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Abstarct:

Early detection and reliable diagnosis of breast
cancer is vital for improving the greatness of life
of patients and clinical decision making. Here we
propose a deep learning approach based on a
Multilayer Perceptron (MLP) model for binary
classification of malignant and benign tissue
samples. We preprocessed the Kaggle breast
cancer dataset, through feature standardization and
label encoding, and stratified train-test split to
avoid learning imbalance. We trained an MLP
with  three hidden layers with dropout
regularization, optimised using the Adam
algorithm, using binary cross-entropy loss and
EarlyStopping to avoid overfitting. The test
accuracy of the proposed model, both when used
alone and in conjunction with other models, was
calculated to be 98.83%, while the AUC was
found to be 0.9968, with great discriminative
capacity. The confusion matrix analysis confirmed
the high reliability of the classification, since
among 61 malignant cases, only 2 were
misclassified as benign and in contrast to that,
there are no misdiagnoses in the case of false
positives. Furthermore, SHAP explainability
assessment pointed to concave points_mean,
concave points worst, and concavity worst as the
leading predictors of malignant behavior in
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concordance with clinical tumor morphology
metrics. Diagnostic accuracy of the developed
MLP model was 98.86+0.52%, which is high, and
the interpretability of decision making through
feature contributions values are validated. Thus,
this framework holds promise for integration into
computer-aided diagnosis systems for aiding
medical practitioners in the early detection of
breast cancer.

Keywords: Breast Cancer Detection; Deep
Learning;, Explainable Artificial Intelligence
(XAI); SHAP Interpretation

1. Introduction

Breast cancer is the second most dangerous type
of cancer among women worldwide, but if it is
caught early, death rates decrease significantly and

better  treatments can be  implemented.
Conventional diagnostic methods (e.g.,
mammography and histopathological

examination) are often dependent on manual
interpretations, and as result, the results can vary
drastically in cases of subjective error and limit
analysis capacities due to human capability.
Introduction With the recent advances in
computational intelligence, artificial intelligence
(AI) — specifically machine learning (ML) and
deep learning (DL) — has become an invaluable
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diagnostic tool in the field of medicine. These
methods have shown great potential of
recognizing latent features in high-dimensional
data, leading to high-accuracy breast cancer
predictions by integrating modalities coming from
imaging and genomic and clinical data.

However, the major obstacle that hinders the
clinical deployment of such deep learning models
is the inherent “black-box” design which limits the
interpretability of the neural network, thus
discouraging medical practitioners from defining
and trusting Al-based decisions. In view of this,
Explainable Artificial Intelligence (XAI) has
attracted increasing interests due to its capacity for
explaining diagnostic models by revealing
predictors that are instrumental to predictions.
Combining deep learning with XAl retains high
diagnostic accuracy while enhancing clinical trust
with interpretable and evidence-based decision
support. Based on these developments, this work
proposes to perform breast cancer classification
using a deep learning Multilayer Perceptron
(MLP) model and to facilitate interpretability
through SHAP-based feature explanation to help
make medical decisions.

2. Related Works

Over the past few years, extensive research on
breast cancer detection using deep learning and
interpretable Al approaches have  been
investigated. Saharan et al. Development of a
hybrid deep learning—XAlI framework (2025) as a
potential solution for providing interpretability of
deep learning models whilst improving the
diagnostic performance. Similarly, Murugan et al.
Abstract: (2025)(2025)(2025) used explainable
neural networks to predict breast cancer and found
the results to be more acceptable to physicians
due to visual interpretability. Dutta et al. propose
another line of research where they design
interpretable ML models instead of pure deep
neural networks. (2024) suggested integration of
explainability and high classification with
machine learning with improved transparency in
the model by applying explainable artificial
intelligence, and presented an combination of
explanation approach by combining XGBoost
with SHAP and LIME approach.
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Recent works highlight the integration of classical
deep learning with contemporary interpretability
techniques. Srinivasu et al. (2024) proposed an
ensemble model of CatBoost-MLP based on XAl
approaches which proved the importance of
classical ML and DL architectures. Wani et al.
Fusion modeling was introduced by (2024) to
increase the interpretability of the Al-powered
cancer classification by aggregating the outshot of
heterogeneous models. Maheswari et al.
Validation of Shapley additive explanations and
local interpretable model-agnostic explanations in
clinical environments for explaining breast cancer
predictions [published online ahead of print May
26, 2024]. Furthermore, Chhetri and Kumar
(2025) showed that combining deep learning with
XAI entails performance gain and transparency,
thus overcoming the trade-off between accuracy
and interpretability.

