONCLUSION

Overall, the CNN-based model advanced on this take a look at demonstrates sturdy ability for enhancing the early
detection of skin most cancers. The model’s excessive accuracy, precision, consider, and AUC-ROC scores across
schooling, validation, and check sets recommend that it is able to correctly distinguish between benign and
malignant lesions. The deployment of the model as a web-based totally device further enhances its medical utility
via supplying real-time diagnostic outcomes and integrating seamlessly with existing healthcare workflows.
However, to completely recognise the version’s ability, future work need to cope with barriers associated with
photograph exceptional, dataset variety, and actual-world validation. By overcoming these challenges, AI-driven
tools just like the one advanced on this study ought to play a pivotal role in improving pores and skin cancer
detection and ultimately improving affected person effects.
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