Further work has been conducted to these ideas in
medical images and multimodal data. Jabeen et al.
Byeonet al.(2025)combined ResNet with
EfficientNet for breast Lesion classification using
ultrasound image and applied XAI for
interpretability. An Explainable Transformer-
based Pathology Image Classifier for Precision
Diagnosis (2025) In addition to breast cancer
classification per se, XAl has also been applied to
modeling disease progression: Rong et al.
Explainability in treatment risk assessment (2024)
[INTERPRETABLE ML]: Explainability in
treatment risk assessment (2024) generated
interpretable ML models for ocular metastasis in
breast cancer [28]. Detailed review by
Sharafaddini et al. Shirodkar (2024) and
SalekShahabi (2025) also highlighted how the
convergence of XAl and breast cancer diagnostic
Al systems is vital and ethical obligation, thus this
expeditious transition was becoming a lengthy
research trend.

All of these literature will confirm together that
high performance prediction can be obtained using
deep learning approaches and explained using
explainable Al leading to improved trust,
transparency, and pragmatic clinical usefulness of
the predictive models within hybrid approaches.
The current study extends this work by creating an
MLP-based breast cancer classification model and
using SHAP-based explainability to offer deep-
level insights into the contributions of the
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individual tumor features enabling meaningful and
transparent clinical decisions.

3. Methodology

We import the breast cancer dataset from Kaggle
and test it for irregularities. To reduce some noise
and facilitate the following analysis, two non-
informative attributes id and Unnamed: 32 were
removed. The target column diagnosis was
categorical with two labels (Benign (B) vs
Malignant (M)), so we converted it into a
numerical value with B = 0 and M=1. That was a
conversion which straight forwardly permitted the
dataset to be utilized on the supervised learning
algorithms. The remaining 30 numerical features
served as our input variables (X), and the
diagnosis column with one-hot-encoding served as
our output variable (y). We did a stratified train—
test split (70:30) to ensure the model was exposed
to both tumor class types. Since neural networks
are pretty sensitive with feature scaling, the two
sets  (train-test) were  normalized  with
StandardScaler to ensure stable and efficient
gradient-based learning. We then created a deep
learning classifier based on a Multilayer
Perceptron (MLP) architecture implemented in
TensorFlow—Keras (figure 1). They contained 3
hidden layers having 128, 64, and 32 neurons
respectively, all activated using the ReL U function
to incorporate non-linear patterns in the data. To
avoid overfitting — a common concern in medical
datasets — dropout regularization (with a rate set
to 0.3) was applied after the first and second
hidden layers respectively. The output layer had a
single neuron with sigmoid, giving the likelihood
of a sample being either malignant or benign. To
train the model, we used the binary cross-entropy
loss function and the Adam optimizer, tracking
accuracy as performance metric during training.
To automatically terminate training  when
improvements rested, EarlyStopping was utilized
CD with validation loss as monitor and patience as
15 epochs. The training was actually meant to run
only for 200 epochs, but EarlyStopping ended up
stopping the training at epoch 35, meaning it was
converging.
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Figure 1:prposed model architeture

4. Results Analysis

Both Memory Leakage and Learning Curves
showed that the training and validation accuracy
rose quickly during the initial epochs and then
converged around 98-99% successes. Validation
curves are also very close to that of the training
curves which is a sign of strong generalization
with very little overfitting. This behavior confirms
that both dropout and early stopping were
effective in keeping the model from overfitting
while still performing well. We achieved 98.83%
accuracy during the final evaluation of the model
on the unseen test set which demonstrates the high
predictive capability of the model. A confusion
matrix was used to further advance the
performance assessment. In total, the classifier
identified all of the 107 benign cases correctly and
62 out of 64 malignant cases correctly; the other
two malignant samples were called benign. This
gave a very low false-negative rate — which is a
big deal in medicine, because missing a malignant
tumor can have dire consequences. For the
malignant class, precision was 1.00, recall was
0.97, and F1-score was 0.98. This shows that the
model achieves a good balance between reducing
false alarms, whilst preserving high sensitivity to
cancer detection. Following the ROC curve
displayed in figureprovided the most definitive
indication of the discriminative power of the
model 4. The model achieved almost perfect
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separability of malignant and benign classes at all
probability thresholds (AUC 0.9968). As seen in
the ROC curve, it was also never far from the
upper-left corner of the plot, indicating that the
model seldom confuses one class for the other.

Figure A Model Accuracy Histary |Generaization)

A

Figure 1: Model Accuracy History (Generalization)

The figure 1 shows the increase in Accuracy of
the model while training for n-Epochs The
training axis is blue, whereas the validation axis
(on unseen data) is orange. Both training and
validation  accuracies rise steeply in the
beginning, indicating that your model learns the
most critical features of the dataset almost
instantly. Around the tenth to fifteenth epochs,
both curves level off in the range of 98—99%, this
denotes that the model learned the data well,
without overfitting. This means it has
generalization, because the validation accuracy is
almost at par with the training accuracy
throughout training.

Cordusion Matrix {Deap MLP|

Fgure 8

Figure 2: Confusion Matrix (Deep MLP)

This figure represents the adequacy of the model
for classifying breast cancer samples in benign
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and malignant. Thefirst number on the top left
(107) is the number of correct predictions that a
benign case has a benign classification. The
bottom-right number (62) indicates that 62
malignant cases were correctly classified into
malignant. We only got one of them wrong, so the
bottom-left number (2) signifies this: 2 malignant
cases were misclassified as benign. No False
Positive: The model never predicted malignant on
a sample that is benign.
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Figure 3: SHAP Summary Plot (Global Feature
Importance

This figure 3 illustrates the weight of each feature
in predicting if a given tumor is malignant or not.
Each dot is a single patient sample, and its
horizontal position is its contribution towards
pushing the model output to predict malignant
(right side) or benign (left side) for that sample.
These features with highest rank on the chart are
more important than those at the bottom with
lower influence ranks. The colors are the true
value of the feature: High feature values are
represented by red dots and blue dots are low
feature values. High concave points mean,
concave points worst and concavity worst, for
example, strongly pull the model toward
predicting a malignant tumor, so we see them at
the top. Higher values of these features, on the
other hand, push the model to predict benign
tumors.
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Figure C: ROC Curve (Discrimination Power)
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Figure 4: ROC Curve for Proposed model

Table 1 :performance of the breast cancer classification

model

Class Precisio | Recal | F1- Suppor

Label n 1 Scor |t
e

Benign 0.98 1.00 0.99 | 107

0

Malignan | 1.00 0.97 0.98 |64

t(1)

Overall 0.99 — — 171

Accuracy

Macro 0.99 0.98 0.99 | 171

Average

Weighted | 0.99 0.99 0.99 | 171

Average

The performance results of the breast cancer
classification model on the evaluation data are
summarized in table 1. It works with 99%
accuracy in differentiating between malignant and
benign tumors. A prediction very close to perfect
on the benign class and high precision and recall
on the malignant class are achieved. The FI-
scores and high macro and weighted averages
indicate that although this is a rare class the
model performs consistently well across both
classes and does not appear to be heavily biased
towards one category.
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— ROC curve (AUC =

5. Conclusion

The MLP model based on the deep learning
method  performed  high  breast  cancer
classification performance on the excellent test
images. This model generalized well while
sustaining high sensitivity to malignant tumors
and outstanding reliability as indicated by
accuracy, Fl-score, and AUC. Due to its low
false-negative rate and high discriminatory power
based on probability, it presents an appealing
approach to use in the development of computer-
aided diagnostic systems, early screening tools,
and clinical decision support settings. In all, the
methodological design — through suitable
preprocessing, regularisation, and control —
played a very important role in the model's robust
and confident detection of breast cancer.
